Engineering
Design
Reliability

H ANDIBO O K




Engineering
Design
Reliability

H ANDIBO OK

Edited by

Efstratios Nikolaidis

Dan M. Ghiocel
Suren Singhal

CRC PRESS




Library of Congress Cataloging-in-Publication Data

Engineering design reliability handbook / edited by Efstratios Nikolaidis, Dan M. Ghiocel,
Suren Singhal
p. cm.
Includes bibliographical references and index.
ISBN 0-8493-1180-2 (alk. paper)
1. Engineering design—Handbooks, manuals, etc. 2. Reliability (Engineering) —Handbooks,
manuals, etc. I. Nikolaidis, Efstratios. II. Ghiocel, Dan M. III. Singhal, Suren.

TA174.E544 2004
620'.00452—dc22 2004045850

This book contains information obtained from authentic and highly regarded sources. Reprinted material is quoted with
permission, and sources are indicated. A wide variety of references are listed. Reasonable efforts have been made to publish
reliable data and information, but the author and the publisher cannot assume responsibility for the validity of all materials
or for the consequences of their use.

Neither this book nor any part may be reproduced or transmitted in any form or by any means, electronic or mechanical,
including photocopying, microfilming, and recording, or by any information storage or retrieval system, without prior
permission in writing from the publisher.

All rights reserved. Authorization to photocopy items for internal or personal use, or the personal or internal use of specific
clients, may be granted by CRC Press LLC, provided that $1.50 per page photocopied is paid directly to Copyright Clearance
Center, 222 Rosewood Drive, Danvers, MA 01923 USA. The fee code for users of the Transactional Reporting Service is
ISBN 0-8493-1180-2/05/$0.00+$1.50. The fee is subject to change without notice. For organizations that have been granted
a photocopy license by the CCC, a separate system of payment has been arranged.

The consent of CRC Press LLC does not extend to copying for general distribution, for promotion, for creating new works,
or for resale. Specific permission must be obtained in writing from CRC Press LLC for such copying.

Direct all inquiries to CRC Press LLC, 2005 N.W. Corporate Blvd., Boca Raton, Florida 33431.

Trademark Notice: Product or corporate names may be trademarks or registered trademarks, and are used only for
identification and explanation, without intent to infringe.

Visit the CRC Press Web site at www.crcpress.com

© 2005 by CRC Press LLC

No claim to original U.S. Government works
International Standard Book Number 0-8493-1180-2
Library of Congress Card Number 2004045850
Printed in the United States of America 1 2 3 4 5 6 7 8 9 0
Printed on acid-free paper

Copyright 2005 by CRC PressLLC



Engineering Design

Reliability Handbook

Abstract

Probabilistic and other nondeterministic methods for design under uncertainty are becoming increasingly
popular in the aerospace, automotive, and the ocean engineering industries because they help them
design more competitive products. This handbook is an integrated document explaining the philosophy
of nondeterministic methods and demonstrating their benefits on real life problems.

This handbook is for engineers, managers, and consultants in the aerospace, automotive, civil, indus-
trial, nuclear, and ocean engineering industries who are using nondeterministic methods for product
design, or want to understand these methods and assess their potential. Graduate students and professors
in engineering departments at U.S. and foreign colleges and universities, who work on nondeterministic
methods, will find this book useful too.

This handbook consists of three parts. The first part presents an overview of nondeterministic
approaches including their potential, and their status in the industry, the government and the academia.
Engineers and managers from companies, such as General Motors, General Electric, United Technologies,
and Boeing, government agencies, such as NASA centers and Los Alamos and Sandia National Labora-
tories, and university professors present their perspectives about the status and the future of nondeter-
ministic methods and propose steps for enabling the full potential of these methods.

In the second part, the handbook presents recent advances in nondeterministic methods. First theories
of uncertainty are presented. Then computational tools for assessing the uncertainty in the performance
and the safety of a system, and for design decision making under uncertainty are presented. This part
concludes with a presentation of methods for reliability certification.

The third part demonstrates the use and potential of nondeterministic methods by presenting real life
applications in the aerospace, automotive and ocean engineering industries. In this part, engineers from
the industry and university professors present their success stories and quantify the benefits of nonde-
terministic methods for their organizations.
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Preface

If one does not reflect, one thinks oneself master of everything;
but when one does reflect, one realizes that one is a master of nothing.

Voltaire

In today’s competitive business environment, decisions about product design involve significant uncer-
tainty. To succeed in this environment, one should replace traditional deterministic approaches for
making design decisions with a new risk-based approach that uses rigorous models to quantify uncertainty
and assess safety. Probabilistic and other nondeterministic methods for design under uncertainty are
becoming increasingly popular in the aerospace, automotive, civil, defense and power industries because
they help design safer and cheaper products than traditional deterministic approaches. The term
“nondeterministic methods” refers to methods that account explicitly for uncertainties in the operating
environment, the material properties and the accuracy of predictive models. The foundation of
nondeterministic methods includes theories of probability and statistics, interval arithmetic, fuzzy sets,
Dempster-Shafer theory of evidence and Information-Gap theory. Nondeterministic methods have
helped companies such as General Electric, United Technologies, General Motors, Ford, DaimlerChrysler,
Boeing, Lockheed Martin, and Motorola improve dramatically their competitive positions and save
billions of dollars in engineering design and warranty costs. While nondeterministic methods are being
implemented in the industry, researchers are making important advances on various fronts including
reliability-based design, decision under uncertainty and modeling of uncertainty when data are scarce.

Companies need to educate their designers and managers about the advantages and potential of non-
deterministic methods. Professors need to educate their students about nondeterministic methods and
increase the awareness of administrators about the importance and potential of these methods. To respond
to this need, we put together this handbook, which is an integrated document explaining the philosophy
and the implementation of nondeterministic methods and demonstrating quantitatively their benefits.

This handbook is for engineers, technical managers, and consultants in the aerospace, automotive,
civil, and ocean engineering industries and in the power industry who want to use, or are already using,
nondeterministic methods for product design. Professors and students who work on nondeterministic
methods will find this book useful too.

This handbook consists of three parts. The first part presents an overview of nondeterministic
approaches including their potential and their status in the industry, academia and national labs. Engi-
neers and managers from companies such as Boeing, United Technologies, General Motors and General
Electric, government agencies, such as NASA, Los Alamos and Sandia National Laboratories of the
Department of Energy, and university professors present their perspectives about the status and future
of nondeterministic methods and propose steps for enabling the full potential of these methods. In the
second part, the handbook presents the concepts of nondeterministic methods and recent advances in
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the area of nondeterministic methods including theories of uncertainty, computational tools for assessing
and validating reliability, and methods for design decision-making under uncertainty. The third part
demonstrates the use and potential of nondeterministic methods on applications in the aerospace,
automotive, defense and ocean engineering industries. In this part, engineers from the industry and
university researchers present success stories and quantify the benefits of nondeterministic methods for
their organizations.

A fundamental objective of the book is to provide opinions of experts with different background,
experience and personality. Therefore, there are several chapters in the book written by experts from
academia, national laboratories or the industry with diverse, and occasionally conflicting, views on some
issues. We believe that presenting diverse opinions makes the book content richer and more informative
and benefits the reader.

We are grateful to all the authors who contributed to this book. We appreciate the considerable amount
of time that the authors invested to prepare their chapters and their willingness to share their ideas with
the engineering community. The quality of this book depends greatly on the quality of the contributions
of all the authors. We also acknowledge CRC Press for taking the initiative to publish such a needed
handbook for our engineering community. In particular, we wish to thank Cindy Carelli, Jay Margolis,
Helena Redshaw, and Jessica Vakili for their continuous administrative and editorial support.

Efstratios Nikolaidis
The University of Toledo

Dan M. Ghiocel
Ghiocel Predictive Technologies, Inc.

Suren Singhal
NASA Marshall Space Flight Center
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The views and opinions expressed in this book are strictly those of the contributors and the editors and
they do not necessarily reflect the views of their companies, their organizations, or the government.

Copyright 2005 by CRC PressLLC



Copyright 2005 by CRC PressLLC

Status and Future of

Nondeterministic
Approaches (NDAs)

Brief Overview of the Handbook  Efstratios Nikolaidis and Dan M. Ghiocel

Introduction

Perspectives on Nondeterministic Approaches Ahmed K. Noor

Introduction * Types of Uncertainties and Uncertainty Measures * Managing
Uncertainties * Nondeterministic Analysis Approaches: Categories * Enhancing the
Modeling and Simulation Technologies ¢« Verification and Validation of Numerical
Simulations ¢ Availability, Reliability, and Performance * Response Surface Methodology
(RSM) -+ Risk Management Process * Robustness « Commercial Software Systems * Key
Components of Advanced Simulation and Modeling Environments * Nondeterministic
Approaches Research and Learning Network ¢ Conclusion

Transitioning NDA from Research to Engineering Design Thomas A. Cruse
and Jeffrey M. Brown

Introduction * The Future Nondeterministic Design Environment + Probabilistic Methods
in Transition for Systems Design * Other NDA Tools: A Transition Assessment + Transition
Issues and Challenges *+ Conclusion

An Industry Perspective on the Role of Nondeterministic Technologies

in Mechanical Design Kadambi Rajagopal

Introduction « The Business Case * Strategies for Design Approach for Low-Cost
Development + Role of Design Space Exploration Approaches (Deterministic and
Nondeterministic) in the Product Development Phase + Sensitivity Analysis * Probabilistic
Analysis Approaches + The Need and Role of Multidisciplinary Analysis in Deterministic
and Nondeterministic Analysis + Technology Transition and Software Implementation

* Needed Technology Advances

The Need for Nondeterministic Approaches in Automotive Design: A Business
Perspective John A. Cafeo, Joseph A. Donndelinger, Robert V. Lust,

and Zissimos P. Mourelatos

Introduction * The Vehicle Development Process * Vehicle Development Process: A
Decision-Analytic View * The Decision Analysis Cycle « Concluding Comments and
Challenges



6 Research Perspective in Stochastic Mechanics Mircea Grigoriu
Introduction * Deterministic Systems and Input * Deterministic Systems and Stochastic
Input * Stochastic Systems and Deterministic Input + Stochastic Systems and
Input »+ Comments

7 A Research Perspective David G. Robinson.
Background ¢ An Inductive Approach ¢ Information Aggregation * Time Dependent
Processes * Value of Information « Sensitivity Analysis * Summary

Copyright 2005 by CRC PressLLC



Brief Overview
of the Handbook

Efstratios Nikolaidis

The University of Toledo 1.1  Introduction

. Part I: Status and Future of Nondeterministic
Dan M. Ghiocel Approaches + Part II: Nondeterministic Modeling: Critical
Ghiocel Predictive Technologies Issues and Recent Advances * Part III: Applications

1.1 Introduction

This handbook provides a comprehensive review of nondeterministic approaches (NDA) in engineering.
The review starts by addressing general issues, such as the status and future of NDA in the industry,
government, and academia, in Part I. Then the handbook focuses on concepts, methods, and recent
advances in NDA, in Part II. Part III demonstrates successful applications of NDA in the industry.

1.1.1 Part I: Status and Future of Nondeterministic Approaches

Uncertainties due to inherent variability, imperfect knowledge, and errors are important in almost every
activity. Managers and engineers should appreciate the great importance of employing rational and systematic
approaches for managing uncertainty in design. For this purpose, they need to understand the capabilities
of NDA and the critical issues about NDA that still need to be addressed. Managers and engineers should
also be aware of successful applications of NDA in product design. Researchers in academia, national labs,
and research centers should know what areas of future research on NDA are important to the industry.
The first part of the handbook addresses the above issues with an overview of NDA that includes the
capabilities of these approaches and the tools available. This part explains what should be done to enable
the full potential of NDA and to transition these approaches from research to engineering design. In Part I,
technical managers from the government (Chapters 2 and 3), industry (Chapters 4 and 5), and academia
and national laboratories (Chapters 6 and 7) present their perspectives on the potential of NDA tech-
nology. We believe that the information presented in this part will help the engineering community
understand and appreciate the potential and benefits of the application of NDA to engineering design
and help technical managers deploy NDA to improve the competitive positions of their organizations.

1.1.2 Part II: Nondeterministic Modeling: Critical Issues
and Recent Advances

The second part of the book presents critical issues that are important to the implementation of NDA
to real-life engineering problems, and recent advances toward addressing these issues. These issues
include:
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1. What are the most important sources of uncertainty in engineering design?

2. What are the most suitable theories of uncertainty and mathematical tools for modeling different
types of uncertainty?

3. How do we model uncertainty in quantities that vary with time and space, such as the material
properties in a three-dimensional structure, or the particle velocity in a turbulent flow-field?

4. What tools are available for uncertainty propagation through a component or a system, and for
reliability assessment? What tools are available for estimating the sensitivity of the reliability of a
system to uncertainties in the input variables and for identifying the most important variables?

5. How do we make decisions in the presence of different types of uncertainty?

6. How do we validate the reliability of a design efficiently?

Part II consists of a total of 20 chapters. This part is divided into three groups. The first group studies
types of uncertainties and theories and tools for modeling uncertainties. The second group presents
computational tools for reliability assessment, propagation of uncertainty through a component or
system, and decision making under uncertainty. The third group presents methods for reliability valida-
tion using tests.

Following is a summary of the chapters in each group.

1.1.2.1 Uncertainty and Theories of Uncertainty

Chapter 8 studies existing taxonomies of uncertainty in a design decision problem. Then it proposes a
new taxonomy of uncertainties that are present in the stages of the solution of a design decision problem.
This taxonomy is based on the sources of uncertainty. The stages of a decision include framing of the
decision, predicting the outcomes and evaluating the worth of the outcomes according to the decision-
maker’s preferences. The chapter also examines different types of information that can be used to
construct models of uncertainty. Chapter 9 presents a general theory of uncertainty-based information.
The term “uncertainty-based information” implies that information is considered a reduction of uncer-
tainty. Theories of uncertainty, such as probability, possibility, and Dempster-Shafer evidence theory, are
branches of the general theory of uncertainty-based information. The chapter presents measures for
characterizing uncertainty and measures of the amount of uncertainty. Chapter 10 presents Dempster-
Shafer evidence theory. The authors of this chapter argue that evidence theory can be more suitable than
probability theory for modeling epistemic uncertainty. A principal reason is that evidence theory does
not require a user to assume information beyond what is available. Evidence theory is demonstrated and
contrasted with probability theory on quantifying uncertainty in an algebraic function of input variables
when the evidence about the input variables consists of intervals. Chapters 11 and 12 present theories
that are suitable for design in the face of uncertainty when there is a severe deficit in the information
about uncertainty. Chapter 11 presents information-gap decision theory, which is based on the theory
of robust reliability. Another method is to use an interval for each uncertain variable to characterize
uncertainty. Chapter 12 presents an efficient method for computing narrow intervals for the response of
a component or system when uncertainty is modeled using intervals. In many design problems, infor-
mation about uncertainty is obtained mainly from experts. Chapter 13 presents a rigorous approach for
eliciting, documenting, and analyzing information from experts.

1.1.2.2 Reliability Assessment and Uncertainty Propagation

The second group of chapters presents tools for propagating uncertainty through a component or system
(that is, quantifying the uncertainty in the response given a model of the uncertainty in the input
variables), and for assessing the reliability of a component or system. The chapters also present methods
for the design of components and systems that account directly for reliability. These chapters focus on
methods and tools that are based on probability theory and statistics.

First, two numerical approaches for element reliability analysis are examined in which uncertain-
ties are modeled using random vectors. Chapter 15 presents methods for reliability assessment of
systems and illustrates these methods with numerous examples involving civil engineering structures.
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First- and second-order reliability methods are employed for this purpose. Chapter 16 presents a
class of probability density functions that have a fundamental basis in quantum physics. The chapter
explains that these probabilistic models have considerable potential for applications to reliability
analysis of components and systems. Chapters 14 and 15 are confined to time-invariant problems.
Chapters 17 and 18 study time-variant reliability problems in which the excitation on a structure
and/or its strength vary with time. Chapter 17 primarily considers structures whose strength is
constant. This chapter presents methods for modeling the excitation, finding the statistics of the
response, and the failure probability. Chapter 18 provides a thorough review of methods for calcu-
lating the reliability of structures whose strength varies with time.

One way to reduce the computational cost associated with reliability assessment is to replace the
deterministic model that is used for predicting the response of a system or component with a response
surface. Chapter 19 presents different response surface approximation methods. These methods are
widely used in the industry and are effective for stochastic problems with a small number of random
variables, e.g., less than ten. Chapter 20 presents Monte Carlo simulation methods. These methods
are applicable to a broad range of problems, including both time-invariant and time-variant prob-
lems. Uncertainties can be modeled using random vectors, stochastic processes, or random fields
(random functions of space variables and/or time). This chapter also includes useful discussions on
the use of Monte Carlo simulation in conjunction with hierarchical models for stochastic approxi-
mation, application of static, sequential and dynamic sampling, and computation of probabilities
for high-dimensional problems. Chapter 21 presents stochastic finite element methods. These meth-
ods can be used to analyze the uncertainty in a component or system, when the uncertainty in the
input is described using random fields. Thus, the methods allow one to accurately model the spatial
variation of a random quantity, such as the modulus of elasticity in a structure. These methods
convert a boundary value problem with stochastic partial differential equations into a system of
algebraic equations with random coefficients. This system of equations can be solved using different
numerical techniques including Monte Carlo simulation, or first- and second-order reliability meth-
ods, to compute the probability distribution of the performance parameters of a system or component
and its reliability. Bayesian methods are useful for updating models of uncertainty, or deterministic
models for predicting the performance of a component or system, using sampling information.
Chapter 22 is concerned with statistical modeling and updating of structural models as well as their
use for predicting their response and estimating their reliability.

1.1.2.3 Engineering Decision under Uncertainty

The results of nondeterministic approaches are useful for making design decisions under uncertainty.
Chapters 23 and 24 present tools for decision making. Chapter 23 introduces and illustrates the concepts
of utility theory and tools for assessment of the expected utility. These tools can aid decisions in the
presence of uncertainty and/or decisions with multiple objectives. Chapter 24 presents methods for
reliability-based design optimization. These methods account explicitly for the reliability of a system as
opposed to traditional deterministic design, which accounts for uncertainty indirectly using a safety
factor and design values of the uncertain variables. The methods and their advantages over deterministic
design optimization methods are illustrated with problems involving civil and aerospace engineering
systems and microelectromechanical systems (MEMS).

1.1.2.4 Reliability Certification

Validation of the reliability of a design through tests is an important part of design. Chapter 25 presents
accelerated life testing methods for reliability validation. Chapter 26 provides a review of tools for
constructing and testing models of uncertainty.

Often, we cannot afford to perform a sufficient number of physical tests to validate the reliability of
a design. Chapter 27 presents a rigorous method for reducing dramatically the number of the tests
required for reliability validation by testing a small set of nominally identical systems selected so as to
maximize the confidence in the estimate of the reliability from the test.
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1.1.3 Part III: Applications

After providing a general overview of NDA and explaining the concepts and the tools available, the
handbook demonstrates how these approaches work on real-life industrial design problems in Part III.
This part reports successful applications of NDA in the following companies: Alpha STAR Corporation;
Applied Research Associates, Inc.; Boeing; General Electric; General Motors Corporation; Ghiocel Pre-
dictive Technologies, Inc.; Mustard Seed Software; Pratt & Whitney; Shevron Shipping Company, LLC;
Vipac Engineers & Scientists LTD; and Vextec Corporation. This part consists of 18 chapters. Success
stories of reliability analysis and reliability-based optimization are presented and the benefits from the
use of NDA are quantified.
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Increasingly more complex systems are being built and conceived by high-tech industries. Examples
of future complex systems include the biologically inspired aircraft with self-healing wings that flex
and react like living organisms, and the integrated human robotic outpost (Figure 2.1). The aircraft
is built of multifunctional material with fully integrated sensing and actuation, and unprecedented
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FIGURE 2.1 Examples of future complex systems: (a) biologically inspired aircraft and (b) human-robotic outpost.

levels of aerodynamic efficiencies and aircraft control. The robots in the outpost are used to enhance
the astronauts’ capabilities to do large-scale mapping, detailed exploration of regions of interest, and
automated sampling of rocks and soil. They could enhance the safety of the astronauts by alerting
them to mistakes before they are made, and letting them know when they are showing signs of fatigue,
even if they are not aware of it.

Engineers are asked to design faster, and to insert new technologies into complex systems. Increas-
ing reliance is being made on modeling, simulation and virtual prototyping to find globally optimal
designs that take uncertainties and risk into consideration. Conventional computational and design
methods are inadequate to handle these tasks. Therefore, intense effort has been devoted in recent
years to nontraditional and nondeterministic methods for solving complex problems with system
uncertainties.

Although, the number of applications of nondeterministic approaches in industry continues to
increase, there is still some confusion—arising from ill-defined and inconsistent terminology, vague
language, and misinterpretation—present in the literature.

An attempt is made in this chapter to give broad definitions to the terms and to set the stage for the
succeeding chapters.
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2.1.1 Definitions of Uncertainty

Uncertainty is an acknowledged phenomenon in the natural and technological worlds. Engineers are
continually faced with uncertainties in their designs. However, there is no unique definition of uncer-
tainty. A useful functional definition of uncertainty is: the information/knowledge gap between what is
known and what needs to be known for optimal decisions, with minimal risk [1-3].

2.1.2 Brief Historical Account of Uncertainty Modeling

Prior to the twentieth century, uncertainty and other types of imprecision were considered unscientific, and
therefore were not addressed. It was not until the beginning of the twentieth century that statistical mechanics
emerged and was accepted as a legitimate area of science. It was taken for granted that uncertainty is adequately
captured by probability theory. It took 60 years to recognize that the conceptual uncertainty is too deep to
be captured by probability theory alone and to initiate studies of nonprobabilistic manifestations of uncer-
tainty, as well as their applications in engineering and science. In the past two decades, significant advances
have been made in uncertainty modeling, the level of sophistication has increased, and a number of software
systems have been developed. Among the recent developments are the perception-based information pro-
cessing and methodology of computing with words (Figure 2.2).

2.1.3 Chapter Outline

The overall objective of this chapter is to give a brief overview of the current status and future directions
for research in nondeterministic approaches. The number of publications on nondeterministic
approaches has been steadily increasing, and a vast amount of literature currently exists on various aspects
and applications of nondeterministic approaches. The cited references are selected for illustrating the
ideas presented and are not necessarily the only significant contributions to the subject. The discussion
in this chapter is kept on a descriptive level; for details, the reader is referred to the cited literature.
The topics of the succeeding sections include types of uncertainties and uncertainty measures;
managing uncertainties; nondeterministic analysis approaches; enhancing the modeling and simula-
tion technologies; verification and validation of numerical simulations; risk management process; key
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LEVEL Uncartainty . with words)
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FIGURE 2.2 Evolution of uncertainty modeling.
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components of advanced simulation and modeling environments; nondeterministic approaches
research and learning networks.

2.2 Types of Uncertainties and Uncertainty Measures

A number of different uncertainty representations and classifications have been proposed. Among these
are [1,3-5]:

+ The two-type classification — aleatory and epistemic uncertainty in the modeling and simulation
process. Aleatory uncertainty (originating from the Latin aleator or aleatorius, meaning dice
thrower) is used to describe the inherent spatial and temporal variation associated with the physical
system or the environment under consideration as well as the uncertainty associated with the
measuring device. Sources of aleatory uncertainty can be represented as randomly distributed
quantities. Aleatory uncertainty is also referred to in the literature as variability, irreducible
uncertainty, inherent uncertainty, and stochastic uncertainty.

Epistemic uncertainty (originating from the Greek episteme, meaning knowledge) is
defined as any lack of knowledge or information in any phase or activity of the modeling
process. Examples of sources of epistemic uncertainty are scarcity or unavailability of exper-
imental data for fixed (but unknown) physical parameters, limited understanding of complex
physical processes or interactions of processes in the engineering system, and the occurrence
of fault sequences or environment conditions not identified for inclusion in the analysis of
the system.

An increase in knowledge or information, and/or improving the quality of the information
available can lead to a reduction in the predicted uncertainty of the response of the system.
Therefore, epistemic uncertainty is also referred to as reducible uncertainty, subjective uncertainty,
and model form uncertainty.

+ The two-type classification — uncertainty of information and uncertainty of the reasoning process

+ The three-type classification — fundamental (or aleatory), statistical, and model uncertainties.
The statistical and model uncertainties can be viewed as special cases of the epistemic uncertainty
described previously.

+ The three-type classification—variabilities, epistemic uncertainty, and errors.

+ The six-type classification with the following six types of uncertainties (Figure 2.3):
+  Probabilistic uncertainty, which arises due to chance or randomness
+  Fuzzy uncertainty due to linguistic imprecision (e.g., set boundaries are not sharply defined)
*  Model uncertainty, which is attributed to a lack of information about the model characteristics

+  Uncertainty due to limited (fragmentary) information available about the system (e.g., in the
early stage of the design process)

+  Resolutional uncertainty, which is attributed to limitation of resolution (e.g., sensor resolution)

+ Ambiguity (i.e., one-to-many relations)

(- haraclersiics)

FIGURE 2.3 Six types of uncertainties.
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FIGURE 2.4 Disciplines involved in uncertainty management.

In this classification, the probabilistic uncertainty is the same as the aleatory uncertainty of the first
classification; and the remaining five types can be viewed as epistemic uncertainties.

2.3 Managing Uncertainties

While completely eliminating uncertainty in engineering design is not possible, reducing and mitigating
its effects have been the objectives of the emerging field of uncertainty management. The field draws
from several disciplines, including statistics, management science, organization theory, and inferential
thinking (Figure 2.4).

In developing strategies for managing uncertainties, the following items must be considered [1]:

+ Developing formal, rigorous models of uncertainty

+ Understanding how uncertainty propagates through spatial and temporal processing, and decision
making

+ Communicating uncertainty to different levels of the design and development team in meaningful
ways

Designing techniques to assess and reduce uncertainty to manageable levels for any given application

+ Being able to absorb uncertainty and cope with it in practical engineering systems

2.4 Nondeterministic Analysis Approaches: Categories

Depending on the type of uncertainty and the amount of information available about the system charac-
teristics and the operational environments, three categories of nondeterministic approaches can be identified
for handling the uncertainties. The three approaches are [6-12] (Figure 2.5) probabilistic analysis, fuzzy-
set approach, and set theoretical, convex (or antioptimization) approach. In probabilistic analysis, the system
characteristics and the source variables are assumed to be random variables (or functions), and the joint
probability density functions of these variables are selected. The main objective of the analysis is the
determination of the reliability of the system. (Herein, reliability refers to the successful operation of the
system.)
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FIGURE 2.5 Three categories of nondeterministic approaches.

If the uncertainty is because of a vaguely defined system and operational characteristics, imprecision
of data, and subjectivity of opinion or judgment, fuzzy-set treatment is appropriate. Randomness
describes the uncertainty in the occurrence of an event (such as damage or failure).

When the information about the system and operational characteristics is fragmentary (e.g., only a
bound on a maximum possible response function is known), then convex modeling is practical. Convex
modeling produces the maximum or least favorable response and the minimum or most favorable
response of the system under the constraints within the set-theoretic description.

2.4.1 Bounding Uncertainties in Simulation Models
Current synthesis approaches of simulation models involve a sequence of four phases (Figure 2.6):

1. Selection of the models, which includes decisions about modeling approach, level of abstraction,
and computational requirements. The complexities arise due to:
* Multiconstituents, multiscale, and multiphysics material modeling

+ Integration of heterogeneous models

Synthesis of Simulation Model

T ]
Selection Parameter identification Updating Validation
o Decisions about o Experimental data g Requcing = Confirming
and its uncertainty uncertainty that the
* Modeling approach . by i i model is an
= ' o Data reduction y Improving
Level of abstraction incorporating the characteristics ~ accurate re-
= Computational requirements - th presentation
uncertainties orthe fh |
& Complexities due to model itself orthe rea
(inverse problem) ~ system (ASCI
= Multiconstituents, multiscale program)
and multiphysics material
modeling
= Integration of heterogeneous
models

FIGURE 2.6 Four phases involved in the synthesis of simulation models.
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2. Parameter identification. Data reduction techniques are used that incorporate uncertainties

3. Model updating, or reducing uncertainty by improving either the model characteristics or the
model itself

4. Validation, in the sense of confirming that the model is an accurate representation of the real system

2.4.2 Quality Control and Uncertainty Management in the Modeling
and Simulation of Complex Systems

The estimation of total uncertainty in the modeling and simulation of complex systems involves: (1)
identification and characterization of the sources of uncertainty, variability, and error; (2) uncertainty
propagation and aggregation; and (3) uncertainty quantification. [4,5,13]

Herein, uncertainty is defined as the epistemic uncertainty — a deficiency in any phase of the modeling
process due to lack of knowledge (model form or reducible uncertainty), increasing the knowledge base
can reduce the uncertainty. The term “variability” is used to describe inherent variation associated with
the system or its environment (irreducible or stochastic uncertainty). Variability is quantified by a
probability or frequency distribution. An error is defined as a recognizable deficiency that is not due to
lack of knowledge. An error can be either acknowledged (e.g., discretization or round-off error) or
unacknowledged (e.g., programming error). Uncertainty quantification is discussed in a succeeding
subsection.

2.5 Enhancing the Modeling and Simulation Technologies

The synergistic coupling of nondeterministic approaches with a number of key technologies can signif-
icantly enhance the modeling and simulation capabilities and meet the needs of future complex systems.
The key technologies include virtual product development for simulating the entire life cycle of the
engineering system, reliability and risk management, intelligent software agents, knowledge and infor-
mation, high-performance computing, high-capacity communications, human—computer interfaces, and
human performance.

2.5.1 Advanced Virtual Product Development Facilities

Current virtual product development (VPD) systems have embedded simulation capabilities for the entire
life cycle of the product. As an example, the top-level system process flow for a space transportation
system is shown in Figure 2.7. In each phase, uncertainties are identified and appropriate measures are

FIGURE 2.7 Top-level system process flow for a space transportation system.
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taken to mitigate their effects. Information technology will change the product development from a
sequence of distinct phases into a continuous process covering the entire life cycle of the product with
full interplay of information from beginning to end and everywhere throughout.

2.5.2 Safety Assessment

Safety assessment encompasses the processes and techniques used to identify risks to engineering systems
and missions. The evaluation and identification of risk are based on:

+ Probabilistic risk assessment
« Fault tree analysis

+ Hazard analysis and failure mode effect analysis coupled with engineering judgment

2.5.3 Uncertainty Quantification

Special facilities are needed for performing uncertainty quantification on large-scale computational
models for complex engineering systems. Uncertainty quantification covers three major activities®>!?
(Figure 2.8):

1. Characterization of uncertainty in system parameters and the external environment. This
involves the development of mathematical representations and methods to model the various
types of uncertainty. Aleatory uncertainty can generally be represented by a probability or
frequency distribution when sufficient information is available to estimate the distribution.
Epistemic uncertainty can be represented by Bayesian probability, which takes a subjective view
of probability as a measure of belief in a hypothesis. It can also be represented by modern
information theories, such as possibility theory, interval analysis, evidence theory (Dempster/
Shafer), fuzzy set theory, and imprecise probability theory. These theories are not as well
developed as probabilistic inference.

2. Propagation of uncertainty through large computational models. The only well-established meth-
odology for uncertainty propagation is based on probability theory and statistics. Use of response
surfaces for approximation of the performance of a component or a system can increase the
efficiency of this methodology. Nonprobabilistic approaches, which are based on possibility theory,
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FIGURE 2.8 Major activities involved in uncertainty quantification.
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Dempster-Shafer evidence theory, and imprecise probability, are currently investigated. These
approaches can be useful when limited data is available about uncertainty.

3. Verification and validation of the computational models, and incorporating the uncertainty of the
models themselves into the global uncertainty assessment. The verification and validation process
is described in the succeeding section.

2.6 Verification and Validation of Numerical Simulations

Quantifying the level of confidence, or reliability and accuracy of numerical simulations has recently
received increased levels of attention in research and engineering applications. During the past few years,
new technology development concepts and terminology have arisen. Terminology such as virtual proto-
typing and virtual testing is now being used to describe computer simulation for design, evaluation, and
testing of new engineering systems.

The two major phases of modeling and simulation of an engineering system are depicted in Figure 2.9.
The first phase involves developing a conceptual and mathematical model of the system. The second phase
involves discretization of the mathematical model, computer implementation, numerical solution, and
representation or visualization of the solution. In each of these phases there are epistemic uncertainties,
variabilities and errors [5,14].

Verification and validation are the primary methods for building and quantifying confidence in numerical
simulations. Verification is the process of determining that a model implementation, and the solution obtained
by this model, represent the conceptual/mathematical model and the solution to the model within specified
limits of accuracy. It provides evidence or substantiation that the conceptual model is solved correctly by the
discrete mathematics embodied in the computer code. Correct answer is provided by highly accurate solu-
tions. Validation is the process of substantiating that a computational model within its domain of applicability
possesses a satisfactory range of accuracy in representing the real system, consistent with the intended
application of the model. Correct answer is provided by experimental data.

Validation involves computing validation metrics to assess the predictive capability of the computational
models, based on distributional predication and available experimental data or other known information.

The development of such metrics is a formidable task, and is the focus of intense efforts at present.
Model validation is intimately linked to uncertainty quantification, which provides the machinery to
perform the assessment of the validation process.
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FIGURE 2.9 Verification and validation of numerical simulations.
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2.7 Availability, Reliability, and Performance

2.7.1 Availability

Availability of a component (or a system) is defined as the probability that the component (or system) will
perform its intended functions at a given time, under designated operating conditions, and with a designated
support environment. It is an important measure of the component (or system) performance—its ability to
quickly become operational following a failure. Mathematically, availability is a measure of the fraction of
the total time a component (or a system) is able to perform its intended function.

2.7.2 Reliability

Reliability is defined as the probability that a component (or a system) will perform its intended function
without failure for a specified period of time under designated operating conditions. Failure rate or
hazard rate is an important function in reliability analysis because it provides a measure of the changes
in the probability of failure over the lifetime of a component. In practice, it often exhibits a bathtub
shape [15-30] (see Figure 2.10).

Reliability assessment includes selection of a reliability model, analysis of the model, calculation of
the reliability performance indices, and evaluation of results, which includes establishment of confidence
limits and decision on possible improvements (Figure 2.11).

2.7.3 Performance

Reliability and availability are two of four key performance measures of a component (or a system). The
four measures of performance are:

1. Capability: Ability to satisfy functional requirements
2. Efficiency: Ability to effectively and easily realize the objective

Selection
of a rlalial:-i[ityr
—

FIGURE 2.11 Reliability assessment.
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FIGURE 2.12 Taguchi’s method.

3. Reliability: Ability to start and continue to operate
4. Availability: Ability to operate satisfactorily when used under specific conditions (in the limit it
is the operating time divided by the sum of operating time plus the downtime)

2.7.4 Design of Experiments

These are systematic techniques for investigating (all possible) variations in system performance due to
changes in system variables [31].

Two categories of system variables can be identified, namely, (1) inner-array variables, which are
controllable; and (2) outer-array variables (also called noise factors), which are functions of environ-
mental conditions and are uncontrollable. Three categories of techniques can be identified: (1) regression
analysis, (2) statistical methods, and (3) Taguchi’s method [32].

In Taguchi’s method, the controllable variables are selected in such a way as to dampen the effect of
the noise variables on the system performance. The method was originally developed as an industrial
total quality control approach. Subsequently, it has found several other applications, including design
optimization through variability reduction (Figure 2.12).

2.8 Response Surface Methodology (RSM)

RSM is a set of mathematical and statistical techniques designed to gain a better understanding of the
overall response by designing experiments and subsequent analysis of experimental data. [33] It uses
empirical (nonmechanistic) models, in which the response function is replaced by a simple function
(often polynomial) that is fitted to data at a set of carefully selected points. RSM is particularly useful
for the modeling and analysis of problems in which a response of interest is influenced by several
variables and the objective is to optimize the response.

Two types of errors are generated by RSM. The first are random errors or noise, which can be minimized
through the use of minimum variance based design. The second is bias or modeling error, which can be
minimized using genetic algorithms.

RSM can be employed before, during, or after regression analysis is performed on the data. In the
design of experiments it is used before, and in the application of optimization techniques it is used after
regression analysis.
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FIGURE 2.13 Tasks involved in the risk management process.

2.9 Risk Management Process

Risk is defined as the uncertainty associated with a given design, coupled with its impact on performance,
cost, and schedule. Risk management is defined as the systems engineering and program management
tools that can provide a means to identify and resolve potential problems [14,18,34,35].
The risk management process includes the following tasks (Figure 2.13):
+ Risk planning: development of a strategy for identifying risk drivers
+ Risk identification: identifying risk associated with each technical process

+ Risk analysis: isolating the cause of each identified risk category and determining the effects
The combination of risk identification and risk analysis is referred to as risk assessment:

+ Risk handling: selecting and implementing options to set risk at acceptable levels

+ Risk monitoring: systematically tracking and evaluating the performance of risk handling actions

2.10 Robustness

Robustness is defined as the degree of tolerance to variations (in either the components of a system or
its environment). A robust ultra-fault-tolerant design of an engineering system is depicted. The perfor-
mance of the system is relatively insensitive to variations in both the components and the environment.
By contrast, a nonrobust design is sensitive to variations in either or both (Figure 2.14).

An example of a robust, ultra-fault-tolerant system is the Teramac computer, which is a one-terahertz,
massively parallel experimental computer built at Hewlett-Packard Laboratories to investigate a wide
range of computational architectures. It contains 22,000 (3%) hardware defects, any one of which could
prove fatal to a more conventional machine. It incorporates a high communication bandwidth that
enables it to easily route around defects. It operates 100 times faster than a high-end single processor
workstation (for some of its configurations); see Figure 2.15.

Nonrobust , Performance

Environment

FIGURE 2.14 Robust and nonrobust designs.
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FIGURE 2.15 Teramac configurable custom computer.

2.11 Commercial Software Systems

A number of commercial codes have been developed to enable quantifying the variability and uncertainty
in the predictions, as well as performing probabilistic design, reliability assessment, and process optimi-
zation. Examples of these codes are NESSUS, DARWIN, ProFES, UINPASS, GENOA, DAKOTA, and
structural engineering reliability analysis codes such as CalREL, OpenSees, FERUM, and FSG. Also, some
of the deterministic analysis codes, like ANSYS and MSC Nastran, are adding probabilistic tools to enable
incorporating uncertainties into the analysis.

NESSUS and DARWIN were developed by Southwest Research Institute. NESSUS (Numerical Evalua-
tion of Stochastic Structures Under Stress) integrates reliability methods with finite element and boundary
element methods. It uses random variables to model uncertainties in loads, material properties, and
geometries [36,37]. DARWIN (Design Assessment of Reliability With Inspection) predicts the probability
of fracture of aircraft turbine rotor disks [38,39]. ProFES (Probabilistic Finite Element System) was
developed by Applied Research Associates, Inc [40,41]. It performs probabilistic simulations using internal
functions. It can also be used as an add-on to the commercial finite element codes or CAD programs.
UNIPASS (Unified Probabilistic Assessment Software System) was developed by Prediction Probe, Inc
[42,43]. It can model uncertainties, compute probabilities, and predict the most likely
outcomes—analyzing risk, identifying key drivers, and performing sensitivity analysis. GENOA was
developed by Alpha Star Corporation [44]. It is an integrated hierarchical software package for compu-
tationally simulating the thermal and mechanical responses of high-temperature composite materials and
structures. It implements a probabilistic approach in which design criteria and objectives are based on
quantified reliability targets that are consistent with the inherently stochastic nature of the material and
structural properties.

DAKOTA (Design Analysis Kit for Optimization and Terascale Applications) was developed by Sandia
National Labs [45]. It implements uncertainty quantification with sampling, analytic reliability, stochastic finite
element methods, and sensitivity analysis with design of experiments and parameter study capabilities.

2.12 Key Components of Advanced Simulation
and Modeling Environments

The realization of the full potential of nondeterministic approaches in modeling and simulation requires
an environment that links diverse teams of scientists, engineers, and technologists. The essential com-
ponents of the environment can be grouped into three categories: (1) intelligent tools and facilities, (2)
nontraditional methods, and (3) advanced interfaces.
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2.12.1 Intelligent Tools and Facilities

These include high fidelity — rapid modeling, life-cycle simulation and visualization tools, synthetic immersive
environment; automatic and semiautomatic selection of software and hardware platforms, computer simu-
lation of physical experiments, and remote control of these experiments. The visualization tools should
explicitly convey the presence, nature, and degree of uncertainty to the users. A number of methods have
been developed for visually mapping data and uncertainty together into holistic views. These include the
methods based on using error bars, geometric glyphs, and vector glyphs for denoting the degree of statistical
uncertainty. There is a need for creating new visual representations of uncertainty and error to enable a better
understanding of simulation and experimental data. In all of the aforementioned tools, extensive use should
be made of intelligent software agents and information technology (Figure 2.16).

Advanced simulation tools
and facilities

Uncertainty visualization methods

Smart computing devices that
are aware of their environment,
their users and their positions

Real-time sharing, remote control
and simulation of experiments

Extensive use of IA and information
technology

FIGURE 2.16 Intelligent tools and facilities.
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2.12.2 Nontraditional Methods

These include multi-scale methods, strategies for highly coupled multi-physical problems, and nonde-
terministic approaches for handling uncertainty in geometry, material properties, boundary conditions,
loading, and operational environments.

2.12.3 Advanced Human-Computer Interfaces

Although the WIMP (windows, icons, menus, pointing devices) paradigm has provided a stable global
interface, it will not scale to match the myriad of factors and uses of platforms in the future collaborative
distributed environment. Recent work has focused on intelligent multimodal human—computer interfaces,
which synthetically combine human senses, enable new sensory-motor control of computer systems, and
improve dexterity and naturalness of human—computer interaction [46,47]. An interface is referred to as
intelligent if it can:

+ Communicate with the user in human language
+ Perform intelligent functions
+ Adapt to a specific task and user

Intelligent interfaces make the interaction with the computer easier, more intuitive, and more flexible.

Among the interface technologies that have high potential for meeting future needs are perceptual user
interfaces (PUIs), and brain—computer (or neural) interfaces (BCls). PUIs integrate perceptive, multimodal,
and multimedia interfaces to bring human capabilities to bear in creating more natural and intuitive inter-
faces. They enable multiple styles of interactions, such as speech only, speech and gesture, haptic, vision, and
synthetic sound, each of which may be appropriate in different applications. These new technologies can
enable broad uses of computers as assistants, or agents, that interact in more human-like ways.

A BClI refers to a direct data link between a computer and the human nervous system. It enables biocontrol
of the computer—the user can control the activities of the computer directly from nerve or muscle signals.
To date, biocontrol systems have utilized two different types of bioelectric signals: (1) electroencephalogram
(EEG) and (2) electromyogram (EMG). The EEG measures the brain’s electric activity and is composed of
four frequency ranges, or states (i.e., alpha, beta, delta, and theta). The EMG is the bioelectric potential
associated with muscle movement. BCI technologies can add completely new modes of interaction, which
operate in parallel with the conventional modes, thereby increasing the bandwidth of human—computer
interactions. They will also allow computers to comprehend and respond to the user’s changing emotional
states—an important aspect of affective computing, which has received increasing attention in recent years.
Among the activities in this area are creating systems that sense human affect signals, recognize patterns of
affective expression, and respond in an emotionally aware way to the user; and systems that modify their
behavior in response to affective cues. IBM developed some sensors in the mouse that sense physiological
attributes (e.g., skin temperature and hand sweatiness), and special software to correlate those factors to
previous measurements to gauge the user’s emotional state moment to moment as he or she uses the mouse.

Future well-designed multimodal interfaces will integrate complementary input modes to create a
synergistic blend, permitting the strengths of each mode to overcome weaknesses in the other modes
and to support mutual compensation of recognition errors.

2.13 Nondeterministic Approaches Research
and Learning Network

The realization of the full potential of nondeterministic approaches in the design and development of
future complex systems requires, among other things, the establishment of research and learning net-
works. The networks connect diverse, geographically dispersed teams from NASA, other government
labs, university consortia, industry, technology providers, and professional societies (Figure 2.17). The
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activities of the networks include development of online learning facilities, such as interactive virtual
classrooms (Figure 2.18), on nondeterministic approaches.

A European network, SAFERELNET, was established in 2001 to provide safe and cost-efficient solutions
for industrial products, systems facilities, and structures across different industrial sectors. The focus of the
network is on the use of reliability-based methods for the optimal design of products, production facilities,
industrial systems, and structures so as to balance the economic aspects associated with providing preselected
safety levels, with the associated costs of maintenance and availability. The approaches used include modeling
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the reliability of the system throughout its lifetime, and an assessment of the impact of new maintenance
and repair schemes on system safety, cycle costs, reliability, serviceability and quality.

2.14 Conclusion

A brief overview is presented of the current status and future directions for research in nondeterministic
approaches. Topics covered include definitions of uncertainty, a brief historical account of uncertainty
modeling; different representations and classifications of uncertainty; uncertainty management; the
three categories of nondeterministic approaches; enhancing the modeling and simulation technologies;
verification and validation of numerical simulations; reliability, availability, and performance; response
surface methodologies; risk management process; key components of advanced simulation and mod-
eling environments; and nondeterministic approaches research and learning network.

Nondeterministic approaches are currently used as integral tools for reliability, safety, and risk assess-
ments in many industries, including aerospace, nuclear, shipbuilding, and construction.

Future complex engineering systems and information-rich environment will provide a wide range of
challenges and new opportunities. The environment will be full of inherent uncertainties, vagueness,
noise, as well as conflicts and contradictions. In the next few years, it is expected that the cost effectiveness
of nondeterministic approaches tools will be more widely appreciated and, consequently, nondetermin-
istic approaches will become an integral part of engineering analyses and simulations.
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Patterson AFB, 3.6 Conclusion

3.1 Introduction

Nondeterministic analysis (NDA) is taken to be the set of technologies that recognize the inherent
uncertainties in the model, data, allowables, or any other knowledge that might be applied to predict the
reliability of a system or element in the system. Reliability refers to the probability that a design goal can
and will be achieved. Given the breadth of NDA, the authors will address a subset of those NDA methods
that we deem likely to be most useful in system design.

Within that subset, one can broadly state that there are two classes of NDA methods: (1) those for
which a first-order representation (mean and variance) of the uncertain behavior is sufficient and (2)
those for which a much higher degree of fidelity is required. The latter are typically needed for the formal
processes of certification and apply largely to high-performance systems with human life risk factors that
have a high reliability. This review focuses on the latter for their relevance to highly reliable mechanical
systems for which accuracy in NDA is needed.

The review begins with a vision for the kind of new design environment in which NDA is central.
NDA requires a systems perspective to a much larger degree than do traditional design processes.
The new design environment is seen to be more dependent on a comprehensive and consistent
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interaction of data, modeling, updating, and system model validation than past design practices based
on margins to assure reliability. The authors see the need for a new, integrating software framework
and a variety of new NDA and NDA-supporting tools operating within that framework to support
the full transition of NDA to design. A concept for the framework and possible NDA-supporting
tools is presented.

NDA has been used in design practice for systems requiring a high degree of reliability, such as disks
in turbine engines for commercial engines through statistically-based design limits for certain failure
modes. The review includes a historical review of probabilistic method development that clearly indicates
the transition from statistical margins to the current, but still limited use of probabilistic finite elements
methods for NDA of structural response. The review then summarizes some pertinent literature on
various NDA tools that might be used within this design environment.

The use of NDA in design is clearly still in transition. Some tools and strategies have been successfully
developed and are being used in structural design today. Other areas of design from thermal response
to aerodynamic performance to material behavior are in early stages of transition. The authors identify
some issues and challenges that remain as topics to be worked in order to support the complete transition
of NDA to design. Items that are briefly discussed include the design environment software framework,
developing more generalized yet rational confidence intervals that have meaning in the context of complex
system design, the need for systematic error analysis for the various NDA tools, NDA model verification
and validation strategies, linkage of NDA with traditional reliability analysis tools, and the still-important
issue of the cost of NDA at the systems level.

3.2 The Future Nondeterministic Design Environment

To a great extent, current NDA methods for system design are not based on physics-of-failure modeling
at the system level. The real need for advanced design systems is for comprehensive, multi-physics
modeling of system behavior. In only this way can the designer truly trade performance, reliability, quality,
and cost metrics as functions of all the design variables.*

Multi-physics modeling with fidelity sufficient for NDA is likely to involve the interactions of multiple
physics-based computational algorithms. Given the fact that the design variables and the models them-
selves have uncertainties a NASA-funded study by the first author concluded that a new design environ-
ment was needed to support NDA [1]. Such a design environment must provide for generalized data
storage, retrieval, and use by the appropriate physical models. The basic elements of the NDA design
process are represented in Figure 3.1. The following paragraphs describe some of the proposed tool sets
that might be found in a generalized NDA design environment (see Figure 3.2):

« Information input. In the past, data for probabilistic modeling was in the form of statistical data
represented by analytical or empirical distribution functions and their parameters. For the future,
input will include a much broader range of information. Such NDD information that is subjective
or “fuzzy” is envisioned as a critical element in NDA. The elicitation of such fuzzy input is a critical
element in the process such that expert bias and prior assumptions do not overly influence the
representation of the information.

« Information fusion. This critical junction is where one must convert disparate forms of information
into a common basis for modeling. A critical element in the technology requirements here is the

* Design variables will herein always refer to random variables over which the designer has control. Such random
variables may have physical dependencies such as material properties with temperature dependencies. Other variables
may have strong statistical dependencies or correlations. The treatment of these conditions is beyond the scope of
this chapter but the authors recognize how critical it is that these dependencies be recognized by any NDA methods.
In all cases, the analyst is urged to formulate the physics at a primitive enough level to achieve physical and thus
statistical independencies of the variables whenever possible.
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FIGURE 3.1 Elements of the nondeterministic design (NDD) process [1].

translation of properly acquired fuzzy input into sensible probabilistic representations. It is also
the place where new information is used to update prior information.

« NDA methods. The comments herein address some key current and future NDA elements. Semi-
empirical, physics-based modeling of systems using various network algorithms is likely to be
important, especially for large systems. Fuzzy logic and its attendant elements of membership
functions and possibilistic analysis are not likely to be used for the formal analysis part of the
overall design system but are likely to be used for representations of expert-opinion-based input
or hyperparametric input models. Response surface (RS) modeling or surrogate (simplified phys-
ics) models are likely to be intrinsic to NDD. All probabilistic methods use such models in one
way or another. DOE approaches or Taylor series approaches are variations on RS methods. The
use of DOE to construct such surfaces from empirical data is seen as an alternative to network
models, although the technologies may merge.

« NDA outcomes. This is the heart of the design process valuation. A proper NDA design environment
in the other entities in this diagram will yield much more useful information for making decisions
for design stages from conceptual design to detailed design.

+ Model updating. A critical element in any design process is updating. Good design operations have
evolved means for capturing past experience for new designs. Quantitative risk management
programs allow for updating the assumed statistics used in the previous modeling. Bayes’ theorem
can be used to combine prior distribution models with new data when both the prior model and
the new data must be combined. In most data-driven designs, replacing the old dataset with the
new one will do the data updating. Model updates will typically also be done by replacement,
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although there are Bayesian model updating strategies appropriate to certain classes of network
models where one cannot validate individual modeling elements. Certainly, the validation process
for the physics-based models will lead to model updates. An integrated NDD environment to
support these process elements was proposed in [1]. A major challenge in NDA for design is the
development of a software framework that supports tool sets with a high degree of interoperability
and data transparency for multi-physics modeling of system behavior. The following paragraphs
describe some of the proposed toolsets that might be found in a generalized NDA design envi-
ronment.

Probabilistic Data Expert (PDE). The PDE provides a systematic means for merging disparate
forms of “data” into probabilistic design. The data ranges from subjective expert opinions to raw
data such as specimen specific fatigue test data. The PDE relies on nontraditional methods for
integrating “fuzzy data” based on qualitative information [2]. The major technology needs here
are in creating tools for automating the data acquisition and integration processes.

Probabilistic Updater (PU). The NDD process for total life-cycle design from concept to field
deployment for complex systems generally involves reliability growth processes of one form or

another. Early in the design process, the reliability characteristics of the subsystems are either not
known or crudely known. Testing during development should focus on those results that are most
effective either in demonstrating greater reliability or increasing the assurance (reducing the
uncertainty) in the reliability prediction. One can envision a generalized tool that will provide
intelligent ways to update the current reliability and assurance intervals (akin to statistical confi-
dence intervals) taking into account new information and data. These intervals are discussed in
Reference 3. Bayesian updating of statistical models can be used for certain automated model
updates involving the combination of expertise-driven priors with new data or information.
However, other updating strategies are likely needed for large system models where the outcomes
are used to assess the quality of the model.
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* Probabilistic Error Bounds (PEB). Many system design processes have allowed for generalized levels
of comfort in product performance— so-called “fuzzy” nondeterministic output. However, both
the commercial workplace and the demands of government acquisitions have transformed aero-
space vehicle design requirements from nonanalytical reliability bases to specified levels of “dem-
onstrated” reliability that may include both test and analytical bases. A key and, as yet, not
addressed and fundamentally critical need is to be able to compute rational reliability error
prediction bounds for the various algorithms likely to be used in an advanced aerospace vehicle
and propulsion design. Error bounds are needed that span the analysis spectrum from the physics
approximations, to the response surface or surrogate models used to represent the physics, to the
specific probabilistic algorithms deployed. In fact, it is likely that engineers will need to deploy
hybrid combinations of the current probabilistic methods (e.g., RS, fast probability integration
(FPI), Monte Carlo (MC) importance sampling) for large system design problems. Error identi-
fication, tracking, accountability, and bounds are required for the full process. Such error modeling
is seen to be a part of the total model verification and validation process.

Response Surface Generator (RSG). All current probabilistic algorithms for any but the most trivial
problems use a “response surface” or surrogate model to describe the component, subsystem, or
system-level behavior as a function of the design variables. Thus, it is a surface in the N-dimensional
design space of the problem. In fact, it is increasingly likely to be a union of many such hyper-surfaces
that can be used for complex system design. An example of a powerful algebraic system for manip-
ulation of RSs that could be easily extended to nondeterministic design is seen at the Rockwell Science
Center link: http://www.rsc.rockwell.com/designsheet;/.

+ Two methods are currently employed to generate RSs; these are the Taylor series method and the
design of experiments (DOE) method [4]. The former is more likely to be employed near a critical
design point, while the latter is more often used to span a wider range of the design space. Fast
probability methods such as the fast probability integrator (FPI) algorithms [5] or importance
sampling (a Monte Carlo simulation strategy) are performed using the RS and do not directly use
the actual detailed simulation. As such, the RS methods are highly effective over a range of design
levels from conceptual to final. A generalized “tool” for effective development and representation
of RSs is needed that will interface both to probabilistics and to the closely related field of
multidisciplinary optimization (MDO). Further, the PEB tool and the RSG tool should be able to
work together to adaptively build optimal RS strategies that combine computational efficiency
with minimizing the probabilistic approximation errors for large system design problems.

Probabilistic Model Helper. A major limitation in the deployment of NDD analysis methods is the
current burden that the analyst be a skilled “probabilistic engineer.” Such individuals at this time
are probably numbered in the low dozens and are scattered between software firms, universities,
government labs, and industry. The field is not one that has received much attention in academic
curricula, although the topic is now covered in the most recent undergraduate mechanical design
texts. Further, the process of preparing and interpreting a probabilistic design problem involves
the inclusion and assessment of many more sources of information and decisions regarding the
analysis strategy. Nontraditional methods provide a real basis for the development and deployment
of intelligent systems to work as probabilistic “robots” or assistants. The approach will likely require
significant use of adaptive networks, software robots, genetic algorithms, expert systems, and other
nontraditional methods.

Probabilistic Mesomechanics. Significant progress has been achieved since the early attempts at
what was called “level 3” probabilistic material modeling as part of the original NASA Probabilistic
Structural Analysis Methods (PSAM) contract.’ Demonstration problems have shown the ability

$ Dr. Chris Chamis of NASA/GRC was the driving inspiration for this NASA-funded effort led by the Southwest
Research Institute in San Antonio, TX, with partners including the Marc Analysis Research Corporation and Rock-
etdyne Inc.
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to link material processing simulation software with micromechanical models of material behavior
at the mesoscale (grain size, grain orientation, flow stress, dislocation density) to predict statistical
distributions of material fatigue strength [6, 7]. Such probabilistic modeling advances lend real
credibility to the notion of engineered materials that goes well beyond the simpler notions asso-
ciated with composite material systems. Probabilistic mesomechanics tools that can support the
PDE tool or feed “data” directly into the material data distributions are required. Automated,
intelligent systems are envisioned with the capability to forward model material processing to
define scatter in properties as well as sensitivity links to the independent process and material
primitive variables. Further, the inverse problem of optimizing the processing and design of the
material microstructure provides the ultimate in an “engineered materials” design capability.

« System Reliability Interface. The aerospace system design environment of the future requires the
ability to interface multiple models of multiple subsystems in an efficient and accurate manner.
Each failure mode of the system has its own probabilistic model in terms of a response surface or
surrogate model representation of the physical problem together with the associated nondeter-
ministic design variable descriptions. Current system reliability technology focuses on traditional
block-diagram forms for representing system reliability. Each block is typically represented by
point estimates of reliability that are not linked to the underlying physics or to the distribution
and confidence in the underlying variables. Physics based system modeling provides an informa-
tion-based opportunity for linking the key design parameters and physics-based models together
from the sub-system/component level to the full system level. Intelligent systems can be developed
for linking the information and propagating it to the various “top-level” events in order to provide
a powerful environment for calculating and managing system level reliability.

* Health Management System. Health management (HM) is a philosophy that merges component and
system level Health Monitoring concepts, consisting of anomaly detection, diagnostic and prognosis
technologies, with consideration to the design and maintenance arenas [8]. Traditionally, system
health monitoring design has not been an integral aspect of the design process. This may be partly
due to the fact a cost/benefit model of a HM system configuration has not yet been fully realized.
Without a doubt, HM technology must “buy” its way into an application. Hence, the need exists to
extend the utility of traditional system reliability methods to create a virtual environment in that
HM architectures and design trade-offs can be evaluated and optimized from a cost/benefit stand-
point. This capability should be present both during the design stage and throughout the life of the
system. A new HM design strategy should allow inclusion of sensors and diagnostic/prognostic
technologies to be generated in order to produce an enhanced realization of component design
reliability requirements at a very early stage. Life-cycle costs can be reduced through implementation
of health monitoring technologies, optimal maintenance practices, and continuous design improve-
ment. To date, these areas have not been successfully linked with nondeterministic design methods
to achieve cost/benefit optimization at the early design stage.

3.3 Probabilistic Methods in Transition for Systems Design

3.3.1 Current Nondeterministic Design Technology

A simplified overview of nondeterministic design (NDD) must address both empirical and predictive
reliability methods. NDA is, formally, a member of the latter. However, one cannot ignore the former
because NDA relies at some level on empirical modeling for model input or model validation. NDD also
includes system safety and reliability analysis tools such as failure modes and effects analysis (FMEA),
criticality analysis (CA), and fault tree analysis (FTA) [9]. One of the major future transition elements
for NDA is bringing more analysis into the qualitative reliability and risk assessment processes.
Empirical reliability has primarily focused on determining the fitting parameters for two classical
statistical models—the exponential and Weibull distributions [10-12]—although the normal and log
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normal distributions are also used. The exponential distribution is used to represent the average failure
rate for large populations of similar devices or over many hours of operation of a complex system,
generally reported as the mean time between failures (MTBF) or the uniform failure rate (MTBF!). This
distribution has most often been applied to modeling the reliability of electronic components that have
been through a burn-in usage.

The exponential reliability model does not address the physics of failure. For example, an electrical
motor design may fail due to armature fatigue, wear, or other mechanical failure mode. Over a long
period of time, the occurrences of these failure modes average out to a single MTBF value. Some effort
has been made to convert this purely empirical reliability model to one having some physics effects
reflected in the MTBF [13].

The Weibull distribution is generally used to represent mechanical failure modes as it combines the
features of wear-out failure rates with single-point (brittle) failure modes [14]. All such empirical models
rely on sound statistical methods to infer the proper set of parameters for any reliability model that is
to be used along with the supporting data [15, 16].

System safety and reliability analysis [9] is widely used and is closely linked to NDD despite its largely
qualitative nature. FMEA is a bottoms-up assessment process based on identifying all of the “important”
(perhaps as defined in a criticality analysis [CA] process) failure modes for each subsystem or component
and estimating the consequences of subsystem or component failure. FMEA is often used to define
corrective actions necessary to eliminate or significantly reduce the failure likelihood or consequences
(risk). However, a quantitative extension of the standard FMEA would take advantage of the computa-
tional reliability predictions coming from NDA used in design. FMEA can provide more insight than
NDA into nonquantitative design issues that can affect product reliability.

Fault tree analysis (FTA) [17] is a top-down reliability assessment based on a specified “top” failure
event. FTA then seeks to define all of the causes for the top event by breaking down each cause into its
causes and so on until the “bottom” of the fault tree is defined. Point probability estimates can be applied
to each event in the tree and these are logically combined using “and” and “or” gates to define the
probability of the top event. FTA is also qualitative in nature as far as the tree elements and structures
are concerned. Experience with product design and product reliability are important in getting useful
and comprehensive FEMA and FTA models for systems. Neither FMEA nor FTA is a physics-of-failure
based NDD tool.

Probabilistic risk assessment (PRA) [18] is a reliability tool that was largely developed within the
nuclear power industry. PRA typically uses Monte Carlo simulation to combine the statistics of the key,
physical variables that combine to cause failure. Often, the reliability problem is posed as a basic stress
vs. strength problem such as for fatigue and fracture problems [19]. Following the Challenger accident,
NASA made a significant commitment to the use of PRA for the high criticality failure modes for the
launch system (e.g., [Reference 20]) and the space station. PRA has also been used for various NDD
problems in the turbine engine field for many years [21, 22].

3.3.2 Some Transition History

Mechanical system reliability has evolved in multiple paths owing to the unique elements of mechanical
system design, at least as one can see them historically. The two paths can be traced in the design of civil
structures such as buildings and bridges, and the design of aircraft and propulsion structures. The first
category is driven by issues deriving from the high degree of redundancy in most civil structures and by
the attendant use of building codes with specified safety factors. The probabilistic elements of civil
structure design have come about largely due to two forms of highly stochastic loadings —earthquakes
and sea loads (for offshore structures).

Aircraft and propulsion designs have been driven by the specifics of fatigue and fracture mechanics
damage processes. While aircraft are subject to stochastic loading conditions, the large loading conditions
are better defined than in civil structures, as the designer controls the stall limits of the airfoil and hence
the greatest aerodynamic load that can be seen. Stochastic elements of structural reliability problems for
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aircraft and propulsion structures are dominated by scatter in the fatigue and crack growth rate charac-
teristics of the materials.

Traditional design for all civil and aerospace structures has been controlled primarily through the use
of safety factors or other forms of design margins. Such factors or margins are deterministic in nature
but their magnitudes are typically driven by past experience that includes the stated loading or material
stochasticity, along with the full range of less important stochastic design variables. There are only two
main reasons for changing this, largely successful, design experience. One is economical: design factors
and margins are conservative in most cases and the degree of conservancy is not well established. Further,
the margins do not reflect the differing degrees of controls on design variations that are a part of the
proper design process. All of this costs money and reduces the performance of the system through excess
weight or unnecessarily stringent controls.

A key rationale for NDD is its ability to support the design of new systems with new materials or
components for that the experience base is lacking, as compared to traditional systems. As material
performance is pushed in electronic and mechanical systems, the need for a new design paradigm has
become more evident. The past reliance on successful experience and the use of incremental design
evolution does not adequately serve the current marketplace. Further, the “customer” in the general sense
is no longer willing to pay the price of designs that do not account for intrinsic variability in process or
performance.

The following paragraphs seek to provide a limited overview of some of the principal developments
that have brought us to the point we are today, where reliability based design is poised to become the
new design paradigm for consumer products through advanced aerospace systems.

3.3.2.1 Early Developments

An early interest in the development of reliability was undertaken in the area of machine maintenance.
Telephone trunk design problems [23, 24] are cited in a more recent reliability text [25]. Renewal theory
was developed as a means of modeling equipment replacement problems by Lotkar [26].

Weibull made a substantial contribution to mechanical system reliability through the development of
the extreme value statistic now named after him [27]. His was the first practical tie of the physics of
failure to a mathematical model. The model derived from the general extreme value statistical models
expounded by Gumbel [28]. The Weibull model contains the concept of brittle failure mechanics that
states that any critically sized defect failure causes the entire structure to fail and can be derived as the
statistics of failures of the weakest link in a series of links.

3.3.2.2 Use of Weibull Models in Aircraft Engine Field Support

Mechanical failures in gas turbine engine components are driven by specific wear-out modes, including
fatigue, creep, crack growth, wear, and interactions of these modes. The components may be bearings,
shafts, blades, pressurized cases, or disks. For nearly 30 years, the Weibull reliability model has been
successfully used to develop maintenance and field support plans for managing reliability problems
defined by field experience. Such methods also have been used successfully in establishing warranty plans
for new equipment sales as well as spare parts requirements.

Much of the effectiveness of the developed methods is shrouded in the mist of proprietary data and
protectionism. However, it is clear that these specific modes of mechanical system failures are often very
well correlated using the Weibull model. The Weibull model has demonstrated the ability to accurately
predict subsequent failures from a population based on surprisingly few data points.

The Air Force sponsored some of the more recent work using the Weibull model and the results of
the study are in the public domain [14]. This chapter serves as a useful introduction to the use of the
Weibull model for various mechanical systems. A more comprehensive examination of the model, along
with other models of mechanical reliability is the text by Kapur and Lamberson [10]. There has been
considerable growth in the Weibull model applications industry in recent years, as various industries
have found ways to use these methods.
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A very powerful application of the Weibull method is in probabilistic risk assessment (PRA) for
demonstrated mechanical reliability problems [18]. The earliest and probably most extensive use of PRA
for large field problems has been in civil transport gas turbine engine field problems [21, 22]. Since about
1978, the Federal Aviation Administration has required the engine manufacturers to use Weibull-based
PRA as the basis for setting flight limits on engine components with known field fracture potential.
Again, it is the accuracy of the Weibull model to correlate the relevant failure modes on the basis of a
few, early failures that allows one to use the model to confidently predict future field failure probabilities.
One can then implement the necessary inspection plans that will insure that no actual failures will occur.

Another field application of the Weibull probability model is the prediction of safe operating limits
in the field based on successful experimental data. The method is sometimes referred to as a Weibull-
Bayesian method. The Weibull-Bayesian method was applied to the problem of safe operating limits for
the Space Shuttle auxiliary power unit turbine wheels [29] as part of the return-to-flight studies performed
following the Space Shuttle Challenger tragedy.

3.3.2.3 Civil Engineering-Based Reliability Developments

The principal structures that are most closely linked to reliability modeling are those located offshore or
in earthquake-prone areas. In both cases, standard design factors do not provide adequate margins nor
do they provide sufficient linkage to the actual failure conditions that can occur in specific structural
configurations. The notion of a design margin, however, has led to the successful development and use
of various probabilistic design methods for these structures.

The stress conditions in complex structures can be computed for various loading conditions, using
the extensive computational modeling capabilities that have been available for design modeling since the
1960s. If one can efficiently compute the variability in the stresses due to the stochastic loads, then the
design margin between the variable stresses and the variable material strengths can be established. That
simple idea underlies much of the developments of reliability design methods for civil structures [30].

The essential feature of these methods is computing the variability of the design response. In simple
terms, the variability can be taken to be the statistical “variance” or standard deviation measures. The
variance is the second-moment of the statistical distribution of a random variable, while the mean of
the distribution is the first moment. The stochastic margin between the stress and the strain was formu-
lated as a reliability index by Cornell [31]. The relation between the reliability index and the safety margin
for structural design was then proposed [32].

The original formulation of the reliability index was shown by [33, 34] to give differing reliability
indices for the same safety factor, depending only on the algebraic forms of the same relations. The
proper reliability index that is invariant to the algebraic form of the safety margin was then given by
Hasofer and Lind [35] and by Ang and Cornell [36]. The reliability index for Gaussian functions of stress
and strength is directly related to the variance in these two variables, as well as their mean values.

3.3.2.4 Probability Integration Algorithms

Later work in structural reliability has been directed toward computing the reliability index for more
complicated structural problems. The failure problem is stated in terms of limit states that separate the
safe design from the failed design where the independent variables are the design variables of member
size, strength, and loading conditions. The limit states are generally nonlinear functions of the design
variables and must be linearized at some design state in order for a reliability index to be computed. The
first and enduring algorithm for this problem is that of Rackwitz and Fiessler [37].

One of the major developments in NDA is concerned with the accurate prediction of the reliability
of the structural system and not just the variance or reliability index for the design. The earlier NDA
design methods are generally referred to as second-moment methods, indicating that the answer is given
in terms of the second statistical moment of the problem. To compute an estimated reliability of the
performance of the system for low levels of probability, one needs to compute reliability functions for
nonGaussian functions. Such computations use approximations that convert the actual probability data
for each design variable into “equivalent” Gaussian or normal distributions. The first major improvement
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to the Rackwitz-Fiessler algorithm was the three-parameter distribution model introduced by Chen and
Lind [38]. Wu [39] contributed a further refinement of this algorithm. Applications of the new reliability
algorithms have been extensive in the past several years. New and more accurate algorithms than the
original Rackwitz-Fiessler algorithm were developed [40] and applied to complex structural systems [41,
42]. These algorithms are now generally referred to as “fast probability integration (FPI)” algorithms.

3.3.3 Finite Element Based Probabilistic Analysis

The principal, general-purpose NDA tool is based on finite element methods (FEM). Two general
approaches have been developed for structural mechanics modeling: stochastic finite element methods
and probabilistic finite element methods. The former is a second-moment method in which two coupled
systems of matrix equations are created, one giving the response and one giving the variance in the
response. Stochastic FEM is not suitable for probability calculations in the same way that second-moment
methods are not suitable. The response is not a linear function of the random design variables, the
variables are typically not normally distributed, and the probability estimates are not suitable for higher
performance design problems.

One of the pioneering probabilistic code developments was work sponsored by the NASA (then) Lewis
Research Center under the probabilistic structural analysis methods (PSAM) contract effort [43, 44].
The work was done at Southwest Research Institute (SWRI). A number of early papers were generated
that document the probabilistic FEM code referred to as NESSUS (Nonlinear Evaluation of Stochastic
Structures under Stress).

The NESSUS probabilistic FEM analysis is based on what is known as the advanced mean value (AMV)
and AMV+ algorithms. The starting point for these algorithms is the deterministic FEM analysis done
at the mean value design point (all random design conditions are set to their mean values). Each RV
(again for now assume independence for convenience of the current discussion) is then perturbed a small
amount based on its coefficient of variation (COV) to get a linear response surface. [Note: Quadratic
and log-mapped RSs can also be used.] Based on the linear RS and design allowable for the performance
function of interest, a limit state is generated from which a first-order reliability calculation can be made,
as discussed earlier. Nonnormal RVs are mapped according to the Rosenblatt transformation to equivalent
normals, using the Wu-FPI algorithm [5].

The Wu-FPI algorithm provides the design point or most probable point (MPP) in terms of the values for
each RV. A new deterministic FEM analysis is done at the MPP. While the response changes from the initially
approximated value, the AMV algorithm assumes that the probability associated with the selected limit state
does not change in this updating step at the probability level for the original MPP. A spreadsheet example of
the AMYV algorithm is contained in Reference 45. A number of test problems confirmed the viability of the
AMV algorithm as a much more accurate result than the usual first-order reliability results [46, 47].

The AMV+ algorithm is an iterative extension of AMV by reinitiating the RS approximation at the
current design point; the updating based on the AMV process is continued until a convergence criterion
is met. For a deeper discussion of the AMV+ algorithm, see Reference 48. Numerous applications of the
NESSUS software and algorithms have been made including static stress [49], rotor dynamics [50],
vibration [51], nonlinear response [52], and optimization [53]. NESSUS also provides a wide variety of
probability integration algorithms, system reliability, and user-defined analysis models [54].

Other probabilistic FEM codes have been developed over the same time period. A good approach is
to combine probabilistic methods with existing deterministic FEM codes. An excellent example of this
is the ProFES product [55, 56]. The ProFES system is a three-dimensional graphical analysis environment
that allows the analyst to perform a variety of response surface model developments for standard
commercial FEM software systems. ProFES provides a variety of response surface simulations including
first- and second-order methods and direct Monte Carlo simulation.

CalREL is another shell-type program with a variety of operating modes [57]. This probabilistic
structural analysis code can be run in a stand-alone mode or in conjunction with other deterministic
FEM codes. The probability algorithms are similar to those in ProFES and NESSUS in those first- and
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second-order reliability computations are facilitated. First-order reliability calculations can be made for
series systems while Monte Carlo simulation is available for more general systems problems.

The two major U.S. turbine engine manufacturers have each developed their own probabilistic FEM
approaches to NDA for design. The codes are proprietary and not much has been published on them.
However, the general approach in each is to use deterministic FEM codes in support of a design of
experiments (DOE) approach for defining a response surface (RS) model of the physical variable or limit
state of interest. Monte Carlo simulation is then performed on the RS model using the statistical models
for each of the design variables.

The RS approaches generally have been developed to avoid the use of fast probability integration (FPI)
algorithms, which some view as unreliable and a source of modeling error [60]. Both of these issues are
relevant and a challenge to those developing and using FPI algorithms to provide meaningful convergence
assurance and error estimation algorithms in support of these clearly faster algorithms.

The RS methods contain their own modeling error issues that have not been addressed in the reported
literature. Largely the companies rely on standard RS fitting statistics to assure a “good” fit. However,
such fitting is done in a global sense and likely does not apply at the so-called design point where the
limiting failure values of the RV are dominant. Thus, further work on error bounding for RS methods
is still needed to support NDA transition to design.

3.4 Other NDA Tools: A Transition Assessment

The previous section addressed some NDA methods that are currently being used to support design. A
number of potential NDA technologies were reviewed in Reference 1 as possible contributors to the NDD
environment. As such, these methods are in earlier stages of transition to design or are still being assessed
by various investigators. The following paragraphs summarize those reviews.

3.4.1 Neural Networks [61-66]

Neural nets (NN) have the ability to represent physical responses somewhat like a Response Surface used
in design. A NN model training process is used to establish nodal weights and biases. In general, NN
weights do not conform to specific physical variables. A NN would be used to model an RS only if one
had datasets and not a physical model. However, the statistical method for constructing RSs is more
robust as far as sorting out noise from model behavior and for giving statistics that can be used in
constructing assurance intervals for error analysis when applying the RS. As pointed out in [61], NNs
rapidly lose their attractiveness for large numbers of NN nodes.

Reference 62 summarizes various uses of networks for data mining. Such applications may be valuable
when constructing data models for NDD based on extensive test data. An interesting example of the use
of NNs to model a combination of experimental data and varying types of modeling results for airfoil
design is given in Reference 63. These authors use the NN as an effective way to solve the inverse problem
for finding a RS from disparate data sources. The also report that their strategy for training results in
nodal weights that can be tied to specific design variables.

A Bayesian network is one in that the nodal weights represent conditional event probabilities, as
discussed in Reference 65. Such modeling appears to be useful for large system reliability problems and
provides a direct means for simulating the top event and knowing its probabilistic design variable causes.
They state that the Bayesian network method is preferable to Monte Carlo for system simulation for the
additional information on conditional probabilities that is gained.

The literature suggests that an important NDA role for NN is to be found in the proposed Model
Helper and Data Expert tools. The application of NNs with a strategy to tie the nodal weights to physical
variables appears to be an effective data mining strategy to support probabilistic input. Bayesian networks
appear to be useful for system reliability modeling. Finally, NNs have a valid and important role in the
data gathering and interpretation role in System Health Management. It does not seem likely that standard
NNs will be used in the ND design analysis algorithms.
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3.4.2 Fuzzy Theory [67-80]

Fuzzy logic is a potential NDA tool. Reference 80 compares probabilistic and fuzzy modeling for reliability.
Fuzzy set theory and the closely related field of possibilistics have been touted for NDA. We do not
support that position. Fuzzy systems are based on the mathematics of fuzzy set theory. The above
references provide an adequate introduction to these fields. Generally speaking, fuzzy systems are used
where so-called “crisp” probabilistic models do not exist, such as in linguistic representations. Charac-
teristic mathematical models are assigned to fuzzy functions that are then combined using fuzzy logic.
All input variables to the mathematical-physical model are given fuzzy representations and the physical
model is written using the “algebra” of “fuzzy logic” to yield “fuzzy output.” As in the paper by Rao [81],
one finds that fuzzy physics is violated physics. That is, one loses the constraints of the physical model
under fuzzy logic formulations. The only advice offered by that author is that one must impose one’s
physical intuition to properly understand the results. This is not scalable as a problem-solving strategy
for large problems.

Reference 71 applies fuzzy logic to classical reliability engineering. The authors contend that this
is the right approach to problems where the input is estimated from engineering experience and
judgment. They also contend that this is the right way to represent degraded states of operation,
given that the word “degraded” is subjective. However, work at the Los Alamos National Lab [2] has
shown that one can take fuzzy input such as these authors refer to and convert that input into
probabilistic distributions so that one can perform robust probabilistic calculations on these fuzzy-
derived distributions.

Bezdek and Pal [69] are quoted as saying that “fuzzy models belong wherever they can provide collateral
or competitively better information about a physical process.” Bezdek and Pal give an example case
wherein two bottles of water are lying in the desert and are found there by a very thirsty wanderer. The
first bottle has a membership in the set of potable waters of 0.91 while the other has a probability of
being potable that is 0.91. In the first case, the water shares a high degree of characteristics in common
with potable water while the second has a 9% chance of being totally nonpotable (poison!). Which do
you drink?

Fuzzy input is an important capability for NDA-based design. However, mathematically rigorous
probabilistic algorithms are required as the processing element for de-fuzzified input data to support
complex system designs. Fuzzy logic might be deployed in program management decision and risk
prediction tools.

3.4.3 Interval Arithmetic [82-85]

This topic appears to be much more interesting to nondeterministic design. Interval arithmetic operates
under some very precise algebraic rules and does not lead to systems that violate physics. In fact, interval
arithmetic was developed as a way of representing floating point arithmetic errors. As cited in Reference 82,
interval arithmetic is now released as a new variable type in the Sun Microsystems Fortran compiler.

Elishakoff and co-workers have applied interval methods to some structural analysis problems. Ref-
erence 86 combines interval analysis with stochastic finite element methods (second-moment method)
to structural frames. Elishakoff applied strict interval analysis methods to computing the range of
structural natural frequencies in Reference 87.

In a related technology to interval methods, Elishakoff and co-workers have utilized what they refer
to as convex modeling [88] to compute one-sided bounds on structural behaviors such as natural
frequencies and buckling loads [89]. The method is based on defining bounds on uncertain parameters
as convex sets bounded by ellipsoids. For such cases, convex methods can be used to compute a corre-
sponding convex set of results, or upper bounds.

Interval methods provide a formal mathematical treatment for problems where (1) no input infor-
mation can be defined beyond upper and lower bounds for design variables and where (2) response
ranges are desired for preliminary design purposes. Such methods may be worth considering as part
of the required error bounds work proposed herein. Interval arithmetic may offer, especially as a data
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type, the opportunity to do rapid analysis of the output range for design problems. The major concern
with interval methods is that the intervals may be too large to be useful for NDD.

3.4.4 Response Surface Methods

There appears to be some confusion here over terminology as applied to probabilistic design. Probabilistic
designers have used Taylor series expansions of the physical response of systems in terms of the design
variables to construct locally linear (first-order) and locally quadratic (second-order) polynomial fits to
model results. Such representations are updated as the “design point” moves through the design space
(so-called advanced mean value [AMV] algorithm). This approach might best be called the local-RS
approach.

A second approach, and one currently favored by the major turbine engine companies, derives from
classical statistics [90, 91]. These RS methods have been developed as part of experimental statistics
wherein the experiment is designed with varying patterns of high-low values for each identified parameter
that can be changed. Mathematical methods are then used to define the RS that is most likely that defined
by the experiment and the statistics of variance regarding that fit. One also determines the independence
or coupling of the variables in the modeled physical response. The use of certain experimental designs
leads to first-order surfaces (with interactions) or second- and higher-order surfaces.

While the use of RSs by the turbine engine manufacturers is based on fitting a response surface to
deterministic and not to random (i.e., experimental) system responses, the users define their approach
as an RS approach consistent with statistical derivations. The reason they use this terminology is that
they use a variety of experimental designs (DOE) to select the points in the design space that are used
to evaluate the response and from that the first- or second-order surface (with all interaction terms) is
fitted. Such an RS method might best be called the DOE-RS method.

The key in all cases is that the RS is a representation of what is probably a model of the physical
system. The specific fitting algorithm and probability algorithm define the errors in the nondeterministic
results. The two RS approaches have different characteristics in terms of accuracy (local and global)
and efficiency.

3.4.5 Nondeterministic Optimization [79, 92-100]

All optimization algorithms can and should be nondeterministically applied. Two design environment
references [99, 100] clearly indicate this combination is the future for NDD. Nonprobabilistic elements
in optimization can be in the objective function or in the constraints. The issues related to the use of
nontraditional optimization strategies (nongradient, for example) such as genetic algorithms and sim-
ulated annealing have nothing to do with nondeterministic issues. They have a lot to do with the size,
complexity, and the nature of the design environment [96, 97].

3.4.6 Design of Experiments [74, 101]

DOE strategies seek to define an RS by selecting a subset of a full factorial design procedure in order to
reduce the experimental cost. The actual patterns are particular to various statisticians and practitioners.
The second element is the separation of variables into controlled variables and noise or uncontrolled
variables. When trying to target manufacturing processes using Taguchi strategies, one seeks to minimize
process variability caused by noise factors. Commercial packages exist that simplify the DOE process
(e.g., Reference 102).

3.4.7 Expert Systems

Expert systems are at the heart of an increasing number of applications including the fuzzy logic control
systems, as previously discussed. Dedicated expert systems will be important parts of NDA methods
deployed to support future design environments and system health monitoring [8, 103].
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3.5 Transition Issues and Challenges

3.5.1 Overview

Much of the NDA technology needed to support complex system design for high reliability exists today.
Some transition success has been achieved, primarily in areas where reliability is a premium. The following
items discussed in this section are not roadblocks to NDA transition but they do represent, at least to
these authors, some of the key items that require continuing or new efforts.

The transition issues include the need for a new design environment, verification and validation
strategies for NDA models, error estimation models or bounds for NDA methods, linkage of NDA to
traditional reliability and safety assessment methods, and the cost of NDA methods for significant (real)
design problems. The issue of the design environment was addressed at the outset of this review;
essentially, there is a need for a comprehensive information-based operating environment or software
framework that supports the comprehensive system design process. Traditional design methods based
on margins have worked in the context of individual design environments where design information
sharing is very limited. NDA for design is highly dependent on consistent data modeling of common
random variables that span the total system problem. The following topics briefly discuss other issues
and challenges for NDA transition to design.

3.5.2 Verification and Validation of NDA Methods

Verification and Validation (VV) are critical issues for the modeling and simulation tools used for
design—both for deterministic and probabilistic approaches. The Defense Department has published
requirements for VV for modeling and simulation [104]. The defined terms for VV are the following.

+ Verification: the process of determining that a model implementation accurately represents the
developer’s conceptual description and specifications.

« Validation: the process of determining the degree to which a model is an accurate representation
of the real world from the perspective of the intended uses of the model.

These are generally accepted definitions within the VV community with variations only in the specific
words used [105, 106]. Thus, verification refers to determining if the code does what was intended while
validation refers to determining if the code/model represent real physics. Verification is typically done
by reference of code output to benchmark solutions with analytical results, while validation is done by
reference of code output to experimental results, where the key physics are operative.

We will not address verification issues beyond the need for error estimation requirements for some
of the NDA methods. That topic will be addressed in the next subsection. The remainder of this
subsection is devoted to the issue of NDA model validation. We propose that NDA model validation
will provide a statistical measure of the agreement between the NDA prediction and available test data.
We will further suggest that validation for system reliability problems must be inherently modular in
nature.

Validation issues for deterministic modeling have been addressed in great detail by the computational
mechanics community (e.g., Reference 105) and by the computational fluid mechanics community [107].
The Department of Energy is also active in developing specific modeling strategies to define quantitative
measures of model validation [108-110]. This latter set of references demonstrates that validation can
result in (1) an efficient use of experimental validation tests and (2) a statistical model for the uncertainty
in the deterministic model. The latter can be used as statistical error models in a probabilistic application
of the model as alluded to in Reference 3.

To date, no one has defined a comprehensive VV approach to NDA for design. However, we can suggest
the elements that need to be included in such an approach. We will not address the issue of validating the
deterministic models, per se, as we believe such validation needs have been recognized in past design practices.
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* Validate the deterministic models used for nondeterministic system response.

These models may be based on the full deterministic analysis methods used to support NDA modeling
or they may be based on using reduced-order models such as a derived RS [4] or AMV-type of RS [40]
that are used as surrogates for the complete computational model. Typically, the issue here that differs
significantly from the deterministic models is the need to validate “off-design” or “off-nominal” conditions.

The usual deterministic method validation process involves comparing a deterministic model to
experimental results for selected test condition(s). Such testing is most likely to involve design variable
conditions quite close to the nominal or expected values of those design variables. The critical reliability
condition that drives the design, however, results from off-nominal values of the RVs that dominate the
system failure probability.

Thus, a deterministic model may be “validated” at a nominal set of design variables, typically using
some calibration factor. In margin-based design practices, it is good practice to assure that the calibration
results in a conservative response condition when the reliability issues are considered. Such a calibration
approach is unable to determine to what extent the physics of the response are properly modeled for the
off-nominal but critical design condition that drives the system reliability.

« Validate the deterministic model at off-nominal design conditions.

Ideally, off-nominal validation should be performed at the values of the critical RVs that define the
limiting reliability condition for the system design. However, it is likely that such off-nominal testing is
impractical. Thus, some compromise must be made and judgment used to extrapolate from the test
conditions for the critical RVs to the limiting reliability condition. As discussed in the Confidence Interval
subsection, the off-nominal validation process must define the deterministic model errors for both the
nominal and off-nominal conditions. The recommended approach is given in the following item.

+ Establish the statistical uncertainties in the deterministic models [110].

The referenced approach uses probabilistic modeling to propagate uncertainties in the prediction using
statistical models for those RVs whose values are not controlled in the testing. The approach also
recognizes that the experimental results must themselves have defined uncertainties associated with
experimental error. The result is a statistical measure of the probability of having a valid model by a
likelihood function comparison of the experimental results with scatter and the NDA model with random
factors for the experiment.

Extension of this approach to off-nominal conditions is likely to involve many fewer data points than
one might expect for nominal validation testing. This is a practical recognition of the difficulties of
performing off-nominal testing. As discussed in a recent Sandia VV report [106], there are practical limits
to the cost of VV that dictate sometimes more pragmatic approaches. Nonetheless, it is critical to model
the confidence one has in such cost-limited approaches to the experimental validation effort.

Thus, one must define the potential modeling uncertainty using some confidence interval method.
That topic is addressed herein in the next subsection. Much further work is required to develop practical
deterministic model validation methods that include the off-nominal conditions.

« Validate the input probabilistic models being used to describe the RVs.

Typically, such a validation effort will amount to establishing statistical confidence intervals on model
parameters. However, it is not yet established how to represent the validation of the probability distri-
bution itself in terms of the probability distributions themselves. Further work is needed on this subject.

« Validate the total system model.

The system model validation issue involves two steps. First, one must validate the individual NDA
elements based on the individual RVs and statistics used for each. This modular approach would be
based on the above validation recommendations. The second element is to perform sufficient system
level testing to validate the RV interactions between the system elements. The process must assure that
all of the key interaction variables are defined and that valid statistical measures and confidence interval
models are represented in the system model. This system-level testing can be done using intermediate
system-level testing that addresses blocks of the total system and their interactions.
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FIGURE 3.3 Notion of probabilistic validation: an HCF design process example.

A suggested logic diagram for validating a probabilistic high cycle fatigue design system is proposed
in Figure 3.3. The figure shows the likely iterations that would be needed to update models, especially
the error representations. Considerable effort is clearly required to develop a comprehensive validation
strategy for each NDA design problem. One can see some of the key elements in the recommended
approach used in a recently presented study on probabilistic disk design by Pratt & Whitney [111]. The
final validation often must be by reference to a set of actual field reliability data for existing designs.

This approach, used in the reference Pratt & Whitney study combines the modular validation steps
for individual NDA elements, with a total system reliability prediction. This is the only practical approach
for problems where system level reliability testing is impractical. This is true of most, if not all, real design
problems for reliability-critical systems.

3.5.3 NDA Error Estimation

The previous section outlined the VV issues with reference to the usual design analysis tools used in
NDA of systems. In addition to these tools, the use of NDA for design must also include statistical
measures of algorithm errors in the NDA probabilistic elements. These have been identified in the
appropriate sections of this chapter and we will simply summarize them here. In all NDA methods
reviewed by these authors, no such error estimations for probabilistic algorithms have been developed.
This discussion must be classified as a verification effort where one is comparing actual computational
performance of certain NDA elements as compared to benchmark or analytical results.

* Probability integration algorithms. The FPI algorithms in existence have varying levels of robustness
and accuracy (e.g., References 5, 60). The user must be provided with automated ways of assuring
robustness for the particular RV distributions. The final probability of failure result must include
a margin for the FPI algorithm error. Monte Carlo simulation errors due to truncation must also
be accounted for in RS NDA algorithms.
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The use of any FPI algorithm must be supported by established limits on which types of distri-
butions for which the method is robust. Additionally, FPI and MC algorithms must be accompa-
nied by error prediction bounds that can be used in a general approach to confidence interval
analysis.

* RS errors. The RS approach is suggested in two areas of NDA for design. One is the RS used as a

surrogate for the physical or computational model that is too large for application with Monte
Carlo methods. As developed by Pratt & Whitney, statistical error measures have been used to
validate a RS in a global sense [58] but not at the design point where the probability of failure is
being driven.
The RS method must be implemented in such a way that the error between the surrogate model
and the full computational model can be estimated. Often, this amounts to a single deterministic
analysis at the most probable point (MPP) at the failure condition. The RS modeling error must
be factored into the final reliability prediction in a manner consistent with all modeling errors.

Validation errors. The Sandia National Laboratory validation effort includes statistical measures
of the deterministic modeling errors [110]. The Sandia approach includes the important contri-
bution of experimental errors in model validation. More is needed to extend this approach to the
off-nominal conditions that are required for probabilistic model validation.

A statistical model that captures both the experimental and computational modeling error must
be defined for each tool and the design regime in which it is being used. This modeling error must
be included in the final confidence interval as a statistical distribution.

+ Unknown-unknown errors. One cannot model what one cannot conceive of as a failure mode for

complex systems. The only rational way we can conceive of for reducing the contribution of this
type of error is by a full integration of NDA methods that are essentially quantitative with the
qualitative methods such as FMEA and FTA [9]. At the same time, it is critical that designers
reference comprehensive “lessons learned” data or knowledge bases.
The nondeterministic design environment must provide for a formal linkage between the FMEA
processes and the reliability-based design. Failure modes not considered in the normal NDA design
process must all be addressed and resolved. Field failure data records must also be reviewed for
any failure modes not considered and such modes resolved for the new design.

3.5.4 Confidence Interval Modeling

The use of NDA for design results in reliability predictions that are the expected value(s) of the system
performance. The design data used to generate the expected level of system performance includes
probability distributions and their parameters, deterministic models of the physical processes, and system
models that tie the variables and the physical process models together. Typically, each of these elements
is treated as “truth.” Some of the questions one can raise regarding each of these design elements that
affect our confidence in the predicted outcome are the following:

« Incomplete data to fully define the probability distributions being used in the NDA modeling. Statis-
tically speaking, one can only express the probability of making an error in accepting a certain
probability distribution to model individual data sets. The assumption is that the distribution
giving the highest statistical evaluation of fitting data is “correct” although any mathematical model
is just that—a model. There are many other statistical issues here that go well beyond what can
be addressed by this simple discussion.

Incomplete data to fully define the parameters used in the probability distributions. Assuming for
now that there are physical grounds for selecting a given distribution, the datasets used to fit the
parameters of that distribution are always finite. Our confidence in the values for application of
NDA near the center of the distribution is greater than our confidence if the design conditions
are near the tails of the data.
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NDA for design to a reliability goal typically determines that the limit condition for that reliability
condition involves combinations of the RVs such that some of these RV are in the tails of their distributions.
For design problems, there are at least two primary concerns. The design limit condition may be based on
applying the probability distribution for that variable beyond the existing data for that variable. Such
extrapolations lead to a high risk or low confidence that either the probability distribution or the parameters
are accurate at the extrapolated conditions. At this time, there are no formal statistical methods to treat this
uncertainty and ad hoc methods are needed.

The second problem of incomplete data is the classical statistical problem of empirical or analytical
confidence intervals on the distribution given the fitted parameters [112, 113]. Such confidence intervals
expand significantly in the tails of the distributions. Strict adherence to these Cls typically imposes significant
burdens of the designer to increase the size of the datasets needed to support design for reliability.

The usual basis for NDA for system design is the application of deterministic models of physics but
with uncertainty in the modeling parameters, boundary conditions, geometry, etc. This report has
identified model verification and validation as required steps in any design problem. The validation
process that has been discussed can be used to derive statistical models that link the models to the
experimental results recognizing that both have uncertainties associated with them.

Added to the usual validation requirement is the stated requirement that the physical models must be
validated in the off-nominal condition, especially weighted toward the conditions that NDA determines
control the system reliability. The report also identifies numerical errors in some of the analytical methods
that are used to support NDA such as response surface, fast probability integration, and the Monte Carlo
simulation algorithms. The uncertainties of each of these must be incorporated in the CI estimation.

The issue of user or operator errors is also a real modeling problem that is linked to confidence in the
reliability prediction. We do not address this issue herein beyond indicating the need for the design
process to provide quality assurance steps that assure consistency and reliability of the predicted outcomes.
Various manufacturers have different approaches to qualifying users of any design tools. These approaches
must be expanded to include NDA.

The last area of uncertainty in the NDA prediction of system reliability is the system model itself. This
uncertainty is more deterministic in that the system model validation process must be based on sufficient
system level testing to assure that the principal RVs and their linkages between the physical modeling
modules are correct. We have already cited the Pratt & Whitney probabilistic design system approach to
validating the system level model by reference to past performance data [111]. Such system level NDA
model validation is the culmination of the validation process for each of the elements in the system model.

Before NDA can fully transition to the design environment for reliability critical applications, the NDA
community must address the full set of confidence issues. We strongly believe that the NDA-based design
process must be capable of predicting not only the expected system reliability but also the appropriate
bounds on the predicted reliability at some confidence level (in the Bayesian sense not the frequentist
sense), and the major random variables that govern both. A notional representation of the operation of
such an NDA design system with Cls over the design timeframe is shown in Figure 3.4.

The only appropriate formal basis for the definition of CIs for the totality of the defined confidence
issues is the Bayesian belief form of confidence [114]. We have developed a generalized application
of this general concept in the context of the Markov Chain Monte Carlo algorithm for a representative
systems problem [3]. However, work is needed to define rational design approaches to establishing
such Bayesian CIs for system problems that combine the uncertainties in distributions, data, models,
and the results of validation. Strict statistical approaches simply are not applicable to this critical
problem.

3.5.5 Traditional Reliability and Safety Assessment Methods

One of the major opportunities and challenges for NDA in design is achieving a complete closure with
standard reliability and safety assessment methods such as FMEA and FTA modeling. The latter already
has been addressed in limited ways in various software packages such as NESSUS [54].
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A key issue in safety assessment design is the fact that most reliability critical designs begin with a
reliability allocation to various subsystems and then to the components themselves. Often, such reliability
assessments as are needed to support this kind of top-down reliability allocation approach are based on
past hardware data and not on NDA quantitative assessments. Education and communication are required
to bring such safety programs into the world of quantitative assessments, with updating methods such
as Bayesian methods to achieve consistency between the hardware experience and the quantitative tools
coming from NDA technology.

The FMEA process is the most qualitative but provides an important opportunity to address the issues
raised by the unknown-unknown reliability problem. That is, the FMEA process, when done properly,
has a reasonably high likelihood of identifying a comprehensive set of failure modes—that is its purpose!
The FMEA process does not prioritize the failure modes except by reference to operating experience with
similar designs. By combining the FMEA and NDA methodologies, one has the ability to be (1) com-
prehensive in predicting the system reliability, (2) prioritizing by use of the quantitative NDA tools, (3)
valid by reference to operating experience, and (4) cost effective by reducing the amount of testing that
nonquantitative FMEA results often require.

3.6 Conclusion

The design community is poised on the edge of a major transition from traditional, margin-based design
to designs based on NDA. There are many technologies available to support NDA-based design but critical
transition issues remain. Some of the transition issues are clearly related to concerns over the cost
associated with the need for greater amounts of design data in the appropriate forms for NDA and the
greater expense of large NDA models in relation to deterministic design. Nonetheless, there is also a
growing understanding that margin-based design is, in many cases, overly conservative such that NDA
can result in cost and weight savings in performance critical applications. There is also a growing
understanding that NDA methods provide new and critical insights into variable dependencies and
interactions that, when properly used, will result in more robust designs.
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4.1 Introduction

Affordable and reliable access to space is a fundamental and necessary requirement to achieve the loftier
goals of expanding space exploration. It also plays an important role in achieving the near-term benefits
of space-based technologies for mankind. The development, performance, and reliability of liquid rocket
propulsion systems have played and will continue to play a critical role in this mission. However, the cost
of development of a typical propulsion system in the past was on the order of a few billion dollars. The
design approaches using nondeterministic technologies as well as deterministic design space exploration
approaches show promise in significantly reducing the development costs and improving the robustness
and reliability of newly developed propulsion systems.
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4.2 The Business Case

Traditional ideas of application of structural reliability concepts use the probabilistic information of
stress and strength (supply and demand) to compute the probability of failure. The probabilistic
approach when applied to all facets of structural analysis (not just random vibration) will be a significant
change from past practices. In the conventional factor of safety approach to structural design, the
probability of failure is neither explicitly calculated nor stated as a design requirement. However, the
potential for reducing the development costs of liquid rocket propulsion systems through the use and
application of nondeterministic analysis approaches is of great interest in the liquid rocket propulsion
industry.

This is illustrated in Figure 4.1 where the high reliability of liquid rocket engines is achieved by extensive
testing of the hardware to flush out all the failure modes. This development cycle is typically referred to
as “Test-Fail-Fix” cycle. Similar experiences can be found in jet engine as well as in automobile product
development. While this approach has proven itself very successful, the new realities of limited budgets
have made such an approach not always practical. Further, in addition to cost, the schedule pressures
can preclude extensive testing as an avenue for successful product development. It also must be mentioned
that in many space use scenarios, it is impossible to duplicate the space environment on ground. The
challenge is then to develop product development approaches to achieve the development cost and
schedule profile goals shown in Figure 4.1.

A study of the developmental failures in the liquid rocket engine indicates that the failures can be
categorized due to three main causes, which are approximately equal in percentage. They are (1) a
lack of knowledge of the loading environment, (2) the absence or lack of accuracy in the physics-
based models to explain complex phenomena (e.g., combustion-induced high frequency vibration),
and (3) lack of understanding of hardware characteristics as manufactured (e.g., unintended defects).
(Figure 4.2). Successful robust and reliable product development under the cost and schedule con-
straints mentioned above requires a new design approach that puts less emphasis on testing. It is in
this role that the nondeterministic approaches that explicitly consider total uncertainty can play a

Traditional Design Process Robust Design Process
Cost Cost
Process
hange
_Eliminate Failure Modes
. P .Engineering Support
Design I
[ Py ; Certification
.: _,.'r
1
Time Time

Test-Fail-Fix Cycle
Representing 73% of Cost

REDUCE BY Similar experiences in
FACTOR OF 4 auto and jet engine industries

FIGURE 4.1 Historical development cost profile for liquid rocket engine development.
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FIGURE 4.2 Categorization of causes of development failures based on historical data.

significant role. The role of epistemic uncertainty (lack of knowledge) resulting in consequences that
drive up development cost is significant and comparable to aleatory (system variability) uncertainty
based root causes.

Historically, in a typical new engine design, the development testing process works through approxi-
mately 25 to 150 failure modes. Most of them are minor but some require major redesign of specific
components. The number of failures depends on the technology stretch of the new engine (from past
experience), both from engine cycle as well as production process points of view. Considering that the
typical engine contains thousands of parts, the majority of the components are designed correctly from
the beginning and they perform flawlessly. But the expense of testing is so high, due to cost of fuel,
facilities, and expensive hardware, that even this small amount of failures has very high cost consequences.
In the population of these failure modes, some of them could be anticipated and prevented by the
improved current state-of-the-art analysis technology (e.g., finite element methods, computational fluid
dynamics, etc.) leveraging the quantum improvements in the computational speed. Some of the failure
modes are the result of complex system interactions, such as fluid structure coupling, high-frequency
excitation due to internal turbulent flow, and nozzle side loads generated due to overexpanded nozzle
ratios (the nozzle exit pressure is less than the ambient pressure) during ground testing. The current
state-of-the-art model based analysis methodology has not advanced enough to predict reliably the loads
induced by these phenomena.

It is necessary to make a clear distinction between activities related to automation in design (computer
aided design, CAD) that result in significant cost savings and the technologies that reduce the develop-
mental risk because of their ability to operate in the uncertainty space. A successful practical approach
to design should leverage advances in both the technologies, as shown in Figure 4.3. The chart should
be read by starting at the right quadrant, going up to estimate the number of anticipated failures based
on risk anchored by historical records, and moving to the left quadrant to estimate the number of failures
and associated development costs. The risk factor as portrayed in Figure 4.3 could be a measure of design
risk using rankings on a scale of 0 to 1.0. It could be calculated either by a subjective approach using a
scoring method by a panel of experts with experience in very detailed engine categories or using a
quantitative approach.

Copyright 2005 by CRC PressLLC



= 100%
Number of

Developmental

Failures
= 75%

Qe mssssmmmsssssssmssa=ss ................:Z‘
. . . L]
Slope of This Lineisthe |_ .70 Nondeterministi€ Technologies
Cost of Fixing a Failure that Operat/eon Uncertainty Space

. to Reduce xposure to Risk
CAE Technologies|nfluence
the Slope of This Line

[ ]

Resulting‘in Reduction of
[ ]

= 25% Unpl?ded Failures
- E EE eSS S E. L]
| |

| ] ] \4 L 1 1l ]
100% 75% 50% 25% 0.25 0.50 0.75
4= Cost Axis Risk AXis -

Total Cost of Redesign and Retesting

. A Risk Fact
Due to Developmental Failures verage hisk ractor

FIGURE 4.3 A scenario that leverages advances in computer aided design and the use of nondeterministic technol-
ogies to reduce development risk.

4.3 Strategies for Design Approach for Low-Cost Development

It is clear from the discussion in the previous section that the transient reliability of liquid rocket engines
during the development phase has been historically low due to the number of developmental failures.
However, it must be emphasized that by the time an engine reaches the certification stage, most of the
design errors have been fixed using extensive testing, of course, with the corresponding cost consequence.
During the service life, historically the reliability of man rated booster liquid rocket engines has been
high enough that there have been no engine-related failures in the manned U.S. Space Program. It is a
common occurrence (due to harsh and complex environments) that some of the parts do not meet the
life requirements after they have entered into service, thus resulting in expensive inspection and main-
tenance costs.

So the new tools and approaches on the use of nondeterministic technologies must be tailored to
their use in two design phases. During the development stage, the technologies used should provide
an approach to reduce the failures using both analysis and testing. They should provide a rigorous
quantitative approach for the initial design stages, in which there are significant epistemic and aleatory
uncertainties, making the design insensitive, to the extent possible, to these uncertainties. This is
referred to as Robust Design. Testing plays an important role during development by contributing to
the reduction of epistemic uncertainty. One of the most important challenges that needs to be addressed
is in designing a focused test program that maximizes information return with minimal testing. The
challenge is a demanding one because the economics of putting a payload in space requires high thrust-
to-weight ratios for the engines. This translates into small margins but yet safe operation, and losing
an engine even during the development program is not a planned option (e.g., testing until failure
occurs).

Once the lack of knowledge has been significantly reduced and the variabilities present in the
system due to manufacturing capabilities are estimated and quantified using historical data, the
challenge shifts to using a design/analysis approach that further improves the reliability of the engine
to very high levels dictated by customer and contractual requirements. This might require redesign
of some percentage of parts to meet the high reliability goal. Typically, the very high computed
reliability values, as a minimum, will allow for comparative evaluation of competing designs to choose
a better design, based on reliability constraints. The goal in this phase is to dramatically reduce service
failures.
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4.4 Role of Design Space Exploration Approaches (Deterministic
and Nondeterministic) in the Product Development Phase

One of the fundamental design approaches to avoiding development failures could be to adopt the
philosophy of “anticipate-prevent.” This means that engineers must perform numerous “what-if”
scenarios to meet the new design philosophy as opposed to “Test-Fail-Fix.” The engineers’ under-
standing of the performance of the engine and its components under nominal and off-nominal
conditions must be complete. When deterministic technologies are applied to the various “what-if”
scenarios, the consequences can be evaluated. Using a nondeterministic approach, for example
probability or other uncertainty theories (e.g., Dempster-Shafer theory of evidence), the likelihood
of their occurrence can be quantified. In some instances, the uncertainty in the probability statements
themselves could be quantified using confidence metrics. The important point is that the effective
use of deterministic and nondeterministic technologies can help meet the goals of successful design
by understanding the design sensitivities —the word “sensitivity” being used in the most general
sense.

The design philosophy is best explained using Figure 4.4 and Figure 4.5. Figure 4.4 describes the
design approach in general, and Figure 4.5 goes into the details of the design approach. The design
approach does not force the use of all design processes to analyze and design every component. It is
common practice that only a subset of available design approaches is used for a large set of compo-
nents, which inherently have large margins or are not safety critical. However, for safety-critical
components with severe failure consequences, the use of all design views to design a robust product
is encouraged. This approach has not become universal practice in the industry to the extent one
would hope, but the trend in using the design approach has been very encouraging with many
instances of success.

The example used in Figure 4.5 is a hypothetical one involving two design variables (X1 and X2) and
one response variable. The contours of the response variable are plotted, but in general are not known
a priori. Each square in the chart represents a particular “view” of the design space using either deter-
ministic or nondeterministic design approaches. It is arranged such that one can proceed from a well-
established and widely understood design approach to more recent nondeterministic and robust design
approaches. Each circle represents the engineer’s knowledge of the behavior of the system under each

Level 7: Evolving Methods

Level 6: Probabilistic Optimization

Level 5: Probabilistic Analysis

Level 4: Deterministic Optimization

Level 3: Probabilistic Sensitivity, Taguchi

Level 2: Design Space Scan, Taguchi Method

Level 1: Sensitivity Analysis

Level 0: Deterministic Point Designs

FIGURE 4.4 A design approach use ladder that can systematically improve the understanding of component behav-
ior over the entire design space.
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FIGURE 4.6 An example of partial design scan results identifying the nonlinearity in system response.

specific “view.” For example, designing a component with conventional, but often heuristically deter-
mined worst-case scenario can provide a safe design but it sheds little information on the behavior of
the system in nominal or at other “corner” conditions.

The deterministic design space scan is one of the most useful tools in understanding the design space
and the potential nonlinearity present in the system. Understanding the extent of the nonlinearity present
in the system is very important and in many cases can point to the cause of hardware failures. One can
also readily identify nonrobust operating points of the design space from the scan. Frequently, many
algorithms in the deterministic optimization or probabilistic analysis fail when significant nonlinearity
is present. Even more troubling could be that the algorithms may provide inaccurate answers in the
presence of significant nonlinearity and the errors may go unnoticed due to lack of rigorous error bounds
with the methods. An example of such a behavior is seen in scan results on metal bellows analysis used
in ducting of rocket engines. Figure 4.6 shows the Squirm buckling safety factor as a function of the
thickness of each ply for a specific bellow design. Widespread use of such systematic analysis has only
been recently made possible due to advances in automation.

While with partial scans one cannot study the interaction effects, one can still obtain valuable infor-
mation regarding system “sensitivities” and nonlinearity under the umbrella of “Main Effects.” When a
deterministic scan is performed on noise variables, the results contain the information of tolerance effects
or noise effects on performance in the deterministic sense. It is just that a probability measure has not
been calculated, which could be done as a second step if sufficient information is available.

Other fractional or full factorial designs can be employed to study the interaction effects, which can
be significant. When the dimensionality of the system becomes large, it becomes essential to use more
efficient and practical approaches wherein the computational burden can be minimized. The Design of
Experiments concept originally developed for physical experiments has been successfully applied to
numerical experiments with modifications. The modifications pertain to elimination of the replication
present in the original designs, which in the case of numerical experiments adds no new information.
The deterministic optimization is widely performed as part of the engineering design process. As practiced
by the engineering community, the deterministic optimization process (maximizing performance) does
not directly address the question of Robustness (which is the domain of probabilistic optimization),
which is defined as performance insensitivity under uncontrollable variations (noise). It has been
observed that, in the current economic environment, the customer requirements emphasize equally, if
not more, the reliability and robustness over performance.
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When low-order statistical moments of responses need to be estimated, Monte Carlo solutions have
been used most successfully. The Monte Carlo or other simulation-based methods (such as Latin Hyper
Cube) have performed well over a wide class of problems. From several points of view, such as robustness
of the algorithm, generality, and simplicity, Monte Carlo simulation is the preferred choice in the
industry (including cases that require high reliability numbers) when computational burden is not an
issue. When computational expense is prohibitive, approximate probabilistic methods generally referred
to as First-Order Reliability Methods (FORMs) have been successfully applied. The word “approximate”
is probably controversial as Monte Carlo simulation methods are also approximate. A by-product of
FORM:s, the most probable point information has the potential for playing an even more important
role in defining a focused test matrix, to verify the design. For example, in a focused test scenario, the
most probable point information could be used to design tests that can validate the extent of physics
model accuracy in the regions of extreme event occurrence by seeding, for example, defects for the
purposes of testing.

The Taguchi Analysis-based robust design concepts have been successfully applied in experimen-
tally based design approaches. The use of these concepts in numerical model-based design approaches
has been limited. However, the idea of using mathematical optimization techniques to achieve
robustness has gained significant attention. Industry and government are making significant research
investments in the area of mathematical probabilistic optimization-based technologies and they are
discussed later.

4.5 Sensitivity Analysis

The design sensitivity factors have been used extensively to rank the input variables by their impor-
tance to performance variables. These factors are finding their way into formal design review meet-
ings. This certainly gives the approving authorities an appreciation of the sensitivity of performance
variables to input assumptions and the variable ranking in terms of their importance to satisfying
the end requirement. In this context, the sensitivity factors derived from deterministic as well as
nondeterministic approaches have been extremely valuable (Figure 4.7). One form of sensitivity factor
ranking is based on measuring changes in performance to small perturbations in variables, which is
purely deterministic. Because the design space is typically comprised of both input and response variables
that span a multidisciplinary domain with a mixture of units, a pure gradient quantity is not of much
practical value. Many normalization schemes have been proposed and used but they all have some
shortcomings.

Typically, the results are portrayed as a pie or a bar chart with sorted sensitivity factors for each
response variable. When this exercise is performed in a multidisciplinary space, they provide sensitivity
values across discipline boundaries (e.g., thermal and structures) that have been invaluable. In general,
the computed sensitivity factors are a function of the expansion point, which can be varied over the
design window to obtain a more realistic assessment of the sensitivity factors over the entire design
space. The probabilistic sensitivity factors are measures of the effect of input scatter to output scatter.
The measures that have been used are computed such that the probabilistic information is integrated
with deterministic sensitivity values (the exact algorithmic detail is a function of definition of the
sensitivity measure). Because of the variety of definitions, the sensitivity measures have only been used
in a qualitative way to rank the variables. An example of the sensitivity measure obtained for a mildly
nonlinear problem with approximately similar coefficients of variation among input design variables is
shown in Figure 4.7. When the degree of scatter among the input design variables is markedly different,
the differences between deterministic and probabilistic sensitivity measures can be expected to be very
high. The use of sensitivity measures in design is a success story as it was used to control variations
during an engine development program.

In summary, in the initial stages of design, deterministic as well probabilistic methods that emphasize
low-order statistics to screen different concepts are widely used. One practice is to establish safety margins
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FIGURE 4.7 Comparison of different sensitivity measures for a mildly nonlinear problem with same order of
coefficients of variation among input variables.

based on computed standard deviation, with less emphasis on the exact value of the reliability, which is

usually designed in to be very high. The computed reliability of the product using probabilistic methods
is recomputed, refined, and updated once more reliable data from actual tests is obtained.

4.6 Probabilistic Analysis Approaches

In practice, the use of probabilistic analysis approaches can be categorized based on their use emphasis,
either for computing low-order statistics or for computing very high-order reliability quantities. The
low-order statistical quantities of choice in the industry are the mean and the standard deviation for the
random quantities. This is so because there is a long tradition of defining extreme quantities of design
variables as a function of multiples of standard deviation among structural engineers, dynamic loads
specialists, material scientists, and thermal analysts.

For the low-order statistics computation, the linear function approximation methods to propagate the
“errors” and compute the standard deviation of response quantities have been very successful. However,
the industry practice and preference has drifted toward Monte Carlo simulation based approaches to
compute the low-order statistics. This is because of the ready availability or ease of writing of Monte Carlo
simulation software and the widespread availability of cluster computing. The generality and stability of
Monte Carlo simulation methods, the ability to increase the sample size to meet a given error bound, and
the availability of high-end cluster computing to obtain quick turnaround are all reasons for its preferred
use. It is common practice to perform Monte Carlo simulation on the order of 100 to 5000 sample values
(depending on the computational burden in the function evaluation) using the best available knowledge
of the input distribution. As an example, this approach has been so successful that detailed uncertainty
analysis at the very early stages of engine design are routinely conducted to estimate the uncertainty in
engine performance parameters such as thrust, engine mixture ratio, and specific impulse, a measure of
engine efficiency (Figure 4.8). When needed for screening purposes, approximate reliability numbers are
also computed, either by directly using the simulation results (when enough samples have been run for
the required reliability estimate) or by using the computed mean and standard deviation values using the
normality assumption for responses.

When more detailed reliability calculations are needed, approximate probabilistic analysis methods have
been used. These include the Mean Value First Order (MVFO) method, the First-Order Reliability Method
(FORM), the Fast Probability Integration (FPI) method, and many others such as SORM (Second-Order
Reliability Method). In the above-mentioned technologies, a form of response function approximation at
the region of interest (based on the probability of event occurrence) is fundamental to the algorithmic
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FIGURE 4.8 Example Monte Carlo simulation results from an engine performance model during the conceptual
design phase.

approach. On the other hand, explicit computation of a response surface using fractional factorial designs
commonly known as Design of Experiments (DOE) has also been widely used. Once the explicit functional
form of the approximate response surface is available, it is used in deterministic and probabilistic optimi-
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zation approaches as well in basic probabilistic analysis using Monte Carlo simulation.

In practice, there are numerous applications in industry where the degree of nonlinearity of the
function behavior is moderate. In such cases, the performance of FPI and explicit response surface based
applications has been good. An example of the results of probabilistic stress analysis of a turbine blade
is shown in Figure 4.9. These methods have been used with success in evaluating the failure risk of
products in service with defects or to evaluate the added risk under newly discovered or revised loads

after the design is complete.

FIGURE 4.9 Example probabilistic stress analysis for a turbo-pump turbine blade using the First-Order Reliability

Method.
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The use of the above approximate methods for new designs is done on a case-by-case basis where
there is prior customer concurrence of the methodology and the input assumptions that will be used in
the analysis. The use of the above approximate methods in new designs will become even more widespread
if there is a well-established and computationally tractable approach to include the epistemic uncertainty
and provide confidence statements or error bounds on the computed reliability values.

4.7 The Need and Role of Multidisciplinary Analysis
in Deterministic and Nondeterministic Analysis

All design activities in an industrial setting are multidisciplinary. Traditionally, the design for performance
under the purview of each discipline is performed within each discipline, with information and data
sharing among disciplines performed manually or in patches of automation. It is increasingly recognized
that such an approach results in nonoptimal designs from a systems point of view. Thus, the industry
involved in mechanical design in recent years has invested heavily in developing tools, generally compo-
nent specific, for an effective multidisciplinary analysis. This has cost, schedule, and performance impacts
in developing a product in a very positive way.

In the current context, a multidisciplinary analysis is defined as a process wherein consistent data/
information is shared across all disciplines for a given realization. That is, as part of the process, a design
point set is defined and collected as a specific realization of input design variables and corresponding
output response variables spanning multiple disciplines. An example of such an application is illustrated
in Figure 4.10, wherein consistent geometry, thermal, structural, and material property data is available
for each realization, orchestrated by any design process (see Figure 4.5). The linked sets of models form
the basis for deterministic as well as nondeterministic multidisciplinary analysis and optimization. The
role of response surface methodology has been effective in system level optimization. In this approach,
the response surface models are used in the linked set of models in lieu of computationally intensive
models (e.g., computational fluid dynamics) for system optimization.

It is important to recognize the significance of a multidisciplinary linked set of models/codes to an
accurate probabilistic analysis. There are uncertainties at all stages of manufacturing and use conditions,
as illustrated in Figure 4.11. For an accurate reliability computation, in addition to accounting for those
uncertainties, they should be introduced as appropriate numerical models linked to form a multidisci-
plinary model. This will capture accurately the correlation information through dependency relationships
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FIGURE 4.10 Example multidisciplinary network of physics-based models connected to form a multidisciplinary
design space of input and response variables.
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FIGURE 4.11 End structural reliability is affected by uncertainties introduced at all levels of manufacturing and
use conditions.

as defined by the multidisciplinary model. The issue of the assumption of independence of random
variables in a typical probabilistic analysis is important. Many of the probabilistic tools and codes that
are readily available to the industry do not provide effective approaches for treatment of correlated input
variables in a probabilistic analysis. In limited instances, tools provide approaches to probabilistic analysis
under normality and linear correlation model assumptions. Hence, in the current state of the art, an
accurate probabilistic analysis is performed starting with modeling the physical process from a stage that
can justify the assumption of using independent input variables. The strategy is then to rely on linked
models spanning multiple disciplines to automatically provide the correlation information. When used
with Monte Carlo simulation techniques, the use of multidisciplinary models provides the probabilistic
information (e.g., variance) for design performance measures across all disciplines for the same compu-
tational effort. Further, the approach provides an opportunity to capture accurately the variance infor-
mation as well as the correlation between intermediate variables.

4.8 Technology Transition and Software Implementation

To use the methodologies described above in an industrial setting, it is essential that commercial-grade
software with the current technologies implemented be readily available. Some of the key requirements
for efficient software include availability of user-friendly graphic user interfaces for pre- and post-
processing of the problem, amenable for nonexpert use, a framework for efficiently linking multidisci-
plinary models, efficient computational strategies for fast turn around time, implementation of stable
algorithms, and a software implementation that allows the user to progress easily from simple to more
complex design processes without having to repose the same problem. Satisfying the above requirements
is the key to a successful technology transition strategy. A few commercial software programs that satisfy
some of these requirements have emerged and others will continue to emerge.

The availability of an integration framework for linking multidisciplinary models has become a reality.
Commercial as well as proprietary software programs are now available that can perform over a network
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FIGURE 4.12 Typical workload of engineering cluster workstations dominated by analysis performed in support of
nondeterministic and deterministic design exploration methods.

of heterogeneous computers with different operating systems, chip architectures, and manufacturers.
Systematic use of the design processes mentioned above (such as sensitivity analysis, design scans using
factorial designs, Response Surface Methodology, Monte Carlo simulation and its variants, and deter-
ministic and probabilistic optimization) all require an order of magnitude more function evaluations
than conventional worst-case analysis based design approaches. Hence, for practical use of the above
technologies in industry under ubiquitous schedule constraints, leveraging of the information technology
revolution in software and hardware is essential. Many of the algorithms implementing the above design
processes can effectively perform parallel computations to reduce the wall clock turnaround time of
computer runs. It is not uncommon to utilize hundreds of engineering computer workstations to achieve
the required computational speed to solve a design problem. An example of such a use scenario is shown
in Figure 4.12. In Figure 4.12, software usage for nondeterministic analysis consumed a significant amount
of the available CPU cycles. In general, the use of these newer analysis technologies does not cause any
additional cost consequence, as they tend to use otherwise idle machine capacity. Without considering
analysis jobs supporting newer approaches to design, in large corporations, the CPU average usage of
engineering workstations at user desktops is in single-digit percentage points. The network and software
reliability are high enough that in a typical year, hundreds of thousands of analyses can be performed
in support of deterministic and nondeterministic analysis approaches.

4.9 Needed Technology Advances

The transition of the powerful array of technology and tools described above to a majority of practicing
design engineers in a design shop is a challenging one. It is important to recognize that to have a pervasive
impact on the design practice, it is necessary to put the above tools in the hands of integrated product
design team engineers who perform most of the product design. It is emphasized that this is the group
that must be targeted for technology transition and not the advanced engineering groups comprised of
specialists. It is granted that a systematic application of the technologies described above will inevitably
result in more reliable and robust products. If successful, it will be a quantum improvement over the
current practice. However, there are a number of challenges that still need to be adequately addressed
and this section attempts to enumerate them.

Copyright 2005 by CRC PressLLC



At first, a far greater recognition among structural reliability researchers of the role epistemic uncer-
tainty is needed. The structural reliability research should make technology advances that treat both the
epistemic and aleatory uncertainty together in the reliability assessment process. The theoretical basis
for the developed methodology should provide practicing engineers with a tool that is capable of a more
rigorous treatment of lack of knowledge, ignorance, in addition to the treatment of variability.

1. Significant new research in developing new design approaches that optimize/effectively combine
analysis model results with focused testing is needed. Frequently, current approaches to testing
are reactionary to an observed failure mode. In some instances, the testing is considered an
independent verification of design. The suggested new approaches should consider both analysis
and testing as part of a unified holistic approach to improve confidence in product performance,
which either model or testing alone could not provide.

2. Many sub-elements of the broad research topic described above include a strategy for model
calibration across scales (e.g., size effect), design of a test matrix that maximizes information return
leveraging or giving adequate credit to analysis model results where appropriate, new forms of
confidence measures for combined analysis, and focused test data.

3. Advances in stochastic optimization that will allow engineers to solve optimization problems such
as “minimize testing subject to target confidence” or “least uncertainty subject to cost constraint
on testing.”

4. In addition to the fundamental challenge of understanding the “operational definition” for these
methods, all the above will present computational challenges and numerical and “software imple-
mentation” issues.
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5.1 Introduction

This chapter presents the importance of uncertainty characterization and propagation in the execution
of the vehicle development process (VDP). While the VDP may be viewed from many perspectives, we
consider it to be a series of decisions. In the absence of uncertainty, this series of decisions can, in
principle, be posed as a very complex multidimensional optimization problem. Decisions, however, are
actions taken in the present to achieve an outcome in the future. Because it is impossible to predict the
outcomes of these decisions with certainty, the characterization and management of uncertainty in
engineering design are essential to the decision making that is the core activity of the vehicle development
process.

Uncertainties are present throughout the vehicle development process—from the specification of
requirements in preliminary design to build variation in manufacturing. Vehicle program managers
are continually challenged with the task of integrating uncertain information across a large number
of functional areas, assessing program risk relative to business goals, and then making program-level
decisions. Engineers struggle to develop design alternatives in this uncertain environment and to
provide the program managers with credible, timely, and robust estimates of a multitude of design
related vehicle performance attributes. Marketplace pressures to continuously shorten the vehicle
development process drive the increasing use of mathematical models (as opposed to physical
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prototypes) for providing estimates of vehicle performance to support decision-making under uncer-
tainty. For the calculations from the mathematical models to be useful, the decision makers must
have confidence in the results. This confidence is formally developed through the model validation
process.

In the following sections, we discuss these issues in some depth and illustrate them through a heuristic
example. They conclude with a summary and a number of important challenges for embedding nonde-
terministic approaches in automotive design.

5.2 The Vehicle Development Process

The vehicle development process is the series of actions and choices required to bring a vehicle to
market. For domestic (U.S.) vehicle manufacturers, the VDP is structured around a traditional systems
engineering approach to product development. The initial phase of the VDP focuses on identifying
customer requirements and then translating them into lower-level requirements for various functional
activities, including product planning, marketing, styling, manufacturing, finance, and a broad array
of engineering disciplines. Work within this phase of the VDP then proceeds in a highly parallel
fashion. Engineers design subsystems to satisfy the lower-level requirements; then the subsystems are
integrated to analyze the vehicle’s conformance to customer requirements and to assess the compat-
ibility of the subsystems. Meanwhile, other functional staffs work to satisfy their own requirements:
product planning monitors the progress of the VDP to ensure that the program is proceeding on
time and within its budget, marketing ensures that the vehicle design is appropriate to support sales
and pricing goals, finance evaluates the vehicle design to ensure that it is consistent with the vehicle’s
established cost structure, manufacturing assesses the vehicle design to ensure that it is possible to
build within the target assembly plant, etc. This is typically the most complex and the most iterative
phase of the VDP, as literally thousands of choices and trade-offs are made. Finally, the product
development team converges on a compatible set of requirements and a corresponding vehicle design.
Engineers then release their parts for production and the vehicle proceeds through a series of
preproduction build phases, culminating in the start of production.

Naturally, the VDP is scaled according to vehicle program scope; it is significantly more complex
and longer in duration for the design of an all-new family of vehicles than it is for a vehicle freshening
with relatively minor changes to feature content and styling cues. At any scale, however, there is an
appreciable level of uncertainty at the beginning of the VDP. By the end of the VDP, this level of
uncertainty is much lower, and the vehicle is being produced in a manufacturing plant with knowable
build variation.

We distinguish between variation and uncertainty as follows. Variation is an inherent state of nature.
The resulting uncertainty may not be controlled or reduced. Conceptually, variation is easy to incorporate
in mathematical models using Monte Carlo simulation. For any number of random variables, the input
distributions are sampled and used in the model to calculate an output. The aggregate of the outputs is
used to form a statistical description. However, there are challenges in implementation. Monte Carlo
simulation requires many evaluations of the mathematical model. If the mathematical models are very
complex (e.g., finite element models with hundreds of thousands of elements used for analyzing vehicle
structures), it is often prohibitively expensive or impossible to perform a Monte Carlo simulation within
the time allotted for the analysis within the VDP.

In contrast to variation, uncertainty is a potential deficiency due to a lack of knowledge. In general,
this is very difficult to handle. Acquiring and processing additional knowledge, perhaps by conducting
experiments or by eliciting information from experts, may reduce uncertainty. The most difficult chal-
lenge is that you may not be aware that you do not know some critical piece of information. Thus it is
necessary to undertake an iterative process of discovery to reduce uncertainty. It may also be necessary
to allocate resources (e.g., people, time, money) to reduce uncertainty, and these allocation decisions are
often very difficult given limited resources.
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5.3 Vehicle Development Process: A Decision-Analytic View

Uncertainty, then, is our focal point. It is an inherent part of the VDP and we include it here in our
decision-analytic view of vehicle development. We begin by discussing the work of Clark and Fujimoto [1]
who, alternatively, view the product development process from an information-processing perspective.
From this perspective, they identify three key themes:

1. The product development process is a simulation of future production and consumption.
2. Consistency in the details of product development is important.
3. Product integrity is a source of competitive advantage.

“The information-processing perspective focuses on how information is created, communicated, and
used and thus highlights critical information linkages within the organization and between the organi-
zation and the market [1].”

“Critical information linkages” implies that information must be transferred from people who have
it to the decision makers who need it to support critical decisions. Previous studies by Eppinger [2] and
Cividanes [3] have focused on information flow within our VDP. Here, we extend this focus beyond the
structure of information flow to include the presentation of structured design alternatives to vehicle
program decision-makers. That is, rather than focusing on the information linkages, we will focus on
the reason for the linkages: making decisions.

At this point it is prudent to discuss the definition of a decision. Although there has been a
considerable amount of research into decision-making in engineering design, there is not yet a con-
sensus within the engineering design community as to the definition of a decision. Conceptually,
Herrmann and Schmidt [4] view decisions as value-added operations performed on information
flowing through a product development team. In contrast, Carey et al. [5] view decisions as strategic
considerations that should be addressed by specific functional activities at specific points in the product
development process to maximize the market success of the product being developed. While we monitor
this work with genuine interest, we subscribe to the explicit and succinct definition from Matheson
and Howard [6]:

“A decision is an irrevocable allocation of resources, in the sense that it would take additional
resources, perhaps prohibitive in amount, to change the allocation.”

Commonly, we understand that a decision is a selection of one from among a set of alternatives after
some consideration. This is illustrated well by Hazelrigg [7] in his discussion of the dialogue between
Alice and the Cheshire cat in Alice in Wonderland. He notes that in every decision, there are alternatives.
Corresponding to these alternatives are possible outcomes. The decision maker weighs the possible
outcomes and selects the alternative with the outcomes that he or she most prefers. Although apparently
simple, this discussion contains several subtle but powerful distinctions. One of these is that the decision
is made according to the preferences of the decision maker—not those of the decision maker’s stake-
holders, or customers, or team members, or for that matter anyone’s preferences but the decision
maker’s. Another is that the decision maker’s preferences are applied not to the alternatives, but to the
outcomes.

It is clear that decisions are actions taken in the present to achieve a desired outcome in the future.
However, the future state cannot be known or predicted with absolute certainty. This is the reason
that incorporating nondeterministic methods into decision-making processes (in our case, into
decision making in our VDP) is crucial. Because we cannot know future outcomes with certainty,
the outcomes resulting from selection of our alternatives must be expressed in terms of possible
future states with some corresponding statement of the likelihood of occurrence. This, then, is the
core activity of engineers in our VDP. Design engineers formulate sets of subsystem design alternatives.
Development engineers assess the performance of these design alternatives in vehicles, considering
uncertainty due to manufacturing build variation, mathematical model fidelity, and variations in
customer usage.
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5.4 The Decision Analysis Cycle

Decision makers are, by definition, people who have the authority to allocate an organization’s resources.
In a vehicle development program, these people are typically executives or senior managers. They make
decisions (knowingly or not) using the Decision Analysis Cycle (Figure 5.1) described briefly below, and
described completely in [6].

The discussion of the phases in the Decision Analysis Cycle contains several precisely defined terms from
the language of formal decision analysis [6]. The term “value” is used to describe a measure of the desirability
of each outcome. For a business, the value is typically expressed in terms of profit. The term “preferences”
refers to the decision-maker’s attitude toward postponement or uncertainty in the outcomes of his decision.
The three phases of the Decision Analysis Cycle that precede the decision are:

1. Deterministic Phase. The variables affecting the decision are defined and related, values are
assigned, and the importance of the variables is measured without consideration of uncertainty.

2. Probabilistic Phase. Probabilities are assigned for the important variables. Associated probabilities
are derived for the values. This phase also introduces the assignment of risk preference, which
provides the solution in the face of uncertainty.

3. Informational Phase. The results of the previous two phases are reviewed to determine the economic
value of eliminating uncertainty in each of the important variables of the problem. A comparison
of the value of information with its cost determines whether additional information should be
collected.

Decisions are made throughout the VDP using the Decision Analysis Cycle. At the outset of the VDP,
the decision makers’ prior information consists of all their knowledge and experience. This prior infor-
mation is then supplemented by the information collected and the outcomes of decisions made through-
out the course of the VDP. In the Deterministic Phase, engineers provide decision makers with design
alternatives and corresponding performance assessments. Other functional staffs, such as finance, mar-
keting, and manufacturing, also provide their assessments of outcomes corresponding to the engineers’
design alternatives, such as potential changes in cost and revenue and required changes to manufacturing
facilities. In the Probabilistic Phase, the engineers as well as the other functional staffs augment their
assessments to comprehend uncertainties; the application of nondeterministic methods is absolutely
essential in this phase.

The Informational and Decision Phases are the domain of the decision makers—the senior managers
and executives. These decision makers determine whether to gather additional information or to act
based on the value of the information and their risk tolerance. If there are profitable further sources of
information, then the decision should be made to gather the information rather than to take action. This
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FIGURE 5.1 The Decision Analysis Cycle [6].
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FIGURE 5.2 Abbreviated decision diagram for a design alternative.

cycle can be executed until the value of new analyses and information is less than its cost; then the
decision to act will be made.

Another issue that is relevant to incorporating nondeterministic methods into the vehicle development
process is the distinction between a good decision and a good outcome.

“A good decision is based on the information, values and preferences of a decision-maker. A good
outcome is one that is favorably regarded by a decision-maker. It is possible to have good decisions
produce either good or bad outcomes. Most persons follow logical decision procedures because
they believe that these procedures, speaking loosely, produce the best chance of obtaining good
outcomes [6].

This is critical to the idea of a true learning organization. Recriminations because something did not
work become pointless. The questions that should be asked include “Was all of the available information
used?” or “Was our logic faulty in the decision(s) that we made?” or “Were the preferences of the decision
maker properly taken into account in our process?”

We now present a more specific view of decision making in the VDP (Figure 5.2). The rectangular
block in this diagram represents the decisions to be made. In the VDP, these are the design alternatives
for both the vehicle and its manufacturing system. The ovals in this diagram represent uncertain
quantities. In the VDP, we represent the vehicle’s Attribute Set and its Market Performance as
uncertainties. Finally, the hexagon in this diagram represents the decision maker’s value. As would
generally be true in business, the value in the VDP is a measure of profit. The arrows in the diagram
represent our beliefs about the relationships between our decisions, the relevant uncertainties, and
our value. Thus, the interpretation of this diagram is that Profit depends on the vehicle’s market
performance, which depends on its Attribute Set, which in turn depends on the selection of design
alternatives.

The decision diagram shown in Figure 5.2 is applied to the Decision Analysis Cycle shown in Figure 5.1.
In the Deterministic Phase, we identify the specific set of design alternatives to be considered and the
corresponding set of analytical and experimental methods and tools we will use to relate the design alter-
natives to their effects on the vehicle’s attributes, the vehicle’s market performance, and ultimately to the
profit generated by selling the vehicle. In the Probabilistic Phase, we characterize the uncertainties in our
estimates of the vehicle’s attributes and its market performance and use them to examine their effects on
profit. In the Information Phase, we examine whether or not it is prudent to allocate additional resources
to gather more information (usually through further studies with our analytical tools) to increase our
likelihood of realizing greater profit. Finally, in the Decision Phase, the decision maker commits to a course
of action developed using the Decision Analysis Cycle.

5.4.1 Illustration: Door Seal Selection

Now let us now begin to illustrate the role of nondeterministic methods in decision making during the
vehicle development process. While there are many different types of decisions made during a vehicle
development program, here we will begin to discuss decision making in the context of a single vehicle
subsystem: a door sealing system. In the following, we introduce the problem. We then continue to discuss
this example as we proceed through this chapter.

Copyright 2005 by CRC PressLLC



5.4.1.1 The Door Sealing System

The door seal is typically an elastomer ring that fills the space between the door and the vehicle body.
Figure 5.3 illustrates a typical door body and seal cross-section within a cavity. The function of the door
seal is to prevent the flow of air, water, and environmental debris into the interior of the vehicle. The
door seal is usually larger than the space it must seal. The seal compresses as the door is closed, filling
the space and providing some restoring force in the seal to accommodate fluctuations in the size of the
door-to-body structure gap due to motion of the door relative to the body. This motion can occur as
the result of road loads applied or transmitted to the body and door structures.

Functionally, the door seal must satisfy several customer needs. The first and most obvious is that
customers expect the passenger compartment to be sealed against water leaks. Second, customers are
annoyed by air leaks and their accompanying wind noise, especially at highway speeds. And third, air
leaks can carry dust into the vehicle, causing problems for people with allergies. If this were our only
concern, we could fill the space with a very large seal. However, there is a competing objective. The larger
the seal, the more force it takes to compress it. We also know that customers like to be able to close the
doors with minimum effort. So from this standpoint, we would like the seal to have very little compression
when the door is being shut. Thus, the door seal designer must strike a delicate balance when designing
the seal and its resultant compression force. If the force is too low, the vehicle will be viewed as poorly
designed because of the resulting air and water leaks; if it is too high, the vehicle will be viewed as poorly
designed because of the high door-closing effort.

In luxury cars, it is typical to have a door seal system that contains three seals. The primary seal
is a continuous bulbous seal, located deep within the door-to-body gap, which completely surrounds
the door opening. It can be mounted on either the body or door side of the cavity. The other two
seals are usually combined and are located across the top of the door and down the windshield pillar.
The upper part of this combined seal is a barrier across the gap between the door and the body while
the lower part fills the gap directly below. This provides three barriers to isolate the interior from
the exterior environment. In economy cars, it is typical to just use a primary seal which provides one
barrier.

The seal cross-section shape and size are dependent on the specific door and body geometry in the
cavity when the door is closed. This cross-section is designed to deflect and compress during the door-
closing event to seal the cavity while maintaining a good door-closing effort. The material for the seal is

Seal Cavity A-A

Seal
Surface

Hinges

FIGURE 5.3 Finite element representation of a typical door, body, and cavity cross-section showing sealing system.
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chosen for both its mechanical and durability properties. Other important design parameters are the
location of the hinges and the latching mechanism.

5.4.2 Deterministic Phase

The Deterministic Phase mainly focuses on quantifying the complex relationship between our design
decisions (engineering design variables) and our value (profit). We previously presented a simplified view
of this relationship in Figure 5.2. However, in reality, it is much more complex. Figure 5.4 provides an
expanded and more complete view of decision making in the VDP.

Fundamentally, there are two approaches to managing the complexity of product development decision
making. One approach is to decompose the product development system into smaller units; perhaps using
product design parameters, product architecture, organizational structure, or tasks in the product devel-
opment process (as discussed by Browning [8]) as the basis for the decomposition. The enterprise value
is then decomposed into a set of specific objectives for each of the units so that they can work in parallel
to achieve a common enterprise-level goal. This decomposition simplifies decision making in some
respects; however, it often leads to sub-optimal results for the enterprise due to insufficient coordination
of actions between the units. There is no guarantee that the objectives given to each unit will lead to the
greatest benefit for the enterprise. Therefore, if the product development system is to be decomposed,
mechanisms must be put in place for rebalancing the objectives allocated to each of the units. Kim et al.
[9] have made progress toward developing these rebalancing methods, but this remains a very challenging
problem.

The alternative approach is to retain the interconnectivity within the product development system
with a fully integrated cross-functional design environment. The benefit of this approach is that decisions
are consistently made in the best interest of the enterprise. Its drawback is that it requires a set of
engineering design tools that are compatible with one another both in terms of their level of detail and
their flow of information. While it can be challenging to conduct these analyses even by assembling a
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FIGURE 5.4 Detailed decision diagram for a design alternative.
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team of cross-functional experts to provide their judgments, recent research suggests that it is now possible
to conduct these analyses in a model-based environment using a combination of well-established and
emerging technologies.

A number of commercial tools are available for representing the product and the manufacturing
process. Mature tools are also available for correlating engineering evaluations of vehicle attributes to
customer perceptions, for modeling the effects of the economic climate and of customers’ prior experi-
ences on purchase behavior. These tools are usually developed internally by the vehicle manufacturers
and are considered proprietary.

More recently, a number of methods have been developed for linking the engineering and business
domains by estimating the impacts of engineering designs on cost and revenue. The procedures published
by Dello Russo et al. [10] are broadly applicable for cost estimating of new designs and the Technical
Cost Modeling process developed by Kirchain [11] is particularly well suited to assessing the cost impacts
of implementing new materials and manufacturing processes. Market demand can be estimated using
either Discrete Choice Analysis, as discussed by Wassenaar et al. [12] or the S-Model, as demonstrated
by Donndelinger and Cook [13]. Competitors’ reactions to marketplace changes can, in principle, be
simulated using game theoretic methods such as those implemented by Michalek et al. [14] Once market
demand and cost are known, revenue and profit can be estimated using conventional financial practices.

Multidisciplinary design frameworks such as those developed by Wassenaar and Chen [15] and
Fenyes et al. [16] can be applied to conduct a series of mathematical analyses relating engineering
designs to enterprise values with a compatible level of details and information flow. These frameworks
are therefore suitable for analysis of design alternatives in the Deterministic Phase of decision making.
This type of analysis is necessary but definitely not sufficient for design decision making; the Proba-
bilistic and Information phases of the Decision Analysis Cycle must also be completed before the
committed decision maker can reach a decision. We continue with a discussion of the work in
subsequent phases of the Decision Analysis Cycle in the next section. But first, let us return to the
door seal selection example.

5.4.2.1 Door Seal Selection Continued: Deterministic Phase

In the Deterministic Phase of the Decision Analysis Cycle, we identify the decisions to be made, the value
we seek to achieve, and the intermediate quantities that relate our decisions to our value. The decisions
that we will study are “Which sealing system and its associated parameters should we choose for a
particular new vehicle that we are developing?” and “Are any modifications to our manufacturing facilities
required to improve our door attachment process capability?” To begin framing these decisions, we will
stipulate that the business plan for the vehicle program has been approved, meaning among other things
that the vehicle’s architecture and body style have already been chosen and that an assembly plant has
already been allocated for production of the vehicle. The strategic decisions under consideration for the
door seal at this stage relate to the conceptual design of the door seal system and include the number of
seals, the seal’s cross-sectional shape, and its material properties. The decisions related to improvement
of the door attachment process (hinges and latching system) are also strategic decisions at this stage and
will be considered concurrently with the conceptual design of the door seal. The decisions related to
detail design of the door seal system are tactical decisions at this stage; however, we may need to consider
some of the seal size parameters to be tentative decisions if they are relevant to the selection of the door
seal design concept.

The Decision Analysis Cycle begins with the generation of a set of design alternatives to present to the
decision maker. There are many methods and theories about the best ways to create sets of alternatives;
however, we do not discuss them here. For this discussion, suffice it to say that the set of alternatives will
be created by considering a number of door seal designs carried over from similar vehicles and perhaps
some innovative new sealing technologies developed by our suppliers or through our internal research
and development activities. Then, a manageable list of specific design alternatives can be engineered and
analyzed (a coupled and iterative process).
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The analyses conducted to relate the design alternatives to their corresponding values follow the VDP
decision diagram in Figure 5.4. Decisions about the door seal design concept and the door attachment
process capability influence our value of profit through effects on both cost and revenue. The effect on
cost can be determined “simply” by conducting a cost estimate. The effect on revenue, however, requires
a much more intricate series of analyses.

The first of these analyses covers the synthesis of the vehicle design concept. These analyses are
inherently complex because every design engineer on the program is conducting them in parallel.
Thus, while one design engineer is developing alternative door seal concepts, another is developing
alternative concepts for the inner and outer door panels, and yet another is developing alternative
concepts for the door ring on the outside of the body structure. Vehicle concept engineers are faced
with the challenging job of integrating each engineer’s design alternatives into vehicle-level represen-
tations that can then be used to analyze the performance of the various subsystem design concepts
at the vehicle level.

Once the vehicle-level design representations are created, all of the relevant vehicle performance
attributes can be assessed for each of the design alternatives. For the door seals, these would include
assessments of wind noise, water penetration, pollen count, and door-closing effort. Engineers are faced
with difficult choices over the construction and use of mathematical models while performing these
assessments. In this example, finite element analysis techniques could be applied to model the air and
water penetration using seal pressure as a surrogate for air and water leakage. Meanwhile, an energy
analysis could be performed to model the door-closing effort. We could construct a variety of models at
various levels of complexity, allocating a little or a lot of time and engineering resources in the process.
The prudent choice is to construct the model that provides the appropriate level of information and
accuracy to the decision maker to support the decision. It may be fruitful to err on the side of simplicity
and let the decision maker inform and guide improvement to our modeling in the Information Phase
of the Decision Analysis Cycle.

The engineering assessments of the vehicle attributes must be translated into customer terms before
they can be used to estimate the market demand for the vehicle. From a technical perspective, the most
interesting translation in this example would be for wind noise. The results of the engineering analyses
for wind noise are sound pressure levels. These results would then be translated into terms more meaningful
to a customer, such as into an Articulation Index (as discussed in Reference [17]) or some company-
proprietary metric to reflect the perceived quietness of the vehicle’s interior. Most of the results in this
example, however, would be mapped into vehicle-level quality measures. Water leaks, high door-closing
efforts, and any misalignment of the door relative to the rest of the vehicle will all lead to some warranty
claims and will also negatively affect the customer’s overall perception of the vehicle’s quality. These
measures of customer-perceived quality can then be used as inputs to a market demand model that can
be used to explore the marketability of each of the design alternatives in terms of changes in the vehicle’s
market share and in customers’ willingness to pay for the vehicles.

At this point, only a few more steps remain. The effects of the economic climate and of customers’
prior experiences on the market demand for the vehicle must be considered; however, most decision
makers would not consider these to be conditioned upon the performance of the door seal. The
discussion of competitive action is more interesting: the changes in the vehicle’s market share and in
customers’ willingness to pay for the vehicle based on the performance of the door seal could be
influenced by competitors’ actions. If our competitors make significant improvements to the interior
quietness or the door-closing efforts in their vehicles, it will likely shift the customers’ level of expected
performance, meaning that the competitive advantage we would realize by improving our vehicle’s
interior quietness or door-closing efforts would be decreased. Once these assessments are made, the
resulting effects on the vehicle’s revenue can be computed. Our value of profit can then be determined
as a function of revenue and cost.
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5.4.3 Probabilistic Phase

In the Probabilistic Phase, we estimate, encode, and propagate the uncertainties that have been identified
as relevant to the design alternative decisions [6]. In the formal decision process discussed in [6], all the
uncertainties that have been identified are characterized by the decision maker’s subjective probability
estimates. This Bayesian approach is consistent with the main objective of the probabilistic phase: to
incorporate the element of risk preference into the values corresponding to the design alternatives. Risk is
inherent in the decision-making process because of uncertainty, especially the epistemic uncertainty asso-
ciated with the outcome of future events.

A growing body of formal methodologies is available to aid the decision makers in identifying key uncer-
tainties and in mitigating the risks associated with them. The Design-for-Six-Sigma (DFSS) methodology
[18] is frequently applied to this end. DFSS can be applied to identify, prioritize, and monitor both the
product attributes critical to satisfying the customers’ expectations as well as the uncertainties that pose the
greatest challenges in consistently delivering them. Robust Design [19] principles can then be applied to
develop subsystem and component designs that are less sensitive to these uncertainties, thereby increasing
the likelihood that the designs will satisfy customers’ expectations.

The results generated using these methodologies (or, for that matter, the results generated using any
mathematical model, whether deterministic or nondeterministic) can be used to augment the decision
maker’s state of information. However, they are not a direct substitute for the belief-based probability
assessments that must be used as the basis for the decision. A decision maker’s beliefs about these
uncertainties are ultimately based on his general state of information. The extent to which the results of
an analytical model are substitutable for a decision maker’s beliefs is determined through a process of
model validation that is discussed in the next section.

5.4.3.1 Uncertainty Characterization Methods

The previous paragraphs discussed the importance of characterizing and quantifying the uncertainties
associated with vehicle attributes. Although probability theory is perhaps the first method that comes to
mind when formally characterizing uncertainties, other theories have been proposed and are used in
various disciplines. We will overview these here and discuss their relationships. At this point, however,
it is still unclear precisely how they fit into the decision analysis framework that we have been discussing.
We will discuss this briefly at the end of this section.

Generally, uncertainties can be classified into two general types: (1) aleatory (stochastic or random)
and (2) epistemic (subjective) [20-24]. Aleatory uncertainty is related to inherent variability. It is irreduc-
ible because collecting more information or data cannot decrease it. Epistemnic uncertainty describes sub-
jectivity, ignorance or lack of information in any phase of the modeling process. It is reducible because it
can be decreased with an increased state of knowledge or the collection of more data.

Formal theories for handling uncertainty include evidence theory (or Dempster—Shafer theory) [20,21],
possibility theory [25], and probability theory [26]. Evidence theory bounds the true probability of failure
with belief and plausibility measures. These measures are mutually dual in the sense that one of them can be
uniquely determined from the other. When the plausibility and belief measures are equal, the general evidence
theory reduces to the classical probability theory.

Classical probability theory models aleatory uncertainty very efficiently and it is extensively used in
engineering when sufficient data is available to construct probability distributions. However, when data
is scarce or there is a lack of information, probability theory is not as useful because the needed probability
distributions cannot be accurately constructed. For example, during the early stages of product develop-
ment, the probabilistic quantification of the product’s reliability or compliance to performance targets
is very difficult due to insufficient statistical data for modeling the uncertainties.

When there is no conflicting evidence or information, we obtain a special subclass of dual plausibility
and belief measures called possibility and necessity measures, respectively. As a subclass of the general
theory of evidence, the possibility theory can be used to characterize epistemic uncertainty when incom-
plete data is available. The true probability can be bounded using the possibility theory, based on the
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FIGURE 5.5 Fuzzy measures to characterize uncertainty.

fuzzy set approach at various confidence intervals (a-cuts). The advantage of this is that as the design
progresses and the confidence level on the input parameter bounds increases, the design need not be
reevaluated to obtain the new bounds of the response.

A fuzzy set is an imprecisely defined set that does not have a crisp boundary. It provides, instead, a gradual
transition from “belonging” to “not belonging” to the set. The process of quantifying a fuzzy variable is known
as fuzzification. If any of the input variables is imprecise, it is considered fuzzy and must therefore be fuzzified
in order for the uncertainty to be propagated using fuzzy calculus. Fuzzification is done by constructing a
possibility distribution, or membership function, for each imprecise (fuzzy) variable. Details can be found in
References [27] and [28]. After the fuzzification of the imprecise input variables, the epistemic uncertainty
must be propagated through the transfer function in order to calculate the fuzzy response. For that, explicit
and implicit formulations are available in the literature [29,31].

In summary, the classical probability theory is a subset of the possibility theory, which in turn is a subset
of the evidence theory (Figure 5.5). There is no overlap between the probability and possibility measures,
although both are special classes of the plausibility measures. Probability theory is an ideal tool for formalizing
uncertainty when sufficient information is available; or equivalently, evidence is based on a sufficiently large
body of independent random experiments. When there is insufficient information, possibility theory can be
used if there is no conflicting evidence. If there is conflicting evidence, then evidence theory should be used
instead. It should be noted that, in practice, it is very common to have conflicting evidence even among
“experts.” Finally, when evidence theory is used, the belief and plausibility measures can be interpreted as lower
and upper probability estimates, respectively.

Now let us return to the issue raised previously. How do these methodologies fit into the formal
decision analytic view of vehicle development? Perhaps the most straightforward way is that they can be
applied to the models we use within the general guiding framework of the Design-for-Six-Sigma methodology.
The results—whether an interval estimate, a probability distribution, or a belief value—are used to inform
the decision maker’s general state of information. Then, as before, the decision maker assigns subjective
probability estimates to the uncertainties and proceeds as outlined in Reference [6].

Alternatively, it might be possible to use the most relevant theory (evidence, possibility, probability)
independently for each uncertainty and then combine them in a way where probability is not the
overarching framework. We have not explored this in detail and put it forward as a research opportunity.

5.4.3.2 Door Seal Selection Continued: Probabilistic Phase

We stress the importance of the Probabilistic Phase because it extends beyond the identification of a
deterministic optimum. We believe that the commonly faced problem of decision makers hesitating to
accept the conclusions of deterministic optimization studies is because these studies disregard the uncer-
tainty that is inherent and fundamental to the decision-making process. Robust engineering is gaining
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popularity because it offers the promise of mitigating risk through management of uncertainty. The
decision analytic approach provides further benefits: it includes provisions for the decision maker’s
estimates of uncertainty based on his general state of information (vs. the estimates generated by models
that are limited by the scope of the models and the assumptions made in constructing them) and it
incorporates the decision maker’s attitude toward risk. We believe that implementing the decision-analytic
approach is a means of bridging this gap between presenting the conclusions of engineering analyses to
decision makers and enabling them to commit to a course of action and then to execute it.

The decision maker will consider all the uncertainties shown in Figure 5.4. One key consideration in
“product uncertainties” is the probabilities assigned to the selection of the various design alternatives of
the chosen interfacing systems. For example, the window opening subsystem can have an effect on both
the door’s stiffness and its mass, which will in turn affect the door-closing effort and the wind noise.
However, the product design parameters still need to be chosen to create various alternatives. In this
example, the design parameters are the seal material, thickness, and cross-section geometry. These
parameters affect the engineering performance attributes of seal deflection and restoring force for a given
load. Other design parameters include the geometry of the cavity between the door and body as well as
the type and location of both the upper and lower hinges and the latch mechanism location.

Next, we consider “manufacturing uncertainty.” For this example, there are two types of hinges
available; one is a bolt-on system and one is a weld-on system. The weld-on system requires less labor
in the manufacturing process but can lead to a higher variation in door location. This not only affects
the size of the interior cavity between the door and the body (and hence closing efforts and wind noise),
but also makes visible the gap that can be viewed between the door and the body from the exterior of
the vehicle. The visual consistency, size, and flushness of this gap are known to be very important to the
customers’ perception of vehicle quality. The manufacturing facility and its processes are thus dependent
on the various design alternatives. This description shows the close linkages illustrated in Figure 5.4
between the Manufacturing System, the Product, and the Attribute uncertainties.

During engineering design, the wind noise and door-closing attributes are calculated for the various
alternatives. Typically, manufacturing variations are considered in these models. They produce a range
or distribution for the wind noise and the door-closing efforts. A further consideration is the math model
itself. Any model is an approximation to reality and, as such, there is some uncertainty in the actual
number calculated. Therefore, an estimate of the model uncertainty must be included as part of the
results. This helps the decision maker understand how well the results can be trusted, which in turn has
a critical effect on the subjective probabilities that will be assigned to each alternative. Because this is a
critical issue, we discuss it in more detail under the name of model validation in Section 5.4.4.

Each of the other uncertainties detailed in Figure 5.4 is important, deserving a lengthy discussion that
we will not include here. Some of the key issues are:

« Translation uncertainties: noise in the statistical models used to translate attributes from engineer-
ing terms to customer terms; also epistemic uncertainty due to imperfect knowledge of how
customers perceive vehicles.

+ Economic uncertainties: those most relevant to the auto industry include unemployment levels to
the extent that they drive the total industry volume, interest rates because they affect affordability
through financing and availability of capital for R&D, exchange rates because they affect the relative
price position of foreign and domestic vehicles, and oil prices because they can affect customers’
choices of vehicle types.

« Competitive uncertainties: risks due to the unknown extent to which our competitors will improve
their products through performance enhancements, attractive new styling, and addition of new
technology and feature content.

« Cost uncertainties: changes to the purchase price of parts due to design changes over the product’s
life cycle, amounts of supplier givebacks due to productivity improvements, fluctuations in raw
material prices and exchange rates, and the emergence or decline of suppliers.
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5.4.4 Information Phase

In the Information Phase, we use the results of the previous two phases to determine the economic value
of eliminating uncertainty in each of the important variables of the problem. A comparison of the value
of information with its cost determines whether additional information should be collected. If the
decision maker is not satisfied with the general state of information, then he will use the diagram shown
in Figure 5.4 (and its subsequent analysis) to determine which uncertainty he needs to reduce. Once the
dominant uncertainty is determined, it will be clear what needs to be done to improve the information
state. If, for example (referring to Figure 5.4), the “Customer Perceived Performance” attribute is the
dominant uncertainty, then a marketing research study of potential customers will be conducted.

Often, a major uncertainty is the estimation of the vehicle attributes corresponding to a specific set
of design parameters. These attributes are usually calculated using some mathematical model. This model
can take many different forms: a statistical (empirical) model based on measured attributes of previous
vehicles, a crude physics- (or first principles-) based model of the attribute, or a detailed physics model.
Regardless of the exact type of model, the way to reduce uncertainty is to gain more confidence in the
results. This is the issue addressed by the model validation process.

5.4.4.1 Validation of Mathematical Models to Inform the Decision Maker

The purpose of the model validation process is to establish confidence that the mathematical model can
predict the reality of interest (the attribute). This helps the builders of the models during the model
development phase. It enables them to change parameters or modify assumptions to improve the model’s
predictive power. It also informs the person using the results from the model and helps them estimate
their subjective uncertainty during the decision-making process. Because engineering models that cal-
culate the performance attributes of the vehicle are fundamental to the vehicle design process, we will
focus on them and on the attribute uncertainty illustrated in Figure 5.4.

During the product development process, the person responsible for a decision will ask and answer
the following two basic questions when presented with model results: (1) “Can I trust this result?” and
(2) “Even if I can trust it, is it useful (i.e., does it help me make my decision)?” Most times, there is no
formal objective measure of trust. Instead, the trust in the model results is equivalent to trust in the
modeler, a subjective measure based on previous experiences. The chief engineer will ask the modeler to
assess and report his confidence in the results. But this is difficult without a formal model validation
process. What the engineer really needs is an objective measure of confidence to present to the decision
maker. This can only be obtained as the product of the model validation process.

Previously we described and advocated a formal decision-making process based on the subjective
probabilities of the decision maker. Here we advocate the use of a formal model validation process as a
logical, complementary, and necessary way to determine the confidence we have in our models. This
inherently statistical process determines the degree to which a model is an accurate representation of the
real world from the perspective of the intended uses of the model. It is statistical because this (statistics)
is the science developed to deal with the idea of uncertainties.

In practice, the processes of mathematical model development and validation most often occur in
concert; aspects of validation interact with and feed back to the model development process (e.g., a
shortcoming in the model uncovered during the validation process may require change in the mathe-
matical implementation). It is instructive, therefore, to look at some of the current practices to begin to
understand the role that nondeterministic analysis should play in this process. We do this now.

5.4.4.2 Model Validation: Current Practice

Model validation often takes the form of what is commonly called a model correlation exercise. This
deterministic process involves testing a piece of hardware that is being modeled and running the model
at the nominal test conditions. Typically, only a single set of computational results and one set of test
measurements are generated. These results (test and computational) are then compared. Often, the results
are overlaid in some way (e.g., graphed together in a two-dimensional plot) and an experienced engineer
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decides whether or not they are “close enough” to declare that the model is correlated (this measure of
correlation is often referred to as the “viewgraph norm”). On initial comparison, the degree of correlation
may be judged to be insufficient. Then the engineer will adjust some of the model parameters in an
attempt to make the model results match the test results more closely. If and when sufficient agreement
is obtained, the model is accepted as a useful surrogate for further hardware tests.

During this process, several important issues must be considered; these include:

1. This process, as described, implicitly assumes that the test result is the “correct answer” (i.e., a
very accurate estimate of reality). In many cases, this may be a good assumption but experience
has shown that testing can be prone to error. Consequently, the test used should have a quantified
repeatability. Also, every effort must be made to ensure that the test results are free from systematic
error. The use of independent test procedures can help here. For example, the dynamic strain
results from a strain gage time history can be used to confirm the results from an accelerometer.
If the accuracy of the test results cannot be quantified and assured through procedural controls,
then replicated experiments should be run to estimate test uncertainty.

2. Changing model parameters to obtain “better” agreement between test and analysis results (cali-
bration) can lead to the false conclusion that the modified model is better than its original version.
Often, many model parameters can be chosen that will allow the same level of agreement to be
forced. This nonuniqueness means that the engineer must be very disciplined when choosing the
calibration parameters. They should only be chosen when there are significant reasons to believe
that they are in error and therefore “need” to be calibrated.

3. Experimental data that has been used to adjust the model should not be the sole source of data
for establishing the claim that the model is validated. Additional data for model validation should
be obtained from further experiments. Ideally, these experiments should be carefully and specif-
ically planned for model validation and represent the design domain over which the model will
be used. However, with great care, data from hardware development and prototype tests can
sometimes be used as a surrogate for (or an augmentation to) further validation testing.

These issues make it difficult for the engineer to calculate objective confidence bounds for the results
of a mathematical model. To do this, a formal model validation process is necessary. Such a process is
discussed next.

5.4.4.3 Model Validation: A Formal Process

A validated model has the following characteristics: (1) an estimate of the attribute (the output of the
model), (2) an estimate of the bias (or difference between the computer experiments and the field
“measured” experiments), (3) a measure of the confidence (tolerance) in the estimate of the bias, and
finally (4) full documentation of the model parameters along with the validation process and the data
used in the process. The bias and its tolerance measure results from three causes:

1. The approximation assumptions made during the development of the mathematical model

2. The uncertainty in the model parameters, boundary, and initial conditions used when running
the computer model

3. The systematic errors present in the measurement and processing of field data

Figure 5.6 shows a process that is capable of producing a validated model having the characteristics
described above. This figure is an adaptation of a similar figure given in Reference [32]. Specific modeling
and simulation activities are shown with solid lines; while assessment activities are shown with dashed lines.
The reality of interest is the particular performance attribute we are calculating (e.g., stress field or modes of
vibration). The mathematical model is the result of the conceptual modeling activity.

The computer program is the realization of the mathematical model for implementing the calcula-
tions. It takes inputs, boundary conditions, initial conditions, and parameters (both physical and
numerical) and produces simulation outcomes. The associated assessment activities are code and
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FIGURE 5.6 Block diagram of mathematical model validation and verification outside of the model development
context.

calculation verification. Code verification is the process that determines that the computer code is an
accurate representation of the discrete mathematical model. Calculation verification is the process that
determines the numerical accuracy of code calculations (e.g., numerical error estimation). The main
idea here is to make sure that the computer model accurately represents the conceptual mathematical
model. A complicating factor from an industrial standpoint is that most models are constructed and
exercised with commercial modeling and analysis software packages that are outside the direct control
of the engineer.

Finally, the results from carefully designed physical experiments, as well as corresponding computer
runs, are gathered and compared. This comparison generates an objective measure of agreement, the
bias, and its tolerance bounds. The measure of agreement is what the engineer presents to the decision
maker when asked about the validity of the results (see Bayarri et al. [33] for an example).

The decision maker, who has a particular risk tolerance, then decides whether the results are useful
for making the decision. This is a critical step. A useful model is one with predictive power that is sufficient
for making decisions with respect to the decision maker’s risk tolerance. This can only be assessed within
the overarching framework of decision making under uncertainty.

Once again, let us return to the door seal selection example.

5.4.4.4 Door Seal Selection Continued: Information Phase

In the Information Phase, the decision maker must decide either to continue collecting information or
to commit to a course of action. In this example, the decision would be either to conduct additional
analyses and/or experiments in order to better understand the performance and cost of the various door
seal design alternatives, or to select a door seal design and authorize any necessary changes to the
manufacturing system. “Selection,” in the context of this design decision, means that the decision maker
irrevocably allocates resources as the result of his or her actions. Thus, the selection of a door seal system
would occur in a binding fashion by signing a letter of intent or a contract with a supplier. Likewise
“authorization” of changes to the manufacturing system would include signing documents authorizing
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the exchange of funds from the vehicle program’s budget to the manufacturing facility. Until these actions
have occurred, no decisions have been made.

In this illustration, we know that the rubber model we use has some high uncertainty associated
with it. Two issues that could cause this high uncertainty are the material properties and the
nonlinear model used to analyze the potentially complex cross-section seal deflection characteristics.
In this case, the decision maker may find the tolerance bounds on the attribute calculations too
wide for the risk tolerance he has. He may ask the engineer to estimate the resource requirements
to improve the model to a certain tolerance level. The value of information is the cost of conducting
additional analyses relative to the changes we will see in the values of the alternatives as a result of
conducting the analyses. A question that can be answered from analyzing the decision diagram
shown in Figure 5.4 is: “Would a change in the information cause the decision maker to select a
different design alternative?” A change in information that does not change the preference order of
the design alternatives (i.e., order in terms of our value from highest to lowest; we prefer more profit
to less) is not worth conducting.

It is important to note that the need to improve a predictive model should be driven by the decision
it supports, not by the engineer who is constructing it. For example, if the dominant uncertainty
influencing this decision is the customer perception of wind noise for this vehicle, then the decision
maker will allocate his resources to reduce that uncertainty, not to improve the door seal model.

5.5 Concluding Comments and Challenges

In this chapter we have discussed why the use of nondeterministic methods is critical from a business
perspective. The VDP can be viewed as a series of decisions that are made by humans in an uncertain
and creative environment. Our methods for design need to acknowledge and embrace this reality. We
advocate a nondeterministic world view in a predominantly deterministically minded world. However,
thinking in terms of a number of possible outcomes with varying probabilities of achieving those
outcomes is a skill that very few people have developed. The fact that casinos and lotteries are thriving
businesses is a powerful testament to this. Getting entire organizations to the point that they have healthy
attitudes about decision making under uncertainty is a major challenge. This includes two key elements.
First, they must accurately identify possible future states and encode the uncertainties about their
potential occurrences, such that they migrate from “gambling” or overly risk-averse behavior to carefully
calculated strategies with favorable reward-to-risk ratios. Second, they must accept the aleatory uncer-
tainties that they cannot control and must migrate from the attitude that “they should have known” to
“they could not have known with certainty and they made the best decision that they could at the time.”
These are cultural changes that cannot be made quickly—but unless they are made, a decision-analytic
design framework such as the one we have described cannot flourish.

We have discussed the notion of using subjective probability as the overarching framework for decision
analysis. We believe that other uncertainty methods fit within this framework. However, turning this
notion around to where another uncertainty methodology is used as the overarching framework should
be explored and researched.

While we know that the use of validation metrics is essential to help inform the decision maker, the
technology for computing metrics like tolerance bounds for calculated attributes is still an area of research.
The main challenge lies in the cost and complexity of the data and calculations that need to be assembled
to estimate the tolerance bounds.

Uncertainty in calculating performance is intertwined with uncertainty in setting targets. The use of
probability-based specifications in a flow-down and roll-up balancing process requires further research.

Finally, in a large enterprise, it is critical to evenly develop analytical capability across all of the product
development disciplines. It would be difficult to operate a decision-making framework with varying levels
of underlying mathematical modeling across disciplines. Engineers, for example, might think that mar-
keting has sketchy data, has not really done any detailed analysis, and is just guessing. Marketing,
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meanwhile, might think that engineers are overanalyzing some mathematical minutia and are missing

some important elements of the big picture. The challenge is to make both sides recognize that they are

both partly right and can learn some valuable lessons from each other.
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6.1 Introduction

The response and evolution of mechanical, biological, and other systems subjected to some input can be
characterized by equations of the form

DX (x, 1)]=V(x,1), t20, xeDcRY, (6.1)

where D can be an algebraic, integral, or differential operator with random or deterministic coefficients
characterizing the properties of the system under consideration, ))(x,t) denotes an R*-valued random or
deterministic function, and d, d” >1 are integers. The output X’ depends on the properties of D and Y
and the initial/boundary conditions, which can be deterministic or random.

Four classes of problems, referred to as stochastic problems, can be distinguished, depending on the
systems and input properties: (1) deterministic systems and input, (2) deterministic systems and sto-
chastic input, (3) stochastic systems and deterministic input, and (4) stochastic systems and input. The
solution of the problems in these classes requires specialized methods that may involve elementary
probabilistic considerations or advanced concepts on stochastic processes.

It has been common to develop methods for solving stochastic problems relevant to a field of appli-
cations without much regard to similar developments in related fields. For example, reliability indices
developed for structural systems began to be used only recently in geotechnical and aerospace engineering
because they were perceived as applicable only to buildings, bridges, and other structural systems [1].
Methods for characterizing the output of mechanical, structural, electrical, and other systems subjected
to time-dependent uncertain input have been developed independently although the defining equations
for the output of these systems coincide [2, 3].

It is anticipated that the emphasis of future research on stochastic problems will be on the development
of methods for solving various classes of problems irrespective of the field of applications. This trend is
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a direct consequence of the interdisciplinary nature of current research. A broad range of stochastic
problems relevant to different fields can be described by the same equations. For example, the solution
of the random eigenvalue problem can be used to find directions of crack initiation in materials with
random properties, characterize the frequency of vibration for uncertain dynamic systems, and develop
stability criteria for systems with random properties.

This chapter (1) briefly reviews current methods for solving stochastic problems and (2) explores likely
future research trends in stochastic mechanics and related fields. The chapter is organized according to the
type of Equation 6.1 rather than the field of application in agreement with the anticipated research trends.
It includes four sections corresponding to the type of the operator D and the input ) in Equation 6.1.

6.2 Deterministic Systems and Input

Initial and boundary value deterministic problems have been studied extensively in engineering, science,
and applied mathematics. Engineers and scientists have focused on numerical results, for example, the
calculation of stresses and strains in elastic bodies, flows in hydraulic networks, temperatures in material
subjected to heat flux, waves in elastic media, and other topics [4, 5]. Applied mathematicians have focused
on conditions for the existence and uniqueness of a broad class of partial differential equations [6]. The
difference of objectives has resulted in a limited interaction between mathematicians and engineers/
scientists. Also, the engineers and scientists have emphasized numerical solutions for Equation 6.1 because
applications usually involve complex equations, which rarely admit analytical solutions.

6.2.1 Current Methods

Numerical solutions to problems in science and engineering are commonplace in today’s industry,
research laboratories, and academia. Together with analytical and experimental methods, numerical
simulations are accepted as an invaluable tool for the understanding of natural phenomena and the
design of new materials systems, processes, and products.

The finite element method reigns supreme as the method of choice in computational solid mechanics,
with the boundary element and finite difference methods running substantially far behind. While these
methods are extremely powerful and versatile, they are not optimal for all applications. For example,
some of the drawbacks of the finite element method are that it always provides a global solution, needs
domain discretization, and involves solution of large linear algebraic systems [7].

Global methods providing values of the stress, displacement, and other response functions at all or a
finite number of points of the domain of definition of these functions are generally used to solve
mechanics, elasticity, physics, and other engineering problems. These methods can be based on analytical
or numerical algorithms. The analytical methods have limited value because few practical problems admit
closed form solutions and these solutions may consist of slowly convergent infinite series [5]. The finite
element, boundary element, finite difference, and other numerical methods are generally applied to solve
practical problems. Some of the possible limitations of these numerical methods include: (1) the computer
codes used for solution are relatively complex and can involve extensive preprocessing to formulate a
particular problem in the required format, (2) the numerical algorithms may become unstable in some
cases, (3) the order of the errors caused by the discretization of the continuum and the numerical
integration methods used in analysis cannot always be bounded, and (4) the field solution must be
calculated even if the solution is needed at a single point, for example, stress concentration, deformations
at particular points, and other problems.

6.2.2 Research Needs and Trends

The analysis of complex multidisciplinary applications requires realistic representations for the operator
D and the input ) in Equation 6.1, as well as efficient and accurate numerical algorithms for solving
this equation. Also, methods for estimating or bounding errors related to numerical calculations and
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discretization need to be developed and implemented in future algorithms. For example, useful results for
the growth of microcracks in aluminum and other materials are possible if the analysis is based on (1) detailed
representations of the material microstructure at the grain level and (2) powerful and accurate numerical
algorithms for solving discrete versions of Equation 6.1 obtained by finite element or other methods.

Close interaction between engineers, scientists, and applied mathematicians is deemed essential for
developing efficient and accurate numerical algorithms for the solution of Equation 6.1 This interaction
is expected to deliver numerical algorithms needed to solve complex multidisciplinary applications
considered currently in science and engineering.

There are some notable developments in this direction. For example, recent work in applied mathematics
is directed toward the estimation of errors generated by various numerical solutions of Equation 6.1. Some
of these studies use probabilistic concepts for error quantification [8]. Also, alternative techniques to
the traditional numerical methods, referred to as local methods, are currently explored for solving locally
some types of partial differential equations. The methods delivers the solution of these partial differential
equations at an arbitrary point directly, rather than extracting the response value at this point from the
field solution, and are based on probabilistic concepts. The theoretical considerations supporting these
solutions are relatively complex. They are based on properties of diffusion processes, 1td’s formula for
continuous semimartingales, and Monte Carlo simulations [9-12]. However, the resulting numerical
algorithms for solution have attractive features. These algorithms are (1) simple to program, (2) always
stable, (3) accurate, (4) local, and (5) ideal for parallel computation ([13], Chapter 6).

Consider for illustration the Laplace equation

Au(x)=0, xeD, u(x)=¢(x), x€dD,,r=1,...,m (6.2)

where D is an open bounded subset in R? with boundaries oD, r=1,...,m, and & denote functions
defined on these boundaries. If m = 1, then D is a simply connected subset of R”. Otherwise, D is multiply
connected.

Denote by B an R?-valued Brownian motion starting at x € D. The samples of B will exit D through
one of the boundaries D, of D. Figure 6.1 shows three samples of a Brownian motion B in R and their
exit points from a multiply connected set D. Let T =inf{t >0:B(t) ¢ D} denote the first time B starting
at B(0) = x € D exits D. Then, the local solution of this equation is ([13], Section 6.2.1.3)

u(x)= Y E'IE(B(T))| B(T) €D, Ip, () (63)

where E* is the expectation operator corresponding to B(0)=x and p, (x) denotes the probability that B
starting at x exits D through oD.,.

For example, let u(x) be the steady-state temperature at an arbitrary point x = (x,x,) of an eccentric
annulus

Dz‘{(x],xz):xl2 +x§ -1<0, (x, —1/4)* +x§ —(1/4)* >0}

FIGURE 6.1 Local solution of the Laplace equation for a multiply connected domain D in R2
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in R? with boundaries oD, = {(xl,xz):xl2 +x22 —1=0} and 9D, ={(x,x,):(x, —1/4)? +x§ —(1/4)* =0}
kept at the constant temperatures 50 and 0, respectively. The local solution in Equation 6.3 is u(x) = 50 p, (x)
for any point x € D. Because p,(x) cannot be found analytically, it has been calculated from samples of B
starting at x. The largest error recorded at x =(0.7,0), (0.9,0), (0,0.25), (0,0.5), and (0,0.75) was found
to be 2.79% for n,= 1,000 independent samples of B with time steps mit At =0.001or 0.0001. Smaller time
steps were used at points x close to the boundary of D. The error can be reduced by decreasing the time
step or increasing the sample size. The exact solution can be found in [5] (Example 16.3, p. 296).

6.3 Deterministic Systems and Stochastic Input

Generally, the input to biological, electrical, mechanical, and physical systems is uncertain and can be
modeled by stochastic processes. The output of these systems is given by the solution of Equation 6.1
with D deterministic and )} random.

Records and physical considerations are used to estimate — at least partially — the probability law of
these processes. For example, the symmetry of the seismic ground acceleration process about zero
indicates that this process must have mean 0 and that its marginal density must be an even function. It
is common to assume that the ground acceleration process is Gaussian although statistics of seismic
ground acceleration records do not support this assumption ([14], Section 2.1.4). On the other hand,
pressure coefficients recorded in wind tunnels at the eaves of some building models exhibit notable
skewness, as demonstrated in Figure 6.2.

The broad range of probability laws of the input processes in these examples show that general Gaussian
and nonGaussian models are needed to describe inputs encountered in applications.

6.3.1 Current Methods

Most available methods for finding properties of the output X of Equation 6.1 have been developed in
the framework of random vibration [3, 15]. The methods depend on the system type, which defines the
functional form of the operator D in Equation 6.1, input properties, and required output statistics. For
example, the determination of the second-moment output properties for linear systems subjected to white
noise involves elementary calculations, and can be based on a heuristic second-moment definition of the
driving noise. If the noise is assumed to be Gaussian, then the output ) is Gaussian so that the probability
law of Y is completely defined by its second-moment properties. On the other hand, there are no general
methods for finding the probability law of the output of a linear system subjected to an arbitrary
nonGaussian input. Similarly, the probability law of ) for nonlinear systems can be found only for some
special input processes. For example, it can be shown that the marginal distribution of the output of these
systems subjected to Gaussian white noise satisfies a partial differential equation, referred to as the Fokker-
Planck equation, provided that the white noise input is interpreted as the formal derivative of the Brownian
motion or Wiener process ([13], Section 7.3.1.3). Unfortunately, analytical solutions of the Fokker-Planck
equation are available only for elementary systems and numerical solutions of this equation are possible
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FIGURE 6.2 A record of pressure coefficients.
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only for small dimension output processes ([13], Sections 7.3.1.3 and 7.3.1.4). This limitation is the main
reason for the development of a variety of heuristic methods for solution; for example, equivalent linearization,
moment closure, and other techniques ([13], Sections 7.3.1.1 and 7.3.1.5).

The above exact and approximate methods have been used to model climatic changes, describe the
evolution atomic lattice orientation in metals, and perform reliability studies in earthquake engineering
and other fields ([13], Sections 7.4.1.1, 7.4.2, 7.4.3, and 7.4.4). Early applications encountered difficulties
related to the interpretation of the white noise input as a stationary process with finite variance and
correlation time approaching zero. These difficulties have been gradually overcome as differences between
physical white noise and mathematical white noise and between the It6 and Stratonovich integrals were
understood ([16], Section 5.4.2). A significant contribution to the clarification on these issues has been
the available mathematical literature on stochastic differential equations [17].

6.3.2 Research Needs and Trends

There are no general methods for finding the probability law of the output of linear systems subjected
to arbitrary nonGaussian input processes and nonlinear systems with Gaussian and nonGaussian input.
An additional difficulty relates to the limited number of simple models available for representing non-
Gaussian input processes, for example, the process in Figure 6.2. A close interaction between engineers,
scientists, and mathematicians is needed to overcome some of these difficulties.

Recent research addresses some of these needs. For example, efficient simple methods have been
developed for calculating moments of any order for the state of linear systems driven by a class of non-
Gaussian processes defined as polynomials of Gaussian diffusion processes. The analysis is based on
properties of diffusion processes and Itd’s calculus ([13], Section 7.2.2.3). For example, consider the
linear system

n

X0 +20v X0+ X(0)= Y a S (6.4)

1=0

where dS(t)=-aS(t)dt+0~ 200 dB(t), >0, O, {>0, and V>0 are some constants, B denotes a
Brownian motion, n>1 is an integer, and g, are continuous functions. The process X represents the
displacement of a linear oscillator with natural frequency v and damping ratio ¢ driven by a polynomial
of the Ornstein-Uhlenbeck process S.

The moments u(p, g, r; t) = E[X(¢)” X()1S(t) Jof orders=p+ g+ rof Z = (X, X, S) satisfy the ordinary
differential equation

Q@p,grst)=pu(p—1,9+1,rt)—qv: u(p+1,q9-1,r;t)

~(@B+ro)p(p,ar0+q Y aOup a=1,r+11)

1=0

+r(r=1)ac’ u(p, g,r—2;1) (6.5)

at each time t, where B=2{Vv and u(p, g, r; t) =0 if at least one of the arguments p, g, or r of L(p, g, 7;t)
is strictly negative. The above equation results by taking the expectation of the It6 formula applied to
the function X(t)” X(£)?S(t)" ([13], Section 4.6).

If (X, X, S) becomes stationary as t — oo, the stationary moments of this vector process can be obtained
from a system of algebraic equations derived from the above moment equation by setting f(p, g, r; ) =0.

Table 6.1 shows the dependence on damping B =2{V of the coefficients of skewness and kurtosis of
the stationary process X for vi=1.6, v* =9.0, and the input Z,”:Oa,(t)S(t)) with n = 2, ay(t) = a,(t) = 0,
ay(t) = 1, ®=0.12,and o =1. The skewness and the kurtosis coefficients are increasing functions of .
If the linear system has no damping (f=0), these coefficients are 0 and 3, respectively, so that they match
the values for Gaussian variables. This result is consistent with a theorem stating roughly that the output
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TABLE 6.1 Coefficients of Skewness and Kurtosis of the Stationary Displacement X of
a Simple Linear Oscillator Driven by the Square of an Ornstein-Uhlenbeck Process

Skewness Kurtosis
B 12=1.6 12=9.0 2=1.6 12=9.0
0 0 0 3 3
0.25 1.87 1.79 9.12 8.45
0.5 2.48 2.34 11.98 11.24
1 2.84 2.72 13.99 13.32
1.5 2.85 2.77 14.51 13.95

of a linear filter with infinite memory to a random input becomes Gaussian as time increases indefinitely
([14], Section 5.2). The linear filter in this example has infinite memory for 8 =0. Similar results are
available for linear systems driven by Poisson white noise interpreted as the formal derivative of the
compound Poisson process ([13], Section 7.2.2.3). There are some limited research results on the output
of nonlinear systems to Gaussian and nonGaussian input. For example, simple tail approximations have
been recently found for the output of simple nonlinear systems with additive Lévy noise, interpreted as
the formal derivative of a-stable processes [18]. Also, partial differential equations have been developed
for the characteristic function of the output of some linear and nonlinear systems subjected to Gaussian
white noise ([13], Section 7.3.1.2). These preliminary results need to be extended significantly to be
useful in applications.

The Monte Carlo method is general in the sense that it can be used to estimate the probability law of
the output for arbitrary systems and input processes. However, its use is limited because the computation
time needed to calculate the system output to an input sample is usually excessive in applications. Hence,
only a few output samples can be obtained within a typical computation budget so that output properties
cannot be estimated accurately. Several methods are currently under investigation for improving the
efficiency of current Monte Carlo simulation algorithms. Some of these methods constitute an extension
of the classical importance sampling technique for estimating expectations of functions of random
variables to the case of stochastic processes, and are based on Girsanov’s theorem ([19]). Additional
developments are needed to extend the use of these methods from elementary examples to realistic
applications. The essentials of the importance sampling method can be illustrated by the following
example.

Let P =P(X € D) and Pf = P(X € D°) denote the reliability and probability of failure, where D c R4
is a safe set. The probability of failure is

Pf=JRdlpﬁ(x)f(x)dszP[ch(X)] or Pf=J. |: ()f(( ))i| (x)dx=E |:1 (X)f((i):|

where f and g are the densities of X under the probability measures P and Q, respectively. The measure
P defines the original reliability problem. The measure Q is selected to recast the original reliability
problem in a convenient way. The estimates of P by the above two formulas, referred to as direct Monte
Carlo and importance sampling, are denoted by p £ e and p .19 Tespectively.

Let X have independent N(0, 1) coordinates and D be a sphere of radius r > 0 centered at the origin
of RY that is, D={xeR"||x|| <r},for d=0. The density g corresponds to an R?-valued Gaussian
variable with mean (r,0,...,0) and covariance matrix 6 i, where ¢ >0 is a constant and i denotes the
identity matrix. The probability of failure P/ can be calculated exactly and is 0.053, 0.8414 x 107, and
0.4073 x 10 for r = 5, 6, and 7, respectively Estimates of P, by direct Monte Carlo simulation based on
10,000 independent samples of X are p e = 0.0053, 0.0, and 0.0 for r = 5, 6, and 7, respectively. On the
other hand, importance sampling estimates of P, based on 10,000 independent samples of X are p 5=
0.0; 0.0009; 0.0053; 0.0050; 0.0050, pf s = 0.0001 % 10- 4 0.1028 x 107 0.5697 x 1074 1.1580 X 10 4
1.1350 X 104, and p s = 0.0; 0.0016 x 10" =65 0.1223 X 10‘6 0.6035 % 107% 0.4042 x 107° for r = 5, 6,
and 7, respectively. The values of pf s for each value of r correspond to o= 0.5 1; 2; 3; 4,
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respectively. The direct Monte Carlo method is inaccurate for relatively large values of r, that is,
small probabilities of failure. The success of the importance sampling method depends on the density
q. For example, i’f,zs is in error for d=10 and 0 =0.5 but becomes accurate if o is increased to 3 or
4. Details on these calculations can be found in ([13] Section 5.4.2.1).

6.4 Stochastic Systems and Deterministic Input

The solution of Equation 6.1 with stochastic operator D and deterministic input ) is relevant for many
problems in science and engineering. For example, this solution can be used to calculate effective
properties for random heterogeneous materials; develop criteria for the stochastic stability of mechanical,
biological, and other systems; and examine localization phenomena in nearly periodic systems ([13],
Section 8.1).

6.4.1 Current Methods

There is no general methodology for the solution of Equation 6.1 with stochastic operator D and deter-
ministic input Y. The available methods for solution can be divided in several classes, depending on the
form of Equation 6.1, the level of uncertainty in D, and the objective of the analysis. If the uncertainty
in D is small, moments and other properties of the solution X can be obtained approximately by Taylor
series, perturbation, Neumann series, and other methods. These methods are based on relatively simple
probabilistic concepts, and can also be used to characterize partially the eigenvalues and eigenfunction
of the homogeneous version of Equation 6.1 and calculate approximately effective properties for random
heterogeneous materials ([13], Sections 8.3.2, 8.4.2, and 8.5.2.4). On the other hand, methods for
evaluating the stability of the stationary solution for a class of equations of the type in Equation 6.1 and
assessing the occurrence of localization phenomena are based on properties of diffusion processes and
It6 calculus ([13], Sections 8.7 and 8.8).

The Monte Carlo simulation method can be used to estimate the probability law of the solution of the
version of Equation 6.1 considered here. The method is general but can be impractical in some applications
because of excessive computation time. Also, the use of this method requires one to specify completely
the probability law of all random parameters in Equation 6.1 even if only a partial characterization of
the output is needed. This requirement may have practical implications because the available information
is rarely sufficient to specify the probability law of the uncertain parameters uniquely.

6.4.2 Research Needs and Trends

At least two research areas have to be emphasized in future studies: (1) the development of more powerful
probabilistic models for the representation of the uncertain coefficients in Equation 6.1 and (2) the devel-
opment of general and efficient methods for solving this equation. Research in these areas is essential for
the formulation and solution of stochastic problems of the type considered in this section, and requires a
close collaboration between engineers, scientists, and applied mathematicians.

Recent work seems to address some of these research needs. For example, new probabilistic models
are currently being developed for random heterogeneous materials [20]. Generally, these models are
calibrated to the available information consisting of estimates of the first two moments of some material
properties, so that there exists a collection of random fields consistent with this information. The selection
of an optimal model from this collection has not yet been addressed systematically in a general context.
Model selection is a relevant research topic because the properties of the output corresponding to models
of D that are consistent with the available information can differ significantly. For example, suppose
that Equation 6.1 has the elementary form

Y=i, X>0a.s. (6.6)
X
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FIGURE 6.3 Histograms of Y for two models of X with the same mean u = 1, variancec? = a%/3, and a = 0.95.

where Y can be interpreted as the tip deflection of a cantilever with stiffness X. Suppose that the available
information on the uncertain parameter X in D is limited to the first two moments of X and the require-
ment that X > 0 with probability 1. Let ¢t = E[X] and 0’ = E[(X — u)*] denote the mean and variance of
X. Hence, any random variable with range in (0, e) and first two moments (i, o) is a valid model for
the beam stiffness. Figure 6.3 shows histograms of Y for two models of X with mean =1, variance
0’ =a’/3, and a = 0.95. The left plot is for X uniformly distributed in the interval (1—a, 1 +a), and
the right plot is for X assumed to follow a triangular density in the range (1—hB3,1+2h3) with the
nonzero value at the left end of this interval and h=a+/6. The histograms of the output Y differ
significantly although correspond to models of X that are consistent with the available information.

Similar results can be found in [21], where several random fields are used to represent a two-phase
microstructure. The second-moment properties of these fields and the target microstructure nearly coincide.
However, other microstructure properties predicted by these fields differ significantly, for example, the
density of the diameter of the phases generated by these fields. This lack of uniqueness can have notable
practical implications.

There is limited work on the selection of the optimal model from a collection of probabilistic models
for D consistent with the available information.

Also, new methods for finding effective properties of a class of multiphase microstructures described by
versions of Equation 6.1 are under development. These methods are based on multiscale analysis, are devel-
oped in the context of material science, and involve engineers, scientists, and applied mathematicians [22].

6.5 Stochastic Systems and Input

In most applications, both the operator D and the input Y in Equation 6.1 are uncertain. The forms of
this equation considered in the previous two sections are relevant for applications characterized by a
dominant uncertainty in input or operator. If the uncertainty in both the input and the output is weak,
Equation 6.1 can be viewed as deterministic.

6.5.1 Current Methods

Monte Carlo simulation is the only general method for solving Equation 6.1. The difficulties involving
the use of this method relate, as stated previously, to the computation time, which may be excessive, and
the need for specifying completely the probability law of all random parameters in D and .

Some of the methods frequently applied to find properties of ) in Equation 6.1 constitute direct
extensions of the techniques outlined in the previous two sections. For example, conditional analysis is
an attractive alternative when D depends on a small number of random parameters so that for fixed
values of these parameters the methods applied to solve Equation 6.1 with deterministic operator and
stochastic input apply. Methods based on Taylor, perturbation, and Neumann series can also be used for
finding properties of X’ approximately. Other approximate methods for solving Equation 6.1 can be
found in ([13] Section 9.2).
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Over the past 15 years there have been many studies attempting to extend the finite element and other
classical numerical solutions used to solve the deterministic version of Equation 6.1 to the case in which
both the operator and the input of this equation are uncertain. Unfortunately, these extensions, referred
to as stochastic finite element, finite difference, and boundary element, fell short of expectations. The
solutions of Equation 6.1 by these methods are based on (1) approximations of the solution by Taylor,
perturbation, or Neumann series for cases in which the uncertainty in D is small (13], Section 9.2.6);
(2) approximations of the solution by polynomial chaos, that is, sums of Hermite polynomials in Gaussian
variables [23]; and (3) formulation of the solution as a reliability problem so that FORM/SORM and
other approximate methods for reliability analysis can be used for solution [1].

The Monte Carlo simulation method and many of the above approximate methods have been applied
to solve a variety of problems from mechanics, physics, environment, seismology, ecology, and other
fields. In addition to these methods, alternative solutions have been used to solve particular applications.
For example, properties of diffusion processes and the It6 calculus have been used to characterize noise
induced transitions in a randomized version of the Verhulst model for the growth of a biological
population ([13], Section 9.4.3) and find properties of the subsurface flow and transport in random
heterogeneous soil deposits ([13], Section 9.5.3).

6.5.2 Research Needs and Trends

Methods are needed for solving efficiently and accurately Equation 6.1 for a broad range of stochastic
operators D and input processes ). It may not be possible to develop a single method for solving an
arbitrary form of Equation 6.1. The contribution of applied mathematicians to the development of
solutions for Equation 6.1 may be essential for advances in this challenging area.

There are some limited developments that provide approximate solutions to Equation 6.1. For example,
equations can be developed for the gradients of the solution X with respect to the uncertain parameters
in D. These gradients, referred to as sensitivity factors, and the uncertainty in the random parameters
in D can be used to identify the most relevant sources of uncertainty and calculate approximately
properties of the output X. For example, let X(#; R) be the solution of the differential equation

dX(t; R)=—RX(t; R)+0dB(t), t=0, (6.7)

where the random variable R with mean p_and variance o is strictly positive, ¢ is a constant, and B
denotes a Brownian motion. Consider the first order approximation

X(t; R) = X6 u)+Y(5 u )R- ), (6.8)

of the solution of the above equation, where the sensitivity factor Y(t; i) is the partial derivative
0X(t; R)/OR evaluated at R = . The sensitivity factor Y(t; i ) is the solution of the differential equation

dy(t p,)=—p Yt u,)dt— Xt p,)dt (6.9)

derived from Equation 6.7 by differentiation with respect to R and setting R = 1. The defining equations
for X(t; u,) and Y(t; p,) can be considered simultaneously and solved by classical methods of linear
random vibration. Figure 6.4 shows the evolution in time of the exact and the approximate variance
functions of X(¢; u,) and X(t; R), respectively, for X(0) =0, o= ~ﬁ, 4, =land o, = 1.4/~\°“‘E. The plots
show that the uncertainty in R increases notably the variance of the process X. The use of sensitivity
analysis replaces the solution of a differential equation with random coefficients and input with the
solution of two differential equations with deterministic coefficients and stochastic input.
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6.6 Comments

The formulation and solution of the future problems encountered in science and engineering require (1)
extensive interaction between experts from different disciplines and (2) methods for solving stochastic
problems that focus on the functional form of the defining equations rather than the particular field of
application. The contribution of applied mathematicians is considered to be essential for these developments.

Two research directions have been identified as critical. The first relates to the development of prob-
abilistic models capable of representing a broad range of input processes and characteristics of uncertain
systems. Moreover, practical methods are needed to select optimal models from a collection of random
variables, stochastic processes, and random fields whose members are consistent with the available
information. Some useful results have already been obtained in this area.

The second direction relates to the development of efficient and accurate numerical algorithms for
solving complex algebraic, differential, and integral equations with random coefficients and input. Sig-
nificant work is needed in this area.
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7.1 Background

As with all probability-related methods, nondeterministic analysis (NDA) methods have gone through
numerous cycles of interest to management and as topics of investigation by a wide spectrum of engineering
disciplines. In concert with these cycles has been the support for research in NDA methods. As always,
research funding is ultimately driven by the perceived benefit that decision makers from management and
engineering feel is to be gained by the time and money needed to support the inclusion of nondeterministic
methods in their project.

The focus of this chapter is a suggested research direction or focus that I believe will result in non-
deterministic methods having more value to the broad spectrum of customers and will, as a result, become
more tightly woven in the overall systems design and analysis process.

From a broad perspective, future research in the NDA area needs to begin to focus on being applicable
across the entire systems design process, through all phases of initial design conception and across the
entire system life cycle. Historically, the NDA field has tackled important pieces of the process and a
number of very elegant mathematical techniques have been developed. However, there are areas where
there remains much to be done. Inherent with these areas is the critical need for direct or indirect
customers to see the value added via the application of NDA methods: How are NDA methods going to
permit better system level decisions? Will these methods shorten my time to market? How are NDA
methods going to provide information regarding trade-off during design?

By its nature the system engineering process is adrift in a sea of information and data: field data on
similar components, handbook data on material properties, laboratory test results, engineering experi-
ence, etc. A complete “information science” has grown around the collection, storage, manipulation, and
retrieval of information. Perversely, as expansive as this information space appears, the information is
incomplete. A critical goal of nondeterministic methods is to characterize or quantify this lack of
information.
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Historically, research into nondeterministic methods has focused on point estimates and amalgamation
of those estimates into a point estimate at the system level. To demonstrate the value of NDA methods,
researchers must move outside the “point estimate” box. From a broad perspective, challenges facing
researchers in the NDA field include:

+ Relating lower-level analyses to system level performance through a more objective integration of
information and by identifying those aspects of the system where generation of additional infor-
mation (e.g., focused testing or simulation) will reduce the uncertainty in system performance.
The majority of the discussion in this chapter focuses on this particular challenge.

+ Characterization of the uncertainty associated with degradation in system performance through-
out the life cycle of the system. The integration of temporal system characteristics and spatial
properties result in an extremely complicated analysis problem. Yet with the aging civil infrastruc-
ture and the increased dependence by military organizations on long-term storage of complex
electronics and materials, characterization of time-dependent system behavior is becoming a
critically important part of the decision-making process. However, as Niels Bohr noted, prediction
is extremely difficult — especially about the future.

+ The logical next step is the combination of the first two challenges: development of techniques to
combine information from accelerated laboratory tests, results from periodic testing of system
articles, and output from computer simulation models to anticipate failure and better plan main-
tenance support will be a particularly challenging task.

Information comes at a price — nondeterministic methods can be a powerful tool for placing value
on this information. Beyond the above challenges, new directions for research in NDA methods are likely
to be in support of information science and, in turn, the systems engineering process. The value of all
information lies in the ability to reduce the uncertainty associated with the consequences of the solution
chosen. Nondeterministic methods provide the potential for answering many questions, including: What
is the likelihood that the system will perform as needed now and in the future, and where should the limited
resources be allocated: in materials testing, complex computer modeling, component testing or system testing
to be as confident as possible in how the system will perform?

7.1.1 Critical Element of the Design Process

Systems engineering is a multidisciplinary approach to problem solution that ensures that system require-
ments are satisfied throughout the entire system life cycle. This approach has gained popularity because
of its proven track record in increasing the probability of system success and reducing costs through the
entire life of the system.

Figure 7.1 depicts the systems engineering process used by Lockheed-Martin [1]. This is a common
approach: “pushing” information down based on top-level requirements while simultaneously “pulling”
information up from lower-level analyses. Figure 7.2 is a similar depiction focusing on the application
of nondeterministic methods. Top-level requirements drive subsystem requirements, component require-
ments, etc. Application of nondeterministic methods are often applied to either amalgamate failure modes
or integrated with simulation models (e.g., finite element model, electrical circuit simulation). In either
case, these models are often supported in turn by complex materials aging models.

Regardless of the particular perspective on system engineering, the critical point is the recognition
that resources expended on each subsequent level of indenture are driven by the impact that analysis at
the lower level will have on the characterization of the top-level system. The overriding goal is to assess
the impact of various uncertainties associated with internal and external variables on the uncertainty in
system performance: an estimate in the probability that the system will perform, in conjunction with the
confidence that we have in that estimate.

Clearly, a balance must be obtained between the information gained from testing and modeling at
various levels of system indenture, the resources required to perform testing and develop models, and the
uncertainties associated with predicting system performance. The ability to logically combine information

Copyright 2005 by CRC PressLLC



Ve
System )
Management
/t & Design
Analysis Results Requirements

& Data
Subsystem

Management
& Design

M
JX

Analysis Results
& Data Component ]

N\

Requirements

Management
& Design

Y4
AN

Analysis Results Material Requirements

& Data
Management
& Design

FIGURE 7.1 Systems engineering process.

)
|/

from these various areas — as well as the organization, characterization, and quantification of this myriad
of uncertainties — are critical elements of the system design and analysis processes. Importantly, although
the ultimate objective is to obtain accurate predictions, it must be recognized that real merit also exists
for simply obtaining more robust solutions than are presently possible (i.e., simply improving the confi-
dence in the estimates of useful life).

7.1.2 The Need for a New Approach

As noted by the Greek philosopher Herodotus in roughly 500 B.C., “A decision was wise, even though it
led to disastrous consequences, if the evidence at hand indicated it was the best one to make; and a
decision was foolish, even though it led to the happiest possible consequences, if it was unreasonable to
expect those consequences.” Fundamental to implementing a systems approach will be the need to
consider all the evidence at hand through the use of nondeterministic methods, in particular through a
Bayesian approach. Classical statistical methods, those based on a frequency approach, permit the com-
bination of point estimates but stumble when confidence in system-level performance must be charac-
terized. In addition, classical Bayesian methods permit the logical combination of test data but do not
fully incorporate all available information. Specifically, classical Bayesian methods assume that the articles
under test are not related in any manner although the articles may be identical. Alternatively, hierarchical
Bayesian methods permit the relationship between test articles to be explicitly included in the analysis.
In particular, the use of this more modern methodology provides a formal process for synthesizing and
“learning” from the data that is in agreement with current information sciences. It permits relevant expert
opinion, materials aging, sparse field data, and laboratory failure information to be codified and merged.
In addition to providing an objective means of combining information, Bayesian methods provide a
structured tool for robust model development. For example, if laboratory experiments and detailed math-
ematical simulations are too expensive, empirical models based on data from field measurements and
component/subsystem testing can drive model refinement. In addition, this methodology has the potential
to address both failures due to aging effects and random failures due to unaccounted-for latent defects.
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The foundation for what is referred to today as Bayesian analysis was first formalized by Presbyterian
minister Thomas Bayes of Tunbridge Wells, Kent. His article entitled “Essay towards Solving a Problem
in the Doctrine of Chances” was published posthumously in 1763 in the Philosophical Transactions of the
Royal Society of London. However, the work was rediscovered in 1774 by Pierre Laplace and it is his (i.e.,
Laplace’s) formulation that is commonly referred to today as Bayes theorem.

In the early twentieth century, mathematicians became uncomfortable with the concept of only using
available information to characterize uncertainty. The concept of long-run relative frequency of an event
based on an infinite number of trials became popularized by researchers such as Kolomogorov, Fischer,
and Neyman, among others. Practitioners of this latter mathematical philosophy are commonly referred
to as Frequentists. However, because it was actually impossible to observe an infinite number of trials,
various data transformations (i.e., statistics) were developed. The result has been an array of different
statistics for different applications, leading to the cookbook type of statistics commonly practiced today.

At about this same time, Jefferys [2] published one of the first modern books on Bayes theory,
uncovering the work by Laplace many years earlier. Unfortunately, the work appeared at the same time
that maximum likelihood estimation was being popularized in the literature and much of the potential
impact was not realized.
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In recent years, the work of Bayes, Laplace, and Jefferys has received increasing attention for a wide
variety of related reasons. Information sciences and the rise of decision theory as an aid to management
are the most recent additions to the list. For engineers, the high cost of testing has led to a push to
investigate some alternative means to extort as much information as possible from existing data.

To appreciate why alternative methods of processing information are important, consider the problem
of a bag containing five red balls and seven green balls [3]. On a particular draw we choose a ball, with
probability 5/12 and 7/12 of picking a red or a green ball, respectively. If, after the initial selection, the
ball is not returned to the bag, then the chance of picking either a green or red ball on the next selection
depends on the prior selection. On the other hand, if no information regarding the result of the first
selection is available and a green ball is chosen on the second draw, what can be said about the probability
of choosing a red or green ball on the first pick? Intuition suggests that the results of the second selection
should not influence the probability of choosing a red or green ball on the first draw. However, before
answering this, consider the situation where there is only one red ball and one green ball in the bag.
Clearly, the information available as a result of the second draw influences the guess as to the first selection.
It is this use of information in a conditional manner that provides additional insight into problems not
otherwise possible and is the key to a Bayesian approach to test plan design and data analysis.

Beyond costly system-level testing, possible information sources include materials testing, subsystem
laboratory testing as well as data from similar systems, and finally computer simulations. From the
perspective of increasing confidence in the final decision (within budget constraints), it is of immense
importance to efficiently use information from all available sources. For example, information from
analysis or testing at the subsystem level is commonly used to make system-level assessments because
laboratory testing is generally much less expensive than full system testing in an operational environment.

This approach has been particularly appealing for those situations where extensive system testing is
impractical for a variety of reasons (e.g., cost of prototype development) or even impossible due to
international treaties (e.g., nuclear weapons). While there is no substitute for full-scale testing in a realistic
operational environment, it is always difficult to justify not considering data from all relevant sources.

The use of condition-based logic — given this information, then I expect these results — contrasts
greatly with the more popular approach — this exact situation has happened many times, so I expect it
will happen again — or equivalently — this has never happened before so it will never happen in the
future. The application of Bayesian methods, and inductive reasoning in general, permits the analyst to
provide answers to a variety of questions with increased confidence. For engineers, Bayesian methods
provide a logical, structured approach to assess the likelihood of new events that are outside the current
reality and cannot be directly measured.

7.2 An Inductive Approach

From basic probability theory the conditional distribution of variable Y given variable X is defined as:

_f»nx)
flylx A

where f(y, x) is the joint density function of (Y, X) and f (x) is the marginal density function for
random variable X. Because we know that: f(y, x) = f(y)f (x| y), it follows that:

Fir|x) = fOnx) _ fWf|y) _ ffy) _ f0f(x|y) o

summarizing the foundation of Bayes theorem. The distribution f(y) characterizes random variable Y
before information about X becomes available and is referred to as the prior distribution function.

Copyright 2005 by CRC PressLLC



Similarly, the distribution f(y|x) is referred to as the posterior distribution. Note also that because
| f()f(x|y)dy depends only on the X and not on Y, the integration is simply a normalization constant
and therefore:

flylx) e f(y)f(x]y)

The distribution f(x|y)=1(y|x) and is referred to as the likelihood function, incorporating informa-
tion available about X into the characterization of Y.

In our context, to contrast Bayes theorem with the traditional Frequentist approach, let us characterize
a random variable Y, probability density function f(y), with for example a parameter vector 0 ={o, 3}.
From a Frequentist perspective, the parameters o and f are fixed quantities that can be discovered
through repeated observation. However, from a Bayesian point of view, parameter 0 is unknown and
unobservable. Further, the probability that a sequence of values is observed for Y is explicitly conditioned
on the value that this parameter assumes that:

fOoyyesy,10)

7.2.1 Family of Bayesian Methods

As previously alluded to, within the family of Bayesian analysis techniques there are two broad frame-
works: (1) empirical Bayes and (2) hierarchical Bayes. The classifications “empirical” and “hierarchical”
are unfortunately all too common in the literature; all Bayesian methods are empirical in nature and all
can be described as being hierarchical in the fashion in which data is accumulated.

Hierarchical Bayes is the more recent addition to the family, is considerably more efficient than the
empirical Bayesian approach, and is suggested as the general direction for future research. The hierarchical
Bayes approach is also less sensitive to the choice of the prior distribution parameters, typically the focus
of a great deal of emotional discussion.

7.2.1.1 Empirical Bayes

The foundation for empirical Bayes — or more specifically, parametric empirical Bayes — has been in
place since von Mises in the 1940s, but really came into prominence in the 1970s with the series of papers
by Efron and Morris, (see, e.g., [4]). There have been a number of excellent publications in which the
authors have made the effort to explain the theory and logic behind empirical Bayes and its relationship
to other statistical techniques [5, 6].

Again, consider the random variable Y, probability density function f(y), with for example a param-
eter vector 0 ={o, B}. From an empirical Bayes perspective, Y is explicitly conditioned on the value that
this parameter assumes that f(y,, y,,..., 7, |0), where 0 ={o, B} is unknown, unobservable, and the
prior beliefs about 0 are estimated from data collected during analysis.

However, some subtle problems exist with the empirical Bayesian approach. First, point estimates for
the prior parameters lack consideration for modeling uncertainty. Second, in general, any available data
would have to be used once to form a prior and then again as part of the posterior; that is, data would
be used twice and result in an overly conservative estimate of the elements of 0.

In general then, empirical Bayesian methods represent only an approximation to a full Bayesian
analysis. They do not represent a true Bayesian analysis of the data because a traditional statistical
approach is used to estimate the parameters of the prior distribution. Alternatively, in a hierarchical
Bayesian approach, data analysis, and all prior and posterior distribution characteristics are estimated in
an integrated fashion.

7.2.1.2 Hierarchical Bayes

The distinguishing feature of this Bayesian technique is the hierarchical nature in which information is
accumulated. Using the example from the previous section, it is now assumed that the parameter
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0 = {o, B} is an unknown hyperparameter vector described via a prior distribution f(6). Now it is assumed
that 0 is also a random variable and the uncertainty in the hyperparameters is addressed explicitly. For
example, the complete Bayesian analysis for characterizing the density function f(c|y)requires a descrip-
tion of the vector of random variables 0 = {c, 8} with joint prior distribution:

few B) = fle| Bf(B)

and joint posterior distribution:

fO]y)e< flo, Pller, Bly)
= flo, Bf(y |, B)

(7.2)

Note that the joint posterior density function f(ct, #|y) can be written as a product of the hyperprior
£(8), the population distribution f(ct| ), and the likelihood function 1(8|y). Under the assumption
of an independent and identically distributed set of samples, y={y,,..., ¥y}, an analytical expression
for the conditional posterior density of f(ct|,y), can be easily constructed as the product of the density
functions f(y,).

In the case of conjugate density functions, a solution is available directly. Once an expression for the
joint posterior function is found, the marginal posterior distribution can be found through direct
evaluation or via integration:

__fely) _
flely= 7l [ st ly)ap. (7.3)

Because it is rare that either direct evaluation or integration is possible, an alternative is the use of
simulation to construct the various conditional density functions:

+ Generate a sample of the hyperparameter vector  from the marginal distribution function,
fBly)-

+ Given f, generate a sample parameter vector ¢ from f(oc| S, y).

+ A population sample can be then be generated using the likelihood function I(y|ea, ).

(For a more detailed discussion see the summary by Robinson [7].) Generally, these steps will be difficult
to accomplish due to the problems associated with generating samples from complex conditional distri-
butions. A simulation technique particularly suited for this task, Markov Chain Monte Carlo simulation,
is introduced in the following section. Two recent applications of hierarchical Bayesian methods in the
structural reliability area that utilize this approach are Wilson and Taylor [8] and Celeux et al. [9]. Because
of the truly objective fashion with which data is integrated together, further efforts in the hierarchical
Bayesian area hold the most promise for further research. A key piece of technology that makes the use
of hierarchical Bayesian methods possible is Markov Chain Monte Carlo simulation [10].

7.3 Information Aggregation

Before addressing the challenge of aggregating data from various sources and levels of analysis, it is
important to understand a key difference (and benefit) between Frequentist and Bayesian analysis tech-
niques: the interpretation of confidence statements. It is the unique nature with which confidence intervals
are interpreted in Bayesian methods that suggests their use in a systems engineering framework by
permitting the aggregation of information.
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7.3.1 Confidence Intervals

A Frequentist does not view the system parameters as random variables but rather as constants that are
unknown. As such, it is not possible to make statements regarding the probability that the parameters lie
within a particular interval. To characterize confidence intervals from a Frequentist perspective, it is
necessary to imagine a very large (potentially infinite) ensemble of tests. All parameters in each group
of tests are assumed to be held fixed, with the exception of the parameter of interest (e.g., system
reliability). Therefore, the reliability of each group will be different and can be calculated. After an
extremely large number of groups are tested and the reliability calculations collected, a fraction of
reliability values would fall within a band of reliabilities. This “band” is referred to as a confidence interval
for the reliability (see Figure 7.3).

Note that a large number of groups of tests are not actually conducted but are only imagined. It also
bears repeating that, because system reliability is not a random variable, it cannot be stated that there is
a probability that the true reliability falls within these confidence intervals.

The Bayesian interpretation of confidence intervals is slightly less abstract. Under a Bayesian approach,
the reliability of the system is a random variable with density function f(p). The parameters of the density
function can be estimated from existing data, as in the case of empirical Bayesian methods, or can also
be random variables with associated probability density functions (e.g., hierarchical Bayes).

In any case, because the reliability is a random variable, it is possible to make probability statements
regarding the likelihood of the true reliability being in a particular interval as depicted in Figure 7.4. And
because the reliability of each subsystem is a random variable, it will be seen that the aggregation of
information from various sources and levels of analysis is therefore straightforward.

7.3.2 Data Congeries

A number of authors have suggested methods for combining subsystem and system data into congeries
under a Bayesian framework (see, e.g., [11-13]). In general, these papers, along with a number of others,
support analysis approaches that permit the collection of test data from a number of levels of system
indenture, into an overall estimate of the system reliability. The methods all depend on a combination
of analytical techniques for combining test information and inherently depend on assumptions regarding
the underlying distribution function.

f(R)

Confidence Interval

0 E[R] 1
System Reliability

FIGURE 7.4 Confidence intervals: Bayesian.
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As noted in the papers above, the aggregation of system and component level data can become involved.
In general, the system-level reliability distribution derived from component data is used as a prior for
the reliability distribution based on system level data (Figure 7.5). However, when component- and
system-level failure and performance information is collected at the same time, aggregation of component
data into a system-level analysis may not result in the same reliability prediction as obtained from the
system data alone (see, e.g., Azaiez and Bier [14]).

Preliminary efforts in this area are discussed in [7], but considerable work remains. In particular,
aggregation issues must be strongly considered as new analysis methods are developed to support time-
dependent analysis of material aging and degradation processes.

7.4 Time Dependent Processes

Consideration of potential nondeterministic characteristics of time-dependent processes in concert with
a total systems approach is one of the more challenging aspects of future NDA research. There are two
critical aspects: (1) the estimation of the current state of the system in the presence of past degradation
and, (2) the prediction of future system performance with the expectation of continued aging. The overall
goal is to use NDA techniques to improve the ability to anticipate the occurrence of a failure, something
not possible with deterministic methods (Figure 7.6).

However, before delving into possible research directions, it is important to appreciate the distinction
between the failure rate of the underlying time-to-failure distribution and the process failure rate. It is
important for the engineer interested in characterizing time-dependent processes (specifically degrada-
tion) to understand how each concept applies to the particular problem at hand.

7.4.1 Distribution or Process Model?

An often-confusing aspect of aging/degradation analysis is the distinction between hazard function for
the distribution and the failure rate for the underlying degradation process.

Let N(#) denote the number of cumulative failures that occur in the interval (0, t]. The set of points
on the timeline associated with occurrence of failures form what is referred to as a point process. The
expected number of failures in the interval (0, t] is defined as E[N(#)]. When addressing the situation
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that might exist during design, E[N(#)] will be assumed to be a continuous, nondecreasing function and,
then, assuming its derivative exists, let

dE[N(t
2y~ AEN@]

dt
Therefore, A(t) represents the instantaneous change in the number of failures per unit time; that is, the
rate at which failures occur and A(t) is referred to as the failure rate of the process. Assuming that
simultaneous failures do not occur:

A(0) = lim PIN(t, t+ At) > 1] (7.4)
At—0 At
For small Af, A(t)Ar is approximately the probability of a failure occurring in the interval (¢,7+ At].
Now consider the hazard function: the probability of a failure per unit time occurring in the interval,
given that a failure has not already occurred prior to time t. Let the density and distribution functions
of the system lifetime T be f(T) and F(T), respectively. Define 1—F(T)=F(T). Then:

Pt <T<t+At|t<T]

h(t) = 7.5
() Ar (7.5)
Substituting the appropriate expressions and taking the limit yields:

h(t) = lim F(t)-F(t+At) _ f@) (7.6)

a0 AtE(t)  1—F(t)

Thus, we have the instantaneous failure rate of the distribution of the system lifetimes.

To compare process and distribution failure rates, suppose for example that we have »n units with
identical hazard rate characteristics as discussed above. Let N(t) represent the number of units that have
failed by time t. Thus, {N(#)} represents the point process discussed previously.
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The random variable N(¢) is then binomially distributed:

P[N(t)=k]=(:JFk(t) 1-FE@®)]™* k=0,1,...,n (7.7)

The expected value of N(t) is given by nF(t), and the rate at which failures occur is:

dENO)_, )
dt
the failure rate of the process. However, the failure rate of the distribution is given by h(t).

Care must be taken to ensure which changing failure rate is of interest because the difference between
a changing failure rate for the process will be significantly different from the failure rate for the density
function. The above discussion focused on continuous parameter systems. Similar results hold for discrete
parameter systems.

Significant progress has been made in understanding and characterizing those situations where, in the
presence of either growth or degradation, the uncertainties in system parameters and system age are
separable. In particular, characterization of the improvement in the probability of system performance
as the design process progresses is referred to as reliability growth and has received a great deal of attention
in the past few decades. The appreciation that reliability is changing during the course of design has led
to a significant decrease in the development time of complex systems and has resulted in greatly improved
reliability of deployed systems. Unfortunately, until rather recently, little attention has been paid to the
“other end” of the system life cycle — the degradation of system performance.

A large number of publications have dealt with time-dependent system performance for those situa-
tions where the uncertainties in physical characteristics are separable from the temporal characteristics.
This emphasis has resulted from a number of factors, the foremost being (1) a significant number of real
problems fall into this category and (2) the mathematics are within reach of most engineers. The benefit
of these applications is clear in many areas (the area of fatigue life, for example); however, a number of
substantial gaps remain.

A common theme of previous discussion in this chapter has been the need to incorporate historical
data to improve the confidence in the analyses. This need is even more critical when dealing with time-
dependent processes; the projection of system performance 10, 30, or even 100 years into the future
requires substantial confidence in the ability to characterize current system performance. One direction
of potentially fruitful research lies in the areas of longitudinal and nonlinear Bayesian analysis. Longitu-
dinal analysis involves repeated measurements on a collection of individuals taken over a period of time.
A substantial body of work exists in the area of pharmacokinetics and trajectory analyses of disease
incidence and mortality [15, 16].

Another area that holds promise for making significant inroads into this problem is with the continued
research into those situations where time is inseparable from the uncertainties. The area of stochastic differ-
ential equations holds promise for providing insight into the additional complexities that present themselves
in these unique problems. Discussion of this area is left for more qualified hands in other chapters.

7.5 Value of Information

Previous discussion focused on tackling problems from a systems perspective and highlighted the need
to develop new methods for bringing data together efficiently from possibly disparate sources. On the
other side of the discussion is the decision as to where to focus resources to collection information as
efficiently as possible. However, there is no such thing as a free lunch; each laboratory experiment,
each flight test brings a new piece of the puzzle — but at a price. Even computer simulations are no
longer “free” in the usual sense; some simulations can take on the order of days, making the additional

Copyright 2005 by CRC PressLLC



effort of considering uncertainty costly from a variety of perspectives, including the time to complete
a full analysis.

So how does a decision maker decide where to spend his or her
resources: additional computer model fidelity or additional computer
simulations? On which variables should the experimental tests be
focused, and will specific test equipment have to be developed? Clearly,
as depicted in Figure 7.7, the value of new information decreases as
the uncertainties decrease, and the focus needs to be on where in the
process is the most cost-effective way to reduce this uncertainty.

The expected value of information will be defined as the difference

Value of Information

Uncertainty

0 . .
between the benefit or value u(x,®) of an optimal decision after the FIGURE 7.7 Value of information.

data x is available and the value of an optimal decision if the data had
not been collected u(0):

EVIZJ. J‘u(x,e)f(9|x)d9 f.(x)dx
«Lo (7.8)
—J'u(e) £(8)d0

0

The value of information about a parameter @ depends on the prior distribution characterizing the
current information f(0). The impact of a data x from an experiment on the parameter 6 is found
through application of Bayes theorem:

10 [ @l ordo
0

(7.9)

After data is collected (e.g., computer simulation or laboratory experiment), the expected posterior
distribution f(0]x):

ELF®] 0] = [ £07(0]x)dx

= J. fx(x){JW}dx (7.10)

=1(0)

which indicates that the expected uncertainty (as characterized by the posterior) after the data has been
collected is fully characterized by the prior distribution. Clearly, information will be gained by the
additional data, but the content of that information cannot be anticipated from the information currently
available. So what can be discerned about the value of additional information? Consider the well-known
situation where f(0) is Gaussian and the likelihood function (0 ]x)= f(x|0) is also Gaussian. In this
case, any additional data cannot increase uncertainty (i.e., increase posterior variance) and, in general,
the expected variance of the posterior distribution cannot exceed the prior variance because:

VIf@)]=EVIf(O[x)]]+VIE[f(O]x)]] (7.11)
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Unfortunately, this well-known relationship is true only in expectation and can be misleading
when it is used to assess the value of specific information. In particular, it can be disconcerting for
those who depend on this as an argument to justify additional data that, in general, additional data
does not guarantee a decrease in uncertainty [17]. For example, a larger posterior variance results in
the situation where both prior and likelihood functions are #-distributions. Situations can be con-
structed where the resulting posterior is actually bi-modal, further complicating the characterization
of information value.

Clearly, research into how the value of information is measured is necessary. Some efforts have been
made in utilizing information theory (e.g., entropy) as a basis for measuring value of additional data.
For example, Shannon’s measure of entropy can be used to measure the difference between the prior and
posterior distributions (defined over common support Q):

- f8]x)
V—;[f(0|x)ln( 0 jdx (7.12)

When discussion turns to the value of information, it is generally assumed that the topic is related
to experiments of a physical nature. However, as noted above, there is increased reliance on computer
simulation to support characterization of uncertainty. A critical area for research is the identification
of efficient computer simulations; what are the minimum scenarios that need to be explored to
characterize uncertainty to the required degree of confidence? The need is even greater and the
research gap even wider when time dependency is required in the analysis. Some significant inroads
have been made, for example, in the area of importance sampling; however, much important research
remains.

A great deal of research must be successfully accomplished before a useful tool is available to assist
decision makers in assessing the value of information, be it from computer simulations or from laboratory
experiments. With the increasing scarcity and escalating cost of information, research in this area will
become critical and has the potential to position nondeterministic methods as one of the significant
design and analysis tools during the life of a system.

7.6 Sensitivity Analysis

An area closely related to value of information is sensitivity analysis. There is a vast quantity of literature
related to sensitivity analysis typically based on some form of variance decomposition. Because this is a
topic discussed in other chapters, the discussion herein is very limited. It is noted however that a drawback
of current sensitivity analysis methods is the limited consideration for global sensitivity. The strength of
the variance decomposition methods common in the literature lies in the assumption that the uncertainty
in the response of a system can be characterized through an at least approximate linear transformation
of internal and external uncertainties. Unfortunately, the applicability of such linear relationships is
becoming increasingly rare as systems being analyzed and associated models have become increasingly
complex (and nonlinear) except under very localized conditions within the problem.

7.7 Summary

The previous discussion focused on those areas of research that I believe must be tackled before nonde-
terministic methods can enter mainstream use for engineering design and analysis. The emphasis has been
on specific topics with a central theme: to have a long-term impact, research in nondeterministic methods
must support a systems approach to design and analysis. Clearly, a discussion suggesting that particular
areas of research deserve particular attention will be biased toward the perceptions and experience of the
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author. In defense of the above discussion, it should be noted that successful progress in any of the areas
would have immediate value.

There have been a couple of notable omissions. In particular, an important area not discussed where
increased attention would be of immediate value relates to verification and validation. This topic is also
left in more knowledgeable hands for discussion in another chapter.

Another area that has received a great deal of recent focus in the literature relates to the classification
of uncertainty into different categories: that is, probabilistic, possibilistic, epistemic, aleatory, etc. One
important objective of these efforts is to provide engineers and decision makers with insight into the
role that each of these variables plays in the analysis, with a goal of trying to better model and control
these uncertainties. Clearly, the subject of this chapter has been constrained to probabilistic-type random
variables but there is considerable promise in investigating possibilistic or fuzzy types of nondeterministic
analysis. One benefit of the fuzzy approach is that the methods are relatively immune to the complexity
of the system under scrutiny and, as such, hold promise for having a long-term impact. Unfortunately,
they remain viewed by some as “fringe” technologies, much as probabilistic-based methods were a few
decades ago.

Classification of probabilistic variables into epistemic and aleatory has also received a great deal of
attention from the research community. However, similar to classifying variables as “strength” and “stress”
variables, there does not seem to be much to be gained in return for the investment because the
classification is somewhat arbitrary and can possibly change during the course of a single analysis
iteration.

Finally, the growing volume of literature in the nondeterministic methods area guarantees that a
contribution in any one of the research topics might have been overlooked and therefore my apologies
in advance for my ignorance; the omission of a particular topic is certainly not intended to diminish any
research currently in progress.
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8.1 Introduction

Uncertainty and types of uncertainty are studied in the context of decision making in this chapter.
Concepts from decision theory are used to define a measure of information and the notion of uncertainty.
The chapter “The Need for Nondeterministic Approaches in Automotive Design: A Business Perspective,”
in this book, presents a similar approach to study uncertainty in automotive design.

8.1.1 The Role of Uncertainty in Design Decision Making

Decision is an irrevocable allocation of resources to achieve a desired outcome. Three elements of a
decision are alternative courses of action (or choices), outcomes of the actions, and payoffs (Figure 8.1).
First, the decision maker defines the decision problem; he or she defines the objectives, the criteria, and
the alternative actions. The decision maker tries to predict the outcome of an action using a model of
reality. Each outcome is characterized by its attributes. The payoff of an outcome to the decision maker
depends on these attributes and the decision maker’s preferences. The decision maker wants to select the
action with the most desirable outcome.

Decisions involve uncertainty. When framing a decision (defining the context of the decision), the
decision maker may not know if the frame captures the decision situation at hand. Also, the decision
maker may not know all possible courses of action. Often, a decision maker is uncertain about the
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FIGURE 8.1 Decision: Selecting among alternative actions the one with the highest payoff.
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outcome of an action, because of a lack of knowledge or inherent randomness. Thus, to the best of the
decision maker’s knowledge, an action could result in a single outcome, a discrete set of different
outcomes, or a continuous range of outcomes (Figure 8.2). Even more challenging are decisions for which
the decision maker does not know all possible outcomes of an action. Finally, the decision maker faces
uncertainty in assessing the value of the outcomes in a way that is consistent with his or her preferences.

Design of a system or a component, such as a car, is a decision because it involves selection of a design
configuration, which is an allocation of resources [1]. The designer is to select the design configuration
that will result in the most desirable outcome (e.g., maximize the profit for his or her company).

Example 1: Uncertainty in Design Decisions in Automotive Engineering

The design of an automotive component involves decisions under uncertainty. Figure 8.3a shows two
decisions in the design of an automotive component (Figure 8.3b). The objectives of a designer are to
(1) find a design with good performance, and (2) minimize the time it takes to find this design. First, a
designer determines alternative designs. For simplicity, Figure 8.3a shows only two designs. The designer
uses computer-aided engineering (CAE) analysis to predict the performance attributes of these designs
(e.g., the stresses or vibration amplitudes at critical locations). The designer must decide whether to
select one design or reject both if they fail to meet some minimum acceptable performance targets. In
the latter case, he or she must find a new design. In this decision, the designer does not know the true
values of the performance attributes of the designs because of:

1. Product-to-product variability
2. Modeling uncertainty and numerical errors in CAE analysis
3. Inability to predict the real-life operating conditions

Because of these uncertainties, the designer builds and tests a prototype and uses the results to decide
whether to sign off the design for production or reject it. The test eliminates modeling uncertainty and
numerical errors but it introduces measurement errors. Therefore, even after the designer obtains the
results of tests, he or she remains uncertain about the true value of the attributes of the design when it
will be massively produced. Moreover, when the designer tries to decide whether to sign off or reject the
design, he or she is uncertain about the cost and time it will take to find a better, acceptable design.

Decision makers use models of real systems to predict the outcomes of actions. A model is a
mathematical expression, Y(X), relating one or more quantities of interest, Y (e.g., the stiffness of a
structure) to a set of measurable variables, X. We use a model to predict the outcome of a design decision

Action }-»{ Outcome ] [Action \»{ Outcome M—O

Action Outcome

(a) Certainty: an (b) Uncertainty: an (c) Uncertainty: an (d) Uncertainty: we
action produces action can produce action can produce do not know all
a single known different discrete a continuous range possible outcomes
outcome outcomes of outcomes of an action

FIGURE 8.2 Decision under certainty (a) and decision under uncertainty (b-d).
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FIGURE 8.3 Uncertainty in design of an automotive component. (a) Two decisions in design of an automotive
component. (b) Automotive component in example 1. Note: The decision maker is uncertain of the outcome of the
test of the prototype (the measured values of the attributes) before the test. The test can produce a continuous range

of values of the attributes.

by predicting the attributes of a selected design (e.g., the stiffness). Figure 8.4 shows the procedure for
developing an analytical tool for predicting the outcome of an action. First, a conceptual model of a
process or a system is built. This is an abstraction of the system. Then a mathematical model, which is
a symbolic model consisting of equations, is constructed based on the analytical model. The equations
are solved using a numerical technique to estimate the performance. The figure shows various errors in

the analytical prediction of the attributes. These are described in Section 8.2.1.

Algorithmic,
Abstraction Simplification computational
errors errors errors
Development
of algorithm,

Application of 5o mptation of
Abstraction y laws of physics 1 soiution

Real Conceptual | _,|Mathematical Attributes
design model model

. J
hd

Unacknowledged (blind) errors

FIGURE 8.4 Analvsis of a design to predict its performance.
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There is always error in the predictions of analytical tools. Errors result from:

+ Use of imperfect model forms (e.g., a linear expression is used, whereas the actual relation between
the quantity we want to predict and the variables is nonlinear)

* Variables that affect the outcome of an action but are omitted in the model

The above deficiencies in building models can be due to a poor understanding of the physics of a problem
or to intentional simplifications.

The set of variables that affect the outcome of an action can be divided into two subsets: those that
are included in a model, X, and those that are missing, X’. Let Y(X, X’) be the true relation between the
attributes describing the outcome and the uncertain variables. This relation is rarely known; instead, an
approximate relation Y(X) is available from an analytical solution and is used as a surrogate of Y(X, X’)
for making decisions.

Example 2: Developing a Model for Predicting the Response
of an Automotive Component

In Example 1, the conceptual model for predicting the performance of a design includes a geometric
model, such as a CAD model. The mathematical model is a set of partial differential equations solved
by finite element analysis.

Many automotive components consist of thin metal shells fastened by spot welds (Figure 8.3b). An
approximate model of a component may replace spot welds with a rigid continuous connection of the flanges
of the shells. Then, vector X" in the previous paragraph includes variables such as the spot weld pitch and
diameter, which are missing from the model. Model approximations induce errors, € = Y(X)-Y(X,X’), in
the response of the component to given loads.

A designer makes decisions when developing a predictive model and solving the model to predict the
outcome of an action. The designer has to choose those characteristics of the system or process that should
be included in the model, and also choose how to model these characteristics so as to construct a model
that is both accurate and affordable. The designer must also choose a numerical algorithm and the param-
eters of the algorithm (e.g., the step size) so as to compute accurately the attributes of a design at a reasonable
cost. Decisions are also involved in solving the model using a numerical algorithm. The payoff of these
decisions is a function of (1) the cost of developing and using a predictive model and the solution algorithm,
and (2) the information from solving the model to predict the performance. The information could be
measured in a simplified manner by the error of the model. A more sophisticated measure of the information
a model provides can be the probability that the designer will obtain the most desirable achievable outcome
using the model predictions to determine the preferred design [1, p. 341].

8.1.2 Why It Is Important to Study Theories of Uncertainty
and Types of Uncertainty

When facing uncertainty, the decision maker cannot select the action that guarantees the most desirable
outcome but he or she can select the action with maximum probability to achieve this outcome. To be
successful, a decision maker should manage uncertainty effectively, which requires tools to quantify
uncertainty. Theories of uncertainty — including probability theory, evidence theory, and generalized
information theory — are available for quantifying uncertainty, but there is no consensus as to which
theory is suitable in different situations. An important objective of this book is to help readers understand
uncertainty and its causes, and the tools that are available for managing uncertainty.

It is important for making good decisions to know all important types of uncertainty and understand
their characteristics to construct good models of uncertainty. Decision makers face different types of
uncertainty, including uncertainty due to inherent randomness, lack of knowledge, and human inter-
vention. We will see in this chapter that different types of information (e.g., numerical, interval valued
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FIGURE 8.5 Illustration of the definition of uncertainty. (a) Uncertainty is the gap between certainty and the present
state of knowledge. Information reduces uncertainty. (b) Reducible and irreducible uncertainty.

helps designers allocate resources effectively to collect the most suitable type of information, select the
most suitable tools to model uncertainty, and interpret correctly the results of their calculations.

8.1.3 Definition of Uncertainty

We can define uncertainty indirectly based on the definition of certainty. Certainty, in the context of
decision theory, is the condition in which a decision maker knows everything needed in order to select
the action with the most desirable outcome. This means that, under certainty, the decision maker knows
every available action possible and the resulting outcome. Uncertainty is the gap of what the decision
maker presently knows and certainty (Figure 8.5a).

When there is complete ignorance, uncertainty is maximum. In this state, the decision maker does
not know anything about the likelihood of the outcomes of the alternative actions. Information reduces
uncertainty. It helps the decision maker select an action so as to increase the chance of getting the most
desirable outcome. When information becomes available to the decision-maker (e.g., sampling informa-
tion from which the decision maker can estimate the probabilities of alternative actions), uncertainty is
reduced. The new state is marked “present state of knowledge” in Figure 8.5a.

Example 3: Uncertainty in Design of the Automotive Component in Example 1

An inexperienced designer knows nothing about the two designs in Figure 8.3. The designer wants to
select the best design that meets the targets. But he or she cannot do so because he or she does not know
the attributes of the designs. When information from CAE analysis becomes available, some uncertainty
is eliminated, which increases the probability that the designer will select the action that will yield the
most preferred outcome.

Hazelrigg [1, pp. 340 to 344] defined measures of information and uncertainty by using concepts of
decision theory. The amount of information and uncertainty depends on the decision at hand. A measure
of the amount of information is the probability that a decision maker’s preferred action will lead to the
most desired achievable outcome. The preferred action is the one with maximum expected utility, where
the utility is determined using the presently known probabilities of the outcomes of the alternative actions.
Then Hazelrigg defined the following measure of uncertainty: informational entropy of the decision is
the negative natural logarithm of the probability that the preferred choice will not result in the most
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Hazelrigg’s two measures require that the decision maker know all the possible outcomes of each action
and can estimate their probabilities.

8.1.4 Objectives and Outline

The objectives of this chapter are to help the reader understand the concept of uncertainty and its
significance in decision making, present different categorizations of uncertainty and the types of infor-
mation for each type of uncertainty. This helps the reader understand which theories of uncertainty and
tools for quantifying uncertainty have been designed for each type of uncertainty. These theories and
tools are presented in chapters 9 to 12.

This chapter focuses on uncertainties that a designer faces. These uncertainties include uncertainties
in simulation to predict the attributes of designs, including their reliability. We appreciated the importance
of uncertainties involved in business decisions, such as uncertainties in predicting the demand for a
product and the effect of price and marketing on demand. However, these uncertainties are beyond the
scope of this chapter.

The chapter starts with a review of various taxonomies of uncertainty. It illustrates these taxonomies
on the example of the design of the automotive component in Example 1. The relation between various
taxonomies is studied. Then guidelines for what type of information is suitable for each type of uncer-
tainty are presented.

8.2 Taxonomies of Uncertainty and the Relation
between These Taxonomies

Uncertainty can be categorized either based on its causes or its nature. There are two main ways for
constructing taxonomies of uncertainty. The first primarily considers three sources of uncertainty:
inherent randomness, lack of knowledge, and human error. The second way considers the nature of
uncertainty.

8.2.1 Taxonomies According to Causes of Uncertainty

Uncertainty is often categorized into aleatory (random) and epistemic. Aleatory uncertainty is due to
variability, which is an intrinsic property of natural phenomena or processes. We cannot reduce variability
unless we change the phenomenon or the process itself. For example, there is variability in the thicknesses
of metal plates produced in an automotive supplier’s factory. We cannot reduce variability by collecting
data on plate thicknesses. We can only reduce variability by changing the manufacturing process, for
example by using better equipment or more skillful operators.

Epistemic uncertainty is a potential deficiency in selecting the best action in a decision (the action
with the highest probability of resulting in the most desirable outcome) due to lack of knowledge.
Epistemic uncertainty may or may not result in a deficiency; hence the qualifier “potential” is used in
the definition. Epistemic uncertainty is reducible; we can reduce it by collecting data or acquiring
knowledge. For example, we have reducible uncertainty in predicting the stress in a structure due to
deficiencies in the predictive models. Improving our predictive models can reduce this uncertainty.
Reducible uncertainty has a bias component. For example, crude finite element models of a structure
tend to underestimate deflections and strains.

Example 4: Aleatory and Epistemic Uncertainty in the Design
of an Automotive Component

Suppose that the designer of the automotive component in Examples 1 through 3 does not know the
probability distribution of the thicknesses of the plates from the supplier’s factory. In this example, assume
that the only uncertainty is in the thicknesses of the plates. The designer faces both reducible uncertainty
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(e.g., does not know the probability distribution of the thickness) and irreducible uncertainty (e.g., even
if the designer knew the probability distribution of the thickness, the designer could not know the
thickness of a particular plate from the factory). This state is marked as “present state of knowledge” in
Figure 8.5b.

The designer starts measuring the thicknesses of plates and estimates the probability distribution of
the thickness. As the designer collects more data, the estimated probability distribution of the thickness
approaches the true one and the epistemic uncertainty decreases. Eventually, the designer determines the
true probability distribution. In this state, which is marked “perfect state of knowledge” in Figure 8.5b,
there is no reducible uncertainty because the designer knows all that could be known. However, there is
still irreducible (aleatory) uncertainty because the designer cannot know the thickness of a new plate
from the factory. The designer can only know that the new plate comes from a known probability
distribution.

The best that a decision maker can do in a decision involving only aleatory uncertainty is to determine
the true probabilities of the outcomes of the actions. But consider a decision in which there is only
epistemic uncertainty. If the decision maker eliminates epistemic uncertainty by collecting information
that allows him or her to understand the physics of the problem and construct accurate predictive models,
then the decision maker will know the outcomes of the actions.

Several researchers have refined the above taxonomy of uncertainty into aleatory and epistemic types
by considering different species within each type and considering other types of uncertainty. Der Kiure-
gian [2] considered the following four causes of uncertainty in structural analysis and design: (1) inherent
variability, (2) estimation error, (3) model imperfection, and (4) human error, as shown in Figure 8.6a.
Estimation error is due to incompleteness of sampling information and our inability to estimate accurately
the parameters of probabilistic models that describe inherent variability. Model imperfection is due to
lack of understanding of physical phenomena (ignorance) and the use of simplified structural models
and probabilistic models (errors of simplification). Imperfections in probabilistic models mean errors in
the choice of a parameterized probability distribution. Human errors occur in the process of designing,
modeling, constructing and operating a system. We can reduce human error by collecting additional data
or information, better modeling and estimation, and improved inspection. Cause (1) is irreducible,
whereas causes (2) and (3) are reducible. Human error is also reducible. However, human errors tend
to occur randomly.

Gardoni et al. [3] developed a methodology for constructing probabilistic models of the capacity of
structures, which accounts for both variability and reducible uncertainty. These models consist of
three terms: (1) a deterministic model for predicting the capacity of a structure, (2) a correction
term for the bias inherent in the model, which is a function of a set of unknown parameters, and
(3) a random variable for the scatter in the model. The user of Gardoni’s model has to estimate the
parameters of the term for the bias and the standard deviation of the term for the scatter using
Bayesian methods and using experimental measurements.

Haukass [4] considered inherent variability and measurement error as two components of aleatory
uncertainty (Figure 8.6b). He described two types of epistemic uncertainty: modeling and statistical
uncertainty. Modeling uncertainty is due to imperfect idealized representations of reality. In Haukass’
study, “statistical uncertainty” refers to the uncertainty caused by the inability to predict the parameters
of a probability distribution from a sample (for example, to predict the mean value and the standard
deviation of the thickness of plates from the factory from a sample of plates). Note that the term “statistical
uncertainty” has been also used for aleatory uncertainty by some researchers. Another type of uncertainty
is human error.

Haukaas said that the division of aleatory and epistemic uncertainty is not disjunctive; one component
of modeling uncertainty is due to missing some random variables in a model and this component is also
aleatory uncertainty (Figure 8.6b). Suppose that in the analysis of the automotive component, the designer
neglects the spot welds by assuming that the flanges of the shells are rigidly connected. Then the model
that he or she uses neglects the variability in the spot weld pitch and diameter as well as the variability
due to failed spot welds.
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FIGURE 8.6 Taxonomies of uncertainty. (a) Taxonomy of uncertainty by Der Kiureghian [2]. Boxes marked by dashed
lines indicate broad categories of uncertainty; solid lines indicate special types within the broad categories. (b) Taxonomy
of uncertainty by Haukaas [4]. Modeling uncertainty and variability overlap because modeling uncertainty due to
missing random variables in a deterministic model causes variability. Note: The term “statistical uncertainty” refers to
the uncertainty caused by the inability to predict the parameters of a probability distribution from a sample — it does
not refer to variability. (c) Taxonomy of uncertainty by Melchers [5]. (d) Taxonomy by Oberkampf et al. [6]. Note:
Modeling uncertainty is caused by Vagueness, Nonspecificity and Conflict in the available information.

Melchers [5] considered physical uncertainty as a component of aleatory uncertainty (Figure 8.6¢).
In addition to physical uncertainty, he described six types of uncertainty:

1. Phenomenological uncertainty (caused by difficulties in understanding and modeling the
physics of a novel system)

2. Modeling uncertainty

3. Uncertainty in prediction of the operating conditions, loads, and deterioration of a system
during its life

4 Statictical nncertaintv
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5. Uncertainty due to human factors
6. Decision uncertainty

Melchers divided causes of human error into natural variation in task performance and gross errors.
Gross errors occur in tasks within accepted procedures or they are the direct result of ignorance or
oversight of the fundamental behavior of systems.

Decision uncertainty is uncertainty in deciding the state of a system, (e.g., deciding if a design whose
maximum deflection is given is acceptable).

Oberkampf et al. [6, 7] focused on causes of uncertainty in simulation of physical and chemical
processes. He considered (1) variability, (2) epistemic uncertainty, and (3) error (Figure 8.6d). Oberka-
mpf et al. defined epistemic uncertainty as a potential deficiency in any phase of modeling that is due
to lack of knowledge. Epistemic uncertainty is caused by incomplete information, which is due to
Vagueness, Nonspecificity, and Dissonance (Conflict).These terms will be defined in Section 8.2.2.
Epistemic uncertainty was divided into parametric (the analyst does not know the values of the param-
eters of a system), modeling, and scenario abstraction.

According to Oberkampf et al., error is a recognizable deficiency in modeling that is not due to lack of
knowledge. If error is pointed out, it can be corrected or allowed to remain. Error was divided into acknowl-
edged (intentional) and unacknowledged. Discretization errors or round-off errors are examples of acknowl-
edged (intentional) errors. Programming errors, blunders, and mistakes are examples of unacknowledged error.

Oberkampf’s definition of error is broader than the definition of human error in other studies
presented here. Error includes simplifications of mathematical models and approximations in numerical
algorithms. Oberkampf et al. stated that error is not uncertainty because it is not due to lack of knowledge.

Both variability and error cause uncertainty in predicting the outcomes of actions. For example, a
designer may be unable to predict if a particular car from an assembly line meets crash requirements
because of human errors in the assembly and variability in material properties. The distinction of error
and of the effect of epistemic uncertainty is blurred. According to Oberkampf et al., error is a departure
from the correct or acceptable modeling procedure. But in many cases there is no consensus of what is
an acceptable or correct modeling procedure.

Nowak and Collins [8, pp. 289 to 313] divided causes of uncertainty in building structures into natural
and human. Human causes can arise from within the building process and from outside. Examples of
the first are errors in calculating loads and load effects and errors in construction, while examples of the
second are fires and collisions. Human causes of uncertainty from within the building process occur if
one deviates from the acceptable practice, or even if one follows the acceptable practice.

Human errors are defined as deviations from acceptable practice. They can be divided into three types:

1. Conceptual errors, which are departures from the acceptable practice due to lack of knowledge
of a particular professional

2. Errors of execution, which are due to carelessness, fatigue, or lack of motivation

3. Errors of intention, (e.g., simplifications in numerical algorithms to reduce computational cost)

Example 5: Different Types of Uncertainty in Automotive Component Design
The following list provides examples illustrating the types of uncertainty presented above.
+ Aleatory uncertainty: variability in the thicknesses of plates, material properties, spot weld pitch,
and diameters of spot welds.

« Epistemic uncertainty: uncertainty due to deficiencies in the analytical and mathematical model
of a structural component caused by lack of knowledge. Neglecting nonlinearities is an example
of a cause of such deficiencies.

« Blind error: errors in typing the input data file for finite element analysis, errors in reading stresses
and deflections from the output file.

Acknowledged error: a designer assumes that the probability density function of the thickness of a
plate is normal without evidence supporting this assumption. The reason is that the designer is
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Statistical uncertainty: uncertainty in the mean value and standard deviation of a plate thickness
caused by estimating these statistics from a finite sample of measurements. Neglecting the spatial
variation in the thickness of a plate is another example of a cause of statistical uncertainty.

* Measurement error: errors in measuring the dimensions of plates or spot weld diameters. Errors
in measuring the response of a prototype structure to loads.

Uncertainty in predicting operating conditions: uncertainty in predicting the loads on a component
during its life.

+ Phenomenological uncertainty: uncertainty due to the inability to model a new design of the thin
wall structure in Figure 8.3b, in which plates are joined by adhesives instead of spot welds.

* Decision uncertainty: the component in Examples 1 through 4 was tested under a repeated cyclic
loading and a spot weld failed. The designer is uncertain if he or she should consider that the
component failed.

8.2.1.1 Importance of Uncertainty Due to Human Errors

Results of surveys show that human error is responsible for the majority of catastrophic failures ([8],
p- 292). For example, according to the above reference, 70% of accidents in aviation have been attributed
to crew error, and similar results are thought to apply to other industries. Incidents such as Three Mile
Island and Chernobyl indicate the importance of human error in the safety of nuclear plants. One cannot
obtain an estimate of the failure probability of a system that is indicative of the true failure probability
of this system unless one considers uncertainty due to human error. Moreover, if one neglects uncertainty
due to human error, one cannot even obtain an estimate of the probability of failure that can be used to
compare the safety of designs with different construction types.

8.2.2 Taxonomies According to the Nature of Uncertainty

Studies presented in this subsection consider uncertainty as knowledge deficiency caused by incom-
pleteness in the acquired knowledge. They classify uncertainty according to its cause and the available
information.

Zimmermann [9] considered the following causes of uncertainty: lack of information, complexity
(which forces one to simplify models of reality), conflicting evidence, ambiguity, measurement error,
and subjectivity in forming beliefs. According to Zimmermann, the available information can be numer-
ical, interval-based, linguistic, and symbolic. Numerical information can be nominal (defines objects),
ordinal (defines order of objects), and cardinal (in addition to order, it defines differences between ordered
objects). An example of nominal numerical information is the plate number of a car, which only defines
the particular car. Ordinal information is the ranking of the students in a class based on their performance.
This information defines the order of the students in terms of how well they did in the class but does
not indicate differences in their performance. Cardinal information is the overall percentage grades of
the students in the class — it defines the difference in the performance of the students in addition to
their order.

Ayyub [10] presented a comprehensive study of ignorance (lack of knowledge). He divided ignorance
into conscious (one is aware of his or her ignorance) and blind ignorance (one does not know that he
or she do not know). He considered uncertainty (knowledge incompleteness due deficiencies in acquired
knowledge) as a special case of conscious ignorance. He classified uncertainty based on its sources into
ambiguity, approximations, and likelihood. Ayyub did not consider conflict as a component of uncer-
tainty. He also explained which theory can handle each type of ignorance.

Klir and Yuan [11] and Klir and Weirman [12] categorized uncertainty on the basis of the type of
deficiency in the available information, into vagueness (fuzziness), and ambiguity (Figure 8.7). Ambiguity
is a one-to-many relationship. Klir further divided Ambiguity into Conflict and Nonspecificity. We can
have Conflict because the same action results in different outcomes (repeated tosses of a die result in
different numbers from one to six) or because there is conflicting evidence (three experts provide different

estimates of the error in the estimate of the stress in a structure). Nonsnecificitv occuirs when multinle
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FIGURE 8.7 Taxonomy of uncertainty by Klir and Yuan [11].

outcomes of an action are left unspecified. Fuzziness is the inability to define the boundaries of sets of
objects sharing a common property.

Measurements from observations of repeated experiments are often precise but are in conflict. Sub-
jective information from experts is often nonspecific. For example, suppose that we ask an expert for a
subjective estimate of the difference between the true value of the stress in a structural component and
the predicted value of the stress from a finite element model. It is more likely for the expert to estimate
a range for the difference rather than a precise value. The less confident the expert feels about the estimate
of the difference, the broader is expected to be the range he or she will provide.

Klir and Weirman have proposed axioms that measures of Conflict and Nonspecificity should satisfy.
They also proposed measures for these types as well as a measure of the total uncertainty. These include
equations for computing these measures. This is an important contribution because if one disputes the
validity of Klir’s definitions and measures, then one has to explain which axiom is wrong.

Example 6: Nonspecificity and Vagueness in Error in the Estimate
of the Stress in an Automotive Component

The designer estimated the stress in the automotive component described in Examples 1 through 5 using
finite element analysis, but does not know the error in the estimate (e.g., the difference between the true
value and the estimate of the stress). Figure 8.8a shows a condition called maximum uncertainty, in
which the designer does not know anything about the error. The designer asks an expert for an estimate
of the error. Often, an expert provides an interval containing the error (Figure 8.8b). This is nonspecific
evidence because the exact value of the error is not specified. However, there is no conflict. Finally, the
designer conducts an experiment in which he or she measures the stress accurately and determines the
exact value of the error for this single experimental validation. Now there is no uncertainty.

Often, an expert will specify the error in the stress in plain English. For example he or she could say
that “the error is small.” To explain what “small error” means, the expert might specify a few values of
the error and the degree to which he considers them small, or construct a plot showing the degree of
which the error is small as a function of the value of the error (Figure 8.8¢). This is an example of vague
or fuzzy evidence. Contrast this case with the case of crisp evidence (the expert provides a sharp boundary
between small and not small errors). This latter case is rare because it is difficult to explain why an error
of 9.99% is small while and error of 10.01% is not small. Fuzziness in the boundaries of a set is one of
the causes of decision uncertainty (see classification by Melchers).

Example 7: Nonspecificity and Conflict in the Thickness of a Plate Selected
Randomly from a Batch

A batch of plates is received from the supplier factory. Suppose the designer only knows the range of the
thickness based on the factory specifications. Then he or she faces both Nonspecificity and Conflict
(Figure 8.9a). There is Nonspecificity because the evidence consists of a range — not a specific value.
There is also Conflict because thickness varies from plate to plate in the batch. The designer measures
the thicknesses of all the plates in the batch. Now Nonspecificity has been eliminated but Conflict remains
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FIGURE 8.8 Illustration of Nonspecificity (a, b), and Vagueness (c).
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FIGURE 8.9 Nonspecificity and Conflict in the thickness of a plate. Initially there is both Nonspecificity and Conflict
(a). After measuring all plate thicknesses there is only Conflict (b).

8.3 Proposed Taxonomy

8.3.1 Types of Uncertainty

Uncertainty in three stages of a decision — namely, framing a decision, predicting the outcomes of
actions, and evaluating the payoff of outcomes — will be classified according to its causes. For each type
of uncertainty, certain types of information are typically available. These are presented in Section 8.3.2.
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FIGURE 8.10 Proposed taxonomy of uncertainty based on its causes.

8.3.1.1 Framing a Decision

When framing a decision, the decision maker is uncertain if he or she has correctly determined what is to
be decided and if all relevant features of the problem are known. For example, although the performance
of the automotive component in Figure 8.3b depends on the design of the adjacent beams, a designer
neglects this dependence and designs the automotive component in isolation. Moreover, the decision
maker is uncertain if he or she has determined all alternative courses of action available. For example
the designer of the automotive component may not know all alternative design configurations, which
may result in missing the optimum action (the action with highest probability of resulting in the most
desirable outcome). This uncertainty is epistemic and is due to lack of creativity and knowledge.

8.3.1.2 Predicting the Outcome of an Action

Here we have the three basic types of uncertainty presented in Section 8.2.1: aleatory, epistemic, and
uncertainty due to human error (Figure 8.10). Aleatory uncertainty is caused by variability and mea-
surement error.

We adopt Oberkampf’s [6, 7] definition of epistemic uncertainty; epistemic uncertainty is a potential
deficiency in any phase of the modeling process that is due to lack of knowledge. There is epistemic uncertainty
in both deterministic models for predicting the attributes of a design and in models of uncertainty. As
mentioned in the introduction, uncertainty in deterministic models is due to use of incorrect model forms
and missing variables. If a probabilistic model of uncertainty is used, uncertainty in models of uncertainty
is caused by selecting the wrong type of probability distribution for a random variable or vector and the
inability to estimate accurately the parameters of the distribution from a finite sample (Figure 8.10).

The boxes representing variability and epistemic uncertainty in deterministic models partially overlap,
indicating that the division of aleatory and epistemic uncertainty is not disjunctive. Specifically, one
component of modeling uncertainty is due to missing some random variables in a model and this
component is also aleatory uncertainty [4].

Example 8: Uncertainty in Models of Uncertainty in the Design

of an Automotive Component
A designer tries to model the probability distribution of the number of defective welds in a component
from the numbers of defective welds in a sample of nominally identical components. The designer faces
statistical uncertainty. But the sample could be small or nonexistent so that a designer would rely on

Copyright 2005 by CRC PressLLC



first principles-based models, such as a model of the spot welding process, to derive a probability
distribution of the number of defective welds in a component. In this case, the designer also faces
modeling uncertainty because he or she uses a physics-based model of the spot welding process, which
always involves simplifications.

Human error is a departure from accepted procedures. According to Nowak and Collins [8], human
error can be divided into execution, intentional, and conceptual errors. The boundary between intentional
and conceptual errors and epistemic uncertainty is fuzzy, as mentioned earlier. Sometimes, there is no
consensus or dominant view of what acceptable practice is. What one professional considers departure
from acceptable practice another professional considers acceptable. For example, many proponents of
probability theory consider the use of nonprobabilistic models of uncertainty (e.g., possibility theory or
evidence theory) as departure from acceptable practice of modeling uncertainty. Moreover, the definition
of acceptable practices changes with time.

8.3.1.3 Evaluating the Payoff of the Outcomes of Actions

Decision makers face uncertainty in assessing the payoffs of outcomes of actions in a way that they
are consistent with their preferences. One of the reasons is that decision makers often miss important
criteria for determining the payoff of outcomes. Melchers [5] classified this uncertainty as decision
uncertainty.

8.3.2 Types of Information
Following are types of information available for quantifying uncertainty:

« Experimental observations. These are observed values of the uncertain variables. If the sample size
is sufficiently large,! then we can construct a reasonable probability distribution using the sample.
However, if the sample is small, one must use additional information, such as expert opinion, to
model uncertainty.

When it is impractical to collect data, we could use surrogate data on uncertainties that are similar to
the uncertainties we want to model. For example, the probability distribution of the thicknesses of
plates from a particular factory can be estimated from measurements on plates from another factory.

It is impractical to obtain observations for extremely rare or one-time events, such as a catastrophic
nuclear accident or a nuclear war. The likelihood of such events can be estimated on the basis of
judgment. An alternative approach is to identify all possible failure scenarios that can result in the
rare catastrophic event and to estimate the probabilities of these scenarios.

Observations are not obtainable for future events. Suppose that we want to predict the price of gas
in 2020. We cannot rely only on prices from the past to model prices in the future. The reason is that
the price of gas as a function of time is a nonstationary, random process.? Therefore, in addition to
data from the past, we should consider subjective information to construct models of the uncertainty
in these events.

Intervals. This information is usually obtained from experts. An expert could provide one interval
believed to contain the true value of an uncertain variable or nested confidence intervals containing
the true value with certain probabilities. Figure 8.8.b shows an interval that contains the true value
of the error in the stress computed from an analytical model.

« Linguistic information. This information is obtained from experts. For example, an expert could
quantify the error in the stress by saying that “the error is small” (Figure 8.8¢).

IThe required size of a sample depends on the problem. Usually, we can estimate the main body of a probability
distribution using 30 experimental observations; but if we want to estimate probabilities of rare events, then we need
more experimental observations.

The statistical properties of a nonstationary random process change with shifts in the time origin.
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« First principles-based models of uncertainty. The type of the probability distribution function of a
variable can often be derived from first principles of mechanics or chemistry, and probability.
Following are examples of standard probability distributions that were derived from first principles:
+ The Weibull distribution. This distribution models the minimum value of a sample of values

drawn from a probability distribution bounded from below. The Weibull distribution is often
used for the strength of structures or materials. If the load capacity of a system is the minimum
of the capacities of the components and the capacities are statistically independent, then the
probability distribution of the load capacity of the system converges to the Weibull distribution
as the number of components tends to infinity.

+ An extreme value distribution. There are three distributions, called Type I, Type II, and Type I1I
extreme value distributions. These are used to model the maximum and minimum values of a
sample from a population. Type I and Type II extreme value distributions are suitable for
modeling loads caused by extreme environmental events, such as storms and earthquakes.

The Raleigh distribution. The peaks of a narrowband® random process, such the elevation of
ocean waves, follow the Raleigh distribution, assuming that the peaks are statistically indepen-
dent. Thus, a designer may be able to determine the type of the probability distribution governing
an uncertain variable without collecting data.

* Models based on principles of uncertainty. When little information is available, one can select a
model of uncertainty based on principles of uncertainty. These include the principles of maximum
uncertainty, minimum uncertainty and uncertainty invariance ([11], pp. 269 to 277).

The maximum uncertainty principle states that a decision maker should use all the infor-
mation available but not unwittingly add additional information. Therefore, one should select
the model with maximum uncertainty consistent with the available evidence.

Example 9: Modeling Uncertainty in the Stress in a Component
When We Only Know the Stress Range

A designer knows that the stress in a particular component, resulting from a given load, is between
10 MPa and 50 MPa. He or she should select the model with maximum uncertainty whose support
is the above stress range. In probability theory, uncertainty is measured using Shannon’s entropy.
According to the maximum uncertainty principle, the designer should use the uniform probability
distribution for the stress because this distribution has the largest entropy among all distributions
supported by the interval [10 MPa, 50 MPa].

This example is only intended to illustrate the maximum entropy principle. One can question the use
of a uniform distribution in this example because there is Nonspecificity type of uncertainty in the stress
and because probability cannot account for Nonspecificity [11, p. 259]. When the designer uses a uniform
probability distribution, he or she assumes that all values of the stress in the specified range are equally
likely. But the evidence does not support this assumption — it only indicates that the stress is in the
range [10 MPa, 50 MPa].

+ Tools from numerical analysis for numerical error. Numerical analysis includes methods to quantify
errors in numerical algorithms for solving models. These methods determine the effect of the
algorithm parameters (e.g., step size, or the size of a panel) on the error in the solution. Conver-
gence studies also show the effect of the finite element mesh size, or the step size on the solution
of a mathematical model.

+ Tools from sampling theory. Sampling theory [13] provides equations for estimating the probability
distributions of the statistics of a sample, such as the sample mean, standard deviation and higher
moments of samples drawn from a population.

3The energy of a narrowband process is confined in a narrow frequency range.
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TABLE 8.1 Types of Information for Types of Uncertainty

Type of
Type of Probability Numerical
T £ Inf " Probability Distribution Analysis Tools
ype of Information Distribution from and Results of
Type of Uncertainty Experimental  Interval and from First Principles Convergence  Samplig
or Source Observations Linguistic Principles of Uncertainty Studies Theory
Aleatory X X X X
Epistemic (predictive X* X
deterministic models,
models of
uncertainty)
Epistemic (parameters X X X
of a probabilistic
model)
Execution error X X
Error in numerical X X
algorithms

*Note: One should be cautious using experimental observations to update predictive models that are used for a broad
range of applications because it is often impractical to obtain a sample that is representative of the population.

8.3.3 Type of Information for Various Types of Uncertainty

Here we explain which types of the information reviewed in the previous subsection should be used for
various types of uncertainty. Table 8.1 summarizes the reccommendations in this subsection.

8.3.3.1 Information for Aleatory Uncertainty

One should seek experimental observations to model aleatory uncertainty. If there is insufficient data to
construct a probability distribution, then a first principles-based model for the type of the probability
distribution could be chosen. Then the parameters of the distribution could be estimated using the
experimental data. The chapter entitled “The Role of Statistical Testing in NDA” in this book presents
methods to construct models of aleatory uncertainty.

In some cases, very limited numerical data or no data is available for aleatory uncertainty. Then infor-
mation from experts, such as intervals or linguistic information, together with principles of uncertainty
(e.g., the maximum entropy principle) can be used for modeling uncertainty. A standard probability
distribution can also be used. Subjective probabilistic models can be updated using Bayes” rule when
additional information becomes available later. In these cases, aleatory and epistemic uncertainties in
probabilistic models coexist.

In some problems, such as gambling problems, one can divide the space of all possible events into
elementary events. Moreover, in these problems, there is no reason to assume that the events have different
probabilities. For example, there is no reason to assume that the six faces of a die have different proba-
bilities to appear in a roll. According to the principle of insufficient reason, these events should be assumed
equiprobable. Then one could estimate the probability of an event based on the number of favorable
elementary events normalized by the total number of possible elementary events.

Traditionally, the effect of aleatory uncertainty on the performance of a system was quantified with a
probability distribution. For example, the Weibull probability distribution was typically used for the
strength or fatigue life. In a modern, bottom-up approach, designers quantify aleatory uncertainty by
developing probabilistic models of the input variables or drivers, X. Then they calculate the probability
distributions in the output variables, Y, (e.g., the attributes of a product or the response of a system)
using probability calculus together with a model relating the output to the input variables. Chapters 14
to 22 present methods that can be used for this purpose for both static and time-invariant problems.
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Table 8.1 summarizes the above recommendations for aleatory uncertainty. Experimental information,
interval or linguistic information from experts can be used for aleatory uncertainty. We can determine
the type of the probability distribution of a variable from principles of uncertainty or we can use a
standard probability distribution.

8.3.3.2 Information for Epistemic Uncertainty

One typically relies on expert opinion for epistemic uncertainty in a predictive model. Experts provide
nonspecific information (e.g., intervals instead of exact values) or linguistic information about the
variables that describe model uncertainty. For example, it is wiser for an expert to say that the error in
the stress in a component is between 0 and 20% rather than to pinpoint the exact value of the error.

Often, we represent the modeling uncertainty of a predictive model with random parameters. For
example, we can represent modeling uncertainty in a simplistic way as a random correction coefficient
with which we multiply the output of a model to estimate the response of a system. Prior probability
distributions of the random parameters are estimated on the basis of judgment and later updated using
experimental data and using Bayes rule (see, for example, Cardoni et al. [3] and Chapter 22 “Bayesian
Modeling and Updating” in this book). We can use a similar approach to represent modeling uncertainty
in a probabilistic model of uncertainty — we can consider the distribution parameters random (e.g., the
mean value and the standard deviation), estimate their prior probability distributions, and update these
distributions using sampling information.

The above approach can develop reasonable probabilistic models for the epistemic uncertainty in a
model for a particular application; for example the prediction of the compressive collapse load of a family
of plates with similar geometry and materials. Often, we want to quantify modeling uncertainty in a
generic model or modeling practice that is used for a broad range of applications. For example, we want
to quantify the modeling uncertainty in loads or load effects for design codes for buildings, bridges or
offshore platforms. There are concerns about constructing probabilistic models of uncertainty using
experimental data and Bayesian updating for these applications because it is often impractical to obtain
a sample of experimental measurements that is representative of the population.

One should primarily rely on expert judgment to model modeling uncertainty in this case, in addition
to experimental measurements.

Example 10: Experimental Data on Modeling Error in the Activity Coefficient
of a Chemical Solvent

Figure 8.11 shows the errors in the predictions of the activity coefficient of ten chemical solvents.
The predictive model was originally developed for 2-propanol but it was used for the ten solvents, which are
similar to 2-propanol. This figure was created using data reported by Kubic [14].The vertical axis is the
subjective degree to which each solvent is similar to 2-propanol. The horizontal axis is the error in the model

Degree of similarity
of solvent to 2-propanol
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,,,,,,,,,,,,,,,,,,,,,,,,,,, 000
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FIGURE 8.11 Errors (discrepancy between predicted and measured values) in activity coefficients for solvents.
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predictions. For each solvent, predictions were obtained at different temperatures and the errors are
shown as small circles in the figure. The errors for each solvent are on the same horizontal line. It is
observed that the errors are different for each solvent and they also vary in a different way as a function
of the temperature.

Because the error is not random, one cannot obtain a representative sample of the population of the
errors for the ten solvents from the results for a subset of solvents. For example, the errors for the solvent
with degree of similarity around 0.8 are clustered around 0.03. None of the results for the errors for the
other solvents exhibits similar behavior as the errors in the above solvent. If a designer built a probability
distribution of the error using the results in Figure 8.11, then it would be very unlikely that the errors
in the predictions for another solvent would fit to the probability distribution. Therefore, the probability
distribution for the error developed using the numerical data in the figure would not be useful for
constructing a model of the error.

There is epistemic uncertainty in models of uncertainty. We may not know the type of probability
distribution of a variable and we may be unable to estimate accurately the parameters of the distribution
from a finite sample. One can use expert opinion for the uncertainty in the type of the probability
distribution (Table 8.1, third row). Results from theory of sampling [13] are available for modeling
the uncertainty in the values of the parameters of a distribution. An alternative approach, which can
be used if few experimental measurements are available (e.g., less than 30), is to start with a prior
probability distribution of a distribution parameter and update it using experimental measurements
and Bayes’ rule.

In conclusion, intervals or linguistic information from experts can be used for characterizing
epistemic uncertainty (Table 8.1). We can also characterize epistemic uncertainty in predictive models
by combining subjective information and experimental measurements for a model that is used for a
particular range of applications. Results of theory of sampling are available for modeling uncertainty
in the estimates of the parameters of a probabilistic model from a finite sample.

8.3.3.3 Information for Human Errors

We can estimate the frequency of occurrence of execution errors from sampling data. For example,
investigations have shown that typical (micro) tasks used in detail structural design have produced an
estimate of 0.02 errors per mathematical step on a desktop calculator ([5], p. 40). Sampling data were
also used for constructing a histogram of the bending moment capacities of a portal frame computed
by different designers.

8.3.3.4 Information for Error in Numerical Solution of Predictive Models

Error in numerical algorithms is easier to quantify than the effect of epistemic uncertainty. Results from
numerical analysis and convergence studies help quantify errors due to numerical approximations.

8.4 Chapters in This Book on Methods for Collecting
Information and for Constructing Models of Uncertainty

Methods for collecting information, constructing, and testing probabilistic models of uncertainty are
presented in Chapter 26 by Fox. Booker’s and McNamara’s Chapter 13 focuses on elicitation of expert
knowledge for quantifying reliability. Theories of uncertainty are presented in Chapter 9 by Joslyn and
Booker. Oberkampf and Helton focus on evidence theory in Chapter 10. Two chapters deal with theories
and methods for modeling uncertainty when there is a severe information deficit: Ben Haim presents
Information Gap theory in Chapter 11, and Muhanna and Mullen present a method using interval
arithmetic in Chapter 12. Chapter 22, by Papadimitriou and Katafygiotis, presents Bayesian methods
for modeling uncertainty. These methods allow a designer to fuse expert knowledge and experimental
data and they are suitable for problems in which limited data is available.
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8.5 Conclusion

Uncertainty is important in making design decisions. Because of uncertainty, a decision maker’s preferred
choice is not guaranteed to result in the most desirable outcome. The best the decision maker can do is
to determine the choice that maximizes the odds of getting the most desirable outcome.

To manage uncertainty effectively, a designer should understand all important types of uncertainty.
This will enable him or her to allocate resources effectively, to collect the most suitable type of information
for each type of uncertainty, and to use the proper theory to quantify each type of uncertainty.

There are three basic types of uncertainty in predicting the outcomes of a decision: aleatory, epistemic,
and uncertainty due to human error. The source of aleatory uncertainty is inherent randomness, while
the source of epistemic uncertainty is lack of knowledge. There is epistemic uncertainty in deterministic
models for predicting the outcome of an action and in models of uncertainty. The latter uncertainty can
be in the type of the probability distribution of a random variable and in the parameters of the distri-
bution. Human errors are not due to lack of knowledge and can be corrected if pointed out. Epistemic
uncertainty and human error can be reduced by collecting information or by inspection, respectively,
whereas aleatory uncertainty cannot be reduced by collecting information.

Aleatory uncertainty is modeled using probability distributions of the driver variables or the response
variables of a system.

Sampling data from observations and evidence from experts is usually available for aleatory uncer-
tainty. For epistemic uncertainty, information from experts is suitable. This information is often non-
specific (e.g., consists of intervals or sets of possible outcomes). Sampling information can also be used
for epistemic uncertainty in a predictive model for a specific application. Numerical data about the
frequency of the effect of gross human errors can be used to construct models of these effects. Errors in
numerical solutions of mathematical models can be quantified using tools from numerical analysis and
convergence studies.
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9.1 Introduction: Uncertainty-Based Information Theory
in Modeling and Simulation

Concepts of information have become increasingly important in all branches of science, and especially
in modeling and simulation. In the limit, we can view all of science as a kind of modeling. While models
can be physical or scale models, more typically we are referring to mathematical or linguistic models,
such as F = ma, where we measure quantities for mass m and acceleration a, and try to predict another
measured quantity force F. More cogently to the readers of this volume, computer simulation models
manifest such mathematical formalisms to produce numerical predictions of some technical systems.
A number of points stand out about all models. To quote George Box, “All models are wrong; some

models are useful.” More particularly:

+ All models are necessarily incomplete, in that there are certain aspects of the world which are
represented, and others which are not.

+ All models are necessarily somewhat in error, in that there will always be some kind of gap between

their numerical output and the measured quantities.

+ The system being modeled may have inherent variability or un-measurability in its behavior.
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In each case, we wish to be able to measure or quantify these properties, that is, the fidelity and accuracy
of our models. We therefore care about the concept of “uncertainty” and all its related concepts: How
certain can I be: that I am capturing the properties I'm trying to? that 'm making accurate predictions?
that the quantities can be confidently accepted?

We refer to Uncertainty Quantification (UQ) as this general task of representing amounts, degrees,
and kinds of uncertainty in formal systems. In this context, the concept of uncertainty stands in a
dual relation to that of “information.” Classically, we understand that when I receive some informa-
tion, then some question has been answered, and so some uncertainty has been reduced. Thus, this
concept of information is that it is a reduction in uncertainty, and we call this uncertainty-based
information.

Through the 20th century, uncertainty modeling has been dominated by the mathematics of proba-
bility, and since Shannon and Weaver [1], information has been defined as a statistical measure of a
probability distribution. But also starting in the 1960s, alternative formalisms have arisen. Some of these
were intended to stand in contrast to probability theory; others are deeply linked to probability theory
but depart from or elaborate on it in various ways. In the intervening time, there has been a proliferation
of methodologies, along with concomitant movements to synthesize and generalize them. Together,
following Klir [2], we call these Generalized Information Theory (GIT).

This chapter surveys some of the most prominent GIT mathematical formalisms in the context of the
classical approaches, including probability theory itself. Our emphasis will be primarily on introducing
the formal specifications of a range of theories, although we will also take some time to discuss semantics,
applications, and implementations.

We begin with the classical approaches, which we can describe as the kinds of mathematics that might
be encountered in a typical graduate engineering program. Logical and set-theoretical approaches are
simply the application of these basic formal descriptions. While we would not normally think of these as a
kind of UQ, we will see that in doing so, we gain a great deal of clarity about the other methods to be
discussed. We then introduce interval analysis and the familiar probability theory and related methods.

Following the development of these classical approaches, we move on to consider the GIT proper
approaches to UQ. What characterizes a GIT approach is some kind of generalization of or abstraction
from a classical approach [3]. Fuzzy systems theory was the first and most significant such departure,
in which Zadeh generalized the classical, Boolean notions of both set inclusion and truth valuation to
representations which are a matter of degree.

A fuzzy set can also be seen as a generalization of a probability distribution or an interval. Similarly,
a monotone or fuzzy measure can be seen as a generalization of a probability measure. A random set
is a bit different; rather than a generalization, it is an extension of a probability measure to set-valued,
rather than point-valued, atomic events. Mathematically, random sets are isomorphic to Dempster-
Shafer bodies of evidence. Finally, we consider possibility theory, which arises as a general alternative
to classical information theory based on probability. Possibility measures arise as a different special
case of fuzzy measures from probability measures, and are generated in extreme kinds of random sets;
similarly, possibility distributions arise as a different special case of fuzzy sets, and generalize classical
intervals.

The relations among all the various approaches discussed in this chapter is shown in Figure 9.18. This
diagram is somewhat daunting, and so we deliberately show it toward the end of the chapter, after the
various subrelations among these components have been explicated. Nonetheless, the intrepid reader
might wish to consult this as a reference as the chapter develops.

We also note that our list is not inclusive. Indeed, the field is a dynamic and growing area, with many
researchers inventing novel formalisms. Rather, we are trying to capture here the primary classes of GIT
theories, albeit necessarily from our perspective. Furthermore, there are a number of significant theoretical
components that we will mention in Section 9.4 only in passing, which include:

+ Rough sets as representations of multi-resolutional structures, and are equivalent to classes of
possibility distributions
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+ Higher-order hybrid structures such as type II and level-II fuzzy sets and fuzzified Dempster-
Shafer theory; and finally

+ Choquet capacities and imprecise probabilities, which provide further generalizations of mono-
tone measures.

9.2 Classical Approaches to Information Theory

Throughout this chapter we will assume that we are representing uncertainty claims about some system
in the world through reference to a universe of discourse denoted € = {w}. At times we can specify that
Q is finite, countable, or uncountable, depending on the context.

9.2.1 Logical and Set Theoretical Approaches

As mentioned above, some of the most classical mathematical representations can be cast as representa-
tions of uncertainty in systems, albeit in a somewhat trivial way. But by beginning this way, we can
provide a consistent development of future discussions.

We can begin with a simple proposition A, which may or may not be true of any particular element
® € Q. So if A is true of @, we can say that the truth value of A for wis 1: T,(w)=1; and if it is false,
that T, (w) = 0. Because there are two logical possibilities, 0 and 1, the expression T,(®) expresses the
uncertainty, that it might be T,(w)=0, or it might be that T,(w)=1

Surely the same can be said to be true for any function on Q. But in this context, it is significant to
note the following. First, we can, in fact, characterize Boolean logic in this way, characterizing a predicate
A as a function T, : Q- {0, 1]. The properties of this value set {0, 1} will be crucial below, and will be
elaborated on in many of the theories to be introduced.

Second, we can gather together all the @ € Q for which T, is true, as distinguished from all those
€ for which T, is false, and call this the subset ACQ , where A:={weQ:T,(w)=1} It is
standard to represent the set A in terms of its characteristic function y, : Q> {0, 1}, where

1, weA

Q:
1,0 {0, wgA

It is not insignificant that, in fact, x, =T,: the truth value function of the predicate A is equivalent
to the characteristic function of the set A. Indeed, there is a mathematical isomorphism between the
properties of Boolean logic and those of set theory. For example, the truth table for the logical disjunction
(“or”) of the two predicates A and B, and the “set disjunction” (union operation) of the two subsets A
and B, is shown in Table 9.1. Table 9.2 shows the isomorphic relations among all the primary operations.
Graphical representations will be useful below. Letting Q={x, y, z, w}, Figure 9.1 shows the character-
istic function of the subset A ={x, z}.

TABLE 9.1 Truth Table for Logical Disjunction and Set Disjunction U

T,(®) T () Ty o5 (@) Xa(@) xs (@) Yaus (@)
0 0 0 0 0 0
0 1 1 0 1 1
1 0 1 1 0 1
1 1 1 1 1 1

TABLE 9.2 Isomorphisms between Logical and Set Theoretical Operations

Logic Set Theory
Negation -A Complement AC
Disjunction AorB Union AUB
Conjunction Aand B Intersection ANB
Implication A—B Subset ACB
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FIGURE 9.1 The crisp set A={x,z}cQ.

So far this is quite straightforward, but in so doing we are able to point out the general elements of
an uncertainty theory, in particular we can identify:

+ The primary objects, in this case sets or propositions, A

+ Compound objects as collections of these objects on which the uncertainty can be valued, in this
case the power set 29, that is, the set of all subsets of Q, so that 2% ={A: A c Q}

+ A range of possible uncertainty quantities for each element @ e Q with respect to the object
Ae2% in this case the two binary choices 0 and 1

+ Standard operations to combine different objects A and B

The other necessary element is a measure of the total uncertainty or information content U(A) of a
particular set or proposition A. For set theory and logic, as well as all the subsequent theories to be
presented, such measures are available. Because this is not the primary subject of this chapter, we refer
the interested reader elsewhere [4]; nonetheless, for each of the structures we present, we will attempt
to identify the community’s current best definition for U for that theory. In this case, it is the Hartley
measure of information, which is quite simply

Ulogic(A) = logZ(lAl)’ (91)

where |-| indicates the cardinality of the set. For this and all other uncertainty-based information
measures, logarithmic scales are used for their ability to handle addition of two distinct quantities of
information, and they are valued in units of bits.

Finally, in each of the cases below, we will identify and observe an extension principle, which effectively
means that when we generalize from one uncertainty theory to another, then, first, the results from the first
must be expressible in terms of special cases of the second, and furthermore the particular properties of the
first are recovered exactly for those special cases. However, it is a corollary that in the more general theory,
there is typically more than one way to express the concepts that had been previously unequivocal in the
more specific theory. This is stated abstractly here, but we will observe a number of particular cases below.

9.2.2 Interval Analysis

As noted, as we move from theory to theory, it may be useful for us to change the properties of the universe
of discourse Q. In particular, in real applications it is common to work with real-valued quantities. Indeed,
for many working scientists and engineers, it is always presumed that Q = R. The analytical properties of
R are such that further restrictions can be useful. In particular, rather than working with arbitrary subsets
of R, it is customary to restrict ourselves to relatively closed sets, specifically closed intervals I =[I,I ] R
or half-open intervals I =[I,, I, ) c R. Along these lines, it can be valuable to identify

D:={la, b)cR:a, beR, asb} (9.2)

as the Borel field of half-open intervals.
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In general, interval-valued quantities represent uncertainty in terms of the upper and lower bounds
I;and I,. That is, a quantity x €R is known to be bounded in this way, such that x €[I, I J,or [; <x<1I .
Because I is a subset of R, it has a characteristic function yx, : R {0, 1}, where

1, I<x<I,
X, (%)=

0, otherwise

The use of intervals generally is well-known in many aspects of computer modeling and simulation
[5].! We can also observe the components of interval analysis necessary to identify it as an uncertainty
theory, in particular:

+ The basic objects are the numbers x € R.
+ The compound objects are the intervals I ¢ R.

+ Note that while the universe of discourse has changed from the general set Q with all its subsets
to R with its intervals, the valuation set has remained {0, 1}.

+ The operations are arithmetic manipulations, of the form I#*] for two intervals I and J, where
* € {4, —, X, +, min, max}, etc. In general, we have

I*]={x*y:xelLye]}. (9.3)

For example, we have

I+]=[,11+0J,] ] ={x+y:xelLLye]t=[,+1,],+],1

Note, however, that in general for an operator * we usually have

I+ ] 1,1, %], ).

+ Finally, for uncertainty we can simply use the width of the interval U, (I):=|I|=|I, —I,|, orits
logarithm

U(D) == log,(| I)- (9.4)

The interval operation [1, 2] + [1.5, 3] = [2.5, 5] is shown in Figure 9.2. Note that

U(2.5, 5])=log,(2.5)=1.32> U(1, 2))+U([1.5, 3]) =log,(1)+log,(1.5)=.58.

Also note that interval analysis as such is a kind of set theory: each interval I ¢ R is simply a special
kind of subset of the special universe of discourse R. Thus we can see in Figure 9.2 that intervals have
effectively the same form as the subsets A ¢ Q discussed immediately above in Section 9.2.1, in that they
are shown as characteristic functions valued on {0, 1} only.

%) A

1+ [Sets ~ Boolean Logic]

54 Restriction to R

Intervals

<y

FIGURE 9.2 Interval arithmetic: [1,2]+[1.5,3]=[2.5,5]cR.

'For example, see the journal Reliable Computing.
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Finally, we can observe the extension principle, in that a number x € R can be represented as the
degenerate interval [x, x]. Then, indeed, we do have that x* y =[x, x]*[y, y].

9.2.3 Probabilistic Representations

By far, the largest and most successful uncertainty theory is probability theory. It has a vast and crucial
literature base, and forms the primary point of departure for GIT methods.

Probability concepts date back to the 1500s, to the time of Cardano when gamblers recognized that
there were rules of probability in games of chance and, more importantly, that avoiding these rules
resulted in a sure loss (i.e., the classic coin toss example of “heads you lose, tails I win,” referred to as
the “Dutch book”). The concepts were still very much in the limelight in 1685, when the Bishop of
Wells wrote a paper that discussed a problem in determining the truth of statements made by two
witnesses who were both known to be unreliable to the extent that they only tell the truth with
probabilities p, and p,, respectively. The Bishop’s answer to this was based on his assumption that the
two witnesses were independent sources of information [6].

Mathematical probability theory was initially developed in the 18th century in such landmark treatises as
Jacob Bernoulli’s Ars Conjectandi (1713) and Abraham DeMoiver’s Doctrine of Chances (1718, 2nd edition
1738). Later in that century, articles would appear that provided the foundations of modern inter-
pretations of probability: Thomas Bayes’ “An Essay Towards Solving a Problem in the Doctrine of
Chances,” published in 1763 [7], and Pierre Simon Laplace’s formulation of the axioms relating to games of
chance, “Memoire sur la Probabilite des Causes par les Evenemens,” published in 1774. In 1772, the youthful
Laplace began his work in mathematical statistics and provided the roots for modern decision theory.

By the time of Newton, physicists and mathematicians were formulating different theories of proba-
bility. The most popular ones remaining today are the relative frequency theory and the subjectivist or
personalistic theory. The latter development was initiated by Thomas Bayes [7], who articulated his very
powerful theorem, paving the way for the assessment of subjective probabilities. The theorem gave birth
to a subjective interpretation of probability theory, through which a human’s degree of belief could be
subjected to a coherent and measurable mathematical framework within the subjective probability theory.

9.2.3.1 Probability Theory as a Kind of GIT

The mathematical basis of probability theory is well known. Its basics were well established by the early
20th century, when Rescher developed a formal framework for a conditional probability theory and Jan
Lukasiewicz developed a multivalued, discrete logic circa 1930. But it took Kolmogorov in the 1950s to
provide a truly sound mathematical basis in terms of measure theory [8].

Here we focus only on the basics, with special attention given to casting probability theory in the
context of our general development of GIT.

In our discussions on logic and set theory, we relied on a general universe of discourse Q and all its
subsets A € 2%, and in interval analysis we used R and the set of all intervals I € D. In probability theory,
we return to a general universe of discourse Q, but then define a Boolean field € < 2° on Q as a collection
of subsets closed under union and intersection:

VA, A €&, AUA e, ANA el

Note that while 29 is a field, there are fields which are not 2%.

We then define a probability measure Pr on & as a set function Pr: £+[0, 1] where Pr(Q)=1 as a
normalization condition, and if A,A,,... is a countably infinite sequence of mutually disjoint sets in £
whose union is in &, then

Pr OA,. zi Pr(A,).
i=1

i=1
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When all of these components are in place, we call the collection (€2, £, Pr) a probability space, where
we use (- to indicate a general n-tuple, in this case an ordered triple.

We interpret the probability of an event A €& as the uncertainty associated with the outcome of A
considered as an event. Implicit in this definition are two additional concepts, time, t, and “history” or
background information, H, available for contemplating the uncertain events, at t and H. Thus we can
also use the revised notation Pr(A; H, t). Below, we will freely use either notation, depending on the
context.

The calculus of probability consists of certain rules (or axioms) denoted by a number determined by
Pr(A;H, t), in which the probability of an event, A, is related to H at time #. When the event A pertains
to the ability to perform a certain function (e.g., survive a specified mission time), then Pr(A; H,t) is
known as the product’s reliability. This is a traditional definition of reliability, although we must note
that treatments outside of the context of probability theory, indeed, outside of the context of any
uncertainty-based information theory, are also possible [9].

The quantity Pr(A,|A,; H,t) is known as the conditional probability of A, given A,. Note that
conditional probabilities are in the subjunctive. In other words, the disposition of A, at time t, were it
to be known, would become a part of the history H at time t. The vertical line between A, and A,
represents a supposition or assumption about the occurrence of A,.

We can also define a function called a probability distribution or density, depending on the context,
as the probability measure at a particular point @ € Q. Specifically, we have p: Q1+ [0, 1] where Vo € Q,
p(w):=Pr({m}) . When Q is finite, then we tend to call p a discrete distribution, and we have

VACQ, Pr(A)= 2 p),

weA

and as the normalization property we have 3., p(w)=1.
When Q=TR, then we tend to use f, and call it a probability density function (pdf). We then have

VA c R, Pr(A)=J.f(x)dx,

and for normalization | _ f(x)dx =1. In this case, we can also define the cumulative distribution as

VxeR, F(x):=Pr((—oo, x])=r f(x)dx,

and for normalization lim ,_F(x)=1.

To make the terminological problems worse, it is common to refer to the cumulative distribution as
simply the “distribution function.” These terms, especially “distribution,” appear frequently below in
different contexts, and we will try to use them clearly.

We have now introduced the basic components of probability theory as a GIT:

+ The objects are the points we Q.
+ The compound objects are the sets in the field Ae&.

+ The valuation set has become the unit interval [0, 1].

We are now prepared to introduce the operations on these objects, similar to logic and intervals above.
First we exploit the isomorphism between sets and logic by introducing the formulation

Pr(AorB;H, t):=Pr(AUB;H, t), Pr(AandB;H, t):=Pr(ANB;H, t).
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The calculus of probability consists of the following three primary rules:

1. Convexity: For any event Ae&, we have 0<Pr(A;H, t)<1. Note that this is effectively a
restatement of the definition, since Pr: 2% [0, 1].

2. Addition: Assume two events A, and A, that are mutually exclusive; that is, they cannot simul-
taneously take place, so that A NA, =@ . Then we have

Pr(A or A;sH, t)=Pr(A;H, t)+Pr(A;H, t).
In general, for any two sets A, B € &, we have
Pr(A, or Ay H,t) = Pr(A;; H, t) + Pr(Ay; H, t) — Pr(A, M A; H, t). (9.5)

3. Multiplication: Interpreting Pr(A, |A,; H, t) as a quantification of the uncertainty about an
event A, supposing that event A, has taken place, then we have

Pr(A and A,; H, t)=Pr (A, |A,; H, t)Pr(A,; H, t).

Finally, Pr(A, and A,; H, t) also can be written as Pr(A,|A; H, t)Pr(A;; H, t) because at time ¢
both A, and A, are uncertain events and one can contemplate the uncertainty about A, supposing
that A, were to be true or vice versa.

To complete the characterization of probability theory as a GIT, we can define the total uncertainty
for a discrete as its statistical entropy:

Uya() == D, (@) 0g,(p(@)). (9.6)

weQ

It is not so straightforward for a continuous pdf, but these concepts are related to variance and other
measures of the “spread” or “width” of the density.

9.2.3.2 Interpretations of Probability

The calculus of probability does not tell us how to interpret probability, nor does the theory define what
probability means. The theory and calculus simply provide a set of rules by which the uncertainties about
two or more events combine or “cohere.” Any set of rules for combining uncertainties that are in violation
of the rules given above are said to be “incoherent” or inconsistent with respect to the calculus of
probability. But it is crucial to note that it is exactly these “inconsistencies” that have spurred much of
the work in generalizing the structures reported herein.

Historically speaking, there have been at least 11 different significant interpretations of probability;
the most common today are relative frequency theory and personalistic or subjective theory.

Relative frequency theory has its origins dating back to Aristotle, Venn, von Mises, and Reichenbach.
In this interpretation, probability is a measure of an empirical, objective, and physical fact of the world,
independent of human knowledge, models, and simulations. Von Mises believed probability to be a part
of a descriptive model, whereas Reichenbach viewed it as part of the theoretical structure of physics.
Because probability is based only on observations, it can be known only a posteriori (literally, after
observation). The core of this interpretation is in the concept of a random collective, as in the probability
of finding an ace in a deck of cards (the collective). In relative frequency theory, Pr(A; H, t) = Pr(A); there
isno Hort.

Personalistic or subjective interpretation of probability has its origins attributed to Borel, Ramsey, de
Finetti, and Savage. According to this interpretation, there is no such thing as a correct probability, an
unknown probability, or an objective probability. Probability is defined as a degree of belief, or a
willingness to bet: the probability of an event is the amount (say p) the individual is willing to bet, on
a two-sided bet, in exchange for $1, should the event take place. By a two-sided bet is meant staking
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(1 - p) in exchange for $1, should the event not take place. Probabilities of one-of-a-kind or rare events,
such as the probability of intelligent life on other planets, are easily handled with this interpretation.

The personalistic or subjective probability permits the use of all forms of data, knowledge, and
information. Therefore, its usefulness in applications where the required relative frequency data are absent
or sparse becomes clear. This view of probability also includes Bayes theorem and comes the closest of
all the views of probability to the interpretation traditionally used in fuzzy logic. Therefore, this inter-
pretation of probability can be the most appropriate for addressing the uncertainties in complex decisions
surrounding modern reliability problems.

9.2.3.3 Bayes Theorem and Likelihood Approaches for Probability

In 1763, the Reverend Thomas Bayes of England made a momentous contribution to probability, describ-
ing a relationship among probabilities of events (A, and A,) in terms of conditional probability:

Pr(A, | A; H)Pr(A; H)

Pr(A |A); H)=
(4,145 H) Pr(A,; H)

Its development stems from the third “multiplication” axiom of probability defining conditional proba-
bility. Bayes theorem expresses the probability that event A, occurs if we have observed A, in terms of
the probability of A, given that A, occurred.

Historical investigation reveals that Laplace may have independently established another form of Bayes
Theorem by considering A, as a comprised of k sub-events, A ,A,,,...,A,. Then the probability of
A,,Pr(A,; H) can be rewritten as

11°

Pr(A, | A, ; H)Pr(A,; H)+Pr(A,|A,; H)Pr(A,; H)+---+Pr(A,|A,; H)Pr(A,; H).

ll; ll; 12; 12; lk; lk;
This relationship is known as the Law of Total Probability for two events, A, and A,, and can be

rewritten as:

Pr(A, =a,; H) :z Pr(A, =a,| A, =a,; H)Pr(A = a; H),
J

where lower case a values are particular values or realizations of the two events.
The implications of Bayes theorem are considerable in its use, flexibility, and interpretation in that [10]:

+ It demonstrates the proportional relationship between the conditional probability Pr(4, | A,; H)
and the product of probabilities Pr(A; H)and Pr(A, |A; H).

+ It prescribes how to relate the two uncertainties about A;: one prior to knowing A,, the other
posterior to knowing A,.

« It specifies how to change the opinion about A, were A, to be known; this is also called “the
mathematics of changing your mind”.

+ It provides a mathematical way to incorporate additional information.

« It defines a procedure for the assessor, i.e., how to bet on A, should A, be observed or known.
That is, it prescribes the assessor’s behavior before actually observing A,.

Because of these implications, the use of Bayesian methods, from the application of this powerful
theorem, have become widespread as an information combination scheme and as an updating tool,
combining or updating the prior information with the existing information about events. These methods
also provide a mechanism for handling different kinds of uncertainties within a complex problem by
linking subjective-based probability theory and fuzzy logic.

The prior about A, refers to the knowledge that exists prior to acquisition of information about event
A,. The fundamental Bayesian philosophy is that prior information is valuable, should be used, and can

Copyright 2005 by CRC PressLLC



be mathematically combined with new or updating information. With this combination, uncertainties
can be reduced.

Bernoulli appears to be the first to prescribe uncertainty about A, if one were to observe A, (but
assuming A, = a, has not yet occurred). By dropping the denominator and noting the proportionality
of the remaining terms on the right-hand side, Bayes rule becomes:

Pr(A, | Ay H) o< Pr(A, | A; H) Pr(A; H).
However, A, = a, is actually observed, making the left-hand side written as Pr(A; a,, H). Therefore,
Pr(A;; a,, H)e<Pr(A,=a,|A =a; H)Pr(A =a; H).

However, there is a problem because Pr(A, =a,|A, =a;;H) is no longer interpreted as a probability.
Instead, this term is called the likelihood that A, = 4, in light of H and the fact that A, = a,. This is
denoted L(A, = a;; a,, H). This likelihood is a function of a, for a fixed value of a,. For example, the
likelihood of a test resulting in a particular failure rate would be expressed in terms of L(A; = a5 a,, H).

The concept of a likelihood gives rise to another formulation of Bayes theorem:

Pr(A;a,, H) < L(A =a;a,, H) Pr(A =a; H).

Here, Pr(A, =a; H)is again the prior probability of A, (i.e., the source for information that exists
“prior” to test data (a,) in the form of expert judgment and other historical information). By definition,
the prior represents the possible values and associated probabilities for the quantity of interest, A,. For
example, one decision is to represent the average failure rate of a particular manufactured item. The
likelihood L(A, = ay; a,, H) is formed from data in testing a specified number of items. Test data from
a previously made item similar in design forms the prior. Pr(A; a,, H) is the posterior distribution in
the light of a, (the data) and H, produced from the prior information and the data.

The likelihood is an intriguing concept but it is not a probability, and therefore does not obey the axioms
or calculus of probability. In Bayes theorem, the likelihood is a connecting mechanism between the two
probabilities: the prior probability, Pr(A,; H), and the posterior probability, Pr(A,; a,, H). The likelihood
is a subjective construct that enables the assignment of relative weights to different values of A, = a,.

9.2.3.4 Distribution Function Formulation of Bayes Theorem

Bayes theorem has been provided for the discrete form for two random variables representing the
uncertain outcomes of two events, A, and A,. For continuous variables X and Y, the probability statements
are replaced by pdfs, and the likelihood is replaced by a likelihood function. If Y is a continuous random
variable whose probability density function depends on the variable X, then the conditional pdf of Y
given X is f(y | x). If the prior pdf of X is g (x), then for every y such that f(y) > 0 exists, the posterior
pdf of X, given Y = y is

flylx; H)glx; H)
[ 13 gt

g(x|ysH)=

where the denominator integral is a normalizing factor so that g(x | y; H), the posterior distribution,
integrates to 1 (as a proper pdf).
Alternatively, utilizing the likelihood notation, we have

g(x|y; H) o< L(x | y; H)g(x; H),

so that the posterior is proportional to the likelihood function times the prior distribution.

Copyright 2005 by CRC PressLLC



In this form, Bayes theorem can be interpreted as a weighting mechanism. The theorem mathemat-
ically weights the likelihood function and prior distribution, combining them to form the posterior.
If these two distributions overlap to a large extent, this mathematical combination produces a desirable
result: the uncertainty (specifically, the variance) of the posterior distribution is smaller than that
produced by a simple weighted combination, w,g .. +W,Ly je0q fOr example. The reduction in the
uncertainty results from the added information of combining two distributions that contain similar
information (overlap).

Contrarily, if the prior and likelihood are widely separated, then the posterior will fall in the gap
between the two functions. This is an undesirable outcome because the resulting combination falls in a
region unsupported by either the prior or the likelihood. In this situation, one would want to reconsider
using Bayesian combination and either seek to resolve the differences between the prior and likelihood
or use some other combination method such as a simple weighting scheme; for example, consider
W1 prior T WaLikelinood -

As noted above, a major advantage of using Bayes theorem to combine distribution functions of
different information sources is that the spread (uncertainty) in the posterior distribution is reduced
when the information in the prior and likelihood distributions are consistent with each other. That is,
the combined information from the prior distribution and the data has less uncertainty because the prior
distribution and data are two different information sources that support each other.

Before the days of modern computers and software, calculating Bayes theorem was computationally
cumbersome. For those times, it was fortunate that certain choices of pdfs for the prior and likelihood
produced easily obtained posterior distributions. For example, a beta prior with a binomial likelihood
produces a beta posterior whose parameters are simple functions of the prior beta and binomial param-
eters, as the following example illustrates. With modern computational methods, these analytical short-
cuts, called conjugate priors, are not necessary; however, computation still has its difficulties in how to
formulate, sample from, and parameterize the various functions in the theorem. Simulation algorithms
such as Metropolis-Hastings and Gibbs sampling provide the how-to, but numerical instabilities and
convergence problems can occur with their use. A popular simulation technique for simulation and
sampling is Markov Chain Monte Carlo (MCMC). A flexible software package for implementation written
in Java is YADAS? [11].

9.2.3.5 Binomial/Beta Reliability Example

Suppose we prototype a system, building 20 units, and subject these to a stress test. All 20 units pass the
test [10]. The estimate of success/failure rates from test data alone is 1, = 20 tests with x, = 20 successes.

Using just this information, the success rate is 20/20 = 1, and the failure rate is 0/20 = 0. This funda-
mental reliability (frequentist interpretation of probability) estimate, based on only 20 units, does not
reflect the uncertainty in the reliability for the system and does not account for any previously existing
information about the units before the test.

A Bayesian approach can take advantage of prior information and provide an uncertainty estimate on
the probability of a success, p. Prior knowledge could exist in many forms: expertise of the designers,
relevant data from similar systems or components, design specifications, historical experience with similar
designs, etc. that can be used to formulate the prior distribution for p, g(p). The beta distribution is
often chosen as a prior for a probability because it ranges from 0 to 1 and can take on many shapes
(uniform, “J” shape, “U” shape and Gaussian-like) by adjusting its two parameters, n, and x,. That beta
prior is denoted as beta(x, 1), and its pdf is:

I'(n,)
I(x,)T(n, —x,)

xxofl (1 _ x)nofxofl )

g(p)=

2Yet Another Data Analysis System.
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For this example, assume the prior information is in the form of an estimate of the failure rate from
the test data done on a similar system that is considered relevant for this new system with n, = 48 tests
on a similar system with x, = 47 successes.

The new prototype test data forms the likelihood, L(p; x). Because this data represents the number of
successes, X, in n, trials it conforms to the binomial distribution with the parameter of interest for
success, p. The beta distribution, g(p), is a conjugate prior when combined with the binomial likelihood,
L(p; x), using Bayes theorem. Thus, the resulting, posterior distribution, g(p | x) is also a beta distribution
with parameters (x, + x,, 1y + 1,):

I'(n,+n,)

X +x, =1 M+ 1 =X =X, =1
p 01 (l_p) 0771 01 N
I(x, +x)T(ny+n —x,—x)

g(plx)=

or

g(p)= L8 wq

renrm? P

The mean success rate of the beta posterior is

% t% _ 67 _ 085
n,+n 68

or, in terms of a mean failure rate for the beta posterior, approximately 1 — 0.985 = 0.015 failure rate.
The variance of the beta posterior distribution is:

(5 +x)(n, + n)—(x, +x,)]

. =0.00021.
(ny+n)"(ny +n +1)

The engineering reliability community gravitates to the binomial/beta conjugate prior because many
of the failures are binomial in nature and the parameters of the prior and posterior can have a reliability-
based interpretation: n, = number of tests and x, = number of successes for the prior parameter
interpretation. Similarly, n, + n, = number of pseudo tests and x, + x;, = number of pseudo successes
for the posterior parameter interpretation, provided these values are greater than 1.

9.3 Generalized Information Theory

We now turn our attention to the sub-fields of GIT proper. Most of these formalisms were developed in
the context of probability theory, and are departures, in the sense of generalization from or elaborations,
of it. However, many of them are also intricately interlinked with logic, set theory, interval analysis,
combinations of these, combinations with probability theory, and combinations with each other. We
emphasize again that there is a vast literature on these subjects in general, and different researchers have
different views on which theories are the most significant, and how they are related. Our task here is to
represent the primary GIT fields and their relations in the context of probability theory and reliability
analysis. For more background, see work elsewhere [12-15].

9.3.1 Historical Development of GIT

As mentioned in the introduction, we will describe the GIT sub-fields of fuzzy systems, monotone or
fuzzy measures, random sets, and possibility theory. While these GIT sub-fields developed historically
in the context of probability theory, each also has progenitors in other parts of mathematics.
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In 1965, Lotfi Zadeh introduced his seminal idea in a continuous-valued logic called fuzzy set theory
[16, 17]. In doing so, he was recapitulating some earlier ideas in multi-valued logics [13].

Also in the 1960s, Arthur Dempster developed a statistical theory of evidence based on probability
distributions propagated through multi-valued maps [18]. In so doing, he introduced mathematical
structures that had been identified by Choquet some years earlier, and described as general “capacities.”
These Choquet capacities [19, 20] are generalizations of probability measures, as we shall describe below.
In the 1970s, Glenn Shafer extended Dempster’s work to produce a complete theory of evidence dealing
with information from more than one source [21]. Since then, the combined sub-field has come to be
known as “Dempster-Shafer Evidence Theory” (DS Theory). Meanwhile, the stochastic geometry com-
munity was exploring the properties of random variables valued not in R, but in closed, bounded subsets
of R". The random sets they described [22, 23] turned out to be mathematically isomorphic to DS
structures, although again, with somewhat different semantics. This hybrid sub-field involving Dempster’s
and Shafer’s theories and random sets all exist in the context of infinite-order Choquet capacities.

While random sets are defined in general on R", for practical purposes, as we have seen, it can be
useful to restrict ourselves to closed or half-open intervals of R and similar structures for R". Such
structures provide DS correlates to structures familiar to us from probability theory as it is used, for
example pdfs and cumulative distributions. It should be noted that Dempster had previously introduced
such “random intervals” [24].

In 1972, Sugeno introduced the idea of a “fuzzy measure” [25], which was intended as a direct gener-
alization of probability measures to relax the additivity requirement of additive Equation 9.5. Various
classes of fuzzy measures were identified, many of the most useful of which were already available within
DS theory. In 1978, Zadeh introduced the special class of fuzzy measures called “possibility measures,”
and furthermore suggested a close connection to fuzzy sets [26]. It should be noted that there are other
interpretations of this relation, and to some extent it is a bit of a terminological oddity that the term
“fuzzy” is used in two such contexts [27]. For this reason, researchers are coming to identify fuzzy
measures instead as “monotone measures.”

The 1980s and 1990s were marked by a period of synthesis and consolidation, as researchers completed
some open questions and continued both to explore novel formalisms, but more importantly the relations
among these various formalisms. For example, investigators showed a strong relationship between evi-
dence theory, probability theory, and possibility theory with fuzzy measures [28].

One of the most significant developments during this period was the introduction by Walley of an even
broader mathematical theory of “imprecise probabilities,” which further generalizes fuzzy measures [29].

9.3.2 GIT Operators

The departure of the GIT method from probability theory is most obviously significant in its use of a
broader class of mathematical operators. In particular, probability theory operates through the familiar
algebraic operators addition + and multiplication X, as manifested in standard linear algebra. GIT
recognizes + as an example of a generalized disjunction, the “or”-type operator, and X as an example of
a generalized conjunction, the “and”-type operator, but uses other such operators as well.

In particular, we can define the following operations:

Complement: Let ¢: [0, 1]+ [0, 1] be a complement function when
c(0)=1, ¢(1)=0, x<yr>c(x)=c(y).

Norms and Conorms: Assume associative, commutative functions M:[0,1]* —[0,1] and LE:[0,1]* —
[0,1]. Because of associativity, we can use the operator notation x M y:=M(x,y), xUy:=
LI(x, y). Further assume that LI and M are monotonic, in that

Vx<y,z<w, xMz<yMw, xUz<yMw.
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Then MMis a triangular norm if it has identity 1, with 1 M x=x M 1=x;and Llis a triangular conorm
if it has identity 0, with 0 LI x=x L1 0=x.

While there are others, the prototypical complement function, and by far the most commonly used,
is ¢(x) = 1 — x. Semantically, complement functions are used for logical negation and set complementation.

In general, there are many continuously parameterized classes of norms and conorms [13]. However,
we can identify some typical norms and conorms that may be familiar to us from other contexts. Below,
use A,V for the maximum and minimum operators, let x, y €[0, 1], and let [x] be the greatest integer
below x € R, and similarly [x] the least integer above x. Then we have:

Norms:
—Min: x A y
—Times: x X y
—-Bounded Difference: x—, y:=(x+y-1)v0
—Extreme Norm: [X|x | 7|

Conorms:
-Max: xvy
—Probabilistic Sum: x+ y:=x+y—xy
-Bounded Sum: x+, y:=(x+y)Al
—Extreme Conorm: [X] x [ 7]

In general, A is the greatest and | x| x [ ¥] the least norm, and v is the least and [x] x [¥]the greatest
conorm. The relations are summarized in Table 9.3.

9.3.3 Fuzzy Systems

In 1965, Zadeh published a new set theory that addressed the kind of vague uncertainty that can be
associated with classifying an event into a set [16, 17]. The idea suggested that set membership is the key
to decision making when faced with linguistic and nonrandom uncertainty. Unlike probability theory,
based upon crisp sets, which demands that any outcome of an event or experiment belongs to a set A
or to its complement, A%, and not both, fuzzy set theory permits such a joint membership. The degree
of membership that an item belongs to any set is specified using a construct of fuzzy set theory, a
membership function.

Just as we have seen that classical (crisp) sets are isomorphic to classical (crisp) logic, so there is a fuzzy
logic that is isomorphic to fuzzy sets. Together, we can thus describe fuzzy systems as systems whose
operations and logic are governed by these principles. Indeed, it can be more accurate to think of a process
of “fuzzification,” in which a formalism that has crisp, binary, or Boolean choices are relaxed to admit
degrees of gradation. In this way, we can conceive of such ideas as fuzzified arithmetic, fuzzified calculus, etc.

9.3.3.1 Fuzzy Sets

Zadeh’s fundamental insight was to relax the definition of set membership. Where crisp sets contain
objects that satisfy precise properties of membership, fuzzy sets contain objects that satisfy imprecise
properties of membership; that is, membership of an object in a fuzzy set can be approximate or partial.

We now introduce the basic formalism of fuzzy sets. First, we work with a general universe of discourse
Q. We then define a membership function very simply as any function (: Q- [0, 1]. Note, in particular,
that the characteristic function y,of a subset ACQ is a membership function, simply because
{0, 1} <o, 1].

TABLE 9.3 Prototypical Norms and Conorms

lx) < Ly]
[x]x[y]

Triangular Norm xMy: XAy > xXy Ov(x+y-1)

IN IV

Triangular Conorm xUy: xvy < xty-xy In(x+y)
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FIGURE 9.3 The fuzzy set A ={(x,.5), (y,0),(z, 1), (w, 25} C Q.

Thus, membership functions generalize characteristic functions, and in this way, we can conceive
of a fuzzy subset of Q, denoted A &, as being defined by some particular membership function 17
For a characteristic function y, of a subset A, we interpret y,(w) as being 1 if @€ A,and 0 if @ ¢ A.
For a membership function p; of a fuzzy subset A, it is thereby natural to interpret f1;(w) as the degree
or extent to which e A.

Then note especially how the extension principle holds. In particular, consider ®,,, € Q such that
Uz(@)=0 and pz(w,)=1.In these cases, we can still consider that @, € Aand ®, ¢ A unequivocally.

Below, it will frequently be convenient to denote A(w) for u;(w). Moreover, when Q ={w,®,,...,0,}
is finite, we can denote a fuzzy subset as a set of ordered pairs:

A={w,A®)), (0,, A@,)),.... (0, Al® ))}.

Consider the simple example shown in Figure 9.3. For Q ={x, y, z, w}, we might have

A={(x, .5),(p, O)(z, 1) (w, .25)},

so that z is completely in A, y is completely not in A, and x and w are in A to the intermediate extents
.5 and .25, respectively.

When a membership function actually reaches the line 1 =1, so that 3w € Q, A(w) =1, then we call
A normal. This usage is a bit unfortunate because it may indicate probabilistic additive normalization,
so we will try to distinguish this as fuzzy normalization. Fuzzy normalization is also the criterion for A
to be a possibility distribution, which we will discuss below in Section 9.3.6.

To continue our characterization of fuzzy sets as a GIT, we need to define the correlates to the basic set
operations. Not surprisingly, we will do this through the generalized operators introduced in Section 9.3.2.
Below, presume two fuzzy sets A, B . Then we have:

Fuzzy Complement: i_ (o) = c(A(w))
Fuzzy Union: 7 z(w)= A(w) L B(w)
Fuzzy Intersection: ; -(w)= A(w) M B(w)
Fuzzy Set Equivalence: A=B:=Vwe Q,A(w) = B(w)
Fuzzy Subsethood: AEB:=VweQ Alw) < Bw)
Typically, we use LI=v,lM=A, and c(u)=1- y, although it must always be kept in mind that there are

many other possibilities. The extension principle can be observed again, in that for crisp sets, the classical
set operations are recovered.

Proposition 7: Consider two crisp subsets A,Bc €, and let uz= y,Ly,,and uz=yx, My, for some
general norm M and conorm LI Then uz=y, , and uzs=x,;-

So again, we have the ideas necessary to cast fuzzy systems as a kind of GIT. As with classical sets, the
basic objects are the points w € Q, but now the compound objects are all the fuzzy subsets A C Q, and
the valuation is into [0, 1] instead of {0,1}. The operations on fuzzy sets are defined above.
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So now we can introduce the measure of the information content of a fuzzy set. There are at least two
important concepts here. First, we can consider the “size” of a fuzzy set much like that of a crisp set, in
terms of its cardinality. In the fuzzy set case, this is simply

4] =Y Aw),

weQ

noting that in accordance with the extension principle, this fuzzy cardinality of a crisp set is thereby
simply its cardinality.

We can also discuss the “fuzziness” of a fuzzy set, intuitively as how much a fuzzy set departs from
being a crisp set, or in other words, some sense of “distance” between the fuzzy set and its complement
[13]. The larger the distance, the “crisper” the fuzzy set. Using Z to denote this quantity, and recalling
our fuzzy complement operator above, we have:

2(A):= Y |A@) - (A©)],

weQ

which, when 1—-is used for ¢, becomes:

Z(A) = 2(1—|2A(w)—1 .
WeQ
Finally, we note the presence of the extension principle everywhere. In particular, all of the classical
set operations are recovered in the case of crisp sets, that is, where Vo € Q, A(w) €{0,1}.

9.3.3.2 Fuzzy Logic

We saw in Section 9.2.1 that we can interpret the value of a characteristic function of a subset y, as the
truth value of a proposition T, and in this way set theoretical operations are closely coupled to logical
operations, to the extent of isomorphism. In classical predicate logic, a proposition A is a linguistic, or
declarative, statement contained within the universe of discourse €, which can be identified as being a
collection of elements in € which are strictly true or strictly false.

Thus, it is reasonable to take our concept of a fuzzy set’s membership function yi;and derive an
isomorphic fuzzy logic, and indeed, this is what is available. In contrast to the classical case, a fuzzy logic
proposition is a statement involving some concept without clearly defined boundaries. Linguistic state-
ments that tend to express subjective ideas and that can be interpreted slightly differently by various
individuals typically involve fuzzy propositions. Most natural language is fuzzy, in that it involves vague
and imprecise terms. Assessments of people’s preferences about colors, menus, or sizes, or expert opinions
about the reliability of components, can be used as examples of fuzzy propositions.

So mathematically, we can regard a fuzzy subset Aasa fuzzy proposition, and denote T;(®):= Alw)
€[0, 1] as the extent to which the statement “@ is A ” is true. In turn, we can invoke the GIT operators
analogously to fuzzy set theory to provide our fuzzy logic operators. In particular, for two fuzzy propo-
sitions A and B we have:

Negation: T ;(w)= C(A(CO))

Disjunction: T; z(w)= A(a)) LJ B(w)

Conjunction: T; (@)= A(a)) M B’(w)

Implication: There are actually a number of expressions for fuzzy implication available, but the

“standard” one one might expect is valid: T, . (@)=T ; .(0)= C(A((D)) v B(w)

Table 9.4 shows the isomorphic relations among all the primary fuzzy operations. Again, the exten-
sion principle holds everywhere for crisp logic. Note, however, that, in keeping with the multi-valued
nature of mathematical ideas in the more general theory, the implication operation is only roughly
equivalent to the subset relation, and that there are other possibilities. Figure 9.3 shows our simple
example again, along with the illustration of the generalization of classical sets and logic provided by
fuzzy sets and logic.
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TABLE 9.4 Isomorphisms between Fuzzy Logical and Fuzzy Set Theoretical Operations

Fuzzy Logic Fuzzy Set Theory GIT Operation
Negation —A Complement A° c(u3)
Disjunction AorB Union AUB Wy U g
Conjunction Aand B Intersection ANB Wy Mg
Implication A—B Subset AcB o) U g

9.3.3.3 Comparing Fuzzy Systems and Probability

The membership function A(w) reflects an assessor’s view of the extent to which @ € A, an epistemic
uncertainty stemming from the lack of knowledge about how to classify @. The subjective or personalistic
interpretation of probability, Pr(A), can be interpreted as a two-sided bet, dealing with the uncertainty
associated with the outcome of the experiment. While this type of uncertainty is usually labeled as random
or aleatory, there is no restriction on applying subjective probability to characterize lack of knowledge
or epistemic uncertainty. A common example would be eliciting probability estimates from experts for
one-of-a kind or never observed events.

However, just because probabilities and fuzzy quantities can represent epistemic uncertainties does
not guarantee interchangeability or even a connection between the two theories. As noted above, their
axioms are quite different in how to combine uncertainties represented within each theory. Therefore,
the linkage between the two theories is not possible by modifying one set of axioms to match the other.
Other fundamental properties also differ. It is not a requirement that the sum over @ of all A(w) equals
one, as is required for summing over all probabilities. This precludes A(w)from being interpreted as a
probability in general. Similarly, pdfs are required to sum or integrate to one, but membership functions
are not. Therefore, membership functions cannot be equated with pdfs either.

At least one similarity of probability and membership functions is evident. Just as probability theory
does not tell how to specify Pr(A), fuzzy set theory does not tell how to specify A(w). In addition,
specifying membership is a subjective process. Therefore, subjective interpretation is an important com-
mon link to both theories.

Noting that A(a)), as a function of @, reflects the extent to which @ € 4, it is an indicator of how likely
it is that @ e A. One interpretation of A(®) is as the likelihood of @ for a fixed (specified) A. A likelihood
function is not a pdf. In statistical inference, it is the relative degree of support that an observation
provides to several hypotheses. Specifying the likelihood is also a subjective process, consistent with
membership function definition and the subjective interpretation of probability.

As noted above, likelihoods are mostly commonly found in Bayes theorem. So, Bayes theorem links
subjective probability with subjective likelihood. If membership functions can be interpreted as likeli-
hoods, then Bayes theorem provides a valuable link from fuzzy sets back into probability theory. A case
is made for this argument [30], providing an important mathematical linkage between probability and
fuzzy theories. With two theories linked, it is possible to analyze two different kinds of uncertainties
present in the same complex problem. An example application in the use of expert knowledge illustrates
how these two theories can work in concert as envisioned by Zadeh [17] can be found in [31]. Additional
research is needed to link other GITs so that different kinds of uncertainties can be accommodated within
the same problem.

9.3.3.4 Fuzzy Arithmetic

Above we considered the restriction of sets from a general universe  to the line R. Doing the same for
fuzzy sets recovers some of the most important classes of structures.

In particular, we can define a fuzzy quantity as a fuzzy subset I & R, such that Uz :R—=[0,1]. Note
that a fuzzy quantity is any arbitrary fuzzy subset of R, and as such may not have any particular useful
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properties. Also note that every pdf is a special kind of fuzzy quantity. In particular, if | g My (X)dx =1,
then 5 is a pdf.

We can discuss another special kind of fuzzy quantity, namely a possibilistic density or distribution
function (again, depending on context), which we will abbreviate as 7-df, pronounced “pie-dee-eff.”
contrast with a pdf, if I is fuzzy normal, so that sup _, I(x)=1, then I is a 7-df. We note here in passing
that where a pdf is a special kind of probability distribution on R, so a 7-df is a special kind of possibility
distribution on R. This will be discussed in more detail below in Section 9.3.6.

We can also discuss special kinds of 7-dfs. When a 7-df is convex, so that

V YV I(2)21(x)Al(y), (9.8)

x,y€R z€e[x,y]

then I isa fuzzy interval. We can also define the support of a fuzzy interval as U(I ={x: I(x)>0},and
note that U(I) is itself a (possibly open) interval. When a fuzzy interval I is unimodal, so that
JdxeR, (x) =1,then I isa fuzzy number, where 3! means “exists uniquely.”

These classes of fuzzy quantities are illustrated in Figure 9.4. Note in particular that the fuzzy quantity
and 7-df illustrations are cartoons: in general, these need not be continuous, connected, or unimodal.
Some of the cases shown here will be discussed further in Section 9.3.6.4.

|1234X

- Fuzzy Quantity
I(x)
1
5 i(X)
1 i i n 1--
l 1 2 3 4«x
5
Possibilistic A
Density Function I
1 2 383 4«x
@ Probability
I Density Function

1 2 3 4«
Fuzzy Interval

Fuzzy Number

Tx)

FIGURE 9.4 Kinds of fuzzy quantities.
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FIGURE 9.5 The fuzzy arithmetic operation [1, 2, 3] + [4, 5, 6] = [5, 7, 9].

Fuzzy intervals and numbers are named deliberately to invoke their extension from intervals and
numbers. In particular, if a fuzzy interval I is crisp, so that 1R {0,1}, then I is a crisp interval I
with characteristic function y, = u; . Similarly, if a fuzzy number I is crisp with mode x,, so that | (x,)=1
and Vx # x,,I(x) =0, then I is just the number x,, also characterized as the crisp interval [x,, x,].

So this clears the way for us to define operations on fuzzy intervals, necessary to include it as a branch
of GIT. As with crisp intervals, we are concerned with two fuzzy intervals I,], and operations
* e {+,—,%,+}, etc. Then we have VxeR,

;)= U [Iy) M), (9.9)

X=y*z

for some conorm Lland norm . Again, the extension principle is adhered to, in that when I and J is
crisp, Equation 9.3 is recovered from Equation 9.9.

An example of a fuzzy arithmetic operation is shown in Figure 9.5. We have two fuzzy numbers, each
indicated by the triangles on the left. The leftmost, I, is unimodal around 2, and the rightmost, J, is
unimodal around 6. Each is convex and normal, dropping to the x-axis as shown. Thus, I expresses
“about 2,” and ] “about 5,” and because they can be characterized by the three quantities of the mode
and the x-intercepts, we denote them as

1=[1,2,3, J=[4,5,6].

Applying Equation 9.9 for #=+ reveals I +] =[5, 7, 9], which is “about 7.’
Note how the extension principle is observed for fuzzy arithmetic as a generalization of interval
arithmetic, in particular, we have

U +))=[5,91=[1,3]+[4,6]=U(I)+ U(J),

where the final operation indicates interval arithmetic as in Equation 9.3.
The relations among these classes of fuzzy quantities, along with representative examples of each, is
shown in Figure 9.6

9.3.3.5 Interpretations and Applications

Some simple examples can illustrate the uncertainty concept and construction of a fuzzy set, and the
corresponding membership function.

First, let Q be the set of integers between zero and ten, inclusive: Q={0,1,2,...,10}. Suppose we are
interested in a subset of Q, A, where A contains all the medium integers of Q: A = {0 : we Q and w is
medium}. To specify A, the term “medium integer” must be defined. Most would consider 5 as medium,
but what about 7?2 The uncertainty (or vagueness) about what constitutes a medium integer is what
makes A a fuzzy set, and such sets occur in our everyday use (or natural language). The uncertainty of
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FIGURE 9.6 Fuzzy quantities.

classification arises because the boundaries of Aare not crisp. The integer 7 might have some membership
(belonging) in Aand yet also have some degree of membership in A°. Said another way, the integer 7
might have some membership in Aand yet also have some membership in another fuzzy set, B,
where B is the fuzzy set of large integers in Q.

For a more meaningful example, assume we have a concept design for a new automotive system, like
a fuel injector. Many of its components are also new designs, but may be similar to ones used in the past,
implying that partial knowledge exists that is relevant to the new parts, but also implying large uncer-
tainties exist about the performance of these parts and the system. The designer of this system wants to
assess its performance based upon whatever information is currently available before building prototypes
or implementing expensive test programs. The designer also wants to be assured that the performance
is “excellent” with a high confidence. This desire defines a reliability linguistic variable. While reliability
is traditionally defined as the probability that a system performs its functions for a given period of time
and for given specifications, the knowledge about performance (especially new concepts) may only be
in the form of linguistic and fuzzy terms.

For example, a component designer may only have access to the information that “if the temperature
is too hot, this component won’t work very well.” The conditions (e.g., “too hot”) can be characterized
by a fuzzy set, and the performance (e.g., “won’t work very well”) can also be represented by a fuzzy set.
Chapter 11 of Ross, Booker, and Parkinson [15] illustrates how fuzzy sets can be used for linguistic
information and then combined with test data, whose uncertainty is probabilistic, to form a traditionally
defined reliability.

Combining the probabilistic uncertainty of outcomes of tests and uncertainties of fuzzy classification
from linguistic knowledge about performance requires a theoretical development for linking the two
theories. Linkage between the probability and fuzzy set theories can be accomplished through the use of
Bayes theorem, whose two ingredients are a prior probability distribution function and a likelihood
function. As discussed in Section 9.3.3.3, Singpurwalla and Booker [30] relax the convention that the
maximum value of A(w) is set to 1.0, because that better conforms to the definition of a likelihood. Their
theoretical development demonstrates the equivalency of likelihood and membership.

In the example above, if test data exists on a component similar to a new concept design component
then probability theory could be used to capture the uncertainties associated with that data set, forming
the prior distribution in Bayes theorem. Expert knowledge about the new design in the form of linguistic
information about performance could be quantified using fuzzy membership functions, forming the
likelihood. The combination of these two through Bayes theorem produces a posterior distribution,
providing a probability based interpretation of reliability for the component. See [15] for more details
on this kind of approach.
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9.3.4 Monotone and Fuzzy Measures

In discussing probability theory in Section 9.2.3, we distinguished the probability measure Pr valued on
sets A < Qfrom the probability distribution p valued on points @ € Q. Then in Section 9.3.3 we char-
acterized the membership functions of fuzzy sets A also as being valued on points ® € Q, and, indeed,
that probability distributions and pdfs are, in fact, kinds of fuzzy sets. It is natural to consider classes of
measures other than Pr which are also valued on subsets A Q, and perhaps related to other kinds of
fuzzy sets.

This is the spirit that inspired Sugeno to define classes of functions he called fuzzy measures [25, 32].
Since then, terminological clarity has led us to call these monotone measures [33].

Assume for the moment a finite universe of discourse €2, and then define a monotone measure as a
function v:2%+>[0,1], where v(&)=0,v(Q)=1, and

Ac B —Vv(A)<v(B). (9.10)

When Q is uncountably infinite, continuity requirements on V come into play, but this will suffice for
us for now.

We can also define the trace of a monotone measure as the generalization of the concept of a density
or distribution. For any monotone measure V, define its trace as a function p,:Q>[0,1], where
p,(@):=v ({o}).

In general, measures are much “larger” than traces, in that they are valued on the space of subsets
A c Q, rather than the space of the points of ® €. So, for finite Q with n=|€|, a trace needs to be
valued 7 times, one for each point @ €, while a measure needs to be valued 2" times, one for each
subset A c Q. Therefore, it is very valuable to know if, for a particular measure, it might be possible
not to know all 2" values of the measure independently, but rather to be able to calculate some of these
based on knowledge of the others; in other words, to be able to break the measure into a small number
of pieces and then put those pieces back together again. This greatly simplifies calculations, visualization,
and elicitation.

When this is the case, we call such a monotone measure distributional or decomposable. Mathemat-
ically, this is the case when there exists a conorm Usuch that

VA,BC Q, V(AUB)+V(ANB)=v(A)LIV(B). (9.11)
It follows that
v(AUB)=v(A)UVv(B)-v(ANB).

It also follows that when ANB=O, then V(AU B)=Vv(A)Ll v(B).

Decomposability expresses the idea that the measure can be broken into pieces. The smallest such
pieces are just the values of the trace, and thus decomposability is also called “distributionality,” and can
be expressed as

v =L p @),

Finally, we call a monotone measure normal when v(Q)=1. When v is both normal and decom-
posable, it follows that

I_,pv(a)):l.

weQ

So it is clear that every probability measure Pr is a monotone measure, but not vice versa, and the
distribution p of a finite probability measure and the pdf f of a probability measure on R are both traces
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of the corresponding measure Pr. Indeed, all of these concepts are familiar to us from probability theory,
and are, in fact, direct generalizations of it.

In particular, a probability measure Pr is a normal, monotone measure that is decomposable for the
bounded sum conorm +, (see Section 9.3.2), and whose trace is just the density. Note, however, that
because we presume that a probability measure Pr is always normalized, when operating on probability
values, the bounded sum conorm +, becomes equivalent to addition +. For example, when X _, p(@)=1,
then Vo,,0, €Q,p(w,)+,p(w,) = p(w,)+ p(w,) . In this way we recover the familiar results for proba-
bility theory:

Pr(Au B)=Pr(A)+Pr(B)—Pr(ANB)
ANB=J — Pr(AuUB)=Pr(A)+Pr(B)

Pr(A)+Pr(A°)=1
Pr(A) = Z p(o). (9.12)

weA

Note that a trace p,:Q+>10,1] is a function to the unit interval, and is thus a fuzzy set. This will be
important below, as in many instances it is desirable to interpret the traces of fuzzy measures such as
probability or possibility distributions as special kinds of fuzzy sets.

A measure of information content in the context of general fuzzy or monotone measures is an area
of active research, and beyond the scope of this chapter (see elsewhere for details [33]). Below we consider
some particular cases in the context of random sets and possibility theory.

9.3.5 Random Sets and Dempster-Shafer Evidence Theory

In our historical discussion in Section 9.3.1, we noted that one of the strongest threads in GIT dates back
to Dempster’s work in probability measures propagated through multi-valued maps, and the subsequent
connection to Shafer’s theory of evidence and random sets. We detail this in this section, building on
the ideas of monotone measures.

9.3.5.1 Dempster-Shafer Evidence Theory
In particular, we can identify belief Bel and plausibility Pl as dual fuzzy measures with the properties
of super- and sub-additivity, respectively:

Bel(A U B) > Bel(A) + Bel(B) — Bel(A N B)

PI(AN B)<PI(A)+PIl(B)-PI(AU B).

Note the contrast with the additivity of a probability measure shown in Equation 9.12. In particular,
it follows that each probability measure Pr is both a belief and a plausibility measure simultaneously.
Also, while Pr is always decomposable in +;, Bel and Pl are only decomposable under some special
circumstances.

Again, in contrast with probability, we have the following sub- and super-additive properties for Bel
and Pl:

Bel(A)+Bel(A°)<1,  PI(A)+Pl(A%) =1
Also, Bel and Pl are dually related, with:

Bel(A) <PI(A), (9.13)
Bel(A)=1-PI(A®), PI(A)=1-Bel(A"). (9.14)
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So, not only are Bel and Pl co-determining, but each also determines and is determined by another
function called a basic probability assignment 1:2* [0, 1] where m(&)=0, and

Zm(A)=1. (9.15)

AcQ

m(A) is also sometimes called the “mass” of A.

Bel(A)zZm(B), PI(A) = 2 m(B)

BcA BNA#D
We then have the following relations:
m(A) = z (~1)A-PBel(B) = 2 (=141 - PI(BY), (9.16)
BcA BcA

where Equation 9.16 expresses what is called a Mobius inversion. Thus, given any one of m, Bel, or Pl,
the other two are determined accordingly.
Some other important concepts are:

+ A focal element is a subset A c Q such that m(A) > 0. In this chapter, we always presume that
there are only a finite number N of such focal elements, and so we use the notation AJ., I<j<N
for all such focal elements.

* The focal set F is the collection of all focal elements:

f:{Aj cQ: m(Aj)>0}.

+ The support of the focal set is the global union:

U= UA]..

AJ-E}'

+ The core of the focal set is the global intersection:

C:ﬂAj.

AjEf

* A body of evidence is the combination of the focal set with their masses:
S=(F.m={A}L{m(A)}), 1<j<N.

* Given two independent bodies of evidence S, =(F,, m,), S, =(F,, m,), then we can use Demp-
ster combination to produce a combined body of evidence S =S, @ S, =(F,m), where VA C Q,

Y mama,)
AnAy=A .
m,(A,)m,(A,)

ANAzD

m(A)=

While Dempster’s rule is the most prominent combination rule, there are a number of others available [34].
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m(Ay) = .2

m(A3) =.3

FIGURE 9.7 A Dempster-Shafer body of evidence.

* Assume a body of evidence S drawn from a finite universe of discourse with Q = {w,jwith 1<i<n.
Then if N = #n, so that the number of focal elements is equal to the number of elements of the
universe of discourse, then we call S complete [35].

An example is shown in Figure 9.7. We have:

F={A, A, A, A}
m(A)=.1, m(A,)=.2, m(A)=.3, m(A,)=.4

Bel(B)= ) m(A)=m(A,)= 4

ACB

PI(B) = 2 m(A}) = m(A)+m(A) +m(A) = 2+ 3+.4= 9,

Ajml#@

9.3.5.2 Random Sets

Above we identified the structure S =(F,m) =({A;},{m(A)}) as a body of evidence. When Q is finite,
we can express this body of evidence in an alternatlve form instead of a pair of sets (F and m1), now we
have a set of pairs, in particular, pairings of focal elements AeF with their basic probability value m(A)):

AL tm(A DD > (A, m(A)).

We call this form the random set representation of the DS body of evidence.

This alternative formulation is triggered by recalling that > AEF m(A )=1, so that m can be taken as
a discrete probability distribution or density on the various sets A In other words, we can interpret
m(A;) as the probability that A; occurs compared to all the other A € Q.

Note that despite a superﬁcial similarity, there is a profound difference between a probability measure
Pr(A) and a basic probability assignment m(A). Where it must always be the case that for two sets
A,Bc Q, Equation 9.12 must hold, in general there need be no relation between m(A) and m(B), other
than Equation 9.15, that X, _, m(A)=1.

To explicate this difference, we recall the definition of a random variable. Given a probability space
(Q, &, Pry, then a function S: X+ Q is a random variable if S is “Pr-measurable,” so that Ve,
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S (@)e& . S then assigns probabilities to the items @ € Q. Similarly, we can think of a random set
simply as a random variable that takes values on collections or sets of items, rather than points.
General Random Set: S:X > 22 —{@} is a random subset of Q if S is Pr-measurable: V& # A c Q
S7'(A) € X. m acts as a density of S.

Given this, we can then interpret the DS measures in a very natural way in terms of a random set S:

m(A)=Pr(S = A),
Bel(A) =Pr(S c A),
PI(A)=Pr(SNA # Q).

In the remainder of the chapter we will generally refer to random sets, by which we will mean finite
random sets, which are isomorphic to finite DS bodies of evidence. Also, for technical reasons (some
noted below in Section 9.3.6.2), there is a tendency to work only with the plausibility measure Pl, and
to recover the belief Bel simply by the duality relation (Equation 9.14). In particular, for a general random
set, we will generally consider its trace specifically as the plausibilistic trace py;, and thereby have

py(@)=Pl(fo )= Y m,.

A o;

The components of random sets as a GIT are now apparent. The basic components now are not points
o € Q, but rather subsets A € Q, and the compound objects are the random sets S. The valuation set
is again [0, 1], and the valuation is in terms of the evidence function m. Finally, operations are in terms
of the kinds of combination rules discussed above [34], and operations defined elsewhere, such as
inclusion of random sets [36].

9.3.5.3 The Information Content of a Random Set

The final component of random sets as a GIT, namely the measure of the information content of a
random set, has been the subject of considerable research. Development of such a measure is complicated
by the fact that random sets by their nature incorporate two distinct kinds of uncertainty. First, because
they are random variables, they have a probabilistic component best measured by entropies, as in
Equation 9.6. But, unlike pure random variables, their fundamental “atomic units” of variation are the
focal elements A;, which differ from each other in size |A| and structure, in that some of them might
overlap with each other to one extent or another. These aspects are more related to simple sets or intervals,
and thus are best measured by measures of “nonspecificity” such as the Hartley measure of Equations 9.1
and 9.4.

Space precludes a discussion of the details of developing information measure for random sets (see
[33]). The mathematical development has been long and difficult, but we can describe some of the
highlights here.

The first good candidate for a measure of uncertainty in random sets is given by generalizing the
nonspecificity of Equations 9.1 and 9.4 to be:

U (S) 1=— 2 m,log, (| A, ). (9.17)

AjeF

This has a number of interpretations, the simplest being the expectation of the size of a focal element.
Thus, both components of uncertainty are captured: the randomness of the probabilistic variable coupled
to the variable size of the focal element.
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While this nonspecificity measure Uy captures many aspects of uncertainty in random sets, it does
not as well capture all the attributes related to conflicting information in the probabilistic component
m, which is reflected in probability theory by the entropy of Equation 9.6. A number of measures have
been suggested, including conflict as the entropy of the singletons:

U(S):== Y m{w}log,(m({w,}),

weQ

and strife as a measure of entropy focused on individual focal elements:

U (S):= Zm logz{z‘mle;TX q

AjeF

While each of these measures can have significant utility in their own right, and arise as components
of a more detailed mathematical theory, in the end, none of the them alone proved completely successful
in the context of a rigorous mathematical development. Instead, attention has turned to single measures
that attempt to directly integrate both nonspecificity and conflict information. These measures are not
characterized by closed algebraic forms, but rather as optimization problems over sets of probability
distributions. The simplest expression of these is given as an aggregate uncertainty:

U, (8):= max Upmb(p), (9.18)

PVACQ,Pr(A)<PI(A)

recalling that Pr(A)=%  _, p(w,) and U, (P) is the statistical entropy (Equation 9.6). In English, U,
is the largest entropy of all probability distributions consistent with the random set S.

9.3.5.4 Specific Random Sets and the Extension Principle

The extension principle also holds for random sets, recovering ordinary random variables in a special
case. So, given that random sets are set-valued random variables, then we can consider the special case
where each focal element is not, in fact, a set at all, but really just a point, in particular a singleton set.
We call such a focal set specific:

VA eF, |Al=1, Jw,eQA ={o}

When a specific random set is also complete, then conversely we have that Vo, € Q,3A; e F, A, ={w,}.
Under these conditions, the gap between PI(A) and Bel(A) noted in Equation 9.13 closes, and this
common DS measure is just a probability measure again:

VAcCQ, PI(A)=Bel(A)=Pr(A). (9.19)
And when & is complete, the plausibilistic trace reverts to a probability distribution, with p(w,) = m; for
that A; which equals {w,}.
As an example, consider Figure 9.8, where Q ={x, y, z, w}, and F ={{x},{y},{z},{w}} with m as shown.
Then, for B={z, w},C ={y, w}, we have
Bel(B)=PI(B)=Pr(B)=.3+.4=.7, Pr(BuC)=Pr(B)+Pr(C)-Pr(BNC)=.9,

and, using vector notation, the probability distribution is p={(.1, .2, .3, .4).
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FIGURE 9.8 A specific random set, which induces a probability distribution.

9.3.5.5 Random Intervals and P-Boxes

Above we moved from sets to intervals, and then fuzzy sets to fuzzy intervals. Now we want to similarly move
from random sets to random intervals, or DS structures on the Borel field D defined in Equation 9.2. Define
a random interval A as a random set on Q=R for which F(A)cD. Thus, a random interval is a
random left-closed interval subset of R. For a random interval, we denote the focal elements as intervals
I,1< j <N, so that F(A)= {Ij}.

An example is shown in Figure 9.9, with N = 4,

F ={2.5,4),[1,2),[3,4),[2,3.5)},

support U(F(A))=[1,4), and m is as shown.

Random interval approaches are an emerging technology for engineering reliability analysis [37-41].
Their great advantage is their ability to represent not only randomness via probability theory, but also
imprecision and nonspecificity via intervals, in an overall mathematical structure that is close to optimally
simple. As such, they are superb ways for engineering modelers to approach the world of GIT.

So, random intervals are examples of DS structures restricted to intervals. This restriction is very
important because it cuts down substantially on both the quantity of information and computational
and human complexity necessary to use such structures for modeling. Even so, they remain relatively
complex structures, and can present challenges to modelers and investigators in their elicitation and
interpretation. In particular, interpreting the fundamental structures such as possibly overlapping focal
elements and basic probability weights can be a daunting task for the content expert, and it can be
desirable to interact with investigators over more familiar mathematical objects. For these reasons, we
commonly introduce simpler mathematical structures that approximate the complete random interval
by representing a portion of their information. We introduce these now.

m(A) S A
2 . e A
4 B A
1 S e A
3 o A
| | | -
1 2 3 4 x

FIGURE 9.9 A random interval.

Copyright 2005 by CRC PressLLC



A probability box, or justa p-box [42], is a structure 3.=(B, E), where B, B:R>[0,1],

lim B(x) >0, limB(x)—1, Beb,

Xt>—co XF>o0

and B, B are monotonic with B<B. B and B are interpreted as bounds on cumulative distribution
functions (CDFs). In other words, given 13 = (B, B) , we can identify the set of all functions {F : B< F < B}
such that F is the CDF of some probability measures Pr on R. Thus each p-box defines such a class of
probability measures.

Given a random interval 4, then

B(A) := (BEL, PL) (9.20)

is a p-box, where BEL and PL are the “cumulative belief and plausibility distributions” PL,BEL: R [0, 1]
originally defined by Yager [43]

BEL(x) :=Bel((—o,x)), PL(x):=PI((—o0,x)).

Given a random interval A, then it is also valuable to work with its plausibilistic trace (usually just
identified as its trace), where r,(x):=PI({x}). Given a random interval A, then we also have that
r, =PL—BEL, so that for a p-box derived from Equation 9.20, we have

r, = B - B. (9.21)

See details elsewhere [44, 45].

_ The p-box generated from the example random interval is shown in the top of Figure 9.10. Because
B and B partially overlap, the diagram is somewhat ambiguous on its far left and right portions, but
note that

B((—oo, 1)) =0, B((—oo, 27)) =0,

B(3,%))=1, B(3.5,%))=1.

The trace r, = B- B is also shown.

FIGURE 9.10 The probability box derived from a random interval.
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Dempster-Shafer Structure

T
Interval
Constraint
Y

empster-Shafer Structure on Borel field

\
Cumulative BEL,PL

Plausibilistic Trace

[ Random Interval = ]
D

FIGURE 9.11 Relations among random sets, random intervals, p-boxes, and their traces.

So each random interval determines a p-box by Equation 9.20, which in turn determines a trace by
Equation 9.21. But conversely, each trace determines an equivalence class of p-boxes, and each p-box an
equivalence class of random intervals. In turn, each such equivalence class has a canonical member
constructed by a standard mechanism. These relations are diagrammed in Figure 9.11, and see details
elsewhere [45].

9.3.6 Possibility Theory

So far, we have discussed classical uncertainty theories in the form of intervals and probability distribu-
tions; their generalization to fuzzy sets and intervals; and the corresponding generalization to random
sets and intervals. In this section we introduce possibility theory as a form of information theory, which
in many ways exists as an alternative to and in parallel with probability theory, and which arises in the
context of both fuzzy systems and DS theory.

9.3.6.1 Possibility Measures and Distributions

In Section 9.3.4 we identified a probability measure Pr as a normal monotone measure that is decom-
posable for the bounded sum conorm +,. Similarly, a possibility measure II is a normal, monotone
measure that is decomposable for the maximum conorm V. In this way, the familiar results for probability
theory shown in Equation 9.12 are replaced by their maximal counterparts for possibility theory. In
particular, Equation 9.11 yields

VA,BCQ, TI(AUB)VII(ANB)=TI(A)VvII(B), (9.22)
so that from Equation 9.10 it follows that
I(AuU B)=TI(A) vII(B), (9.23)

whether A and B are disjoint or not.
The trace of a possibility measure is called a possibility distribution 7:Q—[0,1], 7(w) =TI1({w}).
Continuing our development, we have the parallel results from probability theory:

TI(A) = \/An:(a)), Q) =V =1.

weQ
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In Section 9.3.5.4 and Figure 9.8 we discussed how the extension principle recovers a “regular”
probability measure from a random set when the focal elements are specific, so that the duality of belief
and plausibility collapses and we have that Bel=Pl=Pr. In a sense, possibility theory represents the
opposite extreme case. In a specific random set, all the focal elements are singletons, and are thus
maximally small and disjoint from each other. Possibility theory arises in the alternate case, when the
focal elements are maximally large and intersecting.

In particular, we call a focal set consonant when F is a nested class, so that VA, A, € F, either A, C A,
or A, C A.. We can then arbitrarily order the A; so that A, € A,,;, and we assign A;:=.If a consonant

T
random set is also complete, then we can use the notation

Vi<i<n, A ={0,0.,...,0.} (9.24)

i 127720 i

and we have that A, - A, ={w,}.

1

Whenever a random set is consonant, then the plausibility measure Pl becomes a measure I1. But
unlike in a specific random set, where the belief and plausibility become maximally close, in a consonant
random set the belief and plausibility become maximally separated, to the point that we call the dual
belief measure Bel a necessity measure:

1N(A) =1-TI(A°).

Where a possibility measure I is characterized by the maximum property by Equation 9.23, a necessity
measure 7] is characterized by

AN B)=n(A) An(B) (9.25)
For the possibility distribution, when S is complete, and using the notation from Equation 9.24, we have:
(@)=Y m, mA)=mo)-1o,,),
j=i

where 7, :=0 by convention.
An example of a consonant random set is shown in Figure 9.12, where again Q = {x, y,z,w}, but now

_7:={{X},{X, J/HX: Vs Z}r{x) V2 W}}

FIGURE 9.12 A consonant, possibilistic random set.
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with m as shown. Then, for B={y,z,w}, C ={z,w}, we have

PI(B)=.1+.2+.3=.6, PI(C)=.1+.2=.3,
PI(BUC)=.1+.2+.3=.6 =PI(B) vPI(C),

thus characterizing Pl as, in fact, a possibility measure I1. We also have, using vector notation,
n={1,.6,.3,.1) .

In considering the information content of a possibility measure, our intuition tells us that it would
best be thought of as a kind of nonspecificity such as in Equation 9.17. However, while the nonspecificity
of a specific random set vanishes, the strife or conflict of a consonant random set does not. Indeed, it
was exactly this observation that drove much of the mathematical development in this area, and thus,
technically, the information content of a possibility measure is best captured by an aggregate uncertainty
such as Equation 9.18.

However, for our purposes, it is useful to consider Equation 9.17 applied to consonant random sets.
Under these conditions, we can express Equation 9.17 in terms of the possibility distribution as:

n

Uym:= Y, 1og2(i_i1] = (r,~,,)log, i)

i=1

9.3.6.2 Crispness, Consistency, and Possibilistic Histograms

In the case of the specific random set discussed in Section 9.3.5.4, not only do the belief measure Bel
and plausibility measure Pl collapse together to the decomposable probability measure Pr, but also
their traces py, and py, collapse to the trace of the probability measure p;,, which is just the probability
density p.

But the possibilistic case, which is apparently so parallel, also has some definite differences. First, as we
saw, the belief and plausibility measures are distinct as possibility IT and necessity 1. Moreover, the necessity
measure 7] is not decomposable, and indeed, the minimum operator A from Equation 9.25 is not a conorm.
But moreover, the relation between the measure Pl and its trace py, is also not so simple.

First consider the relation between intervals and fuzzy intervals discussed in Section 9.3.3.4. In par-
ticular, regular (crisp) intervals arise through the extension principle when the characteristic function
takes values only in {0,1}. Similarly, for general possibility distributions, it might be the case that
m(®,) € {0, 1}. In this case, we call 7 a crisp possibility distribution, and otherwise identify a noncrisp
possibility distribution as a proper possibility distribution. Thus, each fuzzy interval is a general (that
is, potentially proper) possibility distribution, while each crisp interval is correspondingly a crisp possi-
bility distribution.

Note that crispness can arise in probability theory only in a degenerate case, because if Jw,, p(w,) =1,
then for all other values, we would have p(w,)=0. We call this case a certain distribution, which are
the only cases that are both probability and possibility distributions simultaneously.

Now consider random sets where the core is non-empty, which we call consistent:

C= Aj;t@.
i

Note that all consistent random sets are consonant, but not vice versa. But in these cases, the trace py, is
a maximal possibility distribution satisfying

\/ppl(a)) =1,

weQ
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PL=B BEL=B ==B-B

———> >

n(x)“
1_

FIGURE 9.13 A consistent random interval with its possibilistic histogram 7.

but Pl is not a possibility measure (that is, Equation 9.22 is not satisfied). However, it can be shown that
for each consistent random set S, there is a unique, well-justified consonant approximation S* whose

plausibilistic trace is equal to that of S [44].

When a consistent random interval is shown as a p-box, it also follows that the trace B— B = 7 is this
same possibility distribution. We have shown [44] that under these conditions, not only is r=7 a
possibility distribution, but moreover is a fuzzy interval as discussed in Section 9.3.3.4. We then call T a
possibilistic histogram.

An example is shown in Figure 9.13, with m as shown. Note in this case the positive core

C= ﬂ A;=[3,35),

A
Jef

and that over this region, we have B= 1,B=0,r=1.

Returning to the domain of general, finite random sets, the relations among these classes is shown in
Figure 9.14. Here we use the term “vacuous” to refer to a random set with a single focal element:

General Random Set

Nonempty Global
Intersection

Singleton
Focal Elements

Nested Focal
Elements

Specific

r=f

Pl = Bel = Pr Consonant

PlI=T11

Single Focal
Element
Single Focal

oo

Singleton
Focal Elements

FIGURE 9.14 Relations among classes of random sets.
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JA c Q, F ={A}; and “degenerate” to refer to the further case where that single focal element has only
one element: dw € Q, F ={{w}}.

9.3.6.3 Interpretations and Applications

Although max-preserving measures have their origins in earlier work, in the context of GIT possibility
theory was originally introduced by Zadeh [26] as a kind of information theory strictly related to fuzzy
sets. As such, possibility distributions were intended to be measured as and interpreted as linguistic
variables.

And, as we have seen, in the context of real-valued fuzzy quantities, it is possible to interpret fuzzy
intervals and numbers as possibility distributions. Thus we would hope to use possibility theory as a basis
for representing fuzzy arithmetic operations as in Equation 9.8. However, just as there is not a strict
symmetry between probabilistic and possibilistic concepts, so there is not a clean generalization here either.
In particular, we have shown [45] that the possibilistic properties of fuzzy quantities are not preserved by
fuzzy arithmetic convolution operations such as Equation 9.8 outside of their cores and supported.

One of the primary methods for the determination of possibilistic quantities is to take information
from a probability distribution and convert it into a possibility distribution. For example, given a discrete
probability distribution as a vector p={p,,p,,....p,), then we can create a possibility distribution
7T =(T,,TT,5...,TT,), where

b

.= .
max p,

i

There are other conversion methods, and an extensive literature, including how the information measure
is preserved or not under various transformations [46, 47]. However, one could argue that all such methods
are inappropriate: when information is provided in such a way as to be appropriate for a probabilistic
approach, then that approach should be used, and vice versa [27]. For the purposes of engineering reliability
analysis, our belief is that a strong basis for possibilistic interpretations is provided by their grounding in
random sets, random intervals, and p-boxes. As we have discussed, this provides a mathematically sound
approach for the measurement and interpretation of statistical collections of intervals, which always yield
p-boxes, and may or may not yield possibilistic special cases, depending on the circumstances. When they
do not, if a possibilistic treatment is still desired, then various normalization procedures are available
[48, 49] to transform an inconsistent random set or interval into a consistent or consonant one.

9.3.6.4 Relations between Probabilistic and Possibilistic Concepts

We are now at a point where we can summarize the relations existing between probabilistic and possi-
bilistic concepts in the context of random set theory. To a certain extent, these are complementary, and
to another distinct.

Table 9.5 summarizes the relations for general, finite random sets and the special cases of probability
and possibility. Columns are shown for the case of general finite random sets, and then the two prominent
probabilistic and possibilistic special cases. Note that these describe complete random sets, so that n =
N and the indices i on @, and j on A; can be used interchangeably.

In Section 9.3.4 we noted that, formally, all traces of monotone measures are fuzzy sets. Thus, in
particular, each probability and possibility distribution is a kind of fuzzy set. In Section 9.3.3.4, we similarly
discussed relations among classes of fuzzy quantities, which are fuzzy sets defined on the continuous R.
The relations among classes of fuzzy sets defined on a finite space Q are shown in Figure 9.15, together
with examples of each for Q={a, b, c, d, e}.

Figure 9.16 shows the relations between these distributions or traces as fuzzy sets (quantities defined
on the points @ € Q) and the corresponding monotone measures (quantities defined on the subsets
A Q). Note that there is not a precise symmetry between probability and possibility. In particular,
where probability distributions are symmetric to possibility distributions, probability measures collapse
the duality of belief and plausibility, which is exacerbated for possibility.
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TABLE 9.5 Summary of Probability and Possibility in the Context of Random Sets

Random Set Special Cases: Complete Random Sets, N =n,i<> j
Probability Possibility
Focal Sets Any A,cQ Singletons: A; ={®w;} Nest: A, ={w,,...,0;}
{o,} =4, {w}=A—-A_,A:=0
Structure Arbitrary Finest Partition Total order
Belief Bel(A) = Z m, Pr(A):=Bel(A) N(A):=Bel(A)
A cA
Plausibilit = -
ausibility PI(A) = z m, Pr(A):=Pl(A) I1(A):=PIl(A)
A]-mA:@ )
Relation Bel(A) =1 PI(A%) Bel(A)=PU(A)=Pr(4)  1(A)=1-TI(A%)
Trace n
pul@)= Y m, p)=mA)A=l0)  mo)=D m
Ao j=i
m=p; m; =0, =T,
Pr(AUB)=Pr(A)+Pr(B) TI(AUB)
Measure —Pr(ANB) =I1(A)vII(B)
Normalization sz -1 \1/71,-’, =1
Operator Pr(A) = 2 », )=V r,
(l)ieA ;€A
N n .
Nonspecificity Uy(S)= zm]. log, | A Uy(m)= 277-3 logz[;l] =
i
=) i=2
D -7, )log, ()
i=1
=— 1 .
Conflict Zm Dlog,(m({@,})) V() Zp e (p)

i ANA (p= Zp log,(p
Strife 1o m | Uprob 2
2 52 z k | A |

Aggregate U, (8)= max
Uncertainty AU PYACQPI(A) <PI(A)

U pron(D)

9.4 Conclusion and Summary

This chapter described the basic mathematics of the most common and prominent branches of both
classical and generalized information theory. In doing so, we have emphasized primarily a perspective
drawing from applications primarily in engineering modeling. These principles have use in many other
fields, for example data fusion, image processing, and artificial intelligence.

It must be emphasized that there are many different mathematical approaches to GIT. The specific
course of development espoused here, and the relations among the components described, is just one
among many. There is a very large literature here that the diligent student or researcher can access.

Moreover, there are a number of mathematical components that properly belong to GIT but space
precludes a development of here. In particular, research is ongoing concerning a number of additional
mathematical subjects, many of which provide even further generalizations of the already generalized
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FIGURE 9.15 Relations among classes of general distributions as fuzzy sets.
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FIGURE 9.16 Relations between distributions on points and measures on subsets.
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topics introduced here. These include at least the following:

Rough Sets: Pawlak [50] introduced the structure of a “rough” set, which is yet another way of capturing
the uncertainty present in a mathematical system. Let C = {A} c 2%bea partition of Q, and assume

a special subset A; € Q (not necessarily a member of the partition). Then R(A):={A,, A is a
rough set on Q, where

Ay={AeC:AcA)}, A:={AeC:ANA =D}

Rough sets have been closely related to the GIT literature [51], and are useful in a number of
applications [52]. For our purposes, it is sufficient to note that A effectively specifies the support
U,and A, the nonempty core C, of a number of DS structures, and thus an equivalence class of
possibility distributions on € [53].

Higher-Order Structures: In Section 9.3.3, we described how Zadeh’s original move of generalizing
from {0, 1}-valued characteristic functions to [0, 1]-valued membership functions can be thought
of as a process of “fuzzification.” Indeed, this lesson has been taken to heart by the community,
and a wide variety of fuzzified structures have been introduced. For example, Type II and Level
IT fuzzy sets arise when fuzzy weights themselves are given weights, or whole fuzzy sets them-
selves. Or, fuzzified DS theory arises when focal elements Aj are generalized to fuzzy subsets
A]. C Q. There is a fuzzified linear algebra; a fuzzified calculus, etc. It is possible to rationalize
these generalizations into systems for generating mathematical structures [54], and approach
the whole subject from a higher level of mathematical sophistication, for example by using
category theory.

Monotone
Measures

¥

Coherent Upper
and Lower Previsions (Walley) =
Closed Convex Sets of
Probability Distributions (Kyburg)

¥

Coherent Upper
and Lower Probabilities

| Choquet Capacities-2 |

| Choquet Capacities-k |

: Choquet Capacities—o = :
1 Dempster-Shafer = 1
' Random Sets i

== i |
Sugeno : Possibility 1
Measures | Measures |
------ ]
1 Probability 1
| Measures

]
_______ °

FIGURE 9.17 Relations among classes of monotone measures, imprecise probabilities, and related structures,
adapted from [33].
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Other Monotone Measures, Choquet Capacities, and Imprecise Probabilities: We have focused

exclusively on belief and plausibility measures, and their special cases of probability, possibility,
and necessity measures. However, there are broad classes of fuzzy or monotone measures outside
of these, with various properties worthy of consideration [32]. And while DS theory and random
set theory arose in the 1960s and 1970s, their work was presaged by prior work by Choquet in
the 1950s that identified many of these classes. Within that context, we have noted above in
Section 9.3.1 that belief and plausibility measures stand out as special cases of infinite order
Choquet capacities [19, 20].

Then, just as monotone measures generalize probability measures by relaxing the additivity
property of Equation 9.5, it is also possible to consider relaxing the additivity property of random
sets in Equation 9.15, or their range to the unit interval (that is, to consider possibly negative m
values), and finally generalizing away from measures on subsets A < Q altogther. Most of the most
compelling research ongoing today in the mathematical foundations of GIT concerns these areas,
and is described in various ways as imprecise probabilities [29] or convex combinations of
probability measures [33, 55]. Of course, these various generalizations satisfy the extension prin-
ciple, and thus provide, for example, an alternative basis for the more traditional sub-fields of
GIT such as probability theory [56].

Research among all of these more sophisticated classes of generalized measures, and their
connections, is active and ongoing. Figure 9.17, adapted from [33], summarizes the current best
thought about these relations. Note the appearance in this diagram of certain concepts not
explicated here, including previsions, Choquet capacities of finite order, and a class of monotone
measures called “Sugeno” measures proper.

We close this chapter with our “grand view” of the relations among most of the structures and classes

discussed in Figure 9.18. This diagram is intended to incorporate all of the particular diagrams included

earlier in this chapter. Specifically, a solid arrow indicates a mathematical generalization of one theory

by another, and thus an instance of where the extension principle should hold. These are labeled with

the process by which this specification occurs. A dashed arrow indicates where one kind of structure is

generated by another; for example, the trace of a possibility measure yields a possibility distribution.
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10.1 Introduction

10.1.1 Background

Computational analysis of the performance, reliability, and safety of engineered systems is spreading
rapidly in industry and government. To many managers, decision makers, and politicians not trained in
computational simulation, computer simulations can appear most convincing. Terminology such as
“virtual prototyping,” “virtual testing,” “full physics simulation,” and “modeling and simulation-based
acquisition” are extremely appealing when budgets are highly constrained; competitors are taking market
share; or when political constraints do not allow testing of certain systems. To assess the accuracy and
usefulness of computational simulations, three key aspects are needed in the analysis and experimental
process: computer code and solution verification; experimental validation of most, if not all, of the
mathematical models of the engineered system being simulated; and estimation of the uncertainty
associated with analysis inputs, physics models, possible scenarios experienced by the system, and the
outputs of interest in the simulation. The topics of verification and validation are not addressed here,
but these are covered at length in the literature (see, for example, [1-6]). A number of fields have
contributed to the development of uncertainty estimation techniques and procedures, such as nuclear
reactor safety, underground storage of radioactive and toxic wastes, and structural dynamics (see, for
example, [7-18]).
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Uncertainty estimation for engineered systems is sometimes referred to as the simulation of nonde-
terministic systems. The mathematical model of the system, which includes the influence of the envi-
ronment on the system, is considered nondeterministic in the sense that: (i) the model can produce
nonunique system responses because of the existence of uncertainty in the input data for the model, or
(ii) there are multiple alternative mathematical models for the system. The mathematical models, how-
ever, are assumed to be deterministic in the sense that when all necessary input data for a designated
model is specified, the model produces only one value for every output quantity. To predict the nonde-
terministic response of the system, it is necessary to evaluate the mathematical model, or alternative
mathematical models, of the system multiple times using different input data. This presentation does
not consider chaotic systems or systems with hysteresis, that is, mathematical models that map a unique
input state to multiple output states.

Many investigators in the risk assessment community segregate uncertainty into aleatory uncertainty
and epistemic uncertainty. Aleatory uncertainty is also referred to as variability, irreducible uncertainty,
inherent uncertainty, stochastic uncertainty, and uncertainty due to chance. Epistemic uncertainty is also
referred to as reducible uncertainty, subjective uncertainty, and uncertainty due to lack of knowledge.
Some of the investigators who have argued for the importance of distinguishing between aleatory uncer-
tainty and epistemic uncertainty are noted in [19—-32]. We believe the benefits of distinguishing between
aleatory and epistemic uncertainty include improved interpretation of simulation results by decision
makers and improved ability to allocate resources to decrease system response uncertainty or risk. Note
that in the present work we use the term “risk” to mean a measure of the likelihood and severity of an
adverse event occurring [13, 33].

Sources of aleatory uncertainty can commonly be singled out from other contributors to uncertainty
by their representation as randomly distributed quantities that take values in an established or known
range, but for which the exact value will vary by chance from unit to unit or from time to time. The
mathematical representation most commonly used for aleatory uncertainty is a probability distribution.
When substantial experimental data is available for estimating a distribution, there is no debate that the
correct mathematical model for aleatory uncertainty is a probability distribution. Propagation of these
distributions through a modeling and simulation process is well developed and is described in many
texts (see, for example, [31, 34—38]).

Epistemic uncertainty derives from some level of ignorance about the system or the environment. For
this presentation, epistemic uncertainty is defined as any lack of knowledge or information in any phase
or activity of the modeling process [39]. The key feature stressed in this definition is that the fundamental
source of epistemic uncertainty is incomplete information or incomplete knowledge of some character-
istic of the system or the environment. As a result, an increase in knowledge or information can lead to
a reduction in the predicted uncertainty of the response of the system, all things being equal. Examples
of sources of epistemic uncertainty are: little or no experimental data for a fixed (but unknown) physical
parameter, a range of possible values of a physical quantity provided by expert opinion, limited under-
standing of complex physical processes, and the existence of fault sequences or environmental conditions
not identified for inclusion in the analysis of a system. For further discussion of the sources of epistemic
uncertainty in engineering systems see, for example, [40, 41].

Epistemic uncertainty has traditionally been represented with a random variable using subjective
probability distributions. However, a major concern is that when there is little or no closely related
experimental data, a common practice is to simply pick some familiar probability distribution and its
associated parameters to represent one’s belief in the likelihood of possible values that could occur. Two
important weaknesses with this common approach are of critical interest when the assessment of
epistemic uncertainty is the focus. First, even small epistemic uncertainty in parameters for continuous
probability distributions, such as a normal or Weibull, can cause very large changes in the tails of the
distributions. For example, there can be orders-of-magnitude change in the likelihood of rare events
when certain distribution parameters are changed by small amounts. Second, when epistemic uncertainty
is represented as a probability distribution and when there are multiple parameters treated in this fashion,
one can obtain misleading results. For example, suppose there are ten parameters in an analysis that are
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only thought to be within specified intervals; for example, the parameters are estimated from expert
opinion, not measurements. Assume each of these parameters is treated as a random variable and assigned
the least informative distribution (i.e., a uniform distribution). If extreme system responses correspond
to extreme values of these parameters (i.e., values near the ends of the uniform distribution), then their
probabilistic combination could predict a very low probability for such extreme system responses. Given
that the parameters are only known to occur within intervals, however, this conclusion is grossly inap-
propriate.

10.1.2 Improved Models for Epistemic Uncertainty

During the past two decades, the information theory and expert systems communities have made
significant progress in developing a number of new theories that can be pursued for modeling epistemic
uncertainty. Examples of the newer theories include fuzzy set theory [17, 42—46], interval analysis [47,
48], evidence (Dempster-Shafer) theory [49-55], possibility theory [56, 57], and theory of upper and
lower previsions [58]. Some of these theories only deal with epistemic uncertainty; most deal with both
epistemic and aleatory uncertainty; and some deal with other varieties of uncertainty (e.g., nonclassical
logics appropriate for artificial intelligence and data fusion systems [59]).

A recent article summarizes how these theories of uncertainty are related to one another from a
hierarchical viewpoint [60]. The article shows that evidence theory is a generalization of classical prob-
ability theory. From the perspective of bodies of evidence and their measures, evidence theory can also
be considered a generalization of possibility theory. However, in evidence theory and in possibility theory,
the mechanics of operations applied to bodies of evidence are completely different [54, 57]. The math-
ematical foundations of evidence theory are well established and explained in several texts and key journal
articles [49-55, 61—64]. However, essentially all of the published applications of the theory are for simple
model problems—not actual engineering problems [41, 65-74]. Note that in some of the literature,
evidence theory is referred to as the theory of random sets.

In evidence theory there are two complementary measures of uncertainty: belief and plausibility.
Together, belief and plausibility can be thought of as defining lower and upper limits of probabilities,
respectively, or interval-valued probabilities. That is, given the information or evidence available, a precise
(i.e., single) probability distribution cannot be specified. Rather, a range of possible probabilities exists,
all of which are consistent with the evidence. Belief and plausibility measures can be based on many
types of information or evidence (e.g., experimental data for long-run frequencies of occurrence, scarce
experimental data, theoretical evidence, or individual expert opinion or consensus among experts con-
cerning the range of possible values of a parameter or possibility of the occurrence of an event). We
believe that evidence theory could be an effective path forward in engineering applications because it
can deal with both thoroughly characterized situations (e.g., precisely known probability distributions)
and situations of near-total ignorance (e.g., only an interval containing the true value is known).

There are two fundamental differences between the approach of evidence theory and the traditional
application of probability theory. First, evidence theory uses two measures—belief and plausibility—to
characterize uncertainty; in contrast, probability theory uses only one measure—the probability of an
event or value. Belief and plausibility measures are statements about the likelihood related to sets of
possible values. There is no need to distribute the evidence to individual values in the set. For example,
evidence from experimental data or from expert opinion can be given for a parameter value to be within
an interval. Such evidence makes no claim concerning any specific value within the interval or the
likelihood of any one value compared with any other value in the interval. In other words, less information
can be specified than the least information that is typically specified in applications of probability theory
(e.g., the uniform likelihood of all values in the interval).

The second fundamental difference between evidence theory and the traditional application of prob-
ability theory is that in evidence theory, the evidential measure for an event and the evidential measure
for the negation of an event do not have to sum to unity (i.e., certainty). In probability theory, the
measure for an event plus the measure against an event (i.e., its negation) must be unity. This sum to
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unity implies that the absence in the evidence for an event must be equivalent to the evidence for the
negation of the event. In evidence theory, this equivalence is rejected as excessively restrictive; that is, a
weak statement of evidence can result in support for an event, but the evidence makes no inference for
the support of the negation of the event.

As a final background comment concerning historical perspective of evidence theory, the theory is
philosophically related to the approach of Bayesian estimation. Indeed, many of the originators of
evidence theory viewed it as an offshoot of Bayesian estimation for the purpose of more properly dealing
with subjective probabilities. There are, however, two key differences. First, evidence theory does not
assign any prior distributions to a given state of knowledge (i.e., body of evidence) if none are given.
The requirement for such a prior distribution is obviated because all possible probability distributions
are allowed to describe the body of evidence. Second, evidence theory does not embody the theme of
updating probabilities as new evidence becomes available. In Bayesian estimation, a dominant theme is
toward continually improving statistical inference as new evidence becomes available; whereas in evidence
theory, the emphasis is on precisely stating the present state of knowledge—not updating the statistical
evidence.

10.1.3 Chapter Outline

In the following section (Section 10.2), the mathematical framework of evidence theory is explained and
contrasted to the traditional application of probability theory. The definitions of belief and plausibility
are given, along with the relationships between them. Also discussed is an important quantity called the
basic probability assignment (BPA). A few simple examples are given illustrating the interpretation of
the belief and plausibility functions and the BPA. Section 10.3 discusses the application of evidence theory
to a simple example problem. The simple system is given by an algebraic equation with two uncertain
input parameters and one system response variable. The example is analyzed using the traditional
application of probability theory and evidence theory. The discussion of each solution approach stresses
the mathematical and procedural steps needed to compute uncertainty bounds in the system response,
as well as the similarities and differences between each approach. The analyses using traditional proba-
bilistic and evidence theory approaches are compared with regard to their assessment for the system
yielding an unsafe response. The presentation concludes in Section 10.4 with a brief discussion of
important research and practical issues hindering the widespread application of evidence theory to large-
scale engineering systems. For example, the critical issue of propagating BPAs through a “black box”
computer code using input/output sampling techniques is discussed.

10.2 Fundamentals of Evidence Theory

10.2.1 Belief, Plausibility, and BPA Functions

Evidence theory provides an alternative to the traditional manner in which probability theory is used to
represent uncertainty by allowing less restrictive statements about “likelihood” than is the case with a
full probabilistic specification of uncertainty. Evidence theory can be viewed as a generalization of the
traditional application of probability theory. By “generalization” we mean that when probability distri-
butions are specified, evidence theory yields the same measures of likelihood as the traditional application
of probability theory. Evidence theory involves two specifications of likelihood—a belief and a
plausibility—for each subset of the universal set under consideration. Formally, an application of evi-
dence theory involves the specification of a triple (S, S, m), where (i) S is a set that contains everything
that could occur in the particular universe under consideration, typically referred to as the sample space
or universal set; (ii) S is a countable collection of subsets of S, typically referred to as the set of focal
elements of S; and (iii) m is a function defined on subsets of S such that

m& >0 if £€eSmE=0 if £€C Sand £¢ S, (10.1)
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and

Zm(g) -1 (10.2)

£eS

The quantity m(E) is referred to as the basic probability assignment (BPA), or the mass function,
associated with the subset £ of S.

The sets S and S are similar to probability theory where one has the specification of a triple (S, S,
p) called a probability space, where (i) S is a set that contains everything that could occur in the particular
universe under consideration, (ii) S is a suitably restricted set of subsets of S, and (iii) p is the function
that defines probability for elements of S (see [75], Section IV.4). In probability theory, the set S is
required to have the properties that (i) if £€S, then £°€S, where £° is the complement of &, and
(i) if £, &,, ... is a sequence of elements of S, then U.E, €S and N,& €S. Further, p is required to
have the properties that (i) if £€S, then 0< p(€) <1, (ii) p(S) = 1, and (iii) if £,, &,, ... is a sequence
of disjoint sets from S, then p(U,&) =X, p(&) (see [75], Section IV.3). In the terminology of probability
theory, S is called the sample space or universal set; elements of S are called elementary events; subsets
of S contained in S are called events; the set S itself has the properties of what is called a G-algebra (see
[75], Section IV.3); and p is called a probability measure.

The sample space S plays the same role in both probability theory and evidence theory. However, the
S set has a different character in the two theories. In probability theory, S has special algebraic properties
fundamental to the development of probability and contains all subsets of S for which probability is
defined (see [75], Section IV.3). In evidence theory, S has no special algebraic properties (i.e., S is not
required to be a G-algebra, as is the case in probability theory) and contains the subsets of S with nonzero
BPAs. In probability theory, the function p actually defines the probabilities for elements of S, with these
probabilities being the fundamental measure of likelihood. In evidence theory, the function m is not the
fundamental measure of likelihood. Rather, there are two measures of likelihood, called belief and
plausibility, that are obtained from m as described in the next paragraph. The designation BPA for m(&)
is almost universally used, but, unfortunately, 7 does not define probabilities except under very special
circumstances. Given the requirement in Equation 10.2, the set S of focal elements associated with an
evidence space (S, S, m) can contain at most a countable number of elements; in contrast, the set S of
events associated with a probability space (S, S, p) can, and essentially always does, contain an uncount-
able number of elements.

The belief, Bel(£), and plausibility, PI(E), for a subset £ of S are defined by

Bel(&) = Zm(l/l) (10.3)
Ucté
and
PI(E) = 2 mU). (10.4)
UNE£D

Conceptually, m(U/) is the amount of likelihood that is associated with a set I/ that cannot be further
assigned to specific subsets of Y. Specifically, no specification is implied concerning how this likelihood
is apportioned over U. Given the preceding conceptualization of m(U), the belief Bel(£) can be viewed
as the minimum amount of likelihood that must be associated with £. Stated differently, Bel(€) is the
amount of likelihood that must be associated with £ because the summation in Equation 10.3 involves
all U that satisfy U C &. Similarly, the plausibility PI(£) can be viewed as the maximum amount of
likelihood that could be associated with &. Stated differently, PI(€) is the maximum amount of likelihood
that could possibly be associated with £ because the summation in Equation 10.4 involves all I that
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intersect £ From the perspective of making informed decisions, the information provided by beliefs and
plausibilities is more useful than the information provided by BPAs. This statement is made because a
BPA only provides likelihood information that can be attributed to a set, but to none of its subsets. In
contrast, a belief provides likelihood information about a set and all its subsets, and a plausibility provides
likelihood information about a set and all sets that intersect it.

Belief and plausibility satisfy the equality

Bel(€)+ PI(E) =1 (10.5a)

for every subset £ of S. In words, the belief in the occurrence of an event (i.e., Bel(£)) and the plausibility
of the nonoccurrence of an event (i.e., PI(£)) must sum to one. In contrast, probability theory relies on
the analogous equation

pE)+p(&)=1. (10.5b)

As is well known, Equation 10.5b states that the likelihood in the occurrence of an event and the likelihood
of the nonoccurrence of an event must sum to one. Stated differently, in probability theory, the likelihood
for an event is the complement of the likelihood against an event, whereas in evidence theory, there is
no such assumption of symmetry.

In evidence theory, it can be shown that

Bel(€)+ Bel(E°) <1. (10.6)

The specification of belief is capable of incorporating a lack of assurance that is manifested in the sum
of the beliefs in the occurrence (i.e., Bel(£)) and nonoccurrence (i.e., Bel(£¢)) of an event & being less
than one. Stated differently, the belief function is a likelihood measure that allows evidence for and against
an event to be inconclusive. For the plausibility function, it can be shown that

PI(E)+PI(E) 2 1. (10.7)

The specification of plausibility is capable of incorporating a recognition of alternatives that is manifested
in the sum of the plausibilities in the occurrence (i.e., PI(£)) and nonoccurrence (i.e., PI(E°)) of an event
€ being greater than one. Stated differently, the plausibility function is a likelihood measure that allows
evidence for and against an event to be redundant.

10.2.2 Cumulative and Complementary Cumulative Functions

In probability theory, the cumulative distribution function (CDF) and the complementary cumulative
distribution function (CCDF) are commonly used to provide summaries of the information contained
in a probability space (S, S, p). The CCDF is also referred to as the exceedance risk curve in risk assessment
analyses. Similarly in evidence theory, cumulative belief functions (CBFs), complementary cumulative
belief functions (CCBFs), cumulative plausibility functions (CPFs), and complementary cumulative
plausibility functions (CCPFs) can be used to summarize beliefs and plausibilities. Specifically, CBFs,
CCBFs, CPFs, and CCPFs are defined by the sets of points

CBF = {[v Bel(S:)],ve 5} (10.8)
CCBF ={[v, Bel(S,)],ve S} (10.9)
CPF= {[v PI(;)],ve 3} (10.10)
CCPF ={lv, PI(S,)],ve S}, (10.11)
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FIGURE 10.1 Example of (a) cumulative belief and plausibility functions and (b) complementary cumulative belief
and plausibility functions.

where S, is defined as
S,={x:xeSand x>v}. (10.12)

Plots of the points in the preceding sets produce CBFs, CCBFs, CPFs, and CCPFs (Figure 10.1).

As grouped in Figure 10.1, a CBF and the corresponding CPF occur together naturally as a pair because,
for a given value v on the abscissa, (i) the value of the CBF (i.e., Bel(S)) is the smallest probability for S;
that is consistent with the information characterized by (S, S, m) and (ii) the value of the CPF (ie., PI(S)))
is the largest probability for S that is consistent with the information characterized by (S, S, m). A similar
interpretation holds for the CCBF and CCPE. Indeed, this bounding relationship occurs for any subset £ of
S, and thus PI(£) and Bel(£) can be thought of as defining upper and lower probabilities for £ [61].
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10.2.3 Input/Output Uncertainty Mapping

The primary focus in many, if not most, engineering problems involving uncertainty estimation is on
functions

y=f(x), (10.13)

where
X =[x Xy X, ]

and the uncertainty in each x; is characterized by a probability space (X;, X, p;) or an evidence space
(X, X, m;). The elements x; of x are used to construct the input sample space

X={x:x=[x),%,..,x,]€ X; X X, X...X X }. (10.14)

When the uncertainty in each x; is characterized by a probability space (X, X, p;), this leads to a probability
space (X, X, py) that characterizes the uncertainty in x, where X is developed from the sets contained in

C={&E=ExEx..xE eX; x X, x..xX} (10.15)

(see [75], Section IV.6, and [76], Section 2.6) and py is developed from the probability functions (i.e.,
measures) p;. Specifically, if the x; are independent and d; is the density function associated with p;, then

px<5>=j d(x)dv (10.16)
£
for £€ X and

d) =] Jdex (10.17)

for x =[x, x,,...,x,]€ X.

In engineering practice, f is often a set of nonlinear partial differential equations that are numerically
solved on a computer. The dimensionality of the vector x of inputs can be high in practical problems
(e.g., on the order of 50). The analysis outcome y is also often a vector of high dimensionality, but is
indicated in Equation 10.13 as being a single system response for notational convenience.

The sample space X constitutes the domain for the function f in Equation 10.13. In turn, the range of
fis given by the set

Y={y:y=fx),xex} (10.18)

The uncertainty in the values of y contained in ) derives from the probability space (X, X, p,) that
characterizes the uncertainty in x and from the properties of the function f. In concept, (X, X, p,) and
f induce a probability space (), Y, py). The probability p, is defined for a subset £ of ) by

Py(E)=py(fH(E), (10.19)
where
'€ ={x:xeXand y= f(x) &} (10.20)
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The uncertainty in y characterized by the probability space (), Y, py) is typically presented as a CDF or
CCDE

Equation 10.19 describes the mapping of probabilities from the input space to probabilities in the space
of the system outcome y when the uncertainty associated with the domain of the function is characterized
by a probability space (X, X, py). When the uncertainty in each x; is characterized by an evidence space
(X X;, m;), the uncertainty in x is characterized by an evidence space (X, X, my), where (i) X is defined
by Equation 10.14, (ii) X is the same as the set C defined in Equation 10.15, and (iii) under the assumption
that the x; are independent, m, is defined by

m (10.21)

€)= Hm,(g,) if SZSIX(C/'ZX...XE"EX
i=1
0 otherwise

X

for subsets £ of X.

The development is more complex when the x; are not independent. For a vector x of the form defined
in conjunction with Equation 10.13, the structure of X for the evidence space (X, X, m1,) is much simpler
than the structure of X for an analogous probability space (X, X, py). In particular, the set X for the
evidence space (X, X, my) is the same as the set C in Equation 10.15. In contrast, the set X for an
analogous probability space (X, X, py) is constructed from C and in general contains an uncountable
number of elements rather than the finite number of elements usually contained in C.

For evidence theory, relations analogous to Equation 10.19 define belief and plausibility for system
outcomes when the uncertainty associated with the domain of the function is characterized by an evidence
space (X, X, my). In concept, (X, X, my) and f induce an evidence space (), Y, my). In practice, m, is
not determined. Rather, the belief Bel,(£) and plausibility PI,(£) for a subset £ of ) are determined
from the BPA m1, associated with (X, X, my). In particular,

Bel, (€)= Bel, [f(£)]= 2 m, (U) (10.22)
U
and
PL(E)=PL[f(&)]= 2 m. (U), (10.23)
Unf1 ()2

where Bel, and PI, represent belief and plausibility defined for the evidence space (X, X, my).

Similarly to the use of CDFs and CCDFs in probability theory, the uncertainty in y characterized by
the evidence space (), Y, my) can be summarized with CBFs, CCBFs, CPFs, and CCPFs. In particular,
the CBE, CCBE, CPFE, and CCPF for y are defined by the sets of points

CBF = {[V,Bely(y;)], ve y} - {[v Bel, (£(37))] v e y} (10.24)
CCBF ={[v, Bel,())],v € Y} ={[v, Bel ,(f " (I)))],v € Y} (10.25)
cpF ={[v P1, ()] vey}= {[v PL(F (7)) ve y} (10.26)
CCPF ={[v, PL ), ve Yk ={v, PL(F Q)] v eV (10.27)
where
Y ={y:yeYand y>v} (10.28)
Y ={y:yeYand y <. (10.29)
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Plots of the points contained in CBF, CCBF, CPF, and CCPF produce a figure similar to Figure 10.1 and
provide a visual representation of the uncertainty in y in terms of belief and plausibility.

The beliefs and plausibilities appearing in Equation 10.24 through Equation 10.27 are defined by sums
of BPAs for elements of X. For notational convenience, let £; denote the jth element of X for the evidence
space (X, X, my). Such a numbering is possible because X is countable due to the constraint imposed
by Equation 10.2. For v € ), let

187, ={j:& < ()} (10.30)
ICCBF, = {j:& < [ ()} (1031)
ICPF,=1{j:&Nf ( )¢®} (10.32)
ICCPF,={j:£,n f(9,) = D). (10.33)

In turn, the beliefs and plausibilities in Equation 10.24 through Equation 10.27 are defined by

Bel, ()= Bel, [ £(07))= D, my(&) (10.34)
JE€ICBF,

Bel, ()= Bel ({3 )= Y, my(&) (10.35)
j€ICCBF,

PL(E)=PL(F(07))= D, me(&) (10.36)
JjEICPF,

PLOD=PLFON= D my(E). (10.37)
jeICCPF,

The summations in Equation 10.34 through Equation 10.37 provide formulas by which the CBE, CCBE,
CPE, and CCPF defined in Equation 10.24 through Equation 10.27 can be calculated. In practice, deter-
mination of the sets in Equation 10.24 through Equation 10.27 can be computationally demanding due
to the computational complexity of determining f~!. For example, if f corresponds to the numerical solution
of a system of nonlinear PDEs, there will be no closed form representation for f~! and the computation
of approximate representations for f~! will require many computationally demanding evaluations of f.
Section 10.3.3.4 gives a detailed example of how Equation 10.24 through Equation 10.27 are calculated in
a simple example. The issue of convergence of sampling was recently addressed in [77], where it was
established that, as the number of samples increases, even with minimal assumptions concerning the
nature of f, convergence to the correct belief and plausibility of the system response is ensured.

10.2.4 Simple Conceptual Examples

The theoretical fundamentals given above can be rather impenetrable, even to those well grounded in
the theoretical aspects of probability theory. We believe two of the reasons evidence theory is difficult to
grasp are the following. First, evidence theory has three likelihood measures — belief, plausibility, and
BPA functions—any one of which can determine the other two. In probability theory there is only one,
the probability measure p. Second, the conversion of data or information into a BPA in evidence theory
seems rather nebulous and confusing compared to the construction of probability measures in probability
theory. In practice, this conversion and its representation in probability theory is simplified by using
probability density functions (PDFs) as surrogates for the corresponding probability measures. For
example, in probability theory if one assumes a “noninformative prior” then a uniform PDF is chosen.
Or, if one has a histogram of experimental data, it is rather straightforward to construct a PDE. To aid
in understanding evidence theory and how it compares with probability theory, the following two simple
conceptual examples (similar to those given in [53], p. 75-76) are given.
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Example 1

Children are playing with black and white hollow plastic Easter eggs. The children place a chocolate
candy in each black Easter egg and put nothing into each white Easter egg. A parent appears and says,
“T will secretly put one or more of your various Easter eggs in a paper bag. Tell me what is the probability
(these are very precocious children) of you drawing out a black Easter egg from the paper bag (which
you cannot see into)?”

The universal set X contains the two possible outcomes: {B, W}, where B indicates a black egg with
chocolate, and W indicates a white egg without chocolate.

A probabilistic solution would traditionally assume that, according to the Principle of Insufficient
Reason, there is an equal likelihood of drawing out a black egg and a white egg. Therefore, the answer
to the question would be: “There is a 0.5 probability of getting a black egg.”

An evidence theory solution would assign the BPA of the universal set a value of 1, which can be written
as m(X ) = 1. Because nothing is known about what this parent might do concerning putting white vs.
black eggs in the bag, a BPA of zero is assigned to each possible event: m(B) = 0 and m(W) = 0. Using
Equations 10.3 and 10.4, one computes that Bel(B) = 0 and PI(B) = 1 for drawing out a black egg.
Therefore, an evidence theory approach would answer the question: “The probability is between 0 and 1
for getting a black egg.”

Example 2

The same children are playing with plastic Easter eggs and the same parent shows up. However, this time,
the parent paints some of the plastic Easter eggs gray and places chocolates into some of the gray eggs,
out of sight of the children. The parent now says, “I have put ten Easter eggs into a paper bag, which
you cannot see into. In the bag there are two black eggs (with chocolates), three white eggs (without
chocolates), and five gray eggs that may or may not contain a chocolate. Tell me what is the probability
of drawing out an egg with a chocolate?”

The universal set X can be written as {B, W, G}; B and W are as before, and G is a gray egg which may
or may not have a chocolate. A probabilistic solution could be based on the probabilities

p(B)=0.2, p(W)=0.3, p(G)=0.5.

In addition, according to the Principle of Insufficient Reason, each gray egg containing a chocolate, G,,,
has a probability of 0.5, and each gray egg without a chocolate, G,,,, has a probability of 0.5. Therefore,
they would assign a probability of 0.25 to the likelihood that a gray egg with chocolate would be drawn.
The probabilistic answer to the question would then be: “The probability of getting a chocolate from the
bag is p(B) + 0.25 = 0.45”

The evidence theory solution would assign the following BPAs

m(B) =0.2, m(W)=0.3,m(G,,G,, )=0.5.

With the use of Equations 10.3 and 10.4, the belief for getting a chocolate, Bel(C), and plausibility for
getting a chocolate, PI(C), can be computed:

Bel(C) = Bel(B,G,)) = 0.2, PI(C) = PI(B,G,) = 0.2+0.5=0.7.

Therefore, an evidence theory answer to the question would be: “There is a probability between 0.2 and
0.7 of getting a chocolate from the bag.”
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10.2.4.1 Observations

First, on these simple examples, it can be seen, hopefully, that evidence theory accurately represents the
range in probabilities that are consistent with the given data; no additional assumptions concerning the
given data are imposed. Stated differently, traditional application of probability theory leads one to assign
probabilities to all events of the universal set, thereby forcing one to make assumptions that are not
supported by the evidence. Evidence theory allows one to assign basic probabilities to sets of elements
in the universal set, thus avoiding unjustified assumptions. Concern might be expressed that the range
of probabilities with evidence theory is so large that little useful information is gained with the approach
to aid in the decision-making process. The response to this is that when large epistemic uncertainty is
present, the decision maker should be clearly aware of the range of probabilities, rather than having
assumptions buried in the analysis disguise the probabilities. If high-consequence decisions are involved
instead of chocolates, it is imperative that the decision maker understand the probabilities and resulting
risks. If the highest possible risks are unacceptable to the decision maker, then resources must be made
available to reduce the epistemic uncertainty.

Second, in these examples the inappropriate use of the Principle of Insufficient Reason, particularly
in Example 1, is obvious. However, the assumption, without justification, of a uniform PDF in engineering
analyses is very common. Sometimes the assumption is made with the caveat that, “For the first pass
through the analysis, a uniform PDF is assumed.” If the decision maker acts on the “first pass analysis”
and a refined analysis is never conducted, inappropriate risks could be the result. Or, the more common
situation might occur: “The risks appear acceptable based on the first pass analysis, and if the funds and
schedule permit, we will conduct a more refined analysis in the future” Commonly, the funds and
schedule are consumed with “more pressing issues.”

10.3 Example Problem

The topics covered in this section are the following. First, an algebraic equation will be given (Section
10.3.1), which is a model for describing the response of a simple nondeterministic system. The nonde-
terministic character of the system is due to uncertainty in the parameters embodied in the algebraic
model of the system. Second, the uncertainty of the response of the system will be estimated using the
traditional application of probability theory (Section 10.3.2) and evidence theory (Section 10.3.3). Com-
parisons will be made (Section 10.3.4) concerning the representation of uncertainty using each approach.
Third, in the solution procedure using evidence theory, the steps are described for converting the
information concerning the uncertain parameters into input structures usable by evidence theory. A
detailed discussion will be given for propagating input uncertainties represented by BPAs through the
system response function and computing belief and plausibility measures in the output space.

10.3.1 Problem Description

The following equation is a simple special case of the input/output mapping indicated in Equation 10.13:

y=fla,b)=(a+b)". (10.38)

The parameters a and b are the analysis inputs and are the only uncertain quantities affecting the system
response. Parameters a and b are independent; that is, knowledge about the value of one parameter
implies nothing about the value of the other. Multiple expert sources provide information concerning a
and b, but the precision of the information is relatively poor. Stated differently, there is scarce and
conflicting information concerning a and b, resulting in large epistemic uncertainty. All of the sources
for a and b are considered equally credible.
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FIGURE 10.2 Information from each source for parameters a (upper) and b (lower). (Originially published in
Investigation of Evidence Theory for Engineering Applications, Oberkampf, W.L. and Helton, J.C., 4th Nondeterministic
Approaches Forum, Denver, AIAA-2002-1569. Copyright © 2002 by the American Institute of Aeronautics and
Astronautics, Inc. Reprinted with permission.)

For parameter a, two sources provide information. Source 1 states that he believes that the actual, or
true, value lies in the interval [0.6, 0.9]. Source 2 states that, in her opinion, the actual value is in one
of two contiguous intervals: in the interval [0.1, 0.5] with a 20% level of subjective belief, or in the interval
[0.5, 1.0] with a 80% level of subjective belief. (Note: For clarity, an adjective such as “subjective” or
“graded” with the term “belief” is used to designate the common language meaning for “belief” When
“belief” is used without such adjectives, reference is being made to the belief function in evidence theory.)

For parameter b, three sources provide information. Source 1 states that the actual value could lie in
one of two disjoint intervals: in the interval [0.3, 0.5] with a 10% level of subjective belief, or in the
interval [0.6, 0.8] with a 90% level of subjective belief. Source 2 states that the actual value could be in
one of three contiguous intervals: [0.2, 0.4] with a 10% level of subjective belief, [0.4, 0.6] with a 70%
level of subjective belief, and [0.6, 1.0] with a 20% level of subjective belief. Source 3 states that he believes
that three experimental measurements he is familiar with should characterize the actual value of b. The
three experimental realizations yielded: 0.1 £ 0.1, 0.3 + 0.1, and 0.4 & 0.1. He chooses to characterize
these measurements, that is, his input to the uncertainty analysis, as three intervals: [0.0, 0.2], [0.2, 0.4]
and [0.3, 0.5], all with equal levels of subjective belief. (See [74] for a description of more complex
subjective belief statements.)

The input data for a and b for each source are shown graphically in Figure 10.2a and b, respectively.

To complete the statement of the mathematical model of the system, the system response y is considered
to be unsafe for values of y larger than 1.7. It is desired that both the traditional and evidence theory
approaches be used to assess what can be said about the occurrence of y > 1.7. Although the example
problem may appear quite simple to some, the solution is not simple, or even unique, because of the
poor information given for the parameters. It will be seen that both methods require additional assump-
tions to estimate the occurrence of y > 1.7. Some of these assumptions will be shown to dominate the
estimated safety of the system.

Figure 10.3 presents a three-dimensional representation of y = f(a, b) over the range of possible
values of a and b. Several level curves, or response contours, of y are shown (i.e., loci of [a, b] values
that produce equal y values). The rectangle defined by 0.1 <a <1 and 0 < b <1 is referred to as the
input product space.
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FIGURE 10.3 Three-dimensional representation of y = (a + b)* on the rectangle defined by 0.1 <a<1land0<b<1.
(Originially published in Investigation of evidence theory for engineering applications, Oberkampf, W.L. and Helton, J.C.,
4th Non-Deterministic Approaches Forum, Denver, AIAA-2002-1569. Copyright © 2002 by the American Institute of

Aeronautics and Astronautics, Inc. Reprinted with permission.)

10.3.2 Traditional Analysis Using Probability Theory

10.3.2.1 Combination of Evidence

The information concerning a from the two sources is written as

A ={a:0.6<a<0.9}

a:0.1<a<0.5 with 20% belief
A = a:0.5<a<1.0 with 80% belief "

Thus, the set

A=AUA ={a:01<a<]}

contains all specified values for a.
Similarly, the information for b from the three sources is written as

b:0.3<b<0.5 with 10% belief
b:0.6 <b<0.8 with 90% belief

b:0.2<b<0.4 with 10% belief
B, =<b:0.4<b<0.6 with 70% belief
b:0.6<b<1.0 with 20% belief

b:0.0<b<0.2 with 33% belief
B, =<b:0.2<b<0.4 with 33% belief ;.
b:0.3<b<0.5 with 33% belief
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Thus, the set
B=BuB,uB ={b:0<b<1} (10.45)

contains all specified values for b.

Given that each of the sources of information specifies only intervals of values, the traditional prob-
abilistic analysis is implemented by assuming that a and b are uniformly distributed over each of their
specified intervals. This is a significant assumption beyond what was given for the state of knowledge
concerning a and b. The only claim from the expert sources is that the actual value is contained in
specified intervals, not that all values over each of the intervals are equally likely. Other specifications of
probability are possible, e.g., the intervals specified by each source could be divided into a finite number
of subintervals, and probability density distributions (PDFs) could be defined for each of the subintervals.
However, this is essentially never done. The specification of uniform distributions over each interval is
the most common technique used to convert intervals of possible values to PDFs.

Let [r;, 5], 1 =1, 2,... n, denote the specified intervals for a parameter from a given source. Let g; be
the graded level of belief associated with the interval [r;, s;], expressed as a decimal. Then the resultant
density function d is given by

dw) ="y 50g/s,—r), (10.46)
i=1
where
1 f s,
6.(v)={ Orve.[r’ s (10.47)
' 0 otherwise.

For parameter a, n has values of 1 and 2 for sources 1 and 2, respectively. For parameter b, n has values
of 2, 3, and 3 for sources 1, 2, and 3, respectively.

Because it is given that each source of information is equally credible, the resultant density functions
for each source are simply averaged. Thus, if d,,(a) and d,,(a) denote the density functions for sources
1 and 2 for variable g, the resultant combined density function is

d,(@= ) d,(a)2. (10.48)

Similarly, the resultant combined density function for b is

dy() =Y dy(b), (10.49)

where dp, (), dg,(b), and d;(b) denote the density functions from sources 1, 2, and 3, respectively. The
density functions d,(a) and dy(b) in Equation 10.48 and Equation 10.49 effectively define the probability
space used to characterize the uncertainty in a and b, respectively.
10.3.2.2 Construction of Probabilistic Response
Each possible value for y in Equation 10.38 derives from multiple vectors ¢ = [a, b] of possible values
for a and b. For example, each contour line in Figure 10.3 derives from multiple values of ¢ that produce
the same value of y. The set

C=AxB={c=[a,bl:ac A, beB} (10.50)

Copyright 2005 by CRC PressLLC



contains all possible values for c. Because it is given that a and b are independent, the PDF for C is given by
d.(c)=d,(a)dy(b) (10.51)

for ¢ = [a, b] € C. For notational convenience, the probability space used to characterize the uncertainty
in ¢ = [a, b] will be represented by (C, C, p,).

Possible values for a and b give rise to possible values for y through the relationship in Equation 10.38.
In particular, the set ) of all possible values for y is given by

Y={y:y=fla,b)=(a+b)",[a,bleC}. (10.52)

With a probability-based approach, the uncertainty in y is represented by defining a probability distri-
bution over Y. Ultimately, the probability distribution associated with ) derives from the nature of the
mapping y = f(a, b) and the probability distributions over A and B.

The probability p,(€) of a subset £ of } can be formally represented by

2 (&)= [d,(0dy=pe(s ) (10.53)
¢
where dy, denotes the density function associated with the distribution of y, p.(f™(€)) denotes the proba-
bility of the set f~'(£) inC = A x B, and

(& ={c:c=[a,bleC=AxBand y = f(a, b) e &}. (10.54)

A closed-form representation for the density function d, can be derived from f, d, and d,. However, in
real analysis problems, this is rarely done due to the complexity of the function and distributions involved.
The relations in Equation 10.53 are presented to emphasize that probabilities for subsets of ) result from
probabilities for subsets of C.

An alternative representation for p,(£) is given by

2,6) =j6b-<y>dy<y>dy
Y

(10.55)
= I5E[f(a, b)ld ,(a)d,(b)da db,
c
where
1 if &
Oy = {0 (l)tli/e.rgwise. (10.56)

The preceding representation underlies the calculations carried out when a Monte Carlo or Latin Hyper-
cube sampling procedure is used to estimate p,(£) [78—80].

As indicated in Section 10.2.2, CCDFs provide a standard way to summarize probability distributions
and provide an answer to the following commonly asked question: “How likely is y to be this large or
larger?” The defining equation for a CCDF is analogous to Equation 10.25 and Equation 10.27 for CCBFs
and CCPFs, respectively, in evidence theory. Specifically, the CCDF for y is defined by the set of points

CCDF ={[v, p, O]y e M ={lv, pe(f N v e V) (10.57)

for Y, defined in Equation 10.28. The CCDF for the function y = f(a, b) defined in Equation 10.38 and
the probability space (C, C, p¢) introduced in this section is presented in Section 10.3.4.
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10.3.3 Analysis Using Evidence Theory

10.3.3.1 Construction of Basic Probability Assignments for Individual Inputs

The BPAs for A and B are obtained by first defining BPAs for .4, and .A,, and B,, BB,, and B,. This is done
using the information for a and b from each source (see Equation 10.39, 10.40 and Equation 10.42
through Equation 10.44). A convenient representational device for BPAs associated with interval data
can be obtained with the use of lower triangular matrices. This representation, an extension of that used
in [81], is constructed as follows. For each uncertain parameter, an interval is identified that contains
the range of the parameter when all of the sources of information for that parameter are combined. The
range of each parameter is divided into as many contiguous subintervals as needed to describe the interval
value information from each of the sources; that is, any specified interval of values for the parameter is
equal to the union of a subset of these contiguous intervals. The columns of the lower triangular matrix
are indexed by taking the lower value of each subinterval, and the rows are indexed by taking the upper
value of each subinterval.

To represent this lower triangular matrix of potential nonzero BPAs, let I, L, ... I, be the lower values
for the n subintervals, where [, <I,...<I .Let u,u,,...u, be the upper values of the subintervals, where
u, <u,...<u . Consistent with the contiguous assumption, the intervals can be expressed as [I}, L]
L], [, u,] with [ <u, , or equivalently as [L,u ], [u, u,],... [u,_,u,] with [ <u . Let m([l, u]) be
the BPA for the subinterval [/, 1]. The n xn lower triangular matrix can then be written as

1 1, l, l,
w m({l,u])
uz m([ll)uz]) m([lz)uz])
10.58
u,  m([l,w)]) m(l,u]) ml,u]) ( :
w,  m(llpu))  m(lu]) m(u]) o m(ll,u,]).

Specifically, m in the preceding matrix defines a BPA for S ={x: [ <x<u, } provided (i) the values for
m in the matrix are nonnegative and sum to 1, and (ii) m(€) = 0if £ < S and € does not correspond
to one of the intervals with a BPA in the matrix. In essence, this representation provides a way to define
a BPA over an interval when all noncontiguous subintervals are given a BPA of zero. When only the
diagonal elements of the matrix are nonzero, the resultant BPA assignment is equivalent to the specifi-
cation of a discrete probability space. For this space, the set S contains the null set and all sets that can
be generated by forming unions of the intervals [/, 1,),[L,,,),... [l , u,]. Note that half-open intervals are
assumed so that the intersection of any two intervals will be the null set. Conversely, from the structure
of the matrix it can be seen that the precision of the information decreases as the distance from the
diagonal increases. For example, the least precise statement of information appears in the lower-left
element of the matrix with the definition of the BPA m[l,, u,].

In the present example, the sets A and B correspond to the intervals [0.1, 1] and [0, 1], respectively.
The corresponding matrices for A and B are

0.1 0.5 0.6 0.9
05  m,([0.1,0.5])
0.6 m,([0.1,0.6]) m,([0.5,0.6]) (10.59)
09 m,([0.1,0.9]) m,([0.50.9]) m,([0.6,0.9])
[ ) )

1.0 m,([0.,1.0])  m,([0.51.0]) m,([0.61.0]) m,([0.9,1.0])
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and

0.0 0.2 0.3 0.4 0.5 0.6 0.8
0.2 m,([0.0,0.2])
0.3 m,([0.0,0.3]) my(] ]
0.4 m,([0.0,0.4]) m,([0.2,0.4]) m,([0.3,0.4])
0.5 m,([0.0,0.5]) m,([0.2,0.5]) m,([0.3,0.5]) m,([0.4,0.5]
0.6 m,([0.0,0.6]) 1,([0.2,0.6]) ,([0.3,0.6]) ,([0.4,0.6]
0.8 m,([0.0,0.8]) m,([0.2,0.8]) m,([0.3,0.8]) m,([0.4,0.8]
1.0 m,([0.0,1.0]) m,([0.2,1.0]) m,([0.3,1.0]) m,([0.4,1.0]

0.2,0.3])

B

m,([0.5,0.6])

m,([0.5,0.8]) m,([0.6,0.8])

m,([0.5,1.0]) m,([0.6,1.0]) m,([0.8,1.0]),
(10.60)

)
)
)
)

B B

respectively.
The information for a provided by the two sources (see Equation 10.39 and Equation 10.40) can be
summarized by the following matrices A, and A, of the form shown in Equation 10.59:

0 0.2
0 0 0

A= and A,= : (10.61)
00 1 0 0 0
0000 0 08 0 0

Similarly, the information for b provided by the three sources (see Equation 10.42 through Equation 10.44)
can be summarized by the following matrices B,, B,, and B, of the form shown in Equation 10.60:

0 0
0 0 0 0
0 0 0 0 01 0
B,=[0 0 01 0 , B,=[0 0 0 o0 ,
0 0 0 0 0 0 o0 07
0 0 0 0 09 0 0 0 0
00 0 0 0 0 0 0 0 0 0 02 0
i ) J : ] - (10.62)
0.333
0 0
0 033 0
and B,=| 0 0 0333 0
0 0 0 0
0 0 0 0
0 0 0 0 0]

The BPAs for all unspecified subsets of .4 and B are zero.

10.3.3.2 Combination of Evidence

Combining the BPAs for the .4s to obtain a BPA for A and combining the BPAs for the 5;’s to obtain
a BPA for B is now considered. The issue of combination of evidence, also referred to as aggregation of
evidence or data fusion, is a topic closely related to evidence theory itself. After the introduction of evidence
theory by Dempster in 1967 [61], many researchers believed evidence theory and the issue of combination
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of evidence were essentially the same topic. This view was reinforced by the close relationship between
evidence theory and Dempster’s rule of combination of evidence. In fact, much of the criticism of evidence
theory has actually been directed at Dempster’s rule of combination. It is now recognized that combination
of evidence is a separate topic of growing importance in many fields [50, 52, 64, 82—89]. Combination
of evidence takes on even more importance in newer theories of uncertainty, such as evidence theory,
because many of the newer theories can deal more directly with large epistemic uncertainty than the
traditional application of probability theory. The manner in which conflicting evidence is combined can
have a large impact on the results of an uncertainty analysis, particularly when evidence theory is used.

In this presentation, the emphasis is on comparing uncertainty estimation results from the traditional
application of probability theory and evidence theory. As a result, evidence from the various sources is
combined in the same manner as was done for the solution using probability theory. The equivalent
formulation to Equation 10.48 and Equation 10.49 for the matrices A; and B; is

2 3
A=Y AP and B=YBS. (10.63)
i=1 i=1

Applying these equations to Equation 10.61 and Equation 10.62, respectively, we have

0.1
A= 00 (10.64)
0 0 05
0 04 0 0
0.111 |
0 0
0 0.144 0
andB=| 0 0 0.144 0 5 (10.65)
0 0 0 0.233 0
0 0 0 0 0 03
| 0 0 0 0 0 0.067 0

with the additional specification that m,(E) = 0 if £ is a subset of A without an assigned BPA in A and
my(E) = 0 if £ is a subset of B without an assigned BPA in B.

10.3.3.3 Construction of Basic Probability Assignments for the Product Space

The variables a and b are specified as being independent. With the use of Equation 10.21, the BPA m(€)
defined on C = A x B is given by

& E) ifE, cAE cBandE=E, XE
mc(g)z mA( A)mB( B) 1 A C. B < an A B (10.66)
0 otherwise

for £ c C. The resultant nonzero BPAs and associated subsets of C are summarized in Table 10.1.
Subset 11 is used to illustrate the entries in Table 10.1. This subset corresponds to the interval [0.5,
1.0] for a, and the interval [0.4, 0.6] for b. From Equation 10.66,

m(€)=m,([0.5,1.0])m,([0.4,0.6]), (10.67)
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TABLE 10.1 Summary of the Nonzero Values of the BPA m for C = A x B

m,([0.1,0.5]) = 0.1

m4([0.5, 1.0]) = 0.4

m,4([0.6, 0.9]) = 0.5

my([0.,0.2]) = 0.111

my([0.2,0.4]) = 0.144
my([0.3,0.5]) = 0.144
my([0.4,0.6]) = 0.233
m,([0.6,0.8]) = 0.300
my([0.6,1.0]) = 0.067

0.0111 (subset 1)
0.0144 (subset 4)
0.0144 (subset 7)
0.0233 (subset 10)
0.0300 (subset 13)
0.0067 (subset 16)

0.0444 (subset 2)
0.0576 (subset 5)
0.0576 (subset 8)
0.0932 (subset 11)
0.1200 (subset 14)
0.0268 (subset 17)

0.0555 (subset 3)
0.0720 (subset 6)
0.0720 (subset 9)
0.1165 (subset 12)
0.1500 (subset 15)
0.0335 (subset 18)

where the values for 11, ([0.5, 1.0]) and m,([0.4, 0.6]) appear in the column and row designators associated
with subset 11 (i.e., £ = [0.5, 1.0] X [0.4, 0.6]) and are defined by entries in the matrices A and B in
Equation 10.64 and Equation 10.65, respectively. This yields

m(€)=(0.4)(0.233) = 0.0932. (10.68)

The magnitude of m shown for subsets of C in Table 10.1 indicates the likelihood that can be assigned
to a given set, but not to any proper subset of that set. As required in the definition of a BPA, the BPAs
in Table 10.1 sum to unity.

10.3.3.4 Construction of Belief and Plausibility for the System Response

The belief and plausibility measures for the system outcome y can now be computed. The goal is to
obtain an assessment of the likelihood, in the context of evidence theory, that y will be in the failure
region. As previously indicated, the threshold of the failure region is v = 1.7. Thus, the system failure
question is: “How likely is it that y will have a value in the set ), , defined in Equation 10.28?” As indicated
in Equation 10.35 and Equation 10.37,

Bel,0))= Y m(E) (10.69)
jeICCBE,
and
PLOY= D m(E), (10.70)
jeICCPF,

where &;,j =1, 2,... 18, are the subsets of C with nonzero BPAs given in Table 10.1. The sets ZCCBF,
and ZCCPF, are defined in Equation 10.31 and Equation 10.33. In turn, the sets

CCBF ={[v, Bel,()]:ve YV} (10.71)
and
CCPF ={[v, PL,(Y)]:v eV} (10.72)

define the CCBF and the CCPF for .

The quantities ZCCBF,, ZCCPF,, Bel(),), and PI,()),) for the example problem are summarized in
Table 10.2. The contour lines of y =(a+b)" are shown in Figure 10.4a to aid in understanding where the
jumps in the CCBF and CCPF occur. Along the edges of Figure 10.4a are the values of y at equal increments
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TABLE 10.2 Determination of the CCBF and CCPF for y = f(a, b) with Equation 10.67 and Equation 10.68
and the BPAs in Table 10.1.

v ICCBF, 1CCPF, Bel,(Y,)  PL(Y,)

0.69220 1,2,3,4,5,6,7,8,9,10,11, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 1.00000 1.00000
12,13,14,15,16,17,18

[0.69220,0.70711] 2,3,4,5,6,7,8,9,10,11,12, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.98889 1.00000
13,14,15,16,17,18

[0.70711,0.73602] 3,4,5,6,7,8,9,10,11,12, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.94444 1.00000
13,14,15,16,17,18

[0.73602,0.81096] 4,5,6,7,8,9,10,11,12,13, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.88889 1.00000
14,15,16,17,18

[0.81096, 0.83666] 5,6,7,8,9,10,11,12,13, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.87444 1.00000
14,15,16,17,18

[0.83666,0.85790] 6,7,8,9,10,11,12,13,14, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.81667 1.00000
15,16,17,18

[0.85790, 0.87469] 6,8,9,10,11,12,13,14, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.80222 1.00000
15,16,17,18

[0.87469, 0.88657] 8,9,10,11,12,13,14,15, 1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.73000 1.00000
16,17,18

[0.88657,0.89443] 8,9,10,11,12,13,14,15, 2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.73000 0.98889
16,17,18

[0.89443,0.89751] 9,10,11,12,13,14,15,16, 2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.67222 0.98889
17,18

[0.89751,0.93874] 9,11,12,13,14,15,16,17, 2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.64889 0.98889
18

[0.93874,0.94868] 11,12,13,14,15,16,17,18 2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.57667 0.98889

[0.94868,0.95620] 12,13,14,15,16,17,18 2,3,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.48333 0.97444

[0.95620, 1.00000] 12,14,15,17,18 2,3,5,6,7,8,9,10,11,12,13,14,15,16,17,18 0.44667 0.97444

[1.00000, 1.04881] 14,15,17,18 2,3,5,6,8,9,10,11,12,13,14,15,16,17,18 0.33000 0.96000

[1.04881,1.08957] 15,18 2,3,5,6,8,9,11,12,13,14,15,16,17,18 0.18333 0.93667

[1.08957,1.11560] 15,18 2,5,6,8,9,11,12,13,14,15,16,17,18 0.18333 0.88111

[1.11560, 1.14018] 2,5,6,8,9,11,12,13,14,15,16,17,18 0.00000 0.88111

[1.14018,1.20000] 2,5,6,8,9,11,12,14,15,16,17,18 0.00000 0.85111

[1.20000, 1.22474] 5,6,8,9,11,12,14,15,16,17,18 0.00000 0.80667

[1.22474,1.26634] 5,6,8,9,11,12,14,15,17,18 0.00000 0.80000

[1.26634,1.35368] 5,8,9,11,12,14,15,17,18 0.00000 0.72778

[1.35368, 1.40000] 5,8,11,12,14,15,17,18 0.00000 0.65556

[1.40000, 1.44040] 8,11,12,14,15,17,18 0.00000 0.59778

[1.44040, 1.50000] 8,11,14,15,17,18 0.00000 0.48111

[1.50000, 1.60000] 11,14,15,17,18 0.00000 0.42333

[1.60000, 1.61214] 14,15,17,18 0.00000 0.33000

[1.61214,1.78188] 14,17,18 0.00000 0.18000

[1.78188, 1.80000] 14,17 0.00000 0.14667

[1.80000, 2.00000] 17 0.00000 0.02667

2.00000 0.00000 0.00000

of a and b along the boundary of their domain. Also note that these y values are only given to two significant
figures. These contour lines approximately define the sets f™'())) for selected values of v. For example,
f7'(},,) is indicated in Figure 10.4b through Figure 10.4d. The sets ZCCBF, and ZCCPZF, are obtained
by determining the j for which & c f ()) and &Enf “())) # D, respectively. Thus, as an examination
of Figure 10.4b through Figure 10.4d shows,

ICCBF, ,, =1{14,15,17,18}

1.04 —

(10.73)
and
ICCP}I_M ={2,3,5,6,8,9,10,11,12,13,14,15,16,17,18}, (10.74)
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FIGURE 10.4 Contour lines of y = (a + b)® and subsets 1, 2,..., 18 of C = A X B with nonzero BPAs indicated in
Table 10.1: (a) contour lines of y = (a + b)7 (b) subsets 1, 2, 3, 7, 8, 9, 13, 14, and 15; (c) subsets 4, 5, 6, 16, 17, and
18; and (d) subsets 10, 11, and 12. (Originially published in Investigation of Evidence Theory for Engineering Appli-
cations, Oberkampf, W.L. and Helton, J.C., 4th Nondeterministic Approaches Forum, Denver, AIAA-2002-1569.
Copyright © 2002 by the American Institute of Aeronautics and Astronautics, Inc. Reprinted with permission.)

Copyright 2005 by CRC PressLLC



| | | | | | | |
10
| ™\
6
; 18 5%
NS :
06 ; \\ &) %
®© 5 7 17
04
B - 4 A
02 16
[
F
| 117
0.0 | | | | | | | |
0.0 0.2 0.4 0.6 0.8 1.0
b
(c) Subsets 4, 5, 6, 16, 17, and 18
| | | | | | | |
1.0 |-
n \\
08~ \\
\ 12
N
0.6 [~
© 11
04 i
7
. o "%
02
0.0 | | | | | | | |
0.0 0.2 0.4 0.6 0.8 1.0
b

FIGURE 10.4 (Continued)

Copyright 2005 by CRC PressLLC

(d) Subsets 10, 11, and 12




which correspond to the values indicated in Table 10.2 for ZCCBF, ,, and ZCCPF, ,,. In turn,

Bel, ,,()]) = Zjezccmi o mec (5].)

= mc(‘c;m) +mc(‘c;15) +mc(‘c"17) +mc(‘c"18)

(10.75)
=0.1200+0.1500+0.0268+0.0335
=0.3303
and
PlL(Y,,) = Zjezccpfl N me (gj)
=m(E,)+m (&) +m (&) +m (&) +m (&) +...+m(E,) (10.76)

=0.9591.

The resultant CCBF and CCPF are provided by plots of the points contained in the sets CCBF and CCPF
defined in Equation 10.71 and Equation 10.72 and are shown in Figure 10.5. We stress that the jumps, or
discontinuities, in the CCBF and CCPF shown in Figure 10.5 are accurate and consistent with evidence
theory. Using Monte Carlo sampling for traditional probability theory, one occasionally sees jumps or stair-
steps in the CCDE. However, these jumps are typically numerical artifacts, that is, numerical approximations
due to use of a finite number of samples to compute the CCDFE In evidence theory, the jumps are not
numerical artifacts but are due to discontinuous assignments of BPAs across the boundaries of subsets.

Pl (>Y) or P (>Y) or Bel (>Y)

FIGURE 10.5 CCBF and CCPF for example problem y = (a + b)“. (Originially published in Investigation of Evidence
Theory for Engineering Applications, Oberkampf, W.L. and Helton, J.C., 4th Nondeterministic Approaches Forum,
Denver, ATAA-2002-1569. Copyright © 2002 by the American Institute of Aeronautics and Astronautics, Inc.
Reprinted with permission.)
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10.3.4 Comparison and Interpretation of Results

For the present example, the solution using probability theory is obtained by numerically evaluating
Equation 10.55 using Monte Carlo sampling. A random sample of size of one million was used so that
an accurate representation of the CCDF could be obtained for probabilities as low as 10~*. The CCDF
for y is shown in Figure 10.6. In essence, the CCDF is constructed by plotting the pairs [v, py(),)] for
an increasing sequence of values for v. The resultant CCDF indicates that the probability of the unsafe
region, y > 1.7, is 0.00646.

Also shown in Figure 10.6 is the CCPF and the CCBF from evidence theory for the example problem.
It can be seen in Figure 10.6, and also in Table 10.2, that the highest and lowest probabilities for the
unsafe region using evidence theory are 0.18 and 0.0, respectively. That is, the absolutely highest prob-
ability that is consistent with the interval data for a and b is 0.18, and the absolutely lowest probability
that is consistent with the interval data is 0.0. Stated differently, given the large epistemic uncertainty in
the values for a and b, the probability of the unsafe region can only be bounded by 0.0 and 0.18. By
comparing these interval valued probabilities with the traditional probabilistic result, it is seen that
evidence theory states that the likelihood of the unsafe region could be 28 times higher than that indicated
by the traditional analysis, or possibly as low as zero.

The key difference between the results obtained with probability theory and evidence theory is that
in the probability-based analysis, it was assumed that all values in each specified interval for a and b were
equally likely. Stated differently, the probability-based analysis assumed that the probability density
function (PDF) was given by a piecewise uniform distribution; whereas in the evidence theory analysis,
no additional assumptions were made beyond the uncertainty information supplied by the original
sources. In essence, evidence theory permits the specification of partial (i.e., not completely defined)
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» 1O PI(>Y) 3
g C N
5 B Bel (>Y)—"" i
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g -
o 107F 3
5 C ]
s [ ]
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0.6 0.8 1.0 1.2 1.4 1.6 1.8 20 22

FIGURE 10.6 CCDF, CCPF, and CCBF for example problem y = (a + b)". (Originially published in Investigation
of Evidence Theory for Engineering Applications, Oberkampf, W.L. and Helton, J.C., 4th Nondeterministic Approaches
Forum, Denver, ATAA-2002-1569. Copyright © 2002 by the American Institute of Aeronautics and Astronautics, Inc.
Reprinted with permission.)
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probability distributions for a and b. Thus, evidence theory can be viewed as allowing the propagation
of partially specified PDFs through the model of the system, in this case (a + b)4, resulting in a range of
likelihoods for y. The structure of evidence theory allows the incomplete specification of probability
distributions, or more precisely, the complete determination of all possible probability distributions
consistent with the input data.

As a final comment, both solution approaches relied on one additional common assumption: namely,
that the information from each of the sources of data for a and b could be combined by a simple averaging
procedure. As mentioned, a variety of methods have been developed for combining evidence. The results
of an uncertainty analysis can strongly depend on which combination method is chosen for use. The
selection of an appropriate combination method is an important open issue in uncertainty estimation.
Research is needed to provide guidance for the appropriate selection of a combination method given the
particular characteristics of a specific analysis and the type of information. Whatever method of combi-
nation is chosen in a given situation, the choice should primarily depend on the nature of the information
to be combined. For a recent review of methods for combination of evidence, see [89, 90].

10.4 Research Topics in the Application of Evidence Theory

Although evidence theory possesses some advantages compared to the traditional application of
probability theory, there are several prominent open issues that must be investigated and resolved
before evidence theory can be confidently and productively used in large-scale engineering analyses.
First, consider the use sampling techniques to propagate basic probability assignments (BPAs) through
“black-box” computational models. An important practical issue arises: what is the convergence rate
of approximations to belief and plausibility in the output space as a function of the number of samples?
Our preliminary experience using traditional sampling techniques, such as Monte Carlo or Latin
Hypercube, indicates that these techniques are reliable for evidence theory, but they are also expensive
from the standpoint of function evaluations. Possibly faster convergence techniques could be developed
for a wide range of black-box functions. Second, how can sensitivity analyses be conducted in the
context of evidence theory? Rarely is a nondeterministic analysis conducted simply for the purpose of
estimating the uncertainty in specified system response variables. A more common question is: what
are the primary contributors to the uncertainty in the system response? Thus, sensitivity analysis
procedures must be available for use in conjunction with uncertainty propagation procedures. Third,
for situations of pure epistemic uncertainty (i.e., no aleatory uncertainty) in input parameters, such
as the present example problem with interval data, how does one properly interpret belief and plau-
sibility in the output space as minimum and maximum probabilities, respectively? A closely related
question is: how does the averaging technique for aggregating conflicting expert opinion, which is the
common technique in classical probabilistic thinking, affect the interpretation of interval valued
probabilities in the output space?

The issue of combination of evidence from multiple sources is a separate issue from evidence theory
itself. Evidence theory has been criticized in the past because there is no unique method for combining
multiple sources of evidence. However, combination of evidence in probability theory is also nonunique
and open to question. Further research is needed into methods of combining different types of evidence,
particularly highly conflicting evidence from different sources. We believe that the method of combination
of evidence chosen in a given situation should be context dependent. Stated differently, there is no single
method appropriate for combining all types of evidence in all situations dealing with epistemic uncertainty.

Finally, evidence theory may have advantages over the traditional application of probability theory with
regard to representing model form uncertainty (i.e., uncertainty due to lack of knowledge of the physical
process being mathematically modeled). Because model form uncertainty is just a special case of epistemic
uncertainty, any benefits that evidence theory has in the representation of epistemic uncertainty in general
should also apply to model form uncertainty. Although this topic was not specifically addressed in this
presentation, evidence theory has the capability to leave unspecified the probability assigned to any given
mathematical model among alternative candidate models.
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of Technology 11.7 Conclusion: A Historical Perspective

11.1 Introduction and Overview

We call ourselves Homo sapiens, in part because we value our ability to optimize, but our sapience is not
limited to the persistent pursuit of unattainable goals. Rather, what eons have taught the species is the
lesson of balancing goals against the constraints of resources, knowledge, and ability. Indeed, the con-
junction of reliability analysis and system design is motivated precisely by the need to balance idealized
goals and realistic constraints.

The reliability analyst/system designer seeks to optimize the design, so the question is: What constitutes
feasible optimization? First we must recognize that even our best models are wrong in ways we perhaps cannot
even imagine. In addition, our most extensive data is incomplete and especially lacks evidence about
surprises— catastrophes as well as windfalls —that impact the success and survival of the system. These model
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and data deficiencies are information gaps (info gaps), or epistemic uncertainties. We will show that optimi-
zation of performance is always accompanied by minimization of robustness to epistemic uncertainty. That
is, performance and robustness are antagonistic attributes and one must be traded off against the other. A
performance-maximizing option will have less robustness against unmodeled information gaps than some
suboptimal option, when both are evaluated against the same aspiration for performance. The conclusion is
that the performance-suboptimal design is preferable over the performance-optimal design.

The principles just mentioned are explained with four examples in Sections 11.2 through 11.5. These
sections can be read independently, although the examples supplement one another by emphasizing
different applications, aspects of the problem, and methods of analysis. A theoretical framework is
provided in Section 11.6.

Section 11.2 considers the design of the profile of a cantilever that is subjected to uncertain static loads.
We first formulate a traditional design analysis, in the absence of uncertainty, which leads to a family of
performance-optimal designs. These designs are Pareto-efficient trade-offs between minimizing the stress
and minimizing the weight of the beam. We then show that these Pareto-efficient designs in fact have
no immunity to info gaps in the load. Robustness to load uncertainty is obtained only by moving off
the Pareto-optimal design surface. We also consider the windfall gains that can be garnered from load
uncertainty, and examine the relation between robust and opportune designs.

Section 11.3 examines the maneuvering of a vibrating system whose impulse response function is
incompletely known. The emphasis is not on control technology, but rather on modeling and managing
unstructured info gaps in the design-base model of the system. We formulate a traditional performance
optimization of the control input based on the best-available model. We demonstrate that this perfor-
mance optimization has no immunity to the info gaps that plague the design-base dynamic model. This
leads to the analysis of performance-suboptimal designs, which magnify the immunity to uncertainty in
the dynamic behavior of the system. A simple numerical example shows that quite large robustness can
be achieved with suboptimal designs, while satisficing the performance (making the performance good
enough) at levels not too much less than the performance optimum.

Section 11.4 differs from the previous engineering design examples and considers the process of
updating the parameters of a system model, based on data, when the basic structure of the model is
inaccurate. The case examined is the impact of unmodeled quadratic nonlinearities. We begin by for-
mulating a standard model updating procedure based on maximizing the fidelity between the model and
the data. We then show that the result of this procedure has no robustness to the structural deficiencies
of the model. We demonstrate, through a simple numerical example, that fidelity-suboptimal models
can achieve substantial robustness to model structure errors, while satisficing the fidelity at levels not
too far below the fidelity optimum.

Section 11.5 considers hybrid uncertainty: a combination of epistemic info-gaps and explicit (although
imprecise) probability densities. A go/no-go decision is to be made based on the evaluation of the
probability of failure. This evaluation is based on the best available probability density function. However,
this probability density is recognized as imperfect, which constitutes the info-gap that beleaguers the go/
no-go decision. An info-gap analysis is used to address the question: How reliable is the probabilistic go/
no-go decision, with respect to the unknown error in the probability density? In short, the info-gap
robustness analysis supervises the probabilistic decision.

The examples in Sections 11.2 through 11.4 illustrate the assertion that performance optimization will
lead inevitably to minimization of immunity to information gaps. This suggests that performance should
be satisficed—made adequate but not optimal— and that robustness should be optimized. Section 11.6
provides a rigorous theoretical basis for these conclusions.

11.2 Design of a Cantilever with Uncertain Load

In this section we formulate a simple design problem and solve it by finding the design that optimizes a
performance criterion. We then show that this solution has no robustness to uncertainty: infinitesimal
deviations (of the load, in this example) can cause violation of the design criterion. This will illustrate the
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FIGURE 11.1 Cantilever with uniform load.

general conclusion (to be proven later) that optimizing the performance in fact minimizes the robustness
to uncertainty. Stated differently, we observe that a designer’s aspiration for high performance must be
accompanied by the designer’s acceptance of low robustness to failure. Conversely, feasible solutions will
entail suboptimal performance. Again stated differently, the designer faces an irrevocable trade-off between
performance and robustness to failure: demand for high performance is vulnerable to uncertainty; modest
performance requirements are more immune to uncertainty.

11.2.1 Performance Optimization

Consider a uniform cantilever of length L [m] subject to a continuous uniform load densityé [N/m]
applied in a single plane perpendicular to the beam axis, as in Figure 11.1. The beam is rectangular in
cross section. The beam width, w [m], is uniform along the length and determined by prior constraints,
but the thickness in the load plane, T(x) [m], may be chosen by the designer to vary along the beam.
The beam is homogeneous and its density is known. The designer wishes to choose the thickness profile
to minimize the mass of the beam and also to minimize the maximum absolute bending stress in the
beam. These two optimization criteria for selecting the thickness profile T(x) are:

L
min J. T(x)dx (11.1)
T(x)>0 Jo
min max |0, (x)] (11.2)

T(x)>0 0<x<L

where 0,.(x) is the maximum bending stress in the beam section at x. The positivity constraint on T(x)
arises because the thickness must be positive at every point, otherwise the “beam” is not a beam.

These two design criteria are in conflict, so a trade-off between mass and stress minimization will be
needed. To handle this, we will solve the stress minimization with the mass constrained to a fixed value.
We then vary the beam mass. Consider the following set of thickness profiles corresponding to fixed mass:

O0) = {T(x): J.OL T(x)dx = 9} (11.3)

For any given value of 6, which determines the beam mass, we choose the thickness profile from ©(6) to
minimize the maximum stress. The performance criterion by which a design proposal T(x) is evaluated is:

R(T)= max |, (x)] (11.4)

The design that optimizes the performance from among the beams in ©(6), which we denote Te (x),
is implicitly defined by:

R(T,)= min max|o,(x)| (11.5)
T(x)eO(0) 0<x<L
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From the small-deflection static analysis of a beam with thickness profile T(x), one finds the magnitude
of the maximum absolute bending stress at section x to be:

|0, (x )|_L7x)

() [Pa] (11.6)

where x = 0 at the clamped end of the beam.

In light of the integral constraint on the thickness profile, T(x) € ©(0) in Equation 11.3, and of the
demand for optimal performance, Equation 11.5, we find that the optimal design makes the stress uniform
along the beam and as small as possible. The optimal profile is a linear taper:

. 20(L-x)

Ty(x)= Iz [m] (11.7)

The performance obtained by this design is:

14

R(T,) = iLZ[Pa] (11.8)
4wl

To understand Equation 11.7, we note from Equation 11.6 that the linear taper is the only thickness
profile that achieves the same maximum stress at all sections along the beam. From Equation 11.6 we
know that we could reduce the stress in some regions of the beam by increasing the thickness profile in
those regions. However, the mass-constraint, Equation 11.3, would force a lower thickness elsewhere,
and in those other regions the stress would be augmented. Because the performance requirement is to
minimize the maximal stress along the beam, the uniform stress profile is the stress-minimizing solution
at this beam mass. Equation 11.8, the performance obtained by this optimal design, is the value of the
stress in Equation 11.6 with the optimal taper of Equation 11.7.

We can think of Equation 11.8 as a curve, R(fe) vs. 0, representing the trade-off between minimal
stress and minimal mass, as shown in Figure 11.2. As the beam mass, 0, is reduced, the least possible
maximum stress, R(fg ) increases. Every point along this curve is optimal in the Pareto sense that either
of the design criteria—mass or stress minimization—can be improved only by detracting from the other
criterion.

Consider a point P on this optimal design curve, corresponding to the min-max stress o, of a beam
of mass 6. That is, 5, = R(T ). Let Q be a point to the right of P. Q represents beams whose mass is
0,>6, and whose min-max stress is still only o, These beams are suboptimal: at this min-max stress,
they have excessive mass. Alternatively, consider the point R lying above P, which represents beams of

Op \ )
R(Ty)
Oy b Q
——
8, )

FIGURE11.2 Optimal (min-max) stress R(YA;) vs. mass-parameter 6, Equation 11.8.
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mass 6, whose min-max stress exceeds the optimum for this mass: o, > R(fe. ). This again is suboptimal.
We can interpret any suboptimal beam as either mass excessive for its min-max stress, or stress excessive
for its mass. Finally, because the curve is a Pareto frontier, there are no beams corresponding to points
below the curve.

11.2.2 Robustness to Uncertain Load

Now we depart from the performance optimization analysis described above. Any designer wants better
performance rather than worse, but aspirations are tempered by the need for feasibility, the need for
reliable design. We now consider the very common situation in which the load profile is uncertain and,
in response, we will develop a robust satisficing design strategy. We are particularly interested in the
relation between the optimal design under this strategy, and the performance-maximizing design
described in Section 11.2.1.

The designer will choose a thickness profile, T(x), which satisfices the aspiration for good performance,
that is, which attempts to guarantee that the maximum stress is no greater than a specified level, for a
given beam mass. Satisficing is not an optimization, so an element of design freedom still remains. The
designer then uses this degree of freedom to maximize the immunity to error in the design-base load.
The design specification is satisficed, while the robustness to failure is maximized.

To implement this we first define an info-gap model of uncertainty and then define the robustness
function.

Let ¢(x) [N/m] represent the unknown actual load-density profile, and let J( x) denote the designer’s
best estimate of ¢(x). For example, the nominal estimate may be the constant load density used in Section
11.2.1. Let H(a,@c) be a set of load profiles ¢(x), containing the nominal estimate (f(x). An info-gap model
for the designer’s uncertainty about ¢(x) is a family of nested sets Z/I(Oc,ff), a=0.As o grows, the sets
become more inclusive:

a<o’ implies U(a,d) < Uo/,P) (11.9)

Also, the nominal load belongs to all the sets in the family:

dx)el(a.d) forall a=0 (11.10)

The nesting of the uncertainty-sets imbues o with its meaning as a horizon of uncertainty. A large o
entails great variability of the potential load profiles ¢(x) around the nominal estimate #(x). Because o
is unbounded (& 20), the family of uncertainty sets is likewise unbounded. This means that we cannot
identify a worst case, and the subsequent analysis is not a worst-case analysis in the ordinary sense, and
does not entail a min-max as in Equation 11.5. We will see an example of an info-gap model of uncertainty
shortly. Info-gap models may obey additional axioms as well [1].

Now we define the info-gap robustness function. The designer’s aspiration (or requirement) for perfor-
mance is that the bending stress not exceed the critical value ¢, anywhere along the beam of specified
mass. That is, the condition 0(x) < 0, is needed for “survival”; better performance (0(x) << ) is desirable
but is not a design requirement. The designer will choose the critical stress 0, as small as necessary, but
no smaller than needed. The designer attempts to satisfy the design specification with the choice of the
thickness profile T(x) from the set ©(8) in Equation 11.3, but because the actual load profile ¢(x) is
unknown when T(x) is chosen, the maximum bending stress is also unknown. The robustness of thickness
profile T(x) is the greatest horizon of uncertainty, ¢, at which the maximum stress is guaranteed to be
no greater than the design requirement:

a(T,0,) = max {oc: max_ p(T,(b)Sq} (11.11)
deUt(0)
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where:
p(T, ¢):§le33§|%1(’¢)| (11.12)

which is the analog of Equation 11.4 for the current case of unknown load profile. & o1 (%) denotes the
maximum stress in the beam section at x, given load profile ¢(x) and thickness profile T(x).

We can ‘read’ Equation 11.11 from left to right: The robustness (T, o.) of thickness profile T(x),
given design specification (or aspiration) o., is the maximum horizon of uncertainty ¢ such that the
worst performance p(T(x),@(x)), for any realization ¢(x) of the actual load profile up to ¢ is no greater
than o,. This is a worst-case-up-to-¢ analysis, but because ¢ is unknown, what we are doing is deter-
mining the greatest o that does not allow failure.

More robustness to failure is better than less, provided the design requirements are satisfied. An info-
gap robust-optimal design is an allowed thickness profile, % (x) € ©(8), which maximizes the robustness
while also satisficing the performance:

T, 0,)= Tm@a(g)d(T,O'f) (11.13)
€

This is the info-gap analog of the optimal design criterion in Equation 11.5. Note that, unlike Equation
11.5, we are not minimizing the maximum stress. Rather, we are maximizing the robustness to uncer-
tainty; the stress-requirement is satisficed to o, by the robustness function (T, o).

Let us consider a concrete example. Suppose that the known nominal load density is the constant non-
negative value ¢, and that we are also aware that the actual load profile ¢(x) may deviate from ¢, but
we have no information about this deviation. One representation of this load uncertainty is the envelope-
bound info-gap model, which is the following family of nested sets of load profiles:

U, §)={p(x): |p(x)-p|<a}, a=0 (11.14)

U(a, @) is the set of load profiles whose deviation from the nominal profile is bounded by ¢. Because
the horizon of uncertainty, o, is unbounded, we have an unbounded family of nested sets of load profiles.
Note that /(ct,4) satisfies the nesting and inclusion properties of Equation 11.9 and Equation 11.10.

The maximum absolute stress in the beam section at x, | 6, .(x)  given load profile ¢(x) and thickness
profile T(x), is found to be:

6 L
I%,T(x)I:mL (v=x)p(v)dv (11.15)

Employing this relation with Equation 11.12 in Equation 11.11 yields, after some manipulation, the
following expression for the robustness of thickness profile T(x) with design specification o,

d(T,O'E):LCB—é (11.16)

L—x ?
max
osx<L\ T(x)

provided this expression is positive. A negative value arises if the maximum stress in response to the
nominal load exceeds the design requirement, ,. A negative value means that, even without uncertainty,
the design requirement cannot be achieved. In this case, the robustness to uncertainty vanishes and we
define (T, 0,)=0.
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11.2.3 Info-Gap Robust-Optimal Design: Clash
with Performance-Optimal Design

We now discuss the robustness-maximizing design, 75()6) in Equation 11.13. We will find the beam-shape
that maximizes the robustness for any choice of the stress-requirement o©.. Significantly, this beam-shape
will be the linear taper that maximizes the performance. However, we will find that when o, is chosen
on the Pareto-optimal curve, the robustness of this linear taper is precisely zero. That is, performance
optimization entails robustness minimization. This motivates the choice of performance suboptimal
designs as the only way to obtain positive robustness to uncertainty.

Consider beams of mass 6 whose maximum bending stress is no greater than o.. We are considering
any 0., so (6, 0,)is not necessarily Pareto-optimal and does not necessarily fall on the optimal-design
curve of Figure 11.2. From examination of Equation 11.16 we find that the thickness profile in the
allowed-mass set ©(6) that maximizes the robustness and satisfices the stress (at stress requirement o,)
is precisely the profile which maximizes the performance: the linear taper Tg(x) in Equation 11.7. With
this robustness-maximizing thickness profile, the robustness in Equation 11.16 becomes:

" 4w0* ~
&y 0)=""" 0= (11.17)

Figure 11.3 illustrates this optimal robustness vs. the maximum-stress design requirement, o.

Figure 11.3 demonstrates one of the most important universal properties of the robustness function:
robustness decreases monotonically as the performance requirement becomes more stringent. A small
value of o, is a demanding specification, while a large value of o. is more lenient. A modest stress
requirement will be quite robust, while a demanding design will be prone to failure. The value of ©. at
which the robustness becomes zero is denoted in Figure 11.3 by ¢”. This is such an exacting requirement
that even infinitesimal deviations of the actual load profile from the nominal profile may entail violation
of the design requirement. Clearly, choosing the requirement ¢, = ¢" is infeasible and unrealistic because
0, is defined as a stress level that must not be exceeded.

The value of ¢” is obtained by equating d(fg, 0.), in Equation 11.17, to zero and solving for o,. The
result is:

. 3Lt
= P .
c 4w92[ al (11.18)

which is precisely the minimal stress obtained by the performance-optimizing design, Equation 11.8. We
see here an instance of another general phenomenon of great importance: a design that optimizes the

Robustness
high
ot (Ty, o)
low
0 Design requirement o,
o*
demanding modest

FIGURE 11.3 Optimal robustness curve, d(To, 0,), vs. the maximum-stress design requirement o,, Equation 11.17.
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performance (as in Section 11.2.1) also minimizes the robustness. That is, the locus of (8,0) values on the
optimal-design curve of Figure 11.2 coincides with the zero-robustness points (07,0) in Figure 11.3. A
point with positive robustness on the curve in Figure 11.3 ((T,,0,) >0) corresponds to a point above
the Pareto-optimal curve like R on Figure 11.2 for which &, > 6(6). Performance optimization leads to
the least feasible of all realizable designs. The designer is therefore strongly motivated to satisfice the
performance and maximize the robustness, as we have done in this section. We explore this further in the
next subsection.

11.2.4 Resolving the Clash
We will seek a thickness profile, T*(x), that has two properties:

1. The design has positive robustness to load-uncertainty, so that &(T”,0.) in Equation 11.16 is
positive.

2. The design has suboptimal performance, so it is not on the optimal trade-off curve between mass
and stress, Equation 11.8. This is necessary in order to enable positive robustness.

If the beam mass is constrained to ©(6), then the min-max stress is given by Equation 11.8. Let us adopt
this value, 0" in Equation 11.18, as the design requirement. We know from our analysis in Section 11.2.3
that we must accept a beam-mass in excess of 6 in order to satisfice this stress requirement with positive
robustness. That is, following our discussion of Equation 11.8 and Figure 11.2, we must choose a design
point to the right of the optimum-performance design curve, such as point Q in Figure 11.2.

From Equation 11.16, the condition for positive robustness is:

wo' /3 ~
—_—> () (11.19)
L—x
max| ——
osx<t\ T'(x)

When T(x) is the performance-optimal linear taper, fg(x) of Equation 11.7, and ¢” is given by
Equation 11.18, we obtain equality in Equation 11.19 and hence zero robustness, so we must choose the
thickness profile so that:

T(x) z@: T, (x) (11.20)

with strict inequality over at least part of the beam. There are many available solutions; we consider one
simple class of solutions:

T"(x)=T,(x)+7 (11.21)

where ¥ >0. From Equation 11.16, the robustness of this profile is:

e e WO (20 P
T",0%) = = - )
o(T",07) 3 (L +yj o (11.22)

With 0" from Equation 11.18, this robustness becomes:

AT, 0")= oL (29 +y) -0 (11.23)

T4\ L

whose positivity is controlled by y, which also controls the extent of deviation of T* from the perfor-
mance-optimum solution T,. When ¥ is zero, the beam shape lies on the performance-optimal curve,
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Equation 11.8: it has minimal mass for the stress requirement .. However, at y=0, the robustness to
load uncertainty is zero. As ¥ becomes larger, the robustness increases but the beam also becomes more
mass-excessive.

In Equation 11.20 through Equation 11.23 we have derived a performance-suboptimal design that has
positive robustness. This design is formulated as a point Q to the right of the performance-optimal curve
in Figure 11.2: we have increased the mass while holding the stress requirement fixed. Another approach
to defining designs that are performance-suboptimal and yet have positive robustness is to seek points
R that are above the curve. Positive robustness is obtained if the inequality in Equation 11.19 is satisfied.
This can be obtained with the linear beam shape of Equation 11.7, and with a stress requirement o, in
excess of the minimal (optimal) stress for this beam mass given by ¢ in Equation 11.18 (or equivalently
by R(T,) in Equation 11.8). One way to understand this alternative approach is in terms of the relation
between points P and R in Figure 11.2. The mass-optimal linear taper is used, Equation 11.7 with 6,,
but the aspiration for stress performance is weakened: rather than adopting the optimal-stress require-
ment (0, in Figure 11.2), the designer adopts a less demanding stress requirement (0o, in Figure 11.2).

The added beam thickness, y in Equation 11.21, can be thought of as a safety factor.! The designer
who proceeded according to the performance-optimization procedure of Section 11.2.1 may add the
thickness vy as an ad hoc protection. However, Equation 11.23 enables one to evaluate this deviation from
the optimum-performance design in terms of the robustness to uncertainty that it entails. The robustness,
a(T",0") in Equation 11.23, is the greatest value of the uncertainty parameter, « in the info-gap model
of Equation 11.14, which does not allow the maximum bending stress to exceed o*(6) of Equation 11.18.
@ is the interval of load-amplitude within which the actual load profile, ¢(x), may deviate from the
design-base nominal load profile, ¢, without exceeding the stress requirement. Suppose the designer
desires that the robustness, ¢, be equal to a fraction f of the nominal load: & = f¢. The thickness safety
factor that is needed is obtained by inverting Equation 11.23 to obtain:

y:%\mf-n (11.24)

f =0 means that no robustness is needed, and this causes y =0, meaning that the optimal performance
design, T, is obtained. f is increased to represent greater demanded robustness to uncertainty, causing
the safety factor, 7, to increase from zero.

11.2.5 Opportunity from Uncertain Load

In Section 11.2.2 we defined the robustness function: &(T,0.) is the greatest horizon of uncertainty that
design T(x) can tolerate without failure, when o, is the maximum allowed stress. The robustness function
addresses the adverse aspect of load uncertainty. It evaluates the immunity to failure, which is why a
large value of robustness is preferred to a small value, when the stress limit is fixed.

In this section we explore the idea that uncertainty may be propitious: unknown contingencies may
be favorable. The “opportunity function” that we will formulate is also an immunity function: it assesses
the immunity against highly desirable windfall outcomes. Because the opportunity function is the immu-
nity against sweeping success, a small value is preferred over a large value. Each immunity function —
robustness and opportunity—generates its own preference ranking on the set of available designs. We
will see that, in general, these rankings may or may not agree.

As before, 0. is the greatest acceptable bending stress. Let 0,, be a smaller stress that, if not exceeded
at any point along the beam, would be a desirable windfall outcome. It is not necessary that the stress
be as small as o,,, but this would be viewed very favorably. The nominal load produces a maximum

w?

bending stress that is greater than o,,. However, favorable fluctuations of the load could produce a

'The author is indebted to Prof. Eli Altus, of the Technion, for suggesting this interpretation.
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maximum bending stress as low as ©,. The opportunity function is the lowest horizon of uncertainty at
which the maximum bending stress at any section of the beam can be as low as o,

B(T,0,)=min {a; min_ p(T,¢) < ow} (11.25)
deUt(0)
where p(T, ¢) is the maximum absolute bending stress occurring in the beam, specified in Equation
11.12. [A}(T,o-w) is the lowest horizon of uncertainty that must be accepted in order to enable maximum
stress as low as ©,,. B(T,0 ) is the immunity to windfall: a small value implies that windfall performance
is possible (although not guaranteed) even at low levels of uncertainty. The opportunity function is the
dual of the robustness function in Equation 11.11.
Employing Equation 11.12 we can write the opportunity function more explicitly as:

5 — . . . <
B(T,c,)=min {(x. ¢€mm1£@ (r)rslxe;>L(|G¢,T(x)|_0'w} (11.26)

The evaluation of the opportunity function requires a bit of caution because, in general, the order of the
inner “min” and “max” operators cannot be reversed. In the current example, however, a simplification
occurs.

Let us define a constant load profile, ¢* = ¢ — ¢, that belongs to U(c, ¢) forall & >0. One can readily
show that this load profile minimizes the maximum stress at all sections, x. That is:

= mi - 11.27
190,001 i, 1050 27

Because this minimizing load profile, ¢*, is the same for all positions x, we can reverse the order of the
operators in Equation 11.26 as:

i | = in | | 11.28
(i, 1001~ i 10,59 n2s)
- 11.2
max|o. (] (11.29)
3(p—a)(L-x)*
—max @~ L) (11.30)
0<x<L WT (x)

The opportunity function is the smallest horizon of uncertainty, o, for which the right-hand side of
Equation 11.30 is no greater than o,. Equating this expression to o, and solving for « yields the
opportunity for design T(x) with windfall aspiration o,

- ~ wo /3
2
L—x
max
OSxSL[ T(x) )

This expression is nonnegative unless the right-hand side of Equation 11.30 is less than o, at o = 0,
which occurs if and only if the nominal load entails maximal stress less than ©,; in this case we define
B(T,o0,)=0.

We have already mentioned that each immunity function—robustness and opportunity— generates
its own preference ranking of available designs. Because “bigger is better” for the robustness function,
we will prefer T over T’ if the former design is more robust than the latter. Concisely:

(11.31)

T-T if aT,0,)>a(T’,0,) (11.32)
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The opportunity function is the immunity against windfall performance, so “big is bad.” This means that
we will prefer T over T” if the former design is more opportune than the latter:

Ts T if B(T,0,)<B(T"0,) (11.33)

The generic definitions of the immunity functions do not imply that the preference-rankings in
Equation 11.32 and Equation 11.33 agree. The immunity functions are said to be sympathetic when their
preference rankings agree; they are antagonistic otherwise. Both situations are possible. In the present
example, the immunities are sympathetic, as we see by combining Equation 11.16 and Equation 11.31 as:

BT, 6,)=-2w T, ac)+[1—GWJq~> (11.34)
GL' GE

Expression “B” does not depend upon the design, T(x), and expression “A” is nonnegative. Consequently,
any change in the design that causes  to increase (that is, robustness improves) causes 3 to decrease
(which improves opportunity). Likewise, robustness and opportunity deteriorate together. These immu-
nity functions are sympathetic for any possible design change, although they do not necessarily improve
at the same rate; marginal changes may be greater for one than for the other.

In general, robustness and opportunity functions are not necessarily sympathetic. Their sympathy in
the current example is guaranteed because B in Equation 11.34 is independent of the design. This need
not be the case. If B increases due to a design-change which causes a to increase, the net effect may be
an increase in f3, which constitutes a decrease in opportunity. For an example, see [1, p. 52].

11.3 Maneuvering a Vibrating System
with Uncertain Dynamics

In Section 11.2 we considered the design and reliability analysis of a static system subject to uncertain
loads. We now consider the analysis and control of a simple vibrating system whose dynamic equations
are uncertain. That is, the best model is known to be wrong or incomplete in some poorly understood
way, and an info-gap model represents the uncertainty in this system model. Despite the uncertainty in
the system model, the designer must choose a driving function that efficiently “propels” the system as
far as possible.

11.3.1 Model Uncertainty

Consider a one-dimensional linear system whose displacement x(#) resulting from forcing function g(t)
is described by Duhamel’s relation:

x(t; q, h) =Jrq(r)h(t—r)dr (11.35)

where h(t) is the impulse response function (IRF).

The best available model for the IRF is denoted h(t), which may differ substantially from h(t) due to
incomplete or inaccurate representation of pertinent mechanisms. For example, for the undamped linear
harmonic oscillator:

h(t) = L inot (11.36)
ma

where m is the mass and w is the natural frequency. This IRF is seriously deficient in the presence of
damping, which is a complicated and incompletely understood phenomenon.

Copyright 2005 by CRC PressLLC



Let (t, h) be an info-gap model for uncertainty in the IRE. That is, Ulonh), 20, is a family of
nested sets of IRFs, all containing the nominal best model, h(t). That is:

a <o’ implies Ulo, h)cU(a',h) (11.37)

and

h(t)eU(a,h) for all >0 (11.38)

As an example we now construct a Fourier ellipsoid-bound info-gap model of uncertainty in the
system dynamics. Actual IRFs are related to the nominal function by:

he) =)+ Y ¢0,(0) (11.39)

where the 0,(t) are known expansion functions (e.g., cosines, sines, polynomials, etc.) and the ¢; are
unknown expansion coefficients. Let ¢ and ¢ (¢) denote the vectors of expansion coefficients and expan-
sion functions, respectively, so that Equation 11.39 becomes:

h(t)=h(t)+c o(t) (11.40)

A Fourier ellipsoid-bound info-gap model for uncertainty in the IRF is a family of nested ellipsoids of
coefficient vectors:

U, h)={h(t) =h(t)+c"o(t): cTVe<a®l, a>0 (11.41)

where V is a known, real, symmetric, positive definite matrix that determines the shape of the ellipsoids
of c-vectors. V is based on fragmentary information about the dispersion of the expansion coefficients.
The size of each ellipsoid is determined by the (unknown) horizon-of-uncertainty parameter c.

11.3.2 Performance Optimization with the Best Model

We now consider the performance-optimal design of the driving function g(t) based on the model h(f)
of Equation 11.36, which is, for the purpose of this example, the best-known IRF of the system. The goal
of the design is to choose the forcing function q(t) to achieve large displacement x(T} g, h) at specified
time T with low control effort J'g q°(t)dt. Specifically, we would like to select g(t) so as to achieve an
optimal balance between the following two conflicting objectives:

rn(a)xx(T; q,h) (11.42)
q(t

T
minJ. q° @) dt (11.43)
q(t) Jo

Let Q(E) denote the set of all control functions g(t) whose control effort equals E:

Q(E)= {q(t): E= _[ qz(t)dt} (11.44)

Using the Schwarz inequality, one can readily show that the g-function in Q(E) that maximizes the
displacement x(T;q,h) at time T is:

q,(t)= Vi sina(T —t) (11.45)
ma
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FIGURE 11.4 Maximal displacement x(T’ q;,fl) vs. control effort E, Equation 11.47.

where:

i’’’

= — (11.46)
20T —sin 20T

fo
From this one finds that the greatest displacement at time T, obtainable with any control function in

Q(E), is:

f

Equation 11.47 expresses the trade-off between control effort E and maximal displacement x: large
displacement is obtained only at the expense of large effort, as shown in Figure 11.4. Like Figure 11.2,
this relationship expresses the Pareto-optimal design options: any improvement in control effort (making
E smaller) is obtained only by relinquishing displacement (making x smaller).

Points above the curve in Figure 11.4 are inaccessible: no design can realize those (E, x) combinations.
Points on the curve are Pareto-optimal and points below the curve are suboptimal designs. For example,
point P on the curve is Pareto-optimal: E, is the lowest control effort that can achieve displacement as
large as x,. Point S is suboptimal and represents excessive control effort (E, > E,) to achieve displacement
x,. Likewise, point R is Pareto-optimal: x, is the greatest displacement that can be attained with control
effort E,. So again, S is suboptimal: greater displacement (x, > x;) could be achieved with effort E,.

x(T;q;ﬁ)=\/E (11.47)

11.3.3 Robustness Function

We now develop an expression for the robustness, of the displacement x(T; g, h), to uncertainty in the
system dynamics h(t).

The first design goal, Equation 11.42, implies that a large value of displacement is needed. The second
design goal, Equation 11.43, conflicts with the first and calls for small control effort. In Section 11.3.2
we found that performance optimization leads to a Pareto trade-off between these two criteria, expressed
in Equation 11.47 and Figure 11.4. In this section, in light of the uncertainty in the IRE, we take a different
approach. For any given control function q(t), we “satisfice” the displacement by requiring that the
displacement be at least as large as some specified and satisfactory value x. Because x(T; g, h) depends
on the unknown IRF, we cannot guarantee that the displacement will be satisfactory. However, we can
answer the following question: for given forcing function g(t), by how much can the best model h(t) err
without jeopardizing the achievement of adequate displacement? More specifically, given g(t), what is
the greatest horizon of uncertainty, o, up to which every model h(t) causes the displacement to be at
least as large as x.? The answer to this question is the robustness function:

d(q, x,)= max{a: min_x(T;q, h) 2 xc} (11.48)

held(a,h)
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We can “read” this relation from left to right: the robustness ¢(q,x,) of control function q(t) with
displacement-aspiration x, is the greatest horizon of uncertainty ¢ such that every system-model k(¢) in
U(a, h) causes the displacement x(T; g, h) to be no less than x.. If &(q, x,) is large, then the system is
robust to model uncertainty and g(t) can be relied upon to bring the system to at least x. at time T. If
a(g,x,) is small, then this driving function cannot be relied upon and the system is vulnerable to
uncertainty in the dynamics.

Using Lagrange optimization, one can readily show that the smallest displacement, for any system
model A(t) up to uncertainty o, is:

min_ x(T3 4, 1) =x(T g W) —onb"Vb (11.49)

where we have defined the following vector:

T
b =j o) (T 1) dt (11.50)

Equation 11.49 asserts that the least displacement, up to uncertainty ¢, is the nominal, best-model
displacement x(T}; g, h), decremented by the uncertainty term a\/ b"Vb. If the nominal displacement falls
short of the demanded displacement x,, then uncertainty only makes things worse and the robustness
to uncertainty is zero. If x(T;q, h) exceeds x,, then the robustness is found by equating the right-hand
side of Equation 11.49 to x, and solving for ¢. That is, the robustness of driving function g(t) is:

0 if x(T;q l~1) <x,
g, x,) =4 x(T; g, h)—x, olse (11.51)
R

Equation 11.51 documents the trade-off between robustness, d(q, x,), and aspiration for performance,
x,,as shown in Figure 11.5. A large and demanding value of x, is accompanied by a low value of immunity
to model uncertainty, meaning that aspirations for large displacements are unreliable and infeasible.
Modest requirements (small values of x,) are more feasible because they have greater immunity to
uncertainty. The value of x, at which the robustness vanishes, x* in the figure, is precisely the displacement

predicted by the best model, x(T; g, h). That is:
d(q,x(T; b fz)) -0 (11.52)

Robustness
A

high
& (qv XC)

low

0 » Required displacement, x,

modest demanding

FIGURE 11.5 Robustness a(q, x,) vs. the demanded displacement x,, Equation 11.51.
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This means that, for any driving function g(#), the displacement predicted by the best available model
h(t) cannot be relied upon to occur. Shortfall of the displacement may occur due to an infinitesimally
small error of the model. Because this is true for any g(t), it is also true for the performance-optimum
control function g;(t) in Equation 11.45:

o, x(T5 g, 1) =0 (11.53)

While g;(¢) is, according to fz(t), the most effective driving function of energy E, and while x(T;q*E,fz)
is, again according to j(¢), the resulting displacement, Equation 11.53 shows that this prediction has no
immunity to modeling errors.

It is important to recognize that ordered pairs such as (E, x(T; q;, h)) correspond to points such as P
and R on the Pareto-optimal design surface in Figure 11.4. That is, E and x(T; q;, h) are related by
Equation 11.47. Hence, Equation 11.53 shows that all of the performance-optimal designs on the Pareto
surface have no immunity to errors in the design-base model of the system. These Pareto-efficient designs
are not feasible or reliable predictions of the system performance.

The conclusion from Equations 11.52 and 11.53 is likely to be that, because x(T; g5, h) cannot be relied
upon to occur, one must moderate one’s aspirations and accept a lower value of displacement. The
designer might “travel” up and to the left on the robustness curve in Figure 11.5 until finding a value of
x, <x" at which the robustness is satisfactorily large. But then the question arises: what driving function
q(t) maximizes the robustness at this selected aspiration for displacement? The optimization studied in
Section 11.3.2 was optimization of performance (displacement and control effort). We now consider
satisficing these quantities and optimizing the robustness. Specifically, for any displacement-aspiration
x,, the robust-optimal control function g, (t) of energy E maximizes the robustness function:

a(g,,x )= max a(q,x 11.54
(@p> x,) ,nax (g, x.) ( )

This robust optimum may not always exist, or it may be inaccessible for practical reasons. In any case,
one will tend to prefer more robust over less robust solutions. More specifically, if g,(¢) is more robust
than g,(f), while satisficing the performance at the same level x,, then q,(#) is preferred over g,(¢):

q,t)=q,@t) if d(ql,xc)>d(q2,xc) (11.55)

Relating this to our earlier discussion, suppose that E is an accessible control effort and that x, is a
satisfactory level of performance. For x, to be feasible, it must be less than the best performance obtainable
with effort E, namely, x_ < x(; q;, h). This assures that the robustness of the performance-optimal control
function, q;(t) , will be positive: d(qz, x,) > 0. However, we might well ask if there is some other control
function in Q(E) whose robustness is even greater. This will often be the case, as we illustrate in the next
subsection.

11.3.4 Example

To keep things simple, suppose that ¢ () in the unknown part of the IRF in Equation 11.40 is a single,
linearly decreasing function:

ot)=n(T-t) (11.56)

where 7 is a positive constant. Thus, ¢ is a scalar and the shape-matrix in the info-gap model of
Equation 11.41 is simply V = 1.

The performance-optimal control function of effort E is g,(¢)in Equation 11.45, which is a sine
function at the natural frequency of the nominal IRF, h(t). From Equation 11.51, the robustness of this
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control function is:

T
—J- q,(®)sin(T - t)dt - x,

a(qy, x,) =110 — (11.57)
nj q,@)(T —1)dt,
0
Similarly, the robustness of any arbitrary control function g(¢) is:
("
—J. qt)sina(T —t)dt — x,
a(g,x,) = 1O (11.58)

n j g(O)(T—1)dt

(Presuming the numerator is positive.) In light of our discussion of Equation 11.55 we would like to find
a control function q(¢) in Q(E) whose robustness is substantially greater than the robustness of q;(t).

We will illustrate that very substantial robustness benefits can be achieved by abandoning the performance-
optimal function g (¢) . We will not consider the general maximization of (g, x,), but only a parametric
case. Consider functions of the form:

q,(t)=Asinu(T —1) (11.59)

where 0<U<® and A is chosen to guarantee that q(t) belongs to Q(E) (which was defined in
Equation 11.44):

4uUE

= |— 11.60
\ 2uT —sin2uT ( )

For the special case that @T =7 the robustness functions of Equations 11.57 and 11.58 become:

ﬂ\Cl)E—\zﬂ'mCl)x

a(qy, x,) = (11.61)
ZI’YZT]\CDE
A 2(sin [;r(u—a))/a)] _sin [;t(/.t+ w)/w]j B mw/fxc
a(q,, x,) = (- 0) (+o) (11.62)

nmA[w sin(mu/w) — mu cos(mu/w)]

Figure 11.6 shows the ratio of the robustnesses of the suboptimal to the performance-optimal control
functions, vs. the frequency of the control function. The robustness at control frequencies f# much less than
the nominal natural frequency @ , is substantially greater than the robustness of the performance-maximizing
function. For example, at point B, 4 =0.2 and the robustness ratio is ¢(q o X a(q;, x,)= 4.0, meaning
that g, (t) can tolerate a horizon of model-uncertainty four times greater than the uncertainty that is tolerable
for g, (t), when satisficing the displacement at x,. q;(f) maximizes the displacement according to the best
IRF, h(t). However, this displacement optimization of the control function leaves little residual immunity to
uncertainty in the IRF at this value of x. A control function such as g u(t) for U< w, belongs to Q(E), as
does g;(t), but q,,(£) is suboptimal with respect to displacement. That is, x(T; d, h) < x(T; a5 h)- However,
because qu(t) is suboptimal, there are many functions with control effort E that cause dlsplacement as large
as x(T5q,, h). In other words, there is additional design freedom with which to amplify the immunity to
uncertainty. What Figure 11.6 shows is that large robustness-amplification can be achieved. This answers,
by way of illustration, the question raised at the end of Section 11.3.3.
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FIGURE 11.6 Ratio of the robustnesses of the suboptimal to performance-optimal control functions, vs. frequency
of control function. x, =0.5, ®=E=n=m=1. a(q},x)=0.94.

11.4 System Identification

A common task encountered by engineering analysts is the updating of a system-model, based on
measurements. The question we consider in this section is, given that the structure of the model is
imperfect, what constitutes optimal estimation of the parameters? More precisely, is it sound procedure
to maximize the fidelity between the model and the measurements if the model structure is wrong
(in unknown ways, of course)?

11.4.1 Optimal Identification

We begin by formulating a fairly typical framework for optimal identification of a model for predicting
the behavior of a system. We then consider an example.

Let y; be a vector of measurements of the system at time or state 7, for i=1,...,N. Let f(q) denote
the model-prediction of the system in state i, which should match the measurements if the model is
good. The vector g, containing real and linguistic variables, denotes the parameters and properties of the
model that can be modified to bring the model into agreement with the measurements. We will denote
the set of measurements by Y ={y,..., y;} and the set of corresponding model-predictions by F(q) =
U @s oo f@).

The overall performance of the predictor is assessed by a function R[Y; F(q)]. For example, this might
be a mean-squared prediction error:

RIY, Flgl=~- Y @)=y (1163

A performance-optimal model, g*, minimizes the performance-measure:

RY, F(g")]=minR[Y, F(q)] (11.64)
q

11.4.2 Uncertainty and Robustness

The model f(q) is undoubtedly wrong, perhaps fundamentally flawed in its structure. There may be basic
mechanisms that act on the system but which are not represented by f(g). Let us denote more general
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models, some of which may be more correct, by:

¢, = f.(q) +u, (11.65)

where u; represents the unknown corrections to the original model, f(g). We have very little knowledge
about u;; if we had knowledge of u; we would most likely include it in f(g). So, let us use an info-gap
model of uncertainty to represent the unknown variation of possible models:

¢.eU(a, f(q), =0 (11.66)

The centerpoint of the info-gap model, f(q), is the known model, parameterized by g. The horizon of
uncertainty, o, is unknown. This info-gap model is a family of nested sets of models. These sets of models
become ever more inclusive as the horizon of uncertainty increases. That is:

oa<ca’ implies U(a, f.(q) (e, f,(q) (11.67)
In addition, the update model is included in all of the uncertainty sets:
f(@elle, f(q), forall a=0 (11.68)

As before, the model prediction of the system output in state i is f(gq), and the set of model predictions
is denoted F(q) ={f,(9), ..., fy(q)}. More generally, the set of model predictions with unknown terms
U, ..., uy is denoted E (q)=1{f,(q)+u,..., fy(q) +uy}.

We wish to choose a model, f(q) for which the performance index, R[Y, F,(q)], is small. Let r, represent
an acceptably small value of this index. We would be willing, even delighted, if the prediction-error is
smaller, but an error larger than r, would be unacceptable.

The robustness to model uncertainty, of model q with error-aspiration r., is the greatest horizon of
uncertainty, o, within which all models provide prediction error no greater than r,:

alg, r)= max{ot: max R[Y,F,(q)] < 75} (11.69)
$el(a,f;(q)
i1, N

When (g, r.) is large, the model f((q) may err fundamentally to a great degree, without jeopardizing the
accuracy of its predictions; the model is robust to info gaps in its formulation. When a(q, r.) is small,
then even small errors in the model result in unacceptably large prediction errors.

Let g* be an optimal model, which minimizes the prediction error as defined in Equation 11.64, and
let 7* be the corresponding optimal prediction error: r* = R(Y,F(q")). Using model g*, we can achieve

prediction error as small as r", and no value of q can produce a model f(q) that performs better. However,
the robustness to model uncertainty, of this optimal model, is zero:

alq’,r)=0 (11.70)

This is a special case of the theorem to be discussed in Section 11.6 that, by optimizing the performance,
one minimizes the robustness to info gaps. By optimizing the performance of the model predictor, f(q),
we make this predictor maximally sensitive to errors in the basic formulation of the model.

In fact, Equation 11.70 is a special case of the following proposition. For any g, let r. = R[Y, F(q)] be
the prediction-error of model f(g). The preliminary lemma in Section 11.6 shows that:

g, r.)=0 (11.71)
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That is, the robustness of any model, f(q), to uncertainty in the structure of that model, is precisely equal
to zero, if the error aspiration r, equals the value of the performance function of that model. No model
can be relied upon to perform at the level indicated by its performance function, if that model is subject
to errors in its structure or formulation. R[Y, F(q)] is an unrealistically optimistic assessment of model
f:(g), unless we have reason to believe that no auxiliary uncertainties lurk in the mist of our ignorance.

11.4.3 Example

A simple example will illustrate the previous general discussion.
We begin by formulating a mean-squared-error estimator for a one-dimensional linear model. The
measurements y; are scalars, and the model to be estimated is:

f@)=iq (11.72)

The performance function is the mean-squared error between model and measurements, Equation 11.63,
which becomes:

N
1 .
RIY, Flg)l =~ D" (ia=,) (11.73)
i=1
N N N
=L2y?—2qiziyv+qzizi2 (11.74)
N i=1 l N i=1 1 N i=1
m m Mo

which defines the quantities 7, 7,, and 7,. The performance-optimal model defined in Equation 11.64,
which minimizes the mean-squared error, is:

qg=-* (11.75)
U

Now we introduce uncertainty into the model. The model that is being estimated is linear in the “time”
or “sequence” index i: f; = iq. How robust is the performance of our estimator, to modification of the
structure of this model? That is, how much can the model err in its basic structure without jeopardizing
its predictive power?

Suppose that the linear model of Equation 11.72 errs by lacking a quadratic term:

¢, =iqg+i‘u (11.76)

where the value of u is unknown. The uncertainty in the quadratic model is represented by an interval-
bound info-gap model, which is the following unbounded family of nested intervals:

Ule, iq)={¢, =iq+i’u: [u|<a}, a0 (11.77)

The robustness of nominal model f(q), with performance-aspiration r,, is the greatest value of the
horizon of uncertainty o at which the mean-squared error of the prediction is no greater than r, for any
model in U(a,iq):

d(q,rz)zmax {a: rln‘ng[Y,Fu(q)]SrE} (11.78)
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The mean-squared error of a model with nonlinear term 2u is:

IN Lo
R[Y, Fu(q)]=ﬁ;(lq+l u-y,) (11.79)
—Z(zq y) +2u—21 (ig— y)+u 2 (11.80)
& & 150

which defines &, &, and &,.
Some manipulations show that the maximum mean-squared error, for all quadratic models ¢, up to
horizon of uncertainty a, is:

1|n‘3xR[Y,Fu(q)]=§2+2a|§l|+a2§0 (11.81)

Referring to Equation 11.78, the robustness to an unknown quadratic nonlinearity i?u, of the linear
model f(q), is the greatest value of & at which this maximum error is no greater than r,.
First we note that the robustness is zero if r, is small:

algr)=0, r.<¢ (11.82)

This is because, if 7. <&, then max R in Equation 11.81 exceeds r,. for any positive value of @. One
implication of Equation 11.82 is that some nonlinear models have prediction errors in excess of &,. If it
is required that the fidelity between model and measurement be as good as or better than &,, then no
modeling errors of the quadratic type represented by the info-gap model of Equation 11.77 can be
tolerated. Recall that &, is the mean-squared error of the nominal linear predictor, f(q). Equation 11.82
means that there is no robustness to model uncertainty if the performance-aspiration r, is stricter or
more exacting than the performance of the nominal, linear model.

For r. 2&,, the robustness is obtained by equating the right-hand side of Equation 11.81 to r, and
solving for ¢, resulting in:

<1 (11.83)

dg =19 |{ AR ]
& \ &

Relation 11.83 is plotted in Figure 11.7 for synthetic data? y; and for two values of the model parameter
q. The figure shows the robustness to model uncertainty, (g, r,), against the aspiration for prediction error,
r.. The robustness increases as greater error is tolerated. Two curves are shown, one for the optimal linear
model, g* = 2.50 in Equation 11.75, whose mean-squared error r” = R[Y, F(q")] = 4.82 is the lowest obtainable
with any linear model. The other model, q” = 2.60, has a greater mean-squared error r’ = R[Y, F(q")] = 4.94,
so 17> .. However, the best performance (the smallest r.-value) with each of these models, 4’ and g%, has no
robustness to model uncertainty: 0=a(q", ") =a(q’, 1)) .

More importantly, the robustness curves cross at a higher value of r, (corresponding to lower aspiration
for prediction fidelity), as seen in Figure 11.7. If prediction-error r’ = 5.14 is tolerable, then the suboptimal
model g’ is more robust than, and hence preferable over, the mean-squared optimal model g*, at the
same performance-aspiration. In other words, because 0=¢(q", "), the analyst recognizes that perfor-
mance as good as r. is not reliable or feasible with the optimal linear model g*, and some larger r, value
(representing poorer fidelity between model and measurement) must be accepted; the analyst is motivated

IN=5andy,..., ys = 1.4, 2.6, 5.6, 8.6, 15.9.
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Robustness

Aspiration, r

FIGURE 11.7 Robustness vs. prediction-aspiration, Equation 11.83; g fixed.

to “move up” along the g*-robustness curve. If r” is an acceptable level of fidelity, then the suboptimal
model g’ achieves this performance with greater robustness than the optimal model g*. In particular,
a(q’,r7) =0.021 which is small but still twice as large as a(q", ") =0.011. In this case, “good” (that is, q’)
is preferable to “best” (q*).

We see the robustness preference for a suboptimal model explicitly in Figure 11.8, which shows the
robustness vs. the linear model parameter g, for fixed aspiration r,= 5.5 (which is larger than the r,-values
in Figure 11.7, so g* has positive robustness). The least-squares optimal parameter, g* = 2.50, minimizes
the mean-squared error R[Y, F(q)], while the robust-optimal parameter, éc = 2.65, maximizes the robust-
ness function &(q,r.). q* has lower robustness than g, at the same level of model-data fidelity, r..
Specifically, c(q", r.) =0.033 is substantially less than (g, r.)=0.045. The mean-squared error of ¢, is
R[Y,F(q,)]=5.09, which is only modestly worse than the least-squares optimum of R[Y; F(q*)] = 4.82. In
short, the performance-suboptimal model has only moderately poorer fidelity to the data than the least-
squares optimal model g*, while the robustness to model uncertainty of g_ is appreciably greater than the
robustness of g*.

In summary, we have established the following conclusions from this example.

First, the performance-optimal model, f(g*), has no immunity to error in the basic structure of the
model. The model f(gq*), which minimizes the mean-squared discrepancy between measurement and
prediction, has zero robustness to modeling errors at its nominal prediction fidelity, r..

Second, this is actually true of any model, f,(g"). The value of its mean-squared error is ” which, as
in Figure 11.7, has zero robustness.

Third, the robustness curves of alternative linear models can cross, as in Figure 11.7. This shows that
a suboptimal model such as f,(g") can be more robust to model uncertainty than the mean-squared
optimal model f,(q*), when these models are compared at the same aspiration for fidelity between model
and measurement, 7. in the figure.

Fourth, the model that maximizes the robustness can be substantially more robust than the optimal
model g*, which minimizes the least-squared error function, as shown in Figure 11.8. This robustness
curve is evaluated at a fixed value of the performance-satisficing parameter r..

Robustness

Model parameter, q

FIGURE 11.8 Robustness vs. model parameter, Equation 11.83; r, fixed.
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11.5 Hybrid Uncertainty: Info-Gap Supervision
of a Probabilistic Decision

11.5.1 Info-Gap Robustness as a Decision Monitor

In Sections 11.2 and 11.3 we considered the reliability of technological systems. We now consider
the reliability of a decision algorithm itself. Many decisions are based on probabilistic considerations.
A foremost class of examples entails acceptance tests based on the evaluation of a probability of
failure. Paradigmatically, a go/no-go decision hinges on whether the probability of failure is below
or above a critical threshold:

go
P(p) S P (11.84)

c

no-go

where p is a probability density function (PDF) from which the probability of failure, P;(p), is evaluated.

This is a valid and meaningful decision procedure when the PDF is well known and when the
probability of failure can be assessed with accurate system models. However, a decision algorithm such
as Equation 11.84 will be unreliable if the PDF is uncertain (which will often be the case, especially
regarding the extreme tails of the distribution) and if the critical probability of failure P, is small (which
is typically the case with critical components). When the PDF is imprecisely known, the reliability of the
probabilistic decision can be assessed using the info-gap robustness function.

Let p be the best estimate of the PDF, which is recognized to be wrong to some unknown extent. For
the sake of argument, let us suppose that, with p, the probability of failure is acceptably small:

(p)<P (11.85)

That is, the nominal PDF implies “all systems go.” However, because pis suspect, we would like to know
how immune this decision is to imperfection of the PDFE.

Let U(a, p), =0, be an info-gap model for the uncertain variation of the actual PDF with respect
to the nominal, best estimate, p. (We will encounter an example shortly.) The robustness, to uncertainty
in the PDE, of decision algorithm Equation 11.84, is the greatest horizon of uncertainty up to which all
PDFs lead to the same decision:

d(R)=max{a: max_ Pf(p)SR} (11.86)
peU(e,p)

a(P) is the greatest horizon of uncertainty in the PDF, up to which all densities p in U(c, p) yield the
same decision as p. If @(P) is large, then the decision based on p is immune to uncertainty in the PDF
and hence reliable. Alternatively, if ¢(P.) is small, then a decision based on p is of questionable validity.
We see that the robustness function ¢/(P.) is a decision evaluator: it supports the higher-level judgment
(how reliable is the probabilistic algorithm?) that hovers over and supervises the ground-level go/no-go
decision.

If the inequality in Equation 11.85 were reversed and p implied “no-go,” then we would modify
Equation 11.86 to:

&(P)=max{o: min P(p)>P} (11.87)
peU(o,p)

The meaning of the robustness function as a decision monitor would remain unchanged. &(P,) is still
the greatest horizon of uncertainty up to which the decision remains constant.
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We can formulate the robustness slightly differently as the greatest horizon of uncertainty at which
the probability of failure does not differ more than 7

a(m)=maxie: max |P(p)-P(p)|<m.} (11.88)

Other variations are also possible [2], but we now proceed to a simple example of the use of the info-
gap robustness function in the supervision of a probabilistic decision with an uncertain PDE

11.5.2 Nonlinear Spring

Consider a spring with the following nonlinear relationship between displacement x and force f.
f=k1x+k29c2 (11.89)

The spring fails if the magnitude of the displacement exceeds x. and we require the probability of failure
not to exceed P..
The loading force f is nonnegative but uncertain, and the best available PDF is a uniform density:

VF if 0<f<F

P(f)={0 i Fef (11.90)

where the value of F is known. However, it is recognized that forces greater than F may occur. The
probability of such excursions, although small, is unknown, as is the distribution of this high-tail
probability. That is, the true PDF, shown schematically in Figure 11.9, is:

p(f)= (11.91)

constant if O0<f<F
variable if F<f

The first question we must consider is how to
model the uncertainty in the PDF of the force f.
What we do know is that f is nonnegative, that p(f)
p(f) is constant for 0 < f <F, and the value of F.

What we do not know is the actual constant value
of p(f) for 0 < f <F and the behavior of p(f) for |
f > E We face an info gap. 0 F

Let P denote the set of all nonnegative and

normalized PDFs on the interval [0,). Whatever

> ) FIGURE 11.9 Uncertain probability density function
form p(f) takes, it must belong to P. An info-gap  of the Joad, Equation 11.91.

uncertainty model that captures the information
as well as the info gaps about the PDF is:

u(a,ﬁ)={p(f): P eP; fp(fmfsm
(11.92)

P(f)=11:[l—j:p(f)df), OSfSF}, a>0
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The first line of Equation 11.92 states that p(f) is a normalized PDF whose tail above F has weight no
greater than . The second line asserts that p(f) is constant over the interval [0, F] and the weight in
this interval is the complement of the weight on the tail.

The spring fails if x exceeds the critical displacement x. This occurs if the force f exceeds the critical
load f., which is:

f.=kx, +k2x3 (11.93)
With PDF p(f), the probability of failure is:

P,(p)=Prob(f 2 £, | p) (11.94)
We require that the failure probability not exceed the critical probability threshold:

P(p)<P (11.95)

The robustness of the determination of this threshold exceedence, based on the nominal PDE, is oAz(Pf )

given by Equation 11.86. The value of this robustness depends on the values of F and f.. After some
algebra, one finds:

0 if f<(U-p)F

. 1-P

a(P)=41-—= if (1-P)F<f <F (11.96)
f./F
P if F<f

The first line of Equation 11.96 arises when the critical force, f,, is small enough so that P,(p) can exceed
P. even when the nominal PDE, p, is correct. The third line arises when f, is so large that only the tail
could account for failure. The second line covers the intermediate case. d(PC) is plotted schematically in
Figure 11.10.

As we explained in Section 11.5.1, the value of the robustness d(PC] indicates whether the go/no-go
threshold decision, based on the best-available PDF, is reliable or not. A large robustness implies that
the decision is insensitive to uncertainty in the PDF, while a small value of o?(PC ) means that the decision
can err as a result of small error in p. From Equation 11.96 and Figure 11.10 we see that the greatest
value that d(l’c) can take is P, itself, the critical threshold value of failure probability. In fact, &(}’C) may
be much less, depending on the critical force f. From Equation 11.86 we learn that /(P.) and ¢ have the

Robustness

Critical force, f,

0
(1-PYF F

FIGURE 11.10  Robustness vs. critical force, Equation 11.96.
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same units. The first line of Equation 11.92 indicates that o is a probability: the statistical weight of the
upper tail. Consequently, &(P.) is the greatest tolerable statistical weight of the unmodeled upper tail of
p(f). &(P) must be “large” in order to warrant the go/no-go decision; the judgment whether &/(P) is
“small” or “large” depends on a judgment of how wrong p(f) could be. As the tolerable probability of
failure, P, becomes smaller, the tolerance against probability “leakage” into the upper tail becomes lower
as well. &(P.) establishes a quantitative connection between the critical force f,, the nominally maximum
force E the critical probability P_, and the reliability of the go/no-go decision.

An additional use of the robustness function is in choosing technical modifications of the system itself
that enhance the reliability of the go/no-go decision in the face of load uncertainty. Examination of
Equation 11.96 reveals that d(P) is improved by increasing f, (if f, <F). Let us consider the choice of
the two stiffness coefficients, k, and k,. From Equation 11.93 we note that:

of,
= 0 .
% x> (11.97)
s, _ -
£ = 0 11.98
ok, X7 (11.98)

Thus, f, is increased and thereby (P.) is improved, by increasing either k; or k, or both. Equation 11.96
quantifies the robustness-enhancement from a design change in k; or k,.

Equation 11.94 implies that increasing f, causes a reduction in the probability of failure, P/(p), regardless
of how the load is distributed. Thus, a change in the system that reduces the probability of failure also
makes the prediction of the failure probability more reliable. There is a sympathy between system reliability
and prediction reliability. This is, in fact, not just a favorable quirk of this particular example. It is evident
from the definition of robustness in Equation 11.94 that any system modification which decreases P/(p)
will likewise increase (or at least not decrease) the robustness d(R).

11.6 Why “Good” Is Preferable to “Best”

The examples in Sections 11.2 through 11.4 illustrated the general proposition that optimization of
performance is associated with minimization of immunity to uncertainty. This led to the conclusion that
performance should be satisficed—made adequate but not optimal—and that robustness should be
optimized. In the present section, we put this conflict between performance and robustness on a rigorous
footing.

11.6.1 The Basic Lemma

The designer must choose values for a range of variables. These variables may represent materials,
geometrical dimensions, devices or components, design concepts, operational choices such as “go” or
“no-go,” etc. Some of these variables are expressible numerically, some linguistically. We will represent
the collection of the designer’s decisions by the decision vector g.

In contrast to g, which is under the designer’s control, the designer faces uncontrollable uncertainties
of many sorts. These may be uncertain material coefficients, unknown and unmodeled properties such
as nonlinearities in the design-base models, unknown external loads or ambient conditions, uncertain
tails of a probability distribution, and so on. The uncertainties are all represented as vectors or functions
(which may be vector-valued). We represent the uncertain quantities by the uncertain vector u. The
uncertainties associated with u are represented by an info-gap model U(c,u), o0 =0. The centerpoint
of the info-gap model is the known vector, which is the nominal value of the uncertain quantity u.

Info-gap models are suitable for representing ignorance of u for both practical and fundamental
reasons. Practically, probability models defined on multidimensional function spaces tend to be cum-
bersome and informationally intensive. More fundamentally, info-gap models entail no measure func-
tions, while measure-theoretic representation of ignorance can lead to contradictions [3, Chapter 4].
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Many design specifications can be expressed as a collection of inequalities on scalar valued functions.
For example, the mechanical deflection must not exceed a given value, while each of the three lowest
natural frequencies must be no greater than various thresholds. For a design choice g, and for a specific
realization of the uncertainty u, the performance of the system is expressed by the real-valued performance
functions R(q, u), i=1,..., N, where the design specification is the following set of inequalities:

R(gu<r, foral i=1,..,N (11.99)

The r,; are called critical thresholds, which are represented collectively by the vector .. These thresholds
may be chosen either small or large, to express either demanding or moderate aspirations, respectively.

Definition 11.1 A performance function R,(q, u) is upper unsatiated at design q if its maximum, up to
horizon of uncertainty ¢, increases strictly as ¢ increases:

o<o’= max R/(qu)< max R(q,u) (11.100)
uel(a,in) ueld(o’,u)

Upper unsatiation is a type of monotonicity: the maximum of the performance function strictly
increases as the horizon of uncertainty increases. This monotonicity in & does not imply monotonicity
of R(g,u) in either g or u. Upper unsatiation results from the nesting of the sets in the info-gap model
Ulo, ).

By definition, the robustness of design g, with performance requirements r,, is the greatest horizon of
uncertainty at which all the performance functions satisfy their critical thresholds:

d(q,rf)=max{a: max Ri(q,u)Src’i, forall i=1,...,N} (11.101)

ueld(a,i)

We now assert the following basic lemma. (Proofs appear in Section 11.6.4.)

Lemma 11.1 Given:

+ An info-gap model U(o, i), 0t=0.
+ Performance functions R(q, u), i=1,..., N, which are all upper unsatiated at 4.

+ Ciritical thresholds equaling the performance functions evaluated at the centerpoint of the info-
gap model:

r.=R(qu), i=1,..,N (11.102)
Then the robustness-to-uncertainty of design q vanishes:
a(g,r.)=0 (11.103)

if is the centerpoint of the info-gap model: the known, nominal, “best estimate” of the uncertainties
accompanying the problem. If if precisely represents the values of these auxiliary variables, then the
performance aspirations in Equation 11.102 will be achieved by decision q. However, Equation 11.103
asserts that this level of performance has no immunity to unknown variations in the data and models
upon which this decision is based. Any unmodeled factors, such as the higher-order terms in Equation
11.76, jeopardize the performance level vouched for in Equation 11.102. Probabilistically, one would say
that things could be worse than the expected outcome. However, our assertion is stronger, because we
are considering not only random uncertainties, but rather the info gaps in the entire epistemic infra-
structure of the decision, which may include info gaps in model structures and probability densities.

This result is particularly significant when we consider performance-optimization, to which we now
turn.
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11.6.2 Optimal-Performance vs. Optimal Robustness: The Theorem

We are particularly interested in the application of lemma 11.1 to optimal-performance design. The
lemma will show that a design that optimizes the performance will have zero robustness to uncertainty.
This means that high aspirations for performance are infeasible in the sense that these aspirations can
fail to materialize due to infinitesimal deviations of the uncertain vector from its nominal value. It is
true that failure to achieve an ultimate aspiration may entail only a slight reduction below optimal
performance. Nonetheless, the gist of the theorem is that zenithal performance cannot be relied upon to
occur; a design specification corresponding to an extreme level of performance has no robustness to
uncertainty. The designer cannot “sign-oft” on a performance-optimizing specification; at most, one can
hope that the shortfall will not be greatly below the maximum performance.

Let Q represent the set of available designs from which the designer must choose a design g. Let #f denote
the nominal, typical, or design-base value of the uncertain vector . What is an optimal-performance design,
from the allowed set Q, and with respect to the design-base value u?

If there is only one design specification, so N = 1 in Equation 11.99, then an optimal-performance
design ¢* minimizes the performance function:

R(q", )= miQn R(q, &) (11.104)
qe

If there are multiple design specifications (N > 1), then such a minimum may not hold simultaneously
for all the performance functions. One natural extension of Equation 11.104 employs the idea of Pareto
efficiency. Pareto efficiency is a “short blanket” concept: if you pull up your bed covers to warm your
nose, then your toes will get cold. A design g* is Pareto efficient if any other design g’ that improves
(reduces) one of the performance functions detracts from (increases) another:

If: R(q,#)<R(q,#) forsome i (11.105)

Then: R;(q,u)> Rj(q*, #) forsome j#i (11.106)

A Pareto-efficient design does not have to be unique, so let us denote the set of all Pareto efficient
designs by Q*. For the case of a single design specification, let Q* denote all the designs that minimize
the performance function, as in Equation 11.104. The following theorem, which is derived directly from
lemma 11.1, asserts that any design that is performance-optimal (Equation 11.104) or Pareto efficient
(Equations 11.105 and 11.106) has no robustness to uncertain deviation from the design-base value .

Theorem 11.1 Given:
+ A set of Pareto-efficient or performance-optimal designs, with respect to the design-base value #.

+ An info-gap model U(a, %), o >0, whose centerpoint is the nominal or design-base value .
* Performance functions R(q*, u), i=1,..., N, which are all upper unsatiated at some q" €Q".

+ Critical thresholds equaling the performance functions evaluated at the centerpoint of the info-
gap model and at this g*:

r,=R(qmw, i=1,..,N (11.107)

Then the robustness to uncertainty of this performance-optimal design g* vanishes:

A

oalg’,r)=0 (11.108)

Theorem 11.1 is really just a special case of lemma 11.1. We know from lemma 11.1 that whenever
the critical thresholds, r,;, are chosen at the nominal values of the performance-functions, R (g,u), and
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when that nominal value, #, is the centerpoint of the info-gap model, U(ct,u), then any design has zero
robustness. Theorem 11.1 just specializes this to the case where q is Pareto-efficient or performance-
optimal.

We can understand the special significance of this result in the following way. The functions R;(q",)
represent the designer’s best-available representation of how design q* will perform. R,(q", ) is based on
the best-available models, and is the best estimate of all residual (and possibly recalcitrant) uncertain
factors or terms. We know from lemma 11.1 that any performance-optimal design we choose will have
zero robustness to the vagaries of those residual uncertainties. However, the lesson to learn is not to
choose the design whose performance is optimal; theorem 11.1 makes explicit that this design also cannot
be depended upon to fulfill our expectations. To state it harshly, choosing the performance optimum is
just wishful thinking, unless we are convinced that no uncertainties lurk behind our models. The lesson
to learn, if we seek a design whose performance can be reliably known in advance, is to move off the
surface of Pareto-efficient or performance-optimal solutions. For example, referring again to Figure 11.2,
we must move off the optimal-performance curve to a point Q or R. We can evaluate the robustness of
these suboptimal designs with the robustness function, and we can choose the design to satisfice the
performance and to maximize the robustness.

11.6.3 Information-Gap Models of Uncertainty

We have used info-gap models throughout this chapter. In this section we present a succinct formal
definition, in preparation for the proof of lemma 11.1 in Section 11.6.4.

An info-gap model of uncertainty is a family of nested sets; Equations 11.14, 11.41, 11.77, and 11.92
are examples. An info-gap model entails no measure functions (probability densities or membership
functions). Instead, the limited knowledge about the uncertain entity is invested in the structure of the
nested sets of events.

Mathematically, an info-gap model is a set-valued function. Let S be the space whose elements represent
uncertain events. S may be a vector space or a function space. Let R denote the set of nonnegative real
numbers. An info-gap model U(c, u) is a function from R XS into the class of subsets of S. That is,
each ordered pair (o, u), where @ 20 and u €S, is mapped to a set U(c, u), which is a subset of S.

Two axioms are central to the definition of info-gap models of uncertainty:

Axiom 11.1 Nesting. An info-gap model is a family of nested sets:
a<o = Ula,u)c (o, u) (11.109)

We have already encountered this property of info-gap models in Equations 11.9, 11.37, and 11.67
where we noted that this inclusion means that the uncertainty sets /(c, u) become more inclusive as
the “uncertainty parameter” o becomes larger. Relation 11.109 means that o is a horizon of uncertainty.
At any particular value of o, the corresponding uncertainty set defines the range of variation at that
horizon of uncertainty. The value of o is unknown, so the family of nested sets is typically unbounded,
and there is no “worst case.”

All info-gap models of uncertainty share an additional fundamental property.

Axiom 11.2 Contraction. The info-gap set, at zero horizon of uncertainty, contains only the center-
point:

U0,u) = {u} (11.110)

For example, the info-gap model in Equation 11.14 is a family of nested intervals, and the centerpoint
is the nominal load, ¢, which is the only element of 2/(0, ¢) and which belongs to the intervals at all
positive values of .
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Combining axioms 11.1 and 11.2 we see that u belongs to the zero-horizon set, ¢/(0,u), and to all
“larger” sets in the family.

Additional axioms are often used to define more specific structural features of the info-gap model,
such as linear [1, 4], or nonlinear [5] expansion of the sets as the horizon of uncertainty grows. We will
not need these more specific axioms. Info-gap models of uncertainty are discussed extensively elsewhere
(1, 6].

11.6.4 Proofs

Proof of lemma 11.1. By the contraction axiom of info-gap models, Equation 11.110, and from the
choice of the value of r,;:

max Ri(q,u)=r; (11.111)

ueld (0,u)

Hence, 0 belongs to the set of ¢ -values in Equation 11.101 whose least upper bound equals the
robustness, so:

a(g,r)=0 (11.112)

Now consider a positive horizon of uncertainty: & >0. Because R,(q,7,) is upper unsatiated at g:

max R.(q,u)< max R(q,u) (11.113)
ueld (0,i) ueld(a,it)

Together with Equation 11.111, this implies that this positive value of o does not belong to the set of
a-values in Equation 11.101. Hence:

o> o0lg, ) (11.114)
Combining Equations 11.112 and 11.114 completes the proof.

Proof of theorem 11.1.  Special case of lemma 11.1

11.7 Conclusion: A Historical Perspective

We have focused on the epistemic limitations—information gaps—that confront a designer in the search
for reliable performance. The central idea has been that the functional performance of a system must be
traded off against the immunity of that system to info gaps in the models and data underlying the system’s
design. A system that is designed for maximal performance will have no immunity to errors in the models
and data underlying the design. Robustness can be obtained only by reducing performance aspirations.
Our discussion is motivated by the recognition that the designer’s understanding of the relevant pro-
cesses is deficient, that the models representing those processes lack pertinent components, and that the
available data is incomplete and inaccurate. This very broad conception of uncertainty—including model
structure as well as more conventional data “noise”—has received extensive attention in some areas of
engineering, most notably in robust control [7]. This scope of uncertainty is, however, a substantial
deviation from the tradition of probabilistic analysis that dominates much contemporary thinking.
Least-squares estimation is a central paradigm of traditional uncertainty analysis. The least-squares
method was developed around 1800, independently by Gauss (1794-1795) and Legendre (1805-1808),
for estimation of celestial orbits [8, 9]. Newtonian mechanics, applied to the heavenly bodies, had
established irrevocably that celestial orbits are elliptical, as Kepler had concluded experimentally. How-
ever, the data was noisy so it was necessary to extract the precise ellipse that was hidden under the
noisy measurements. The data was corrupted, while the model—elliptical orbits—was unchallenged.
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Least-squares estimation obtained deep theoretical grounding with the proof of the central limit the-
orem by Laplace (1812), which established the least-squares estimate as the maximum-likelihood
estimate of a normal distribution. The least-squares idea continues to play a major role in modern
uncertainty analysis in such prevalent and powerful tools as Kalman filtering, Luenberger estimation
[10] and the Taguchi method [11].

What is characteristic of the least-squares method is the localization of uncertainty exclusively on data
that is exogenous to the model of the underlying process. The model is unblemished (Newtonian truth
in the case of celestial orbits); only the measurements are corrupted. But the innovative designer, using
new materials and exploiting newly discovered physical phenomena, stretches models and data to the
limits of their validity. The designer faces a serious info gap between partial, sometimes tentative, insights
that guide much high-paced modern design, and solid complete knowledge. The present work is part of
the growing trend to widen the range of uncertainty analysis to include the analyst’s imperfect conceptions
and representations. For all our sapience, we are after all only human!
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12.1 Introduction

This chapter explores the use of interval numbers to account for uncertainties in engineering models.
We concentrate on models based on finite element discretization of partial differential equations. Results
of such models are used ubiquitously in engineering design. Uncertainties in the results of finite element
models can be attributed to the following sources:

. The appropriateness of the partial differential equation

. Errors associated with discretization of the partial differential equation
. Uncertainties in the parameters of the engineering model

. Errors associated with floating point operations on a digital computer

B W N =

While the appropriateness of a partial differential equation to a given physical problem is beyond the
scope of this chapter, the remaining three sources of errors and uncertainties can be bounded using the
concept of interval representation and interval numbers. Quantifying the uncertainties in the results of
an engineering calculation is essential to provide a reliable computing environment.

Section 12.2 provides a review of interval representation and the mathematics of interval numbers.
Section 12.3 contains a description of interval finite element methods that account for uncertain model
parameters. Section 12.4 describes methods for bounding errors associated with floating point operations,
while Section 12.5 contains information on bounding discretization errors.
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12.2 Intervals and Uncertainty Modeling

12.2.1 Definitions, Applications, and Scope

By definition, an interval number is a closed set in R that includes the possible range of an unknown
real number, where R denotes the set of real numbers. Therefore, a real interval is a set of the form

xz[x’,x“]:={~eR|x’Sin“} (12.1)

where x' and x* are the lower and upper bounds of the interval number x, respectively, and the bounds
are elements of R with x' < x*. Degenerated or thin interval numbers are of the form [, ¥] or [x*, x*];
they are equivalent to the real numbers x' and x* respectively.

Based on the above-mentioned definitions, interval arithmetic is defined on sets of intervals, rather
than on sets of real numbers, and interval mathematics can be considered as a generalization of real
numbers mathematics. The definition of real intervals and operations with intervals can be found in a
number of references [1-4]. However, the main interval arithmetic operations are presented in
Appendix 12.1 at the end of this chapter.

Early use of interval representation is associated with the treatment of rounding errors in mathematical
computations. The idea was to provide upper and lower bounds on rounding errors. For example, in a
computational system with three decimal digit accuracy, the number 3.113 would be represented as a
member of the interval [3.11, 3.12]. Intervals can also be used to represent rational bounds on irrational
numbers. Archimedes used a “two-sided approximation” to calculate the constant . He considered
inscribed and circumscribed polygons of a circle and obtained an increasing sequence of lower bounds
and a decreasing sequence of the upper bounds at the same time. Therefore, stopping the process with
polygons each of # sides, he obtained an interval containing the desired result, (i.e., the number 7.) By
choosing n large enough, an interval of arbitrary small width can be found to contain the number .
Inspired by this method, Moore [2], instead of computing a numerical approximation using limited-
precision arithmetic, proceeded to construct intervals known in advance to contain the desired exact
results. Several authors independently had the idea of bounding rounding errors using intervals [5, 6];
however, Moore extended the use of interval analysis to bound the effect of errors from different sources,
including approximation errors and errors in data (see [7]).

In this section, we try to cover the most significant applications of intervals in the two major areas of
mathematics-computations and scientific and engineering modeling. In addition, we introduce a short
review of interval definitions and operations.

In the mathematics-computations field, there has been increasing interest in solving complex math-
ematical problems with the aid of digital computers. In general, the solution of these problems is too
complicated to be represented in finite terms (floating point representation) or even impossible. But
frequently, one is only interested in the existence of a solution within a certain domain or error bounds
for the solution (intervals). By the nature of the problems, numerical approximations are insufficient.
That motivated the development of interval methods capable of handling the finite representation
deficiency. These interval methods are known by different names; for example, self-validating (SV)
verification methods or automatic result verification [8]. A detailed introduction of these methods can
be found in [4, 8-11]. The goal of self-validating methods, as introduced by Rohn, Rump, and Yamamot
[12], is to deliver correct results on digital computers— correct in a mathematical sense, covering all
errors such as representation, discretization, rounding errors and others, and more precisely are:

1. To deliver rigorous results
2. In a computing time not too far from a pure numerical algorithm
3. Including the proof of existence (and possibly uniqueness) of a solution

Handling rounding and truncation errors in interval arithmetic is discussed in Section 12.3.
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In the area of scientific and engineering modeling, intervals represent a simple, elegant, and compu-
tationally efficient tool to handle uncertainty. Recently, the scientific and engineering community has
begun to recognize the utility of defining multiple types of uncertainty [13]. While the latest computa-
tional advances significantly increased the analysis capabilities, researchers started to encounter the
limitations of applying only one mathematical framework (traditional probability theory) to present all
types of uncertainty. Traditional probability theory cannot handle situations with incomplete or little
information on which to evaluate a probability, or when that information is nonspecific, ambiguous, or
conflicting. Because of these reasons, many theories of generalized uncertainty-based information have
been developed. There are five major frameworks that use interval-based representation of uncertainty:
imprecise probabilities, possibility theory, the Dempster-Shafer theory of evidence, fuzzy set theory, and
convex set modeling.

For example, “imprecise probability” is a generic term for the many mathematical models that measure
chance or uncertainty without sharp numerical probabilities, represented as an interval included in [0, 1].
The Dempster-Shafer theory offers an alternative to traditional probabilistic theory for the mathematical
representation of uncertainty. The significant innovation of this framework is that it allows for the allo-
cation of a probability mass to sets or intervals. To illustrate how intervals are used in the case of possibility
theory and fuzzy set theory, despite the differences in their interpretation, let us start with the difference
between an ordinary subset A and a fuzzy subset A [14]. Let E be a referential set in R. An ordinary subset
A of this referential set is defined by its characteristic function.

VxeE
Ua(x) € {0, 1}, (12.2)

which shows that an element of E belongs to or does not belong to A, according to the value of the
characteristic function (1 or 0).

For the same referential set E, a fuzzy subset A will be defined by its characteristic function, called the
membership function, which takes its values in the interval [0, 1] instead of in the binary set {0, 1}.

YV xe E:
a(x) € [0, 1], (12.3)

that is, that the elements of E belong to A with a level of certainty in the closed set [0, 1].

The concept of fuzzy numbers can be presented in many ways. One way is to construct the membership
function in terms of an interval of confidence at several levels of presumption or confidence. The
maximum level of presumption is considered to be 1 and the minimum of presumption to be at level 0.
The level of presumption @, o €0, 1] gives an interval of confidence A, = [a,%, a,(?], which is a
monotonic decreasing of o that is,

(0, <) = (4, c4,] (12.4a)
or
(o, <o) = ([aiaz), a(z"‘z)] c [al(“‘), a(za‘)]) (12.4b)

for every o, &, €[0,1]. Such a situation is shown in Figure 12.1. When a fuzzy membership function is
expressed in terms of intervals of confidences, the arithmetic of fuzzy numbers can be constructed from
interval operations and the fuzzy number can be considered as nested intervals.
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FIGURE 12.1 Definition of fuzzy numbers.

Intervals play a significant role in convex models of uncertainty. To illustrate that, we introduce some
basic concepts of the convex sets [15]. A given region is called convex if the line segment joining any two
points in the region is entirely in the region, and an algebraic formulation of convexity can be presented
as follows. Let S be a set of points in n-dimensional Euclidean space, E". Then S is convex if all averages
of points in § also belong to S. That is, S is convex if, for any points, p € S and g € S, and any number
0<a<l

yp+(1-yqes (12.5)

The interval models of uncertainty can be seen as an equivalent or a special case of the convex models;
for example, within the context of information gap theory [16], the envelope-bound models constrain
the uncertain deviations to an expandable envelope. For scalar functions, we can have:

UoLi) =1{u(): |u@®)—a@)|<ow@)}, a=0 (12.6)

where U(a, 1) is the set of all functions whose deviation from the nominal function #(t) is no greater
than oy(t), y(t)is a known function determining the shape of the envelope, and the uncertainty
parameter ¢ determines the size. However, envelope-bound models for n-vectors can be formulated by
constraining each element of uncertain vector to lie within an expanding envelope:

Ul i) ={u (1) |u (-0 (O)|<Soy (t), n=1,..,n), 020 (12.7)

in which the interval values of each element of vector u result in a family of n—dimensional expanding
boxes.

Interval arithmetic has been developed as an effective tool to obtain bounds on rounding and approx-
imation errors (discussed in the next section). The question now is to what extent interval arithmetic
could be useful and effective when the range of a number is due to physical uncertainties (i.e., the range
in a material’s yield stress or modulus of elasticity), rather than rounding errors. In fact, overestimation
is a major drawback in interval computations (overestimation handling discussed in Section 12.3). One
reason for such overestimation is that only some of the algebraic laws valid for real numbers remain valid
for intervals; other laws only hold in a weaker form [4, pp. 19-21]. There are two general rules for the
algebraic properties of interval operations:

1. Two arithmetical expressions that are equivalent in real arithmetic are equivalent in interval
arithmetic when a variable occurs only once on each side. In this case, both sides yield the range
of the expression. Consequently, the laws of commutativity, associativity, and neutral elements are
valid in interval arithmetic.

2. If fand g are two arithmetical expressions that are equivalent in real arithmetic, then the inclusion
f(x) < g(x) holds if every variable occurs only once in f.
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In fact, the left-hand side yields the range and the right-hand side encloses the range, thus entailing the
invalidity of distributive and cancellation laws in interval arithmetic. However, this property implies a
weak form of the corresponding laws from real arithmetic. If g, b, and ¢ are interval numbers, then:

a(btc)cabtac (axb)ccactbe (subdistributivity)
a-bc(a+tc)—(b+c); a/bc (ac)l(be);

0Oc€a—a; 1€ ala (subcancellation)

If we set
a=[-2,2]; b=[12]; c=[-21],
we get
a(b+c)=[-22](12] + [-2,1]) = [-2, 2] [-1, 3] = [-6, 6]
However,

ab + ac=[-2,2][1, 2] + [-2,2][-2, 1] = [4, 4] + [-4, 4] =[-8, 8]

It can be noticed that the interval number a(b + ¢) = [—6, 6] is contained in the interval number ab +
ac = [-8, 8] but they are not equal. Furthermore, in the case of subcancellation;

0eb-b=[1,2]-[1,2]=[-1,1]
and
1e b/b=]1,2]/1,2] =[1/2,2]

In the subtraction case, the interval number [—1, 1] is enclosing but not equal to zero; and in the division
case, the interval [1/2, 2] is enclosing but not equal to the number 1. The failure of the distributive law
is a frequent source of overestimation, and appropriate bracketing is advisable. Clearly, sharp determi-
nation for the range of an interval solution requires that extreme care be used to identify interval values
that represent a single quantity and prevent the expansion of intervals. Another important source of
overestimation in interval computation is dependency.

12.2.2 Dependency

The dependency problem arises when one or several variables occur more than once in an interval expression.
Dependency may lead to catastrophic overestimation in interval computations. For example, if we subtract
the interval x = [a, b] = [1, 2] from itself, as if we are evaluating the function f = x — x, we obtain [a — b, b
—a] = [-1, 1] as a result. The result is not the interval [0, 0] as we might expect. Actually, interval arithmetic
cannot recognize the multiple occurrence of the same variable x, but it evaluates f as a function of two
independent variables: namely, f (x, y) = { f (X, ) = Xx—y | X € x, ¥ € y } instead of a function of one
variable, that is, {f (x) = X—x | x € x}. Thus, interval arithmetic is treating x — x as if evaluating x — y
with y equal to but independent of x. Evidently, one should always be aware of this phenomenon and take
the necessary precautions to reduce or, if possible, to eliminate its effect. For example, the dependency problem
could be avoided in evaluating x —x if it is presented in the form x (1 — 1) instead. In addition, overestimation
can occur in evaluating a function f (x, y) of the form (x —y)/(x + ), but not if it is rewritten as 1 —2/(1 +
x/y). If f (x, y) is evaluated in the latter form, the resulting interval is the exact range of f (X, y) for x € x
and y € y [7, 11]. The reason behind obtaining the exact range is that the multiple occurrences of variables
x and y are avoided in the latter form of the function.
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12.2.3 Vectors and Matrices

An interval vector is a vector whose components are interval numbers. An interval matrix is a matrix
whose elements are interval numbers. The set of m X n interval matrices is denoted by IR "*". An interval
matrix A = (A;) is interpreted as a set of real m X n matrices by the convention [4]

A={AeR"™" | Aje A, fori=l,..,m; j=1,..,n} (12.8)

In other words, an interval matrix contains all real matrices whose elements are obtained from all possible
values between the lower and upper bound of its interval elements. One important type of matrix in
mechanics is the symmetric matrix. A symmetric interval matrix contains only those real symmetric
matrices whose elements are obtained from all possible values between the lower and upper bound of
its interval element. This definition can be presented in the following form:

A {AGR"X”|AUGAI.]. with AT = A} (12.9)

sym

An interval vector is an n X 1 interval matrix. The set of real points in an interval vector form an
n—dimensional parallelepiped with sides parallel to the coordinate axes. Usually, an interval vector is
referred to as a box [7]. For more information about algebraic properties of interval matrix operations,
the reader may refer to [4, 17, 18].

12.2.4 Linear Interval Equations

Systems of linear interval equations engage considerable attention in engineering applications. It is
worthwhile to introduce some main features of their solution. A linear interval equation with coefficient
matrix A € IR"*" and right-hand side b € IR" is defined as the family of linear equations

Ax=b (A€Abeb) (12.10)

Therefore, a linear interval equation represents systems of equations in which the coefficients are
unknown numbers ranging in certain intervals. The solution of interest is the enclosure for the solution
set of Equation 12.10, given by

S(A,b) :={xeR" | Ax=b forsome Ae A, beb}

The solution set S(A, b) usually is not an interval vector, and does not need even to be convex; in
general, S(A, b) has a very complicated structure. To guarantee that th~e solution set S(A, b) is bounded,
it is required that the matrix A be regular; that is, that every matrix A € A has rank . For the solution
of a linear interval equation, we usually seek the interval vector x containing the solution set S(A, b) that
has the narrowest possible interval components, or what is called the hull of the solution set which can
be denoted as

APb:=08(A,b) (12.11)

where

A'b=0{A | Ac A, beb} for belR" (12.12)
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The expression 12.12 defines a mapping A”: IR" — IR" that is called the hull inverse of A. The matrix
inverse of a regular interval square matrix A € IR™" is defined by

AT =0{AT" | Ae A} (12.13)
and it is proven that
A"b < A7'b, with equality if A is thin (12.14)

Another case of equality in 12.14 occurs when A is a regular diagonal matrix. To illustrate some of the
linear interval equation main properties, let us have the following example (adopted from [4, pp. 93]:

Given
[ 2 [~ o]] [ 1.2 ]
A:= s b:=
[-1,0] 2 -1.2

A=l 2T ith 0,1
= B 2 with «, B€(0,1]

Solving for all possible combinations of o and 3, we get the following exact vertices for the solution set:

Then AecA iff

(0.3, = 0.6); (0.6, —0.6); (0.6, —0.3) and (0.4, —0.4)

The solution set is shown in Figure 12.2. Therefore, from Figure 12.2 it can be seen that the hull of
the solution set is

AFp = OS(A,b)z( [0.3, 0.6] ]

[-0.6, —0.3]

0.5 1.0 x

-0.5

-1.0

XQV

FIGURE 12.2 Solution sets for linear interval equation.
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On the other hand,

(072, 28] [0, 13]
[0, 173]  [1/2, 2/3]

so that

0.2, 0.8
A‘]b:[ 102, 0.8] ];ﬁ but > A"
[-0.8, —0.2]

It is clear that the numerically obtained solution is wider than the actual hull of the solution set S(A, ).
In fact, obtaining the exact hull of the solution set for the general case is not known to be achievable.
However, obtaining an exact hull of the solution set for the case of interval right-hand side with depen-
dencies is achievable [19].

If the symmetry in A is considered, in that case A stands for the following unknown symmetric matrix:

H

S (Ab)={xeR" | Ax=bforsome Ae AbebwithA” = A}

sym

and the solution set will be given by

The exact solution set is (0.6, —0.6) and (0.4, —0.4), which is smaller than the previous nonsymmetric
case, and indicated by a heavy line in Figure 12.2. The hull of the solution set is:

(0.4, 0.6]

Sl b)= ([—0.6, ~0.4]

];tA”b

which is narrower than the hull of the previous general case.

It is clear that care in the application of interval arithmetic to maintain sharp estimate of the interval
solution is very important, especially in cases such as bounding the effect of uncertainties on the solution
of engineering problems. In general, the sharpest results are obtained when proper bracketing is used,
dependency is avoided, and the physical nature of the problem is considered.

12.3 Interval Methods for Predicting System Response
Due to Uncertain Parameters

Interval methods are a simple, elegant, and computationally efficient way to include uncertainty when
modeling engineering systems with uncertain parameters. As defined earlier, an interval number is the
closed set of all real numbers between and including the interval’s lower and upper bound [2]. Real-life
engineering practice deals with parameters of unknown values: modulus of elasticity, yield stress, geomet-
rical dimensions, density, and gravitational acceleration are some examples. In application to mechanics
problems, an interval representation lends itself to the treatment of tolerance specifications on machined
parts, components that are inspected, and whose properties will fall within a finite range. For example,
the diameter of a rod is given as D £ 6 or in an interval form as [D — 8, D + 8] = [D/, D*]. In the case of
live loads, the value can often be bounded by two extreme values; that is, the live load acting on an office
building might be given to be between 1.8 and 2.0 kN/m? or in an interval form as [1.8, 2.0] kN/m?
Experimental data, measurements, statistical analysis, and expert knowledge represent information for
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defining bounds on the possible ranges of such quantities. Thus, considering the values of unknown
parameters to be defined within intervals that possess known bounds might be a realistic or natural way
of representing uncertainty in engineering problems.

Tools that provide sharp predictions of system response including uncertainty in an interval form will
provide the infrastructure for wide inclusion of uncertainties in engineering models. However, this will
only occur if the sharp results corresponding to the physical problem can be obtained.

12.3.1 Sensitivity Analysis

Sensitivity analysis represents a need when the prediction of system response is required due to variations
in the system’s parameters. For example [4], if x is a vector of approximate parameters and Ax is a vector
containing the bounds for the error in components of x, intervals are a powerful tool to obtain the
influence of these parameters’ variations on the response function F(x); that is, one is interested in finding
a vector AF such that, for given Ax,

| F(X)—F(x)<AF for |[x—x|<Ax (12.15)
Sometimes the dependence of AF on Ax is also sought. Stated in the form
F(x)e[F(x)—AF,F(x)+AF] forxe[x—Ax,x+Ax] (12.16)

Another interesting example is sensitivity analysis in optimization problems [7]. Consider an unper-
turbed optimization problem in which the objective function and constraints depend on a vector ¢ of
parameters. To emphasize the dependence on ¢, the problem is introduced as

Minimize f(x,c)

subjectto  p.(x,c)<0 for i=1,...,m
q;,(x,c)=0 for j=1,..,r
To show the dependence of the solution on ¢, the solution value is given as f* (¢) and the solution point(s)
as x*(c), where f (x*(c), ¢) = f*(¢).

In the perturbed case, ¢ will be allowed to vary over interval vector C. As ¢ varies over the range of C,
the obtained set of solution values is

FO)={f"(c): ceC}

and a set of solution points

x"(C)={x"(c): ceC}

in this case, the width of the interval f*(C) represents a measure of the sensitivity of the problem to
variation of ¢ over the range of C.

12.3.2 Interval Finite Element Methods

Our focus in this section is the introduction of the principal concept for formulation of finite element
methods (FEM) using intervals as a way to handle uncertain parameters. Our goal is to capture the
behavior of a physical system. Ad-hoc replacement of scalar quantities by intervals will not provide sharp
(or correct) measures of the uncertainty in a physical system. We will present various intervalizations of
finite element methods, and relate these methods to the corresponding implicit assumption about physical
parameter uncertainty that each method represents.
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Finite element methods have found wide appeal in engineering practice (i.e., [20-22]). They have been
used extensively in many engineering applications such as solids, structures, field problems, and fluid
flows. Formulation of the Interval Finite Element Method (IFEM) follows the conventional formulation
of FEM except that the values of the variables and the parameters of the physical system are assigned
interval values. We then proceed with certain assumptions to idealize it into a mathematical model that
leads to a set of governing interval algebraic equations.

During the past decade, researchers from different engineering disciplines have been contributing
significantly to the development of Interval Finite Element Methods. A review of the major IFEM devel-
opments can be found in the authors’ works [19, 23]. Additional contributions to IFEM include the work
of Kupla, Pownuk, and Skalna [24], in which they use intervals to model uncertainty in linear mechanical
systems. Also, Pownuk [25] has introduced an interval global optimization method in an attempt to find
all stationary global solutions. Akpan et al. [26] developed a fuzzy interval-base finite element formulation
and used the response surface method to predict the system response. The system response is calculated
for various sets of input values to develop a quadratic functional approximation between the input
variables and the response quantities. Combinatorial optimization is performed on the approximate
function to determine the binary combinations of the interval variables that result in extreme responses.
Such an approximation might give satisfactory results in the case of interval load; however, the general
case requires higher-order functions and the work does not provide any evaluation for the possibility of
obtaining the right combinations of the input variables. In one of the examples, 13 finite element runs
were required compared to 65 runs for all possible combinations. Chen S. et al. [27] introduced an interval
formulation for static problems based on a perturbed stiffness neglecting the higher-order parts in the
unknown variable approximation. The introduced results are not compared with the exact solutions of the
respective problems. A fuzzy structural reliability analysis is introduced in the work of Savoia [28]; this
formulation is based on the interval o-cut concept to compute membership functions of the response
variables and is not introduced within the context of FEM. The work of Dessombz et al. [29] introduces
an interval application, where free vibrations of linear mechanical systems under uncertainty were studied.
Special attention has been devoted in this study to the dependency problem. The fixed-point theorem has
been used to achieve a conservative enclosure to the system response in the case of narrow intervals. In the
case of wide intervals, an interval partition approach is employed that requires costly repetitive runs. A
comparison of different methodologies for uncertainty treatment in oil basin modeling has been conducted
in the work of Pereira [30], and a successful alternative interval element-by-element finite element formu-
lation for heat conduction problems has been proposed. In addition, as intervals represent a subset of the
convex models, Ganzerli and Pantelides [31] developed a load and resistance convex model for optimum
design. They [32] also conducted a comparison between convex and interval models within the context of
finite elements, restricted to uncertain load. Both works were based on Cartesian product of the convex sets
of the uncertain parameters and the load convex model superposition. Although sharp system response can
be calculated by a single run of the response convex model, costly computations are required to obtain the
response convex model itself. The present review highlights the general effort in the development of interval
finite element, and shows that the main application of intervals to mechanical systems using formulations
of IFEM has relied on implicit assumptions on the independence of interval quantities and the assumed
width of an interval quantity.

However, for IFEM to gain acceptance as an engineering tool, two fundamental questions in the
formulation and behavior of interval finite element must be resolved:

1. Does the replacement of the deterministic parameters by corresponding interval parameters lead
to a violation of the underlying laws of physics?
2. What physical uncertainty is implied by the introduction of interval parameters?

We will illustrate the finite element intervalization using a simple two-element finite element approx-
imation. We will explore the use of interval numbers to represent uncertainties in the values of Young’s
modulus, E, and the loading function ¢, (or boundary conditions 7).
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FIGURE 12.3 Two connected linear truss elements.

Figure 12.3 shows the discretization of a bar into two linear truss elements that share node 2. In this
example, we assume that the values of E and A are constant over each element. In general, E and A are always
positive; thus, as long as the intra-element variation of E is smooth enough and bounded, an interval
representation of the integrated element stiffness can be constructed, Dubois, [33].

The resulting noninterval finite element equations are given by

E1A1 _ElAl 0
L L " p
EA EA EA EA || !

_ o4 oy %y =l p, (12.17)

L1 Ll 1 2 LZ
u,) \B

. E,A, E,A,

L L

Let us consider the case where the values of Young’s modulus E and load vector P are uncertain but
the bounds of the possible values are known. It is natural to express E and P as an interval quantity and
interval vector, respectively. An interval x is a closed set in R defined by:

x=[dx]:={XeR|¥<X < (12.18)

where superscripts I and u denote lower and upper bounds, respectively.
Replacement of the scalar E by an interval quantity and vector P by interval vector lead to the following
straightforward (but physically inconsistent) interval system of equations:

I pu I pu
[EL,E}1A, C[ELENA .
Ll Ll i
u [P, P"]
I pu I pu 1 u 1 u 1 1
_ [EI)EI ]Al [E1>E1 ]Al + [EZ’EZ ]AZ _ [EZ’EZ ]A2 uz — [le’qu] (12193)
Ll Ll LZ LZ ! u
(E!,E']A B | BB
0 T 22747
LZ LZ
or
KU=P (12.19b)

with the interval stiffness matrix K € IR"" and the interval load vector P € IR". The vector of unknowns
U is the interval displacement vector. This linear interval equation is defined as the family of linear
equations

KU=P (KeK,PeP) (12.20)
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Thus, in this case we have linear systems of equations in which the coefficients are unknown numbers
contained within given intervals. If we do not consider the underlying physics of the given system, we
will be interested in the enclosure for the solution set of 12.19, given by

S(K,P):={U eR"|KU = P for some K € K, P € P} (12.21)

The exact enclosure for the solution set of 12.19 can be obtained by solving for all possible combinations
of the upper and lower bounds of the stiffness matrix coefficients and the right-hand side components.

The stiffness matrix is usually symmetric, and in such a case, the stiffness matrix will be a symmetric
interval matrix and not an interval matrix in the general sense. The definition of symmetric interval
matrix can be found in (Jansson, [34])

K KeKk, KT=K} (12.22)

sym = {
and Equation 12.19b takes the form
U=P (12.23)

We will be interested in the enclosure for the solution set of 12.23, given by

S, (K

oKy, P) =1 UeR"|KU = PforsomeK e K, Pe Pwith K" =K} (12.24)

The exact enclosure for the solution set of Equation 12.23 can be obtained by solving for all possible
combinations of the upper and lower bounds of the stiffness matrix coefficients with the condition k;; =
k; fori,j=1,..,n, i# j and the right-hand side components.

The solution for both above-mentioned cases (i.e., the general and the symmetric case) does not
represent a correct solution for the given physical problem, even if the solution is based on all possible
combinations. Both solutions can overestimate the interval width of the physical problem. This is due
to the multiple occurrences of stiffness coefficients in the stiffness matrix. The same physical quantity
cannot have two different values (upper and lower bounds) at the same time, and interval arithmetic
treats this physical quantity as multiple independent quantities of the same value. In other words, the
physical problem has a unique but unknown value of E. Equation 12.19 allows different values of E to
exist simultaneously. As will be demonstrated, even exact enclosures of solutions of finite element
equations in this form produce physically unacceptable results. Historically, this loss of dependency
combined with the well-known computational issues in computing sharp bounds for the solution of
interval system of equations encouraged a number of earlier researchers to abandon the application of
interval methods to finite element problems.

An alternative method for intervalization of finite element equations is to assume that the same value
of Young’s modulus E exists in the entire domain. This assumption results in the following interval
equation for the two-element problem of Figure 12.2

A A
A A :
/11 A 1A Al ik
B\ )| -7 T ||| ) (1225)
Ll Lll LZ L2 u 1 u
0 AZ A2 3 [P3)P3]
L, L,
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Such a formulation leads to an exact solution for the interval system. However, the material property is
limited to a constant interval parameter (E) for the entire domain and is not attractive to engineering
applications that require solving realistic problems, where the same parameter might vary within the
domain itself.

The exact solutions to the interval finite element problems can only be obtained if the underlying laws
of physics are not violated. Thus, for the considered case, to obtain the exact physical enclosure for the
solution set of Equation 12.19 we have to trace back the sources of dependency in the formulation of
interval finite elements. To illustrate the concept, let us use again, as an example, the two-bar truss of

Figure 12.3.
The element interval stiffness matrices can be introduced in the following form:
ko =k k, -~k
K =y, Gk K,=%, Gk (12.26)
EA.
k =i (12.27)

where K; = stiffness matrix of i finite element (for i = 1, 2); k; = stiffness coefficient of the i element;
E; = modulus of elasticity of the i element; A; = cross-sectional area of the i element; /; = length of the
i element; and y, = the interval multiplier of the i finite element obtained due to uncertainty in E, A,
and I. The presented example represents a simple case of structural problems where the stiffness coeffi-
cients are the same for each element and are obtained only from axial stress contribution. However, the
general formulation of interval finite element is more involved, where usually the stiffness coefficients
are not equal for each element and include contributions from all components of the general stress state.
The assemblage of global stiffness matrix can be given by

K=Y Lf[z[x,.(k,.)]]Le (12.28)

where L, is the element Boolean connectivity matrix with the dimension (number of degrees of freedom
per element X total number of degrees of freedom). In this example, the element Boolean connectivity
matrix has the following structure

1 00 010
L= , and L,= (12.29)
010 0 01

Finally, the global stiffness matrix takes the following form:

Xlkl _Zlkl 0
KP")’S =\ -1k xk+xk Xk (12.30)
0 _xzkz %2k2

By imposing the boundary conditions, displacement of the first node equals zero in this case, we obtain:

xk+x.k, —xk
Physz[ 11 22 272 (1231)

_szz xzkz
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The interval load vector (right-hand side) can be introduced in the following form:

2'lPl
P, = AP, (12.32)
)’3];)3
where
P, =P +P+P, (12.33)

and P, = the nodal load vector, P, = the body force vector, and P, = traction vector. The body force vector
and the traction vector are given by:

B=Y Lf[Z[lib(pib)]Le (12.34a)

i

p=Y 11 [Z[Ah(pn)]Le (12.34b)

i

where p;, is the body force contribution at the i integration point, and p;, is the traction contributions
at the i" integration point acting on the surface I',and A is the interval multiplier for each load.
After imposing the boundary conditions, Equation 12.32 takes the following form:

AP
p,.=|7’ (12.35)
phys 13%

and the interval form of Equation 12.17 is

K, U

iy (12.36)

= Pphys
The exact enclosure for the solution set of physical interval finite Equation 12.36 will be given by

S e K o Py ) i={ UER"|K,, ()U=P, () for 7, €, X, €A} (12.37)

The presented physical solution means that each uncertain parameter throughout the system, regardless
of its multiple occurrences, is restricted to take only one unique value within the range of its interval.

The exact enclosure for the solution set of physical interval finite equation can be obtained by solving
for all possible combinations of lower and upper bounds of uncertain parameters. Such a solution is
possible for small size problems (few uncertain parameters); however, engineering applications might
require solutions of huge systems where the “all possible combinations” approach is computationally
prohibited and such problems are NP-hard problems.

For the solution of interval finite element (IFEM) problems, Muhanna and Mullen [23] introduced
an element-by-element interval finite element formulation, in which a guaranteed enclosure for the
solution of interval linear system of equations was achieved. A very sharp enclosure for the solution set
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due to loading, material and geometric uncertainty in solid mechanics problems was obtained. Element
matrices were formulated based on the physics, and the Lagrange multiplier method was applied to
impose the necessary constraints for compatibility and equilibrium. Other methods for imposing the
constraints (such as the penalty method) might also be used. Most sources of overestimation were
eliminated. In this formulation, Equation 12.19b can be introduced in the following form:

&SI

Here, A is the vector of Lagrange multipliers, C= (0 1 -1

(12.38)

0), CU = 0, and K is introduced as

EA _EA
Ll Ll
X 0 0 0) EA EA
o n 0o ol 1 °
DS = ! 1 1 (12.39)
0 0 x O 0 0 E,A,
0 0 0 g, L 2
O 0 _EZAZ EZAZ
L L

where ; = the interval multiplier of the i finite element obtained due to uncertainty in E, A, and [ Such
a form (i.e,, D S ) allows factoring out the interval multiplier resulting with an exact inverse for (D S ).
Equation 12.38 can be introduced in the following equivalent form

KU+C'A=P (12.40a)
CU=0 (12.40b)

If we express K (n X n) in the form DS and substitute in equation (12.40a)
DSU=P-C"A (12.41)

where D(n X n) is interval diagonal matrix, its diagonal entries are the positive interval multipliers
associated with each element, and n = degrees of freedom per element X number of elements in the
structure. S (n X n) is a deterministic singular matrix (fixed point matrix). If we multiply Equation
12.40b by DCT and add the result to Equation 12.41, we get

D(SU+CTCU)=(P-C"2) (12.42)
or

D(SU+QU)=(P-C")

DS+QU=(P-C") (12.43)

DRU=(P-C"))

where R is a deterministic positive definite matrix, and the displacement vector U can be obtained from
Equation 12.43 in the following form

U=R'DY(P-C"Q) (12.44)
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where R™'D™ is an exact inverse of the interval matrix (DR). Equation 12.44 can be presented in the form

U=R'MS (12.45)

Matrix M has the dimensions (n X number of elements) and its derivation has been discussed in the
previous works of Mullen and Muhanna [19]. The vector ¢ is an interval vector that has the dimension
of (number of elements X 1): its elements are the diagonal entries of D™ with the difference that every
interval value associated with an element is occurring only once. If the interval vector A can be determined
exactly, the solution of Equation 12.45 will represent an exact hull for the solution set of the general
interval FE equilibrium equation

KU=P (12.46)

As a matter of fact, this is the case in statically determinate structures. An exact hull for the solution
set can be achieved because vector A, in the present formulation, represents the vector of internal forces,
and in statically determinate structures the internal forces are independent of the structural stiffness.
Consequently, using the deterministic value of A (mid point of A, the midpoint of an interval a is defined
as a_=mid(a)= “”T*”l) in Equation 12.44 results in an exact hull for the solution set of statically deter-
minate structures with uncertain stiffness. But in the case of statically indeterminate structures, values
of A depend of the structural stiffness and the use of deterministic value of A results in a very good
estimate for the solution, but of course a narrower one. The details for handling the general case is
discussed in [23].

This formulation does not allow any violation to the underlying laws of physics, and results in very
sharp interval solutions for linear mechanics problems and in exact solutions for one group of these
problems (statically determinate problems).

We will illustrate this discussion by numerical results of the following example.

The example is a triangular truss shown in Figure 12.4. The structure is loaded by a deterministic
horizontal load 30KN and an interval vertical load [50, 100] KN, at the top node. The truss has the
following data: cross-sectional area A = 0.001 m?, Young’s modulus E = 200 GPa, and 10% uncertainty
in E; that is, E = [190, 200] GPa was assumed for each element. The results for displacement of selected
nodes are given in Table 12.1.

The results show that the general interval solution is wider than the symmetric interval solution. The
symmetric interval solution overestimates the physical diameter by 127.2 to 182.5%, while the general
interval solution overestimates the exact diameter by 130 to 186.6%.

The above-mentioned discussion illustrates how interval methods can be used for predicting system
response due to uncertain parameters. However, different intervalizations of finite element imply different
physical uncertainty: the general interval approach, which is a naive replacement of the deterministic

[50, 100] kN A

3 30 kN
;
5m 2 3
1 1 5
07
5m 5m 7

FIGURE 12.4 Triangular truss.
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TABLE 12.1 Nodal Displacements of Triangular Truss

node 2 node 3
U U \%
Node displacements UXx103m Ux102m V%102 m

Comb. (physical)
Symmetric interval
General interval

[-1.8421053, -0.4761905]
[-2.7022107, -0.2451745]
[-2.7022107, -0.1784592]

[-0.0349539, 0.9138331]
[-0.6531157, 1.0781411]
[-0.6531157, 1.1173116]

[1.9216828, 4.6426673]
[1.7879859, 5.24493035]
(17111129, 5.24493035]

D,y? 1.36591 0.94879 2.72098
D, 2.445704 1.73126 3.46132
D; 2.52375 1.77043 3.53819
Ds/D,y, 1.799 1.825 1.272
Di/De 1.848 1.866 1.300

“D,y,, D, and D; are the diameter of the exact solution, symmetric interval and general interval solution, respectively.

parameters with interval ones, leads to a violation of the physics and even the exact solutions lead to a
catastrophic overestimation that does not reflect any realistic evaluation of the system response to the
introduced uncertainty. The symmetric interval approach, which accounts for symmetry in the system
matrix, treats the diagonal interval coefficients as independent ones and, consequently, leads to results
of the same nature of the general interval approach. Within the category of what we call physical
formulation, two approaches were discussed; the first assumes the same interval value of a given parameter
exists in the entire domain. Such an assumption limits the variability of parameters within the considered
domain to a constant value, and consequently it might not be considered attractive to engineering
applications that require solutions that are more realistic. The second introduced approach is the element-
by-element formulation, where the interval parameters are allowed to vary within the considered domain
including different level of variability between elements. This formulation leads to very sharp results and
to a realistic propagation of uncertainty in the system with no violation of the physics.

12.4 Interval Methods for Bounding Approximation
and Rounding Errors

12.4.1 Approximation Errors

Intervals and ranges of functions over intervals arise naturally in large number of situations [4, 7, 11].
Frequently, approximate mathematical procedures are used in place of the exact ones, using the mean
value theorem, an approximate value for the derivative of a real continuously differentiable function f
(x) for x; # x,, is

fle,)—f(x)

2 1

&= (12.47)

for some & between x, and x,. To make more than a theoretical or qualitative use of this formula, interval
arithmetic can compute or at least bound the range of f’. Another example for interval methods in
bounding approximation errors is the use of Taylor’s series. It is well known that Taylor’s series provides
a means to predict a function value at one point in terms of the function value and its derivatives at
another point. In particular, the theorem states that any smooth function can be approximated as a
polynomial in the following form

f (X )hz f<n)(xi) W+ f(*l“)(g) Wt (1248)

flr)= fle)+ [ et n! (n+1)!

oot
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where h=(x,, —x;) and & is a value of x between x; and x,,,. Once again, interval arithmetic can
determine the approximation error by computing an enclosure of (), where & ranges over the

interval [x, x,,,].

12.4.2 Rounding-off Errors

Interval arithmetic is a powerful tool to handle rounding-off errors resulting from the finite floating-
point representation of numbers on computers. Using floating-point representation, a fractional number
is expressed as

m-b° (12.49)

where m is the mantissa, b is the base of the number system used, and e is the exponent. For example, the
number 254.67 could be represented as 0.25467 X 10° in a floating-point base-10 system. This results in
the fact that there is only a finite set Ml € R of machine-representable numbers. Given any real number
x lying between two consecutive machine numbers x;, x, € M, the interval between these exactly repre-
sented numbers Ax will be proportional to the magnitude of the number x being represented. For nor-
malized floating-point numbers (the mantissa has no leading zero digit), this proportionality can be
expressed, for cases where chopping is employed, as

ax] _,

< (12.50)
| x|
and, for cases where rounding is employed, as
[ax]_e (12.51)
| x| 2
where € is referred to as the machine epsilon, which can be computed as
e=b"" (12.52)

where b is the number base and L is the number of significant digits in the mantissa (mantissa length in
bits). The inequalities in Equations 12.50 and 12.51 signify that these are error bounds. For example,
computers that use the IEEE format allow 24 bits to be used for the mantissa, which translates into about
seven significant base-10 digits of precision; that is

e=b""=10" (12.53)

with range of about 107 to 10*. However, if the number of computer words used to store floating-point
numbers is doubled, such computers can provide about 15 to 16 decimal digits of precision and a range of
approximately 103% to 1073%. Despite the provided high precision, rounding-off errors still represent a
crucial problem for achieving numerical solutions for a series of problems, such as root finding, function
evaluation, optimization, and the formulation of self-validating methods. One might argue that if computed
results, using single and double precision, agree to some number of digits, then those digits are correct.
The following example of Rump [35] shows that such an argument is not valid. The evaluated function is

F(x%y)=333.75y° + x*(11x7y> — y* —121y* —2)+5.5° +2i (12.54)
y

for x = 77617 and y = 33096. The evaluation was done on an S/370 computer. All input data is exactly
representable on the computer, so the only rounding-off error occurs during evaluation.
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Single, double, and extended precision were used, which were the equivalent of approximately 6, 17,
and 34 decimal digit arithmetic. The following values of f were obtained

Single precision: f=1.172603...
Double precision: ~ f= 1.1726039400531...
Extended precision: = 1.172603940053178...

All three results agree in the first seven decimal digits. However, they are all completely incorrect. They
do not even have the correct sign. The correct value is

f=-0.8273960599468213

with an error of at most one unit in the last digit.

Interval arithmetic represents an efficient tool to overcome such a numerical difficulty by using what
is referred to as rounding-off error control. For an interval arithmetic with floating point endpoints and
floating point operations, we need outward rounding. This can be achieved by multiplying the result by
some 1 & £ denoting the relative rounding error unit. Since the establishment of the IEEE 754 arithmetic
standard, optimal floating-point operations in a specifiable rounding mode are available. The important
rounding modes are V toward —eo, and A towards +oo.

Frequently, a processor may be switched into such a rounding mode. This means that subsequent
operations are performed in that mode until the next switch. Interval arithmetic uses the notation that
an arithmetic expression in parentheses preceded by a rounding symbol implies that all operations are
performed in floating-point in the specified rounding mode. Then for a set M of floating point numbers
(e.g., single or double precision including +eo), IEEE 754 defines

Va,be M, Yo e {+ - -/}
V(aob) =maxixe M:x<ao b}
Alao b) =min{xe M:a0b<x} (12.55)

Thus, rounding is correct and best possible. Note that this is true for all floating-point operands and
operations.

12.5 Future Developments of Interval Methods for Reliable
Engineering Computations

In the previous sections, interval methods have been demonstrated to be an efficient method for the
accounting of uncertainty in parameters in engineering models. Interval methods also account for
truncation errors from the computer implementation of engineering models. There is also the possibility
that intervals can be used to quantify the impact of other sources of errors in engineering models. One
such error is the discretization error associated with the generation of approximations to partial differ-
ential equations. Discretization errors have been extensively studied; early work on bounding the dis-
cretization error was reported by Aziz and Babuska [36]. Following this work, the convergence behavior
of most finite element formulations has been determined. Knowledge of the behavior of discretization
errors is key to the development of adaptive solutions strategies [37]. We believe that interval represen-
tation can be used to incorporate bounds on the solution associated with discretization of a partial
differential equation in combination with the other uncertainties identified above.

We will first illustrate this capability using the one-dimensional truss element as describe above. While
the truss element is an exact solution to the PDF when loads are restricted to the endpoints of each
element, the element is also appropriate for one-dimensional problems with arbitrary loading along the
length of the element. In this case, the finite element solution is not exact and one generates discretization
errors. Early work by Babuska and Aziz has shown that the global finite element discretization error is
bounded by the interpolation error. Thus, one needs only to examine how close the finite element shape
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functions can come in representing an exact solution to develop a priori error bounds. For example, one
can show from simple Taylor theorem calculations [38], the one-dimensional linear element described
in Section 12.3, has a discretization error of

du
— 12.56
e ( )

2
o - <™
8

Here, u" is the finite element solution, u the exact solution to the PDE, and  is the length of the element.
From the original differential equation, with uniform values of E and A, the bounds can be written.

2
I~ <"

8 | AE]

1 (12.57)

Consider the problem of a rod hanging under its own weight, (i.e., q is the weight per unit length),
the exact displacement is given by

U P
u(x)—AE(lx 2] (12.58)

On the other hand, a single element FEA model predicts

_4(k
u(x)= \E ( 5 ) (12.59)

giving a maximum error of gI*/8AE located at the center of the element. The maximum error as a
function of element size is given in Table 12.2.

As can be seen, the predicted errors and the observed errors in this problem are identical. While this
example provides insight into the potential of bounding finite element errors, it has several limitations:
the problem is one-dimensional, a uniform mesh was used, and the nature of the problem was self-
similar — inducing the same error pattern in each element independent of size. The self-similar nature
of the error in this problem avoids an important difficulty in bounding discretization errors. Most error
estimates are global. They provide bounds on measures such as the error in energy in the solution.
Application of global discretization errors to each point in the solution results in loss of sharpness in
the resulting bounds, often leading to useless results. Sharper bounds on discretization error can be
obtained from a posteriori errors [39]. Sharp bounds for the energy norm of the discretization error
have been developed by Babuska, Strouboulis, and Gangaraj [40]. They employ an iterative evaluation
of the element—residuals and provide a posteriori sharp bounds on the reliability interval in the energy
norm.

Local error bounds have been developed in terms of an additive combination of “pollution errors”
and local element residual errors. A posteriori error bounds are calculated on a small patch of elements
using local element residual errors. The pollution errors, which represent sources of error outside the
small patch of elements, are added to provide sharp local error bounds [41, 42].

TABLE 12.2 Finite Element Errors for a Bar under Its Own Weight

Number of Elements Max FEA Error Location(s) Predicted Error
1 0.125 ql/EA 112 0.125 ql/EA
0.03125 gl/EA I/4 and 31/4 0.03125 gl/EA
3 0.013888 gl/EA 1/6, 1/2 and 51/6 0.013888 gl/EA
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Another method of bounding local errors is a concept of attributing all discretization errors to errors
in constitutive models [43]. In this method, the governing PDE are considered in terms of separate
equilibrium, constitutive, and continuity equations. The displacement finite element solution exactly
satisfies the continuity equation. The finite element stress field is transformed into a field that stratifies
the equilibrium equation. The changes in the stress field calculated from the FEM and a field that satisfies
equilibrium are accommodated by a perturbed constitutive equation. This results in an exact solution
to a perturbed problem. All discretization errors are represented by interval bounds on material param-
eters. In some respects, this method is the inverse problem of IFEM presented in Section 12.3.2.

12.6 Conclusions

Reliable engineering computing is perhaps the only way to ensure a guaranteed solution for engineering
problems. A guaranteed solution can be achieved only if all sources of errors and uncertainty are properly
accounted for. Errors and uncertainty can be bounded using the concept of interval representation and
interval numbers.

Five major frameworks that use interval-based representation of uncertainty have been discussed
in this chapter, namely: imprecise probability, possibility theory, the Dempster-Shafer theory of
evidence, fuzzy set theory, and convex set modeling. Interval methods for predicting system response
under uncertainty were introduced. Sensitivity analysis using intervals has been illustrated; the
formulation of Interval Finite Element Method (IFEM) has been discussed, with a focus on depen-
dency problems using Element-By-Element approach. Interval methods for bounding approximation
and rounding errors have been introduced. Despite the availability of high-precision computers,
rounding-off errors still represent a crucial problem for achieving numerical solutions for a series of
problems, such as root finding, function evaluation, optimization, and the formulation of self-
validating methods. Intervals show superiority in handling rounding-off errors. There is also the
possibility that intervals can be used to quantify the impact of other sources of errors in engineering
models. One such error is the discretization errors associated with the generation of approximations
to partial differential equations.

Interval representation allows the characterization of uncertainties in model parameters and errors in
floating-point representations in digital computers, as well as the potential for representing errors from
the discretization of engineering models. This common representation allows for all sources of errors
and uncertainty to be represented in a consistent manner. Reliable engineering computations require all
sources of uncertainty to be quantified and incorporated into the calculated solutions. Using interval
representation may be the only way to accomplish this goal.
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Appendix 12.1 Interval Arithmetic Operations

The main arithmetic operations — addition, subtraction, multiplication, and division — are defined as
follows [4]:

Suppose that we have the interval numbers: x=[a,b], y=[c,d].

1. Addition:

x+y=la+c¢b+d]
2. Subtraction:

x—y=la—-d,b—(]

3. Multiplication: (xX y)

ifc20andd>0 ifc<0<d ifc<0andd<0

(1) (2) (3) (4)
ifa>0andb>0 lac, bd] [be, bd) [be, ad]
ifa<0<b [ad, bd] [min(ad, bc), max(ac, bd)] [be, ac)
ifa<0and b<0 lad, bc] lad, ac] [bd, ac]

4. Division: (x/y)
ifc>0andd>0 ifc<O0andd<0
1) (2) (3)

ifa>20and b>0 la/d, blc] [b/d, alc]

ifa<0<b lalc, blc] [b/d, ald]

ifa<0and b<0 lalc, bld] [blc, ald]
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On the other hand, only some of the algebraic laws valid for real numbers remain valid for intervals;
other laws only hold in a weaker form. The following laws hold for intervals x,y, and z:

1. Commutativity:

X+y=y+x
XXy=yXx

2. Associativity:

(x+y)tz=x+(yxz)
(xxXy)xz=x+(yxz)

3. Neutral elements:

x+0=0+x=x, IXx=xX1=x,
x—y=x+(=p)=—y+x, xly=xxy'=y"'xx
“x=y)=y-x  xx(=y)=(=x)xy=—(xxy),
x—(yt)+(x—y)Fz, (x)(-y)=xXy.

and the following laws represent weak forms of several laws from the real arithmetic:

1. Subdistributivity:
xxX(yrz)cxXytxaxxz, (xty)XzcxXztyxz

2. Subcancellation:.

x—ycx+2)-(y+2), xlyc(xxz)/(yxz)

0ex—x, lex/x
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13.1 Introduction

Expert knowledge is technical information provided by qualified people responding to formal elicitation
questions that address complex, often under-characterized technical problems or phenomena [1]. Expres-
sions of expert knowledge are of interest to scholars in a wide range of fields: economics, medicine and
epidemiology, computational sciences, risk and reliability assessments, engineering, statistics, and others.
In its formal expression, expert knowledge is most frequently associated with expert judgment, often a
significant data source for mathematical and scientific models that attempt to predict or characterize
complex, highly uncertain, and rare phenomena—for example, the probability of a nuclear reactor core
melt accident. Informally expressed, however, expert knowledge is always a major factor in scientific

Copyright 2005 by CRC PressLLC



research. This form of expert knowledge, which in this chapter is referred to as expertise, is articulated
in the decisions that scientists and engineers make in selecting phenomena for study, identifying appro-
priate data sources, designing experiments, and choosing computational models. In short, expert knowl-
edge is never absent from any research process, regardless of how formally it is elicited or expressed.

As such, expert knowledge — whether in the form of expert judgment or as expertise—is a valuable and
often untapped source of information for analysts attempting to model complex phenomena. This is
particularly true when the analyst is not a “native” speaker of the scientific or engineering community in
which he or she is working, which is often the case for statisticians and other consulting analysts. However,
formally eliciting, representing, and documenting the conceptual models and judgments that experts use
in solving complex technical problems can benefit most analyses, particularly when the phenomenon under
study is complex, poorly characterized, multidisciplinary, and involves multiple researchers and research
sites— a description that can be applied to an increasing number of engineering projects.

Reliability is defined as the probability or likelihood that a system or product will perform its intended
functions within specifications for a specified time. While traditional reliability is strictly defined as a
probability, we will allow a more general definition such that other mathematical theories of uncertainty
(e.g., possibility theory) could be implemented. As in past efforts [1], the goal of this chapter is to provide
a brief but practical overview for researchers who are considering the use of expert knowledge in their
reliability analyses. As we discuss below, we have incorporated expert knowledge in evaluating the
reliability and performance of complex physical systems, as well as problems related to product manu-
facturing. These problems are comprised of both parts and processes: missiles in ballistic missile defense,
concept designs for automotive systems, aging processes in nuclear weapons, and high cycle fatigue in
turbine jet engines.

This chapter draws from our experience as well as from the enormous body of literature concerning
the elicitation, documentation, and use of expert knowledge. We present a philosophy and a set of
methods for the elicitation of expert knowledge, emphasizing the importance of understanding the
“native” conceptual structures that experts use to solve problems and the merging of these methods with
the analysis or use of this knowledge in solving complex problems where test or observational data is
sparse. The elicitation techniques described herein are derived from ethnography and knowledge repre-
sentation. They provide guidance for the elicitation and documentation of expert knowledge, as well as
for merging information in analyses that involve uncertainty representation using probabilistic or General
Information Theories (GITs). (See also Chapter 9 by Joslyn and Booker.)

Section 13.2 of this chapter describes the main definitions and processes involved in knowledge
acquisition: identification of an adviser-expert, problem definition, elicitation techniques, representa-
tional forms, and model development. These stages typically do not take place in a sequential fashion.
Rather, the knowledge acquisition process is iterative, with the analyst’s questions becoming more sophis-
ticated as his or her understanding of the problem and the domain increases, and the model itself
emerging and being refined throughout.

Section 13.3 discusses expert judgment elicitation, including identification of experts, the development
of tools, issues of biases and heuristics, and the documentation and refining of expert assessment. The
reader will find that we treat expert judgment elicitation as an extension of the knowledge acquisition
(KA) process. We find that expert assessments are best gathered by analysts who have built a working
fluency with both the domain and the specific problem under study. Again, the process of eliciting expert
judgment is iterative, often bringing about changes in the model structure well after the KA process
appears to be complete. We also present an expert-oriented approach [2-5] for eliciting and refining
expert assessments.

Section 13.4 focuses on analysis, primarily based on statistical methods, for handling expert judgment.
Of particular importance is the expression of uncertainty associated with expert information. Also
important is aggregation of expert judgment, which can be problematic when multiple experts give
varying opinions or estimates. Moreover, the analyst must be able to combine expert opinion with other
forms of data, such as experimental results, computer model outputs, historical performance and reli-
ability data, and other available information sources.
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We remind the reader that the field of expert knowledge elicitation, representation, and use is extensive,
multidisciplinary, and constantly developing and changing. Throughout the chapter, we discuss some of
the newer work in this area, including techniques for teaching experts to perform self-elicitation, knowl-
edge reuse, conceptualization of knowledge, and knowledge management. Although this chapter attempts
to cover many of the critical issues in the elicitation, representation, quantification, and aggregation of
expert judgment, the reader is encouraged to treat it as a starting point for developing an expert elicitation
approach to reliability problems. Suggestions for further reading are provided throughout.

13.2 Definitions and Processes in Knowledge Acquisition

13.2.1 Expert Knowledge Approach: Philosophy, Definitions,
Roles, and Stages

13.2.1.1 Philosophy of Local Knowledge

As humans interact with the world in our daily lives, we must make sense of an unrelenting deluge of
sensory input: tastes, smells, feelings, written information, the spoken word, nonverbal cues, events, and
experiences. Humans are very adept at acquiring, structuring, and applying very large amounts of
heterogeneous information in relation to complex and emerging problem situations [6]. Experts in
cognitive psychology and artificial intelligence have posited that the human brain processes and applies
this deluge of information using mental models, or representational abstractions, that simplify reality
into a set of phenomenological categories. In the context of a design team or a research project, these
categories enable people to organize and structure emergent knowledge and shared cognitive activities
so that they can make appropriate judgments and decisions when approaching complex problems.

Documenting these conceptual structures, and using them to provide guidance in quantitative model
development and in the elicitation of expert judgment, constitute the core activities in an expert knowl-
edge approach. Even when expert judgment elicitation is not an explicit goal in the project, cognitive
models can still provide the analyst with a great deal of information about structuring and modeling a
complex decision area. However, despite the fact that conceptual models play an important role in
enabling the integration of communally held knowledge, most communities do not bother to represent
these models explicitly. Instead, they tend to take their problem-solving process for granted, as something
that newcomers just “learn” through working with more experienced experts. Moreover, cognitive models
are locally contingent; that is, the form they take depends on the social context in which activity takes
place and the objects around which the community is focused. Hence, these models are constantly being
redefined as the community’s problem-solving process evolves.

The core problem of knowledge elicitation, then, is to develop explicit representations that capture the
tacit, shared conceptual models that structure a community’s approach to a problem at a particular point
in time. Because this process involves transforming the tacit into something explicit, these representations
can themselves impact the problem-solving process, insofar as they establish a focal point around which
individuals can discuss and debate the problem. Moreover, the process of building these representations
and eliciting formal expressions of expert judgment is necessarily collaborative. The analyst often becomes
a full member of the research team, and when this occurs, the model she or he develops can impact how
community members engage with each other, with their data, and with new problems.

13.2.1.2 Knowledge Concepts
In this chapter we refer to the following important knowledge concepts and definitions:
+ Domains are bounded areas of human cognitive activity that are constituted by a mixture of real-
world referents (i.e., an object such as a missile motor or a fuel injection system) and the experts’

cognitive structures (i.e., the conceptual models that an expert uses when engaging in the problem
of designing a fuel injection system) [7].
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+ The social locus of the domain is the community of practice: a group of people who organize
their problem-solving activity in pursuit of a shared goal or interest. Communities of practice
can be synonymous with an institution, although they can also be located across one or more
institutions —for example, a long-established research team composed of contractors from two
or more corporations [8—11].

* Problems are epistemic challenges through which communities of practice identify limits to domain
knowledge. In the realm of reliability, these problems are technical in nature, relating to the perfor-
mance of a product or system, or its domain. They are critical for the survival of the community as
well as the domain, insofar as they provide points of focus for shared human activity. As communities
of practice resolve domain-related problems, they extend the skills, understandings, tools, and prod-
ucts that define the domain—and often identify new problems in the process. That is, domains are
living entities whose boundaries and focus areas are constantly redefined as individuals within
communities of practice engage in the activity of defining and solving problems [8].

* Example: Aeronautical engineering is a large knowledge domain instantiated in multiple commu-
nities of practice, including government (e.g., FAA, Navy, Air Force), academic (e.g., aerospace
engineering departments), and industrial research and production facilities (e.g., engine compa-
nies). Individuals within and across these communities of practice identify problems in aeronau-
tical engineering, such as high-cycle fatigue (HCF) in turbine engines. The epistemic challenge
arises from the lack of first principles knowledge about HCEF, insofar as HCF is not simply an
extrapolation of the better known low-cycle fatigue. The process of studying high-cycle fatigue
will generate new tools for handling the epistemic uncertainties, techniques for comparing com-
putational models to experiments, and understandings for the engineers involved, thereby extend-
ing the domain of aeronautical engineering into areas such as computation, statistics, information
theory, materials science, structural dynamics, and expert elicitation, to name a few.

13.2.1.3 Roles

An expert knowledge problem exists within a community of practice, so it is critical to understand how
experts “operationalize” key domain concepts in solving problems. This information is then used to structure
the statistical analysis or engineering modeling. Collaborators will take on the following important roles:

* Analyst. An individual or a team of individuals working to develop a model to support decision
making. For readers of this chapter, this model will most likely estimate system reliability. In our
experience, the team of analysts consists of a knowledge modeler and one or more statisticians.
The knowledge modeler, usually a social scientist, elicits expert knowledge and expert judgment,
creates appropriate representations, and develops a qualitative model framework for the problem.
The statisticians perform the bulk of the quantitative work, including quantifying the model
framework as well as data aggregation and analysis.

+ Adviser-expert. The analysis team collaborates closely with one or two members of the community
of practice. These “native” collaborators are referred to as adviser-experts. Such individuals should
be well-established members of the community. They will act as guides and hosts, providing access
to experts as well as data and information sources. This role is described in greater detail below [1].

+ Decision maker. The adviser-expert may also be the decision maker: the individual who requires
the output from the analysis to support a course of action, for example, allocating test resources,
making design decisions, timing release of a product.

+ Experts. Finally, the adviser-expert and the analyst will work closely with the experts: individuals
within the community who own pieces or areas of the problem and who have substantial expe-
rience working in the domain. Depending on the domain, the analyst may consider requesting
assistance from experts who are not directly involved in the problem, and even experts who are
not immediate members of the community under study. For example, estimating nuclear reactor
reliability is a process that often draws on experts from throughout the nuclear energy community,
and not just those at a specific plant.
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13.2.1.4 Stages in the Approach: An Overview

The decision to use an expert knowledge approach cannot be made on-the-fly or taken lightly. Because
the elicitation process must be developed in conjunction with other elements of the analysis, the decision
to elicit and use expert judgment in any analysis must be made early in the project timeline, well before
the model structure has been chosen and developed. Experts must be courted and trained; questions
developed and refined; representation, documentation, and storage techniques and tools developed; the
model structure and the data vetted by the experts; in addition to any sensitivity and “what-if” analyses.
If the process seems time consuming and labor intensive, it is—but it also opens the door to complex
and exciting problems that might otherwise seem intractable.
Briefly, the stages in an expert knowledge problem approach include the following:

Problem identification. Can this problem benefit from an expert knowledge approach?

Problem definition. What is the community trying to achieve? How will the reliability analysis
support those goals? How will the project be executed?

+ Model development. What are the core concepts that structure this problem? How are they related
to each other? What class of quantitative models best fits the problem as currently structured?

.

Expert judgment elicitation. Is expert judgment a viable data source for this problem? What is
the best way to elicit expert judgment in a given community?

Analysis of expert judgment. What are the uncertainties associated with judgments? How can
judgments from multiple experts be combined?

Information integration and analysis. What additional data sources can be used to characterize this
problem? What can the populated model tell us about the system?

Each stage in the approach calls for a particular set of methods. Generally speaking, problem identi-
fication, definition, and model development are exploratory efforts that rely at first on open-ended,
relatively unstructured interview questions. As the model coheres, the methods become increasingly more
structured and quantitative. We provide examples of questions and tools for each stage below.

13.2.2 Problem Identification: Deciding When to Use an Expert
Knowledge Approach

The problem identification stage is typically characterized by survey conversations between the analyst,
one or more decision makers who are interested in pursuing a collaboration, and perhaps one or more
members of the engineering design team.

Example: The analyst meets with a section leader in a large automotive parts corporation. The section
leader is concerned about high warranty costs the company has recently incurred on some of its products
and wants to develop a way to reduce those costs.

13.2.2.1 Criteria for an Expert Elicitation Approach

Not all problems call for a full-scale expert knowledge approach, which requires a great deal of time and
forethought. Indeed, some reliability problems require minimal elicitation of expert knowledge for
defining the problem and corresponding structure. If the product to be analyzed has a straightforward
reliability structure for its parts and processes, and there is a great deal of available and easily accessible
data, then a formal elicitation for expert judgments may be unnecessary.

Example: The reliability of a well-established product, such as an automobile fuel injector, quite
naturally lends itself to standard model and representation techniques. An experienced fuel injector design
team may be able to construct a reliability block diagram for their system in a relatively short time. The
diagram can then be populated with test data and a classic model for reliability, such as the Weibull [12],
can propagate part and process reliabilities in each block to get an estimate for the entire system.

However, neatly defined problems with easily available data are increasingly rare as multidisciplinary
project teams become the norm in science and engineering. Moreover, we have seen an increasing demand
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for predictive analyses to support decision making in experimental and design engineering projects.
Predictive analyses are those that estimate system reliability before designs are finalized and tests are
performed. Such analyses are particularly useful in design projects where the data is sparse, difficult to
access, only indirectly related to the system being designed, or nonexistent. For problems like these, a
standard model such as a reliability block diagram might be an inadequate representation of the problem
space. Even trickier are complex technical problems where one subsection of the problem is cleanly
defined and well characterized, but the larger problem itself is less neat.
Complex problems tend to have one or more of the following characteristics:

+ A poorly defined or understood system or process, such as high cycle fatigue effects on a turbine
engine

+ A process characterized by multiple exogenous factors whose contributions are not fully under-
stood, such as properties of exotic materials

+ Any engineered system in the very early stages of design, such as a new concept design for a fuel cell

+ Any system, process, or problem that involves experts from different disciplinary backgrounds,
who work in different geographical locations, and whose problem-solving tools vary widely, such
as the reliability of a manned mission to Mars

+ Any problem that brings together new groups of experts in novel configurations for its solution,
such as detection of biological agents in war

Any time that multiple experts are involved, their conceptualizations of the problems can differ widely,
depending on the tools they possess, their training, and the community of practice to which they belong. A
unified model of an emergent problem, then, can be a difficult thing to develop. Moreover, complex problem
domains often have tight timelines—for example, when issues of public or consumer safety are involved.

Even a well-understood fuel injector can carry a high degree of complexity. Although the system’s
parts may be well defined, its operation relies on a series of less clearly defined processes that impact the
injector’s functioning and hence its reliability. The assembly process and associated quality control and
inspection regimes can impact the system’s performance. Moreover, as the system is operating, physical
processes such as forces, chemical reactions, thermodynamics, and stresses will affect its reliability.

In the past, processes have often been ignored in estimating reliability because they are difficult to
specify and incorporate into the problem structure, much less populate with data. In cases where processes
contribute significantly to system reliability, an expert elicitation methodology can specify important
processes and provide guidance for locating them in the problem structure. These areas can then be
populated with expert judgment and other available data sources. Chapter 30 by Griffiths and Tschopp
identifies a likely situation where the methods presented in Chapter 13 for eliciting expert judgment can
help engineers construct probability distributions for engine excitation variation.

13.2.3 Problem Definition

Once a problem has been identified as one that might benefit from an expert knowledge approach, the
next stage is problem definition. During this stage, the analyst works with the community to identify an
analytical approach that will support the community’s efforts in a particular problem area.

Example: A group of decision makers in the Department of Defense have identified an experimental
missile development program as one that could benefit from a predictive reliability analysis. Before the
analysis can proceed, the analyst must make contacts with the design team so that he or she can understand
how to align the statistical analysis with the design team’s goals.

13.2.3.1 Identifying the Adviser-Expert

Developing an expert knowledge approach requires a productive rapport with one or more subject matter
experts who can serve as hosts, advisers, and points of entree into the community for the analyst. Therefore,
the first and perhaps most important stage in defining the problem is the identification of an adviser-expert:
a domain native who can act as a guide to the problem as well as the experts, the sources of information,
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and data related to the issues under study. Sometimes, the decision maker also plays the adviser-expert role,
particularly in smaller corporate or industrial settings. In larger bureaucracies or corporations, the decision
maker advocating the analysis may not be a member of the design team. In such cases, the decision maker
must suggest one or more candidates within the design team to act as adviser-experts.

There are qualifications for a good adviser-expert, the most important of which is a strong motivation
to support the analyst in the elicitation project. A good adviser-expert understands the relationship
between the analysis and the problem-solving goals of the community of practice. She or he values the
analyst’s contributions and is willing to devote time and effort to answering the analyst’s questions,
assisting the analyst in tool development, locating data sources, reviewing model structure and question
formation, identifying reputable experts, and cultivating the community’s support for the project. Low
motivation on the part of the adviser-expert can make the elicitation process difficult, even impossible.

Experience is another important qualification for the adviser-expert. Because she or he will serve as
the analyst’s guide to the domain, the adviser-expert must have broad, but not necessarily deep, familiarity
with the problem at hand. It goes without saying that a novice will probably not make a good adviser-
expert. Rather, the adviser-expert should have a “journeyman’s” level of experience within the domain
[13]. Ideally, an adviser-expert has been a member of the community for roughly a decade, has direct
experience working with problems of the type under study, is well acquainted with the experts assigned
to the problem, understands how tasks are distributed among different experts (the social organization
of activity), and is respected by other members of the community.

13.2.3.2 Defining a Collaborative Strategy

The first task for the analyst and the adviser-expert is to define the nature and the boundaries of the
problem to be addressed. It is important at this stage to differentiate between the goals of the community
and the decision maker, on one hand, and the goals of the analysis. For example, a group of engineers
working on a new design for a missile might list goals related to the system’s reliability and performance:
ease of ignition, accuracy of guidance systems, burn time, fuel efficiency, shelf life. The goal of the analysis
might be development of a predictive model that enables the engineers to draw on past design experiences
to support decision making and resource allocation during the process of designing the new missile. The
analyst’s goals should be shaped by the community’s objectives, so that the two are closely coupled.
Below we offer some questions that we typically use in the problem definition and success/failure
stages of elicitation. In Figure 13.1, note that these questions are open-ended interview questions that

PROBLEM DEFINITION QUESTIONS

o What kind of system/process is being developed? How is this similar to past
projects? What is this system/process designed to do?

e Who are the customers for this project?

e Who will judge this project’s outcomes? What will they use to judge those
outcomes?

o What are the motivations in the community for a successful problem outcome
(e.g., cash bonus, patent opportunity)?

* Where is this project being conducted? (Single or multiple locations) How many
different groups of experts are involved in this project?

e What is the timeline for completing this problem? (Include all milestones.)
What constraints does this group face in working this problem (time,
financial, human)?

o What is the complexity of the problem space? What parameters must be
directly estimated/assessed by the experts? Do the experts have experience
with these parameters?

¢ Do data sources exist? How accessible are existing data sources?

e How much time will people in the organization be willing to devote to this
project?

FIGURE 13.1 Sample problem definition questions.
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allow the adviser-expert to direct the conversation. At this stage, it is important for the analyst to learn
as much as possible from the adviser-expert without making assumptions that could limit the analyst’s
problem and domain understanding.

Problem definition is not always a straightforward task. If the problem is newly identified or resists
definition (we have found this to be the case for many nuclear weapons problems), it is possible that
none of the experts will be able to articulate more than a few high-level goals. In this case, it is also likely
that the problem definition will change as the project’s outlines become clearer. For this reason, we
strongly recommend the analyst and the adviser-expert carefully document their problem definition
discussions and revisit the topic frequently to assess how changes in the community’s problem might
impact the goals of the analysis.

13.2.4 Eliciting Expertise for Model Development

The elicitation of expertise and the development of a knowledge model marks the beginning of intensive
problem-focused work on the part of the analyst. During this phase, the analyst will focus on developing
a qualitative map of the problem area to guide inquiry in subsequent stages of the analysis.

Example: Two design teams in a large aeronautical engineering company are collaborating with a team
consisting of one social scientist and two statisticians to develop an expert knowledge approach for
making design modifications in their jet engines. Although the engineers share a great deal of information,
neither design team is overly familiar with the others’ work processes because one team has a parts-
oriented design focus, while the other has a manufacturing-oriented design focus. However, the statis-
ticians require a unified representation of the problem, as well as some understanding of the processes
the teams use to generate and interpret data. It is also a beneficial learning experience for the two teams
with different orientations to learn how the other team views the problem.

13.2.4.1 What Is a Knowledge Model?

A knowledge model is a type of knowledge representation designed to capture the key concepts and
relationships that make up the community’s conceptualization of the problem. As defined by Davis,
Schrobe, and Slzolovits [14], a knowledge representation is a formally specified medium of human expres-
sion that uses symbols to represent a real-world domain. A knowledge representation captures all the
categories within a domain, as well as the relationships that define their behavior and interactions, and
expresses these in a computationally efficient format. In other words, a representation is a mediating tool
that bridges the gap between the as-experienced, real-world domain and a computed version of that
domain. In computer science, formally specified knowledge representations play a critical role in the
development of databases, query languages, and other common applications. Knowledge representations
can also be very useful in developing and specifying statistical models, particularly when the problem
under study is very complicated.

Developing a knowledge model is not the same enterprise as developing a statistical model for quan-
titative analysis, although it provides a foundation for later statistical work. Instead, the knowledge model
provides a way to ensure that the primary concepts that comprise the problem space are mapped and
documented in a way that all parties involved in the project can come to agreement on what the primary
focus areas are, how best to address them, what analytical techniques will be most appropriate, and where
to collect data and information [15]. Indeed, developing the knowledge model can be seen as a further
iteration of problem definition, albeit a much more detailed one.

The purpose of developing a knowledge model for problem definition is to find out how the community
of practice works for solving a problem such as the design of a system or product. The graphical
representation should represent the community’s knowledge about areas critical to development of a
formal model, including the following:

+ What level of granularity (detail, resolution) is appropriate for the model?
+ Who is responsible for what areas of work?
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+ Where do data sources exist?
+ How do parts in the system relate to produce functions?
+ What is the design process?

+ How does information flow through the organization?

Developing a knowledge model requires the elicitation of expertise. Expertise consists of the information,
practices, and background experience that qualified individuals carry to new problems—the implicit ways
experts think, make decisions, and solve problems within their community of practice. Expertise is context
dependent. It is the distinctive manner and ways that members of a technical community act, make things,
perform tasks, and interpret their experience. In other words, expertise is the form of explicit and implicit
knowledge that enables expert communities to combine data and information during their problem-solving
process. Properly documented, expertise can provide valuable input into model development.

The elicitation and formal representation of expertise has been a key element of software engineering
and development since the 1950s. The field of knowledge acquisition (KA) emerged as researchers in
artificial intelligence and expert systems attempted to elicit and capture experts’ problem-solving pro-
cesses and model them in software applications, such as expert systems. As researchers in these fields
quickly realized, the task of eliciting expert knowledge was far more difficult than originally anticipated:
experts have a difficult time consciously articulating skills and thought processes that have become
automatic. Moreover, many of the bias issues that plague the elicitation of expert judgment can also affect
the elicitation of expertise (see discussion below).

Because of these challenges, experts in the field of knowledge acquisition have developed an extensive
portfolio of approaches to the elicitation of expert knowledge. In this chapter we provide a general outline
of the process below with an emphasis on open-ended and semistructured interview techniques, since
this approach can be used with success in most settings. There is an extensive suite of elicitation tools
and representational techniques available for capturing expert knowledge. This suite includes methods
from fields as diverse as knowledge acquisition and artificial intelligence, statistics, risk analysis, decision
analysis, human communication, cognitive science, anthropology and sociology, and other disciplines
that study human learning and knowing. Ultimately, the selection of methods is the decision of the
analyst, who can draw on many well-established knowledge elicitation techniques (for comprehensive
reviews of elicitation techniques, see especially [1, 13, 16]).

13.2.4.2 Process for Eliciting Expertise

The elicitation and representation of expertise is a qualitative, iterative process involving background
research on the part of the analyst, and the development of open-ended and semistructured interview
schedules. One outcome of the elicitation process is a set of graphical representations that capture the
important elements of the knowledge domain (see below). However, the real benefit of the knowledge
elicitation process is the opportunity it provides for the analyst and the consulted experts to arrive at an
explicit and common understanding of the problem structure and key elements. Briefly, the stages for
eliciting expert knowledge include the following:

+ Identify key areas and points of contact within the project.
+ Gather background materials for project areas.
+ Conduct open-ended interviews with experts.

+ Develop graphical representations of experts’ domain.

As with all elicitation, the analyst should rely on the adviser-expert’s assistance in selecting and
arranging interviews with experts on the project. A useful tool is to begin with a simple graphical map,
similar to an organization chart, that delineates which engineering teams are responsible for what areas
of the project. (Note that organizational charts often do not capture project-specific information.) Within
each sub-field, the analyst and the adviser-expert should work together to identify points of contact who
will provide information and assist in arranging meetings and interviews with specific engineering
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SAMPLE QUESTIONS FOR DEVELOPING A KNOWLEDGE MODEL:
A Missile System Example

¢ If you had to divide this missile into major subsections or components, what would those be?

* Provide a list of clear, measurable goals for missile performance. What are the relative
states of success and failure for this system?

e Who are the major groups working on this missile? Are these groups congruous with the
missile subsections? Or are they organized differently?

¢ What information is required to begin the design process in each group?

¢ Where does that information come from? To whom does it flow?

¢ How do individual engineers use background information in the design process?

e How is the system assembled? Where? In what order?

e At what level does testing take place (material, component, subsystem)? What kind of data
do different tests generate?

* How do you convince yourselves that a part, subsystem, material will work?

* How do you generate appropriate levels of physical processes (temperature, vibration, shock)
for your test process?

FIGURE 13.2 Sample questions for a knowledge model.

experts. Before conducting interviews with the experts, the analyst works with the adviser-expert to learn
the basic elements of the problem at hand. Background study is important because, as with all human
knowledge, expertise is context dependent and its elicitation requires some familiarity with the commu-
nity of practice. The adviser-expert can provide the analyst with written material about the project,
including statements of work, engineering drawings, project management diagrams, organizational
charts, material from presentations, internal reports, journal articles, and other written descriptions of
the problem, which would include local jargon and terminology. The analyst should study this material
to familiarize herself or himself with the domain before developing questions and interviewing the
experts. The adviser-expert’s role during this time is to support the analyst’s learning process and to assist
in the development of appropriately worded questions for the experts. Figure 13.2 provides a set of sample
questions used in defining the knowledge domain for a missile system.

Once the analyst and adviser-expert have developed a schedule, identified points of contact, and
practiced conducting interviews for eliciting the problem structure from the experts, the elicitation
process of problem definition can begin. The expert-advisor’s role as a conduit into the experts’ com-
munity comes into play at this time, providing motivation for the experts to participate in the elicitation.

It is particularly important at this stage to define the appropriate level of detail or granularity for the
problem, which must be related to the goals that are defined for the analysis. For example, a decision
maker may only need a rough comparison of a new design to the old to answer the question, “Is the new
one at least as good as the old one?” For a problem like this, it may not be necessary to structure the
two systems down to the smallest level of physical quantities to make this determination. Also, the extent
of information availability (including data and experts) can dictate how levels of detail are identified and
chosen for inclusion in the model. If knowledge is completely lacking at a sub-component level, the
problem may be defined and structured at the component level. Different levels of focus are possible
within a problem; however, very complex structures pose information integration difficulties when
combining all levels for the full system analysis.

During the initial phases of knowledge elicitation, the answers provided by the experts may generate
further questions for the analyst. Documentation can be done in the form of simple star-graphs, which
can leverage the emergence of more formal knowledge representations (see below).

13.2.4.3 Knowledge Representation Techniques for Modeling Expertise

Although computer scientists use formal logic to develop knowledge representations, simple node-and-
arc models provide a tractable way to represent expert knowledge. Because most people find it easy to
understand nodes, arcs, and arrows, graphical representations of complex relationships can be used to
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FIGURE 13.3 Reliability block diagram of a simple system.

mediate the negotiation of model structure across communities of experts. Indeed, engineers often
communicate with each other using graphical representations and models of their systems, and graphical
models are quite common in the field of reliability analysis.

Example: A reliability block diagram uses boxes and connecting lines to represent the intricate rela-
tionships in a complex mechanical system. In Figure 13.3, the system, S, is composed of a series of three
items: subsystem, SS, component, C, and manufacturing process, P. Subsystem SS is, in turn, a series
combination of two other components, A and B.

Some problems can be easily represented in a reliability block diagram. However, others are more complex
and require representations that include more information than just parts. The elicitation of knowledge for
complex problems should aim at identifying the key concepts and relationships in the knowledge domain
and understanding the relationships that tie these concepts together. Even the most complex engineering
problems share a core set of concepts and relationships. Some of these concepts will be very easy for the
engineers to specify: component, subsystem, system may be readily available in design drawings or from tests
or vendor documentation. Entities like these, which are explicitly labeled in the community’s vocabulary,
can be far easier to elicit than entities that are more tacit. For example, functions describe what a part or
set of parts do as the system is working, but engineering communities rarely specify functions on engineering
diagrams and may even lack a formal vocabulary for referring to them. Processes are more likely part of the
manufacturing community, rather than the design community’s everyday language. Processes include the
operations required to assemble a system and monitor its quality through inspection or quality control.
However, understanding what function a set of parts performs can be critical in developing a system-wide
reliability diagram. Similarly, failure modes can be difficult to retrieve from memory.

Simple line graphs are very useful in the initial “brain dump” stages of the elicitation process, as the
analyst is working with the adviser-expert to define the problem domain and catalog all the concepts of
interest. For example, a star graph has a central node to represent the domain and an unlimited number
of arcs that radiate outward [17]. Each arc is connected to one of the domain’s concepts. Elicitation at
this stage is very open-ended: the analyst provides the expert with the concept under study and simply
asks the expert to describe it. For example, if the domain under study is high cycle fatigue, a basic star
graph that describes the domain might look like Figure 13.4.

Initially, none of the outer nodes are grouped into higher-order categories, nor do additional edges
display connections among the outer nodes. Further specifications of the star graph, however, will bring
the domain structure into clearer focus. For example, in Figure 13.5, the nodes labeled blade disk and
airfoil might be grouped into a larger category called “parts,” while rotational load, bending, torsion, and
vibration can be grouped into a category “stress.”
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FIGURE 13.4 Star graph for high cycle fatigue.

As the graphical representation is further developed in Figure 13.6, a relationship between the cate-
gories “Parts” and “Stress” in the domain “High Cycle Fatigue” can be formed.

A categorical relationship like that specified above can be developed for all areas of the knowledge
domain, and will form the structure for the knowledge model. This model, also known as an ontology
in the field of knowledge representation, displays the basic categories in a domain and the relationships
among them. Figure 13.7 is an example of an ontology for a missile system. Note that the lowest level
of granularity is “Parts,” which are ultimately related to “Events” through “Functions.”

As the analyst works through the problem area, the ontology is used to structure later queries that
specify instances of each category. For example, the analyst can use the categories to develop a list of all
parts, the types of stresses to which they are vulnerable, and potential failure states related to those
stresses. Other categories that emerge during the elicitation period, such as “Test” and “Data,” can also

*STRESS* *PARTS*

FIGURE 13.5 Grouped representation.
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FIGURE 13.6 Fundamental relationship representation.

be represented formally and used to structure further inquiry. The analyst can use these categories to
develop a better understanding of how different test processes and data sources are used within the
community to generate confidence that parts will not fail under different kinds of stress.

13.2.4.4 Success and Failure for the Problem Area

As part of the knowledge model, it is important to elicit a clear set of definitions for performance— “success”
and “failure” of the design team’s problem or project, and to have these definitions expressed in terms of
clear, discrete, measurable goals. This information, in turn, will guide the analyst in developing an appropriate
suite of methods for the consultation and may provide guidance as to what the analysis will be predicting.
One tool that we have found very helpful in doing so is a simple stoplight diagram: a horizontal chart divided
into red, yellow, and green areas that acts as a heuristic for eliciting states of success and failure. The image
of a stoplight is commonly used in project management tools and will be familiar to many engineers.

To specify the contents of a stoplight chart, the analyst develops a blank chart and uses it as an elicitation
tool with the adviser-expert and the decision maker to identify specific, measurable goals for the project.
The event states can be described as catastrophic failure (red), imperfect performance with salvageable
outcomes (yellow), or success (green), as in Figure 13.8.

For example, in the missile development ontology, it is possible to identify all the events that the
missile designers want their system to perform. The designers can identify red, yellow, and green states
elicited for each of these events, which can then be mapped onto the chart. Later, the adviser-expert can
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FIGURE 13.7 Ontology for missile design.

Copyright 2005 by CRC PressLLC



FAILURE SUCCESS

FIGURE 13.8 Stoplight chart.

identify members of the community from whom the analyst can elicit various combinations of failures
or functions in the system that would lead to the events and each of the possible states for those events,
as described on the stoplight chart.

13.3 Model Population and Expert Judgment

13.3.1 Expert Judgment Elicitation

Eliciting problem structure from experts is usually only the first part of the elicitation process. Extracting
the specific knowledge that experts have about the various aspects of the structured problem involves
elicitation of expert judgment. We refer to knowledge gathered for this type of elicitation as populating
the structured problem or model population. Although formal quantitative expressions are often the goal
of expert judgment elicitation, the elicitation process itself is really a qualitative and inductive one, insofar
as elicitation requires the analyst to understand how experts structure the problem, how they weigh and
combine different sources of information (for example, computer models vs. experimental data) in making
decisions, and how they conceptualize uncertainty. Ideally, a great deal of this knowledge emerges from
the KA process described above, so that the analyst can develop questions and instruments that maximize
the experts problem-solving abilities.

For studies that use expert judgment to be accepted as valid, they must be conducted in a formal and
rigorous manner, with clear documentation throughout the project. In the remainder of this chapter, we
describe the methods we have used for designing, performing, and documenting expert elicitation.

13.3.1.1 What Is Expert Judgment?

In this chapter, we treat expert judgment (also referred to as expert opinion) as a very specific form of
expert knowledge. It is qualitative or quantitative information that reflects an individual’s experience,
understanding, and assessment of particular technical issues. It is perhaps best thought of as a snapshot
of the expert’s knowledge about a particular problem at a particular time [18, 19]. And as the term
implies, expert judgment refers to the subjective assessments of individuals who are recognized by their
peers as having a great deal of experience and fluency with the phenomenon under study.

Expert judgment can be viewed as a subjective probability—a quantitative statement that reflects an
individual’s degree of belief in the likelihood of a future and uncertain event, based on the knowledge
and experience that the individual holds about similar past events. Because this opinion is subjective,
and rooted in the individual’s experience within the community of practice, it is critical to elicit infor-
mation in a way that facilitates the experts’ reasoning process.

Example: Three experts are selected to provide their opinions about the reliability of a new circuit
design. The adviser-expert and the analyst work together to develop a question format that makes sense
to the individuals being consulted. The analyst has developed a set of questions that asks about failures
over the course of a year. The adviser-expert explains that engineers in this company commonly think
of failures per million hours of operation, information that the analyst uses to revise his or her questions.

We recognize the utility and advocate the use of expert judgment in research problems where data
sources are scarce or difficult to access. It can provide a valuable source of information for the analyst.
For some classes of events —never observed, one time, or very rare events, and phenomena that do not
lend themselves to convenient study—expert predictions may be the only source of data available.
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Indeed, expert opinion shares many characteristics with data: it can be quantified, its quality is affected
by the process used to gather it, and it has uncertainty that can be characterized and subsequently
analyzed. Moreover, expert opinion is always part of any analysis, whether in the form of judgments
made about appropriate data sources, model structure, or analytical techniques. Rarely are these tacit
choices fully documented (or even acknowledged); instead, they are treated as a “natural” part of the
research process. For example, model choice is a realization or form of expert judgment, as is the process
of populating the model with quantified expressions of expert estimates from judgments.

It is perhaps ironic, then, that studies that make explicit use of expert opinion as a data source are
often criticized for being too “soft.” Specifically, expert elicitation projects have lacked formality, rigor,
and documentation [19], while analysts have failed to carefully consider and document their choice of
“experts” for elicitation on a particular subject area [20]. The strongest critique, however, comes from
“human fallacy” research that details the heuristics that humans use in making judgment. Heuristics are
informal mental rules for assessing information and making predictions. These heuristics give rise to
predictable biases, which in turn lead to poor coherency and calibration of expert opinion [21].

Such difficulties are not insurmountable. In the following section, we present our philosophy of expert
judgment, as well as a set of general principles and tenets for eliciting, documenting, and refining expert
opinion. The basic principles of our approach to elicitation can be summarized with the following key
words, each described in this section:

+ Bias minimization

+ Reliance on advisor-expert
« Pilot test

+ Verbal protocol

+ Verbal probe

* Decomposition

+ Conditional information

+ Feedback

* Document

These principles are compared to the Delphi technique for eliciting knowledge from experts in
Section 13.3.2.

13.3.1.2 What to Elicit?

One of the most significant questions to consider in designing the elicitation instrument is the design of
the model. As a general rule of thumb, expert judgment must be elicited so that the expert assessments
fit with the model structure.

Example: Consider a model structure in which a Bayesian hierarchical structure of conditional prob-
abilities is used to assess the performance of a simple mechanical system. When populating such a model
with expert judgment, the analyst is interested in knowing the probability that any child variable (A) will
be in a given range of states (a,, a,,..., a,), given the possible range of states for each and all of its parent
variables (B and C). It makes little sense to elicit probabilities for the states of variable A without taking
into consideration the entire range of states for variables B and C, because the model structure specified
that the state of A is conditioned upon the states of B and C.

As noted in the example above, dependencies among aspects of the model or the structure must be
anticipated and included as part of the elicitation process. Dependencies expressed by conditional prob-
abilities can be elicited using a causal structure: If event B occurs, then event A will occur with probability
p (expressed as P(a|b) = p, where a and b are the specific values of A and B, respectively). Conditional
probabilities can also be elicited using a diagnostic structure: Given that event A has occurred, then event
B has occurred with probability p (expressed as P(b|a) = p). Bayesian networks [22] are complex structures
of such parent/child hierarchies that are connected through Bayes theorem.
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13.3.1.3 Identifying the Experts

An expert can be defined as someone recognized by his peers as having training and experience in his
technical field. In our experience, the selection of experts depends on the type of problem facing the
analyst, the novelty of the project, and the social organization of tasks in the research setting. The pool
of experts may be limited to members of the immediate research or engineering team; for example, in
projects that involve a great deal of industrial proprietary or classified information. In cases like these,
the analyst works exclusively with all the team members to elicit their expert knowledge.

However, it is often possible to work within a corporation, laboratory, or other research organization
to gain information about a system under development from individuals who are not themselves members
of the research team, but who may be familiar with one or more of its goals. For example, some
corporations have engineers whose job it is to assess the reliability of all electronic parts across programs,
and who may be able to provide some prior estimates of the reliability of prototype components being
developed within their organization. In some cases, it may even be possible to draw on experts from
outside the organization to provide an opinion that can serve as a prior for the model, although again
this is not advisable in situations where proprietary information is involved.

All this, however, begs the question of expertise: who is an expert, and what is the best way to assess
expertise? Unfortunately, there is no formal test to determine expertise, which, in any case, is problem
specific—and therefore not amenable to general assessment tools. One simple way of defining expertise
is to assess educational and professional experience: the greater the educational attainment and level of
training, the higher the level of expertise. However, some individuals may work for years in a particular
field and never be considered true experts within their peer group.

More useful are the definitions given in Hoffman et al. [13]. They draw on the terminology of medieval
European guilds to develop a typology of expertise, ranging from naivette— one who is totally ignorant
of a domain’s existence — to master, which they define as an expert whose judgments “set regulations,
standards or ideals” for the rest of the community. Between these two extremes lie several intermediate
stages where most individuals will reside: initiate, apprentice, journeyman, and expert. The last two —
journeyman and expert—are excellent candidates for elicitation because they are members of the
community who have achieved an acceptable level of competence so that their peers are comfortable
allowing them to work without supervision. More specifically, an expert is one who is called upon to
address “tough” cases [13].

Ayyub [23] offers another useful way to think about expertise; an expert, he argues, is an individual
who is conscious of ignorance, one who realizes areas of deficiency in her or his own knowledge or that
of the community, and strives to amend those gaps. On the other hand, naivettes, initiates, and apprentices
tend to be unfamiliar with the knowledge domain and cannot therefore recognize areas of epistemological
deficiency. They often solve problems from first principles rather than draw creatively on experience,
simply because they lack the domain familiarity of a journeyman, expert, or master.

It is also acceptable to rely on the peer group’s opinion. One excellent method is to interview project
participants to discover which members of the organization are most frequently tapped for assistance in
solving difficult technical problems. Oftentimes, novice or journeyman individuals are excellent sources
of information about expertise within an organization because they are often paired with more senior
people in mentoring relationships and can identify which individuals are most helpful with difficult
problems.

It is also possible to use the ontology to break the problem itself down into a set of subject areas. For
example, a missile system might be broken into power subsystems, pneumatic subsystems, software, and
other areas. After identifying subject matter experts, the analyst and the adviser-expert can use Hoffman
et al’s typology or a similar tool to identify journeyman-, expert-, and master-level individuals within
each topical area. Another alternative is to work with the adviser-expert to determine which individuals
are known for making progress on particularly challenging or novel problems —this being a marker of
“conscious ignorance” and hence expertise. We have found that it is less helpful to ask individuals to rate
their own level of expertise, as they frequently tend to downplay or underrate themselves. However, this
is another option for the analyst.
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No matter what method the analyst chooses in selecting experts for expertise and judgment elicitation,
we emphasize again the importance of documenting the rationale and method for doing so. Because
expert knowledge projects are often loosely documented, informal, and implicit, they are often criticized
for being “soft” or “biased.” Careful choice and documentation of the project’s methods, rationale, and
progress is important throughout, but may become extremely so once the analysis is complete.

13.3.1.4 Single or Multiple Experts?

One of the first considerations in any project is whether to elicit information from single or multiple
experts. Statistical sampling theory implies that a greater amount of information can lead to a better
understanding of the problem, with corresponding reductions in uncertainty. We are not suggesting that
a certain number of experts can represent a statistically valid sample for making inferences about the
unknown underlying population. However, logic says that consulting more experts will provide a more
diverse perspective on the current state of knowledge.

There are other good reasons to consult multiple experts. While this approach can pose problems of
motivational bias, it does seem to have some advantage in minimizing cognitive bias (see discussion in
next section). O’Leary [24] found evidence that judgments acquired from groups of experts are more
likely to result in expressions that are consistent with Bayes’ theorem [12], and with the axioms of
probability, than are judgments elicited from single individuals. One explanation for this phenomenon
is that groups of individuals have a wider range of cognitive tools and representations for structuring
the problem, enabling individuals in the group to reason more consistently and coherently.

Of course, the answer to the single-vs.-multiple experts may be context dependent. In projects where
one or two engineers are the only individuals familiar with the problem or system under discussion, the
decision is already made. In others, there may be a great many experts who could proffer opinions, but the
project itself may limit participation. For example, in projects that involve classified or proprietary data,
there may be little possibility of eliciting information from more than a few experts. Other times, the research
setting may offer the chance to gather formal opinions from several experts. In this case, one must decide
whether to conduct the elicitation as a focus group, or to interview the experts individually.

Once the decision has been made to conduct elicitation with multiple experts, the next step is to
decide if goal of the problem is to seek a consensus or a diversity of views. Group elicitations can be
designed for either situation. However, the analyst must consider the possibility that the experts will
have incommensurable views, as is often the case in newly emergent fields. In this case, the challenge
of aggregating varying estimates from multiple experts then falls to the analyst. Other issues to consider
in expert judgment elicitation are the levels of expertise that individuals bring to the problem. In
addition, there may be some sources of inter-expert correlation, so that one must treat them as
dependent rather than independent sources of knowledge. These and other issues involved with
aggregation are discussed below.

13.3.1.5 Expert Cognition and the Problem of Bias

Perhaps the greatest issue with using expert judgment for predictive modeling is the question of bias.
Simply put, bias can degrade the quality of elicited data and call into question the validity of using expert
judgment as a source of data.

What is bias? Bias in scientific instrumentation means a deviation or drift from the normal or nominal
operating conditions. In statistics, bias is understood as a parameter estimation that is off target from
its expected value. Similarly, in cognitive science, bias refers to skewing from a reference point or standard.
This definition implies the existence of “real” knowledge in the expert’s brain, from which the expert
deviates due to cognitive or ecological factors.

Since the mid-1950s, researchers in a variety of fields—including statistics, business, and cognitive
psychology, among others —have studied human judgment in both experimental and naturalistic settings
to assess how individuals make assessments of unknown events with minimal information. Almost
without exception, this area of study has benchmarked the quality and utility of expert judgment by
comparing human cognitive assessments to the quantitative predictions of probabilistic statistical models.
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Set against this standard, early research clearly indicated that human cognition is not consistently logical;
instead, it is vulnerable to sources of bias and error that can severely compromise its utility in probabilistic
statements. Comparing the accuracy of human clinical assessments to statistical models demonstrated
the predictive superiority of the latter, as well as the cognitive inconsistencies of the former (for discussion,
see [25]).

Human fallacy research (see discussion in [24]) has shown fairly conclusively that human beings
do not reason in accordance with the rules that ground statistical models. On one hand, predictive
models must follow the rules of probability theory; however, human cognitive processes for making
predictions under uncertainty often violate these rules. Individuals tend not to adequately revise their
opinions when provided with new information, which constitutes a failure to reason in accordance
with Bayes theorem. Nor do individuals rely instinctively on the axioms of probability. More recently,
some researchers [25] have suggested that cognitive studies themselves introduce bias into the results
of research on human cognition.

Biases can be broken down into two general categories, relating to their sources and origins. Cognitive
biases relate to biases of thought processes and problem solving. Motivational biases relate to human
behavior from circumstances and personal agendas. Both are discussed in detail.

13.3.1.5.1 Cognitive Bias

Some deficiencies in human judgment can be attributed to inherent inconsistencies in cognition. Such
cognitive biases become particularly salient when human experts are asked to make judgments under
conditions of uncertainty or with incomplete knowledge— a situation that is not uncommon in many
decision environments.

In attempting to identify and classify sources of bias in human judgment, Tversky and Kahneman
conducted a series of experiments in which they compared predictions made using probabilistic con-
straints to subjective judgments made by individuals about the same phenomena. In doing so, they
identified several significant and consistent types of bias that seem to degrade the quality of human
predictive reasoning. They concluded that “Whether deliberate or not, individuals [rely] on natural
assessments [as opposed to probabilistic rules] to produce an estimation or a prediction” [26]. Human
problem solving is intuitive, not logically extensional; hence, errors in judgment, they argued, were an
unavoidable characteristic of the cognitive processes that humans use to integrate information and make
predictive assessments.

In defining sources for bias, Tversky and Kahneman identified three primary intuitive heuristics, or
cognitive rules of thumb: representative, availability, and adjustment and anchoring.

1. Representativeness. Representativeness refers to the tendency to ignore statistically defined proba-
bilities in favor of experientially based, often narrow stereotypes to classify individual phenomena
into categories. An expert evaluates the probability of an uncertain event using its most salient
properties, leading to misclassification of the event.

+ Example: NASA engineers assumed that the Hubble satellite was reliable because it was manu-
factured by Perkins-Elmer, which had an excellent track record with other national security
satellites. In reality, the Hubble faced scientific demands that other satellites did not, making it
a far more complicated system— and less reliable [27]. Small samples are particularly vulnerable
to representativeness-based biases.

2. Availability. Tversky and Kahneman used this term to describe the ease with which humans draw
upon certain types of information—recent events, or strikingly memorable examples of some
class of events—and over-incorporate them into cognitive assessments without taking into
account the relative value of this information. Humans tend to overestimate the likelihood of rare
events, particularly when instances of the class of event in the class are catastrophic, traumatic,
and recent.

+ Example: An individual who has recently been in an automobile accident may overestimate the
probability of being in another. Similarly, experts may assign higher likelihoods to the probability
of catastrophic events, such as reactor failure, than actual rates of occurrence warrant.
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3. Anchoring. Anchoring and its counterpart, adjustment, describe the tendency for individuals to
undervalue new information when combining it with existing data to make judgments about the
likelihood of a particular event. This occurs when experts have a difficult time moving their
thinking from preconceptions or baseline experience. For example, an engineer who has never
observed aerodynamic stress beyond a particular value may find it difficult to imagine a situation
in which higher load levels might occur. Anchoring also appears as an artifact of the elicitation
situation, when an expert draws automatically on assumptions or data used in a previous question
to answer a new one, regardless of whether or not that data is truly applicable to the new question.
+ Example: When asking experts to estimate failure rates for different classes of high explosives,

an expert may unconsciously anchor his or her estimate of failure rates for explosive B to the
assumptions or data she or he used for explosive A.

In expert judgment situations, these additional heuristics can generate the following forms of bias:

1. Conjunction fallacy. Tversky and Kahneman are also credited with pointing out the existence of
the conjunction fallacy. This term is used to describe situations in which individuals predicted that
the co-occurrence of two unrelated phenomena (A and B) was more likely than the occurrence
of either one alone—a prediction that directly contradicts a basic axiom of probability, which
states the P(A and B) < P(A).

+ Example: A component fails if it is under high pressure and under the stress from an external
load. An expert estimates the probability of a component being under pressure and being under
loading as 0.25, but estimated the probability of it being under pressure as 0.20.

2. Conservativism/base rate neglect. The discovery of the conjunction fallacy led to the identification
of another heuristic, conservativism. This heuristic emerges when individuals are asked to use
limited information to place a sample in the appropriate population. When provided with new
information that should lead to the updating of one’s beliefs (for example, statistical base rates),
individuals tend to undervalue the new information in relation to the old, and therefore fail to
revise their estimates appropriately. Conservativism is also referred to as base-rate neglect, and it
directly affects the expert’s ability to properly apply Bayes theorem — a probability theorem for
updating new data in light of prior information.

+ Example: An expert would not alter his or her reliability estimate of new component, A, when
given additional information, B, directly affecting A’s performance. That is, P(A) = P(A|B),
which implies the reliability of A (i.e., P(A)) is independent of B.

3. Inconsistency. This very common source of bias is both ecological and cognitive in nature. Con-
fusion, fatigue, or memory problems usually lead to inconsistency. As we discuss below, there are
some simple steps that the elicitor can take to minimize inconsistency.

+ Example: As an interview begins, the expert may make an assumption about initial conditions.
However, after an hour of intensive questioning, the expert may forget or change this assump-
tion, resulting in a different value for a temperature than the original assumption would warrant.

4. Underestimation of uncertainty. Humans typically believe we know more than we really do and
know it with more precision and accuracy.

+ Example: A classic and deadly example of overconfidence was that the Titanic could not sink.

13.3.1.5.2 Motivational Bias

Some deficiencies in human judgment can be attributed to environmental factors. Examples of such
motivational biases might include fatigue or a desire to appear confident in front of a senior expert.
Briefly, some common motivational biases include:

1. Groupthink. Group or peer social pressure can slant responses or cause silent acquiescence to what
is acceptable to that group.
+ Example: The classic and deadly example is President Kennedy’s decision on the Bay of Pigs.
All his advisors told him what they believed he wanted to hear, rather than providing him with
their best judgments and estimates.
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2. Misinterpretation. Misinterpretation is the inadequate translation of elicited knowledge into a response.
+ Example: An interviewer records the pressure for vessel burst as 2000 psi when the expert
answered the question as an interval from 1500 to 2500 psi.
3. Wishful thinking. Experts’ hopes influence their judgments and responses. The old adage, wishing
makes it so, applies here.
+ Example: If an expert is defending his or her system design against competitors, she or he may
hope and hence state that it will perform beyond requirements.
4. Impression management. Experts are motivated to respond according to politically correct inter-
pretations, convincing themselves that this response is correct.
+ Example: A manager may verbally choose one design because it is perceived as more environ-
mentally friendly, when she or he knows that this design has a larger cost-to-benefit ratio.

13.3.1.6 Bias Minimization

Like all data sources, the quality of expert judgment is affected by the process used to gather it. Analysts
are trained to understand that measurement data must be calibrated to certain standards in order to
eliminate instrumentation biases. Similarly, analysts can and should be meticulous in adopting bias
minimization techniques to improve the quality of expert judgment. The quality of expert expressions
is conditioned on various factors such as question phrasing, information considered by experts, and
experts’ methods of problem solving. In short, just as experimental design must be considered when
attempting to record data, so too does the elicitation process require deliberate planning.

The cognitive and motivational biases affecting how expert knowledge is gathered are addressed by
different bias minimization techniques other than physical calibration. Studies have shown [21] that for
an expert to be calibrated like an instrument, feedback must be frequent, immediate, and relevant to the
technical topic. Very few situations, such as in weather prediction, permit calibration. If sufficient data
and information exist to calibrate experts, then their expertise is no longer necessary [1].

In minimizing the effects of cognitive bias, awareness is the first step. Anticipating which biases are
likely to occur is the next step. Minimizing bias can also be accomplished by informing the experts of
what biases are likely to be exhibited in the elicitation. The advisor-expert can help determine which
these are and also help in making the other experts aware.

* Example: To mitigate impression management:

+ Assess how likely this bias is given the situation (e.g., will experts benefit or suffer respectively
from giving an estimate that sounds good/bad).

+ Asageneral rule, do not allow experts’ bosses during the interview because bosses might pressure
the expert to adhere to the party line.

+ Consider making judgments nonattributable to a person, maintaining anonymity.

+ Require substantial explanation of reasoning behind the expert’s answer, making it more difficult
for them to give the party line.

The analyst should constantly monitor for the occurrence of bias. Adjustments can be made during
the elicitation if a particular bias is encountered.

Example: If inconsistencies are beginning to appear in a long interview, then fatigue may be the cause.
A break can be taken or another session scheduled to mitigate this bias. If a bias is encountered but
cannot be mitigated, it should at least be documented.

The use of the formal elicitation principles in this chapter is an important step in bias minimization.
It may also be possible to analyze the elicited judgments to determine if a bias is present; however, this
usually requires a very controlled elicitation and multiple expert judgments [1].

13.3.1.7 Question Phrasing

The analyst should pilot test the interview using the advisor-expert as practice. This exercise helps ensure
that the issues are properly specified, background information is sufficient, and definitions are properly
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phrased. It also provides an estimate of the length of the interview, which should be kept to a reasonable
time (such as an hour) to prevent fatigue and to minimize the impact on the experts’ schedules.

Care in question phrasing and asking is an obvious, but important, aspect of implementation. Ques-
tions must be nonleading and formulated using the terms and jargon of the expert’s field. Likewise,
responses must be understood and recorded in as original form as possible.

While the advisor-expert can help formulate the appropriate topics and specific questions, the entire
elicitation session should be pilot tested — practiced prior to scheduling the first expert. The advisor-
expert and representatives from the design team can be used as the subject for this pilot test. It is during
this pilot testing that question wording, order, response mode (see below), and interview flow can be
examined and revised if necessary. Not infrequently, the analyst will have to refine terminology, question
structure, and even locate additional background information. The pilot test should also be timed, so
that the experts can be told how much time to set aside for completing the elicitation.

Common difficulties in formulating questions include the following: program structure is too vague
or goals are too general to permit concise questions; subject areas covered are too broad; too many
questions covering too many areas for the amount of time available; and a cumbersome or inappropriate
response mode is asked.

The response mode refers to the form used to ask experts to provide judgments. Some numeric
mechanisms include asking experts to specify probabilities, likelihoods, odds, odds ratios, intervals,
ratings, rankings or pairwise comparisons. Qualitative responses include verbal or written descriptions,
rules, classifications, categorizations, and preferences. It is important to make sure that the information
extracted from experts is not distorted. Asking an expert to express a judgment in unfamiliar terms (e.g.,
probability) or forcing a response beyond the current state of knowledge can open any number of pitfalls
that lead to bias in his or her expressions.

Example: An analyst would ask the advisor-expert if experts were comfortable providing ranges of
values to represent uncertainty in the reliability of a new component. The expert-advisor may advise that
numerical answers might not be possible given the new design. Then descriptors such as poor, moderate,
good, or excellent could be used as the response mode.

One method to minimize potential distortion is to provide feed back to the experts, demonstrating
what was done with their supplied judgments and how these were used.

Example: If the analyst has gathered ranges of values to construct a probability density function (PDF)
representing the uncertainty of a particular parameter for a stress mechanics finite element model, the
analyst shows the expert the final form of this PDF and explains its interpretation. Explanation may be
involved if the expert is unfamiliar with PDFs.

It is possible to train experts to provide responses in a given manner, although this can be a time-
consuming undertaking. Training in probabilistic reasoning can offset some of the mismatch between
human cognition and probability theory. Training experts in probability provides them with a new set
of perceptual models for structuring their judgments. Also, groups of individuals can make use of a wider
universe of perceptual models in making judgments.

Conducting the elicitation using bias minimization techniques is best done employing verbal probe
and verbal protocol. Verbal protocol analysis or verbal report is a technique from educational psychology
requiring the expert to think aloud. It is best used in face-to-face interview situations because the elicitor
may have to continually remind the experts to verbalize their thoughts. Some experts are more able to
accommodate this request. Verbal probe refers to repeated questioning, utilizing the words spoken by an
expert, drilling down into details of a subject. Verbal probe is another educational psychology technique
for understanding the expert’s problem-solving processes. These two methods help minimize biases by
avoiding leading questions, by checking for consistency through detailed questioning, and by under-
standing the expert’s problem solving. An example would be using additional questions to expand the
expert’s thinking in avoiding anchoring or under-estimation of uncertainty.

Drilling for details on a given topic serves another principle of elicitation: decomposition. Studies have
shown [28] that experts can better tackle difficult technical issues if that issue is broken down into more
manageable pieces.
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Regardless of what level of detail or complexity of the technical problem, all information is conditional.
Probing for and documenting these conditions is an important task for the elicitor and provides a
traceable record for the experts. Said another way, the universe is a complex tapestry of multiple variables,
relationships among those variables, and dependent information. While it may not be possible to unravel
all the complex issues and their relationships, uncovering their existence should be the goal of every
question/answer session. Expert knowledge is often conditioned upon the assumptions used, the infor-
mation seen, the way problems are solved, and experience [29]. Understanding basic conditional and
dependent relationships is often the key to resolving differences in experts’ knowledge and for combining
expert knowledge with other sources of information (see Section 13.4.2).

In our experience it is best to allow the experts time to reflect, research, model, calculate, or just think
about the problem and the questions asked. Situations where real-time answers are required do exist,
but hastened or pressured responses are subject to bias.

13.3.1.7 Documentation

The old adage that the three secrets to a good business are location, location, location applies to the three
secrets for successful elicitation: document, document, document. Information and knowledge are con-
stantly changing. Documentation provides the means for understanding and updating these changes.
Documentation not only includes recording everything during the elicitation, but also recording the
preparations and pilot study experiences. It includes the way the analysis was done and feedback to the
experts. The primary goal of eliciting and utilizing expert knowledge is to capture the current state of
knowledge — accomplished by formal elicitation and thorough documentation.

13.3.2 A Modified Delphi for Reliability Analysis

In this section, we describe the Delphi approach for eliciting expert reliability assessments in complex
technical problems.

Example: As part of a larger reliability study, an analyst is working with a group of aerospace engineers
to determine the reliability of a new control system for a communication satellite. The design team is
working to identify a test series that will provide high-quality reliability data at minimal cost to the
project. The company has a number of senior engineers who are not working on this particular project
but who are willing to assist in the reliability characterization. Two of these engineers are considered
senior experts and are known for having very strong opinions about design issues. The analyst and the
adviser-experts are concerned that their opinions may unduly sway those of the design team members.

The Delphi technique is often associated with the elicitation of knowledge from experts who are asked
to characterize uncertain trends, events or patterns. It is perhaps most accurately characterized as a
technique for “structuring a group communication process so that the process is effective in allowing a
group of individuals, as a whole, to deal with a complex problem” [5]. The method was developed at
the RAND Corporation after World War II to elicit expert forecasts of technology trends for the United
States military. In the past 50 years, researchers in a wide range of fields have adopted and modified the
technique as a way of eliciting judgments in situations where experts are geographically dispersed, do
not typically communicate with each other, and face-to-face meetings are difficult to arrange. The
response mode is usually qualitative.

The Delphi procedure begins by identifying experts and assessing their willingness to work on the
project. The analyst then provides the participating experts with a series of questions, usually focused
on one or two issues (e.g., physical variables). This can be accomplished in several ways:

+ Through a website where the experts can access the questionnaire and record responses

+ By providing the experts with electronic copies of a questionnaire to be filled out and returned
electronically to the analyst

+ With a standard paper questionnaire that the experts will complete and return through the post
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Once the expert responses are received, the analyst removes identifying information and compiles the
expert opinion into a single document. The analyst then sends this revised document to the experts, who
are asked to take their peers’ answers into account when considering and revising their initial judgments.
This procedure can be repeated until an acceptable level of consensus is reached among the experts.

While Delphi has many advantages — including potential cost savings, its ability to minimize
groupthink, and its applicability to emergent, poorly-defined problems — there are many potential
pitfalls associated with pursuing a Delphi approach. The method has been criticized not so much for its
philosophical basis, but for the ways in which it has been applied [5]. As the attached bibliography
indicates, analysts interested in learning more about the history and applications of Delphi elicitation
will find a great deal of literature and guidance in journals, on the Internet, and in the library. In this
discussion, however, we are interested in exploring the application of a Delphi-style approach for eliciting
expressions of expert judgment. This includes the following issues:

+ Using an expert-oriented elicitation to estimate reliability for parts and processes
+ Designing a pilot-tested questionnaire

+ Training experts to respond so that the occurrence of bias is minimized

Delphi can be modified to address the criticisms leveled at it, and the approach can provide the analyst
with a valuable tool for eliciting expert assessments. As with all expert opinion, our approach, like Delphi
is grounded in a fundamental philosophy that formal methods for eliciting and documenting expert
knowledge add rigor and provide defensibility. Moreover, formal elicitation augments the analyst’s ability
to update information as the state of knowledge within the community changes.

This is particularly true in situations when busy schedules make it impossible to gather a group of
experts for a group elicitation, or when complicated social dynamics among experts have the potential
to limit the quality and quantity of data collected. Examples of the latter include situations when a
single expert tends to dominate other members of the organization, influencing the group’s consensus.
In other organizations, experts simply may not get along with one another. When grouped around a
single table, argumentative experts can easily get “stuck” on a fine point of disagreement while failing
to address other aspects of the elicitation. Because of this, Delphi requires that experts not be in contact
during the elicitation. Hence, it can be quite effective in eliciting opinions from individual experts under
conditions of anonymity.

13.4 Analyzing Expert Judgment

13.4.1 Characterizing Uncertainties

The main purpose of eliciting expertise and expert judgments is to establish and gather all that is currently
known about a problem. However, this knowledge can be in different forms (qualitative or quantitative),
dependent upon the current state of what is known. Where knowledge is vague or weak, expert judgments
may only be in the form of natural language statements or rules regarding the performance of a product.
For example, an expert may say “if the temperature is too hot, this component will not work very well”
While this statement is nonnumeric, it contains valuable information, and epistemic uncertainties are
inherent in the use of linguistic terms such as foo hot and not very well. Membership functions from
Zadeh’s fuzzy set theory [30] can be used to characterize the uncertainty associated with these language
terms. For example, input membership functions (Figure 13.9) can be constructed to represent the
uncertainty in classifying temperatures as too hot and output membership functions (Figure 13.10)
constructed to classify performance as not work very well. If-then rules are used to map the input
temperatures into the performance descriptions.

Where knowledge is stronger, experts may be able to provide quantitative answers for the physical
quantities of interest or for reliability directly. In such cases, quantitative answers for the corresponding
uncertainties associated with these quantities may also be elicited. These include probability, ratings,

Copyright 2005 by CRC PressLLC



1 ~
LAEERN
TN . *
08T . *.
2 1 4 .
5 \ ’ .
o 0.6 ‘ A
o ’ S
c 4 .
2 ‘ .
- .
0.4 i , \ . .
I \ .
L. N *.
4
0 : AY : -
0 5 10 15 20
Temperature (°C) - input condition
FIGURE 13.9 Input membership functions (— — warm, - - - hot, — too hot).

rankings, odds ratios, log odds, weighting factors, ranges, and intervals. A convenient, useful, and bias-
minimizing tool for guiding experts to provide any of the above quantitative estimates is to have them
mark their estimates on a drawn real number line. While humans tend to think in linear terms, directing
the use of a simple linear number line, some physical phenomena may be on a logarithmic scale, directing
a log line use (such as for eliciting log odds).

The number line elicitation begins with experts providing the scale for the line by specifying its
endpoints. Then the expert is asked to mark his best estimate on the line with an x. To capture uncer-
tainties, he is then asked to provide the extreme high and low values on the line. It is necessary to carefully
guide the expert in specifying extreme values to overcome anchoring and under-estimation of uncertainty
biases, without leading him. If the expert wants to shade in regions on the number line (rather than
marking specific points) for the best and extreme estimates, permit this because he is expressing uncer-
tainties about the values. At this point the analyst has intervals that could be analyzed using interval
analysis or random intervals. (See Chapter 9 on by Joslyn and Booker on General Information Theories.)

If the expert has sufficient knowledge to specify relative frequencies of occurrence for various values
on the number line, an entire uncertainty distribution (such as a probability density function) could be
elicited [1, 20]. These distributions could also be formulated indirectly by eliciting information from
experts about parameters and uncertainties on those parameters for a chosen model. Such an exercise is
described by Booker et al. [31], where the parameters of a Weibull reliability model were elicited, because
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FIGURE 13.10 Output membership functions (— — bad, - - - not well, —— not very well).
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FIGURE 13.11 PDF drawn by hand, expressing an expert’s uncertainty about a variable.

the experts customarily thought in terms of failure mechanisms and rates that defined those parameters.
It should be noted that elicited PDFs do not necessarily have to follow a particular family or distribution
type (e.g., a normal). Empirically based or expert supplied distributions reflect the way experts interpret
the likelihood of values associated with the quantity of interest — the variable. Figure 13.11 demonstrates
a probability distribution function drawn free-hand by an expert.

Rankings refer to specifying preferences x out of a finite list of n options, alternatives, or similar items.
An implicit assumption in using ranks is that the numeric answers are equidistant (i.e., a rank of 4 is
twice the rank of 2). If properly directed, experts can use a nonlinear scale (e.g., this rank is “5” out of
“50” but “4” through “7” are closer ranked than “1” through “3” or above “8”). Such specifications aid
in determining uncertainty.

Rating scales can be used to map words into numbers, percentages, ranks, or ratings. Examples include
Saaty’s pairwise comparisons, which utilize a specified scale description for comparing the degree of
comparison between items, two at a time [32]. A scale from Sherman and Kent establishes equivalency
between verbal descriptions of likelihood, chances, and percentages. For example, 8 out of 10, 8/10, or
80% falls between probable and nearly certain or between likely and highly likely. Here again, the vagueness
of the verbal description imposes a source of epistemic uncertainty.

Odds ratio takes advantage of the concept of betting and chance. Our experience confirms the results
of others, indicating that humans are naturally comfortable thinking in these terms.

Uncertainties can be estimated with rankings, ratings, and odds by eliciting ranges rather than single-
valued results. Again, GITs can be used to mathematically represent the uncertainties from these ranges.
Possibility distributions, random intervals, upper and lower probabilities, and membership functions are
among the alternative forms for PDFs. These theories also offer axioms of how to combine their respective
distributions of uncertainty within the operations of each theory. However, only one linkage has been
formalized between two of the theories: probability and fuzzy membership functions [33].

Twice now the subject of turning linguistic terms into numbers has emerged in the characterization
of uncertainties. As demonstrated in Figure 13.4 and Figure 13.5, membership functions from fuzzy sets
can be useful in eliciting natural language information and then quantifying the uncertainty associated
with those linguistic terms. Fuzzy sets and their corresponding measure of uncertainty, membership, are
designed to best capture uncertainties due to ambiguity of classification. For example, what does it mean
to be too hot? (See Chapter 9 by Joslyn and Booker on General Information Theories, section on fuzzy
sets and membership functions.) In contrast to this type of uncertainty, probability is best designed to
capture the uncertainty associated with the outcome of an event or experiment.

As a quantification tool for reliability, membership functions map the condition of a component or
system into its performance through the use of knowledge contained in if-then rules. The previous
example holds: if the temperature is too hot (input fuzzy membership function), then this component will
not work very well (output fuzzy membership function). Membership functions can be used to charac-
terize the conditions (x) and if-then rules map those conditions into performance (y) membership
functions. A reliability example of how to combine linguistic information from a component supplier

with probability expert judgments from designers can be found in Kerscher et al. [34].
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13.4.1.1 Probability Theory: The Good and the Bad

Probability theory has become a fundamental theory for characterizing aleatoric uncertainty — uncertainty
associated with phenomena such as random noise, measurement error, and uncontrollable variation.
With aleatoric uncertainty, the common conception is that uncertainty cannot be further reduced or
eliminated by additional information (data or knowledge). In communities involved in KA and compu-
tational sciences, epistemic uncertainty refers to an absence of complete knowledge — uncertainty that
can be reduced or eliminated by increasing knowledge or sample size. In following the formal elicitation
principles, such as preserving the original form of elicited information, uncertainty characterization
should be consistent with the way experts think and hence verbalize. Because experts (even those in
science and engineering fields) may not readily think in terms of probability and may not be able to
characterize their uncertainties with PDFs, probability may not be adequate for handling either form of
uncertainty. Studies [35, 36] have also shown that many humans who are comfortable with probabilistic
thinking are not able to think consistently within its axioms. Other GITs are examined below in their
applicability for elicited judgments.

Yet probability theory has a rich and long legacy of use in science and engineering and in uncertainty
analysis and quantification. To those involved with complex decision problems like Probabilistic Risk
Assessment (PRA), the uncertainty embodies both: aleatoric (random, irreducible uncertainty) and
epistemic (lack of knowledge, reducible with more information) uncertainties. This interpretation also
encompasses uncertainty caused by errors, mistakes, and miscalculations. The absence of a distinction
between aleatoric and epistemic uncertainty is also subscribed to by modern subjective probabilists, or
Bayesians, and applies to modern, complex reliability analysis. Probability theory (see Chapter 9 by Joslyn
and Booker on GITs) provides a calculus for the uncertainty associated with the outcome of an event or
experiment (E), designated as P(E). The theory and its basic axioms do not specify how to determine
the value of probability nor how to interpret it. Therefore, numerous historical interpretations are of
equal value, including the subjective, personalistic or Bayesian interpretation, which says there is no such
thing as a correct probability, or an objective probability. This interpretation is best suited for the way
expert probabilities are elicited and used. Data is typically sparse for rare or one-of-a-kind events — the
perfect use of subjective probability.

13.4.1.2 General Information Theories: The Good and the Bad

While the mathematical theory of many GITs is well developed, the practical implementation of these
to real problems, such as reliability and expert elicitation, is lacking. As has already been noted, these
theories can offer alternatives for characterizing uncertainties consistent with information elicited from
experts. For example, if the extent of knowledge only permits intervals as answers, and those intervals
have imprecise limits, then random intervals could provide a consistent analysis tool. Another example
is linguistic information and classification uncertainty that can be best represented by fuzzy membership
functions.

However, in any complex reliability problem, available information can be in diverse forms, data,
models, expert judgment, historical information, practices, and experience. Accompanying uncertainties
may also be best formulated using a variety of GITs, including probability. All this information must be
combined to assess the reliability of the entire system, so the uncertainty theories must be linked for
combination. Unfortunately, the theory and application of the GITs are insufficient to handle cross
linkages. This failing is so severe that analysts are often forced to specify a particular GIT for the entire
system and work only within that theory.

13.4.1.3 Aggregation of Expert Judgments

A large body of literature specifies various methods for combining expert judgments from multiple experts.
These methods range from the use of elicitation to reach consensus or resolve differences to exact analytical
methods [37]. Booker and McNamara [38] detail such a scenario, utilizing the tenets of elicitation. To
summarize these, differences between experts can often be resolved by thorough examination of their
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assumptions, sources of information used, heuristics, and problem-solving processes. For example, experts
with different assumption sets may be solving slightly different problems. Once common assumptions and
problem definition are established, differences can be mitigated. Remaining differences among experts after
resolution attempts may be representative of the existing (and perhaps large) state of uncertainty.

Aggregation can be achieved by analytical methods, with combination techniques implemented by an
analyst, a decision maker, or by the experts themselves. The maximum entropy solution (when no other
information is available to determine weighting factors) is to equally weight the experts. The aggregation
(like many others) assumes that all experts are independent, in much the same way as a statistician would
consider repeated runs of an experiment as independent draws from a probability distribution representing
the population of all possible outcomes. However, this classical inference argument has been disputed when
applied to experts who have dependencies due to common experience, access to the same data, and similar
education and training. The elicitor, advisor expert, decision maker, or analyst may be able to quantify
dependence among experts [1]. From this book, studies have shown that experts are quite capable of
determining weights for each other and also that expert judgments are well correlated to how experts solve
problems, making precise extraction and documentation of problem solving important.

The many analytical expressions for combining expert judgments can be summarized into three basic
formulas for aggregating uncertainty distribution functions, f. Each expert contributes to the construction
of these functions by either providing information relating to the uncertainty of the random variable, x,
or the parameters, 6, of the functions. Common practice in probability theory is to specify these f’s as
probability density functions; however, f could also refer to any uncertainty function such as a possibility
distribution. Rules for combining these f’s within their respective theories will alter the basic combination
schemes below (which refer to probability theory):

(6, 0)=w, - f(x,0) +w,- f,(x, 0)+ ... (13.1)
fi(x%,0) =f([w, - x, +w, - x, + ...], 0) (13.2)
fo(x, 0) = f([x), x5, ...], 0) (13.3)

Equation 13.1 illustrates a scheme that weights each expert’s function for x and 0 in a linear combi-
nation. Equation 13.2 weights the random variables from each expert, and that weighted combination
is mapped through an overall function. That is, in Equation 13.2, the function on the left hand side is
the probability density function of the weighted sum of random variables. Equation 13.3 combines the
random variables for a given 6 using the concept of a joint distribution function.

Example: Two experts each supply PDF’s, f; and f, as uncertainty distributions on the number of failure
incidences per 1000 vehicles (IPTV) manufactured for a new electronic circuit, shown in Figure 13.12. Using
Equation 13.1 with equal weights, the combined result is shown in Figure 13.13. Combining expert uncer-
tainty functions is an analytical exercise not unlike combining the diverse sources of information using
information integration tools.

FIGURE 13.12 Two experts’ IPTV PDFs.
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FIGURE 13.13 Equal combination.

13.4.2 Information Integration for Reliability

13.4.2.1 How Expert Knowledge Combines with Other Information

Reliability is typically defined as a probability; specifically, it is the probability that the system will function
up to a specified time, ¢, for given conditions or specifications. This reliability can be denoted as R(#6),
where the parameters 6 could denote mean time to failure or could refer to two parameters in a Weibull
model. In classical (frequentist interpretation of probability) estimation of 6, data is considered as random
and 0 parameters are considered fixed. In Bayesian (subjective interpretation of probability) estimation,
the data is fixed, and 0 are random. Either interpretation is valid under the axioms of probability, and
in both cases, the process of estimation relies on having data. In cases where data are sparse or nonexistent,
the estimation process relies on whatever forms of information are available, including expert judgment.

Example: A team of design engineers wants to evaluate the performance of three design ideas for a
new actuator on a valve. Design 1 uses a new explosive; design 2 uses a new firing set; and design 3 uses
both. Large amounts of data exist on the old explosive and firing sets, making a statistical estimate of
reliability possible by calculating successes/tests. No data is available for the new components, but the
team estimates a subjective reliability for the new explosive and new firing set. Both the calculated
reliability and the experts’ subjective reliability values are valid interpretations of probabilities. Both can
be used to estimate the performances of the three designs.

Additional information sources could also include historical information about the system, data from
similar components, and computer model outputs of physical processes. Systems are composed of more
than components and subsystems. Processes are equally important representations of system performance
and functioning. If parts are considered the nouns of the system, then processes are its verbs. Processes
include the actions involved in assembly, testing, quality control, inspections, and physical dynamics, to
name a few.

Complex or newly designed systems may have one or more parts or processes that have no test or
experimental data. Preprototype, preproduction concept design systems may have no relevant test data,
resulting in reliance on other information sources to estimate reliability. Information integration techniques
have been developed [39] to take advantage of all available information to assess the performance of new,
complex, or aging systems for decisions regarding their production, continued use, and maintenance, respec-
tively. Expertise and expert judgment play important roles in these decisions, and expert judgment may be
the sole source of information in some cases. A reliability example using this technology can be found in [31].

Information integration techniques are also useful for updating reliability assessments. The state of
knowledge is constantly changing, and mathematical updating mechanisms such as Bayes theorem are
useful for updating the existing information (under uncertainty) with the new information. Documen-
tation is therefore necessary for all information sources, not just expert judgments, to ensure proper
updating with these or any other techniques.

Example: In designing a new fuel pump, the design team of experts used their experience with other fuel
pumps to estimate the reliability of one of its new components. They supplied a range of values for the failure
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FIGURE 13.14 Experts’ prior reliability estimate (solid) and combined estimate with 40 what-if test results
(dashed) [31].

rate of that component, 4, to be used in a Weibull model for estimating the reliability, R, at time ¢ = 1 year:
R(#A) = exp(—At08) (13.4)

where the failure rate parameter, A, decays according to the second parameter in the time exponent with
a value of 0.8. To improve reliability, the experts asked what if we built 40 prototypes that all passed the
testing program; how much would reliability improve? Using Bayes theorem, their initial (prior) reliability
distribution (Figure 13.14, solid curve) was combined with a binomial distribution for 40 tests, 0 failures.
The resulting posterior for the new combined reliability is the dashed curve (Figure 13.14). Based on the
minimal improvement gained from the costly prototype and test program, the decision maker decided
not to pursue this program.

13.5 Conclusion

Today’s complex reliability problems demand more predictability with less expensive test programs.
Awareness of uncertainties and the simple fact that the state of knowledge is constantly changing add to
the complexity of these problems. Why not take advantage of an organization’s most valuable source of
information — the knowledge and expertise of its technical staff. Use of the formal elicitation methods
in this chapter provides a traceable, updateable, defensible way to capture this knowledge.

Elicitation methods are used for gathering knowledge and understanding about the structure of a
complex problem and for populating that structure with the qualitative and quantitative judgments of
the experts. Information integration methods exist to provide a formalism for combining expert knowl-
edge, and its associated uncertainties, with other data or information.

The keys to successful elicitation include the following: Construct an expert-oriented elicitation and
analysis that captures the current state of knowledge and permits combination of this knowledge with
other data/information. The formal methods outlined in this chapter emphasize bias minimization,
capturing knowledge consistent with the way experts think and problem solve, utilizing feedback, and
documentation. Finally, the analyst should never compromise the experts’ trust.
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First- and Second-Order
Reliability Methods

14.1 Introduction
14.2  Transformation to Standard Normal Space .
Statistically Independent Random Variables + Dependent
Normal Random Variables *+ Random Variables with Nataf
Distribution *+ Dependent Nonnormal Random Variables
14.3  The First-Order Reliability Method
Component Reliability by FORM -« System Reliability by
FORM + FORM Importance and Sensitivity Measures
14.4  The Second-Order Reliability Method
Example: Reliability Analysis of a Column by SORM
14.5 Time-Variant Reliability Analysis
Example: Mean Out-Crossing Rate of a Column under
Armen Der Kiureghian Stochastic Loads
University of California, Berkeley 14.6  Finite Element Reliability Analysis

14.1 Introduction

Within the broader field of reliability theory, the class of time-invariant structural reliability problems is
characterized by an n-vector of basic (directly observable) random variables x={xl,...,x”}T and a
subset Q of their outcome space, which defines the “failure” event. The probability of failure,
pp= P(x €Q), is given by an n-fold integral

Pf=J.f(X)dx (14.1)
Q

where f(x) is the joint probability density function (PDF) of x. This problem is challenging because for
most nontrivial selections of f(x) and Q, no closed form solution of the integral exists. Furthermore,
straightforward numerical integration is impractical when the number of random variables, #, is greater
than 2 or 3. Over the past two decades, a number of methods have been developed to compute this
probability integral. This chapter introduces two of the most widely used methods: the first-order
reliability method, FORM, and the second-order reliability method, SORM. Extensions of the above
formulation to time- or space-variant problems and to applications involving finite element analysis are
also described in this chapter.

In general, the failure domain € is described in terms of continuous and differentiable limit-state
functions that define its boundary within the outcome space of x. Depending on the nature of the
problem, the following definitions apply:
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Component problem:

Q={g(x)<0} (14.2a)
Series system problem:
QEU{gk(x)SO} (14.2b)
k
Parallel system problem:
Qzﬂ{gk(x)SO} (14.2¢)

General system problem:

QEUﬂ{gj(x)so} (14.2d)

k  jec

The formulation in 14.2a applies to component reliability problems, which are defined in terms of a
single limit-state function, g(x). Any outcome x of the random variables, for which the limit-state function
is nonpositive, constitutes the failure of the component. The simplest example for this class of problems
is the limit-state function g(x,, x,)=x, — x,, where x, denotes a capacity quantity and x, denotes the
corresponding demand. More generally, the limit-state function is defined by considering the mechanical
conditions under which the failure may occur. For example, the failure due to yielding of a two-
dimensional continuum according to the von Mises yield criterion is defined by the limit-state function
gx) = 03, —(0; +0,~0,0,+317]), where 0, 0, and 1, are the components of stress and G, is the
yield stress, all being functions of some basic random variables x describing observable quantities, such
as material property constants, structural dimensions and loads. The relationship between the stress
components and the basic variables, of course, can be complicated and computable only through an
algorithmic procedure, such as a finite element code. This aspect of reliability analysis is briefly described
in Section 14.6.

The series system problem in 14.2b applies when the failure domain is the union of componential
failure events. A structure having multiple failure modes, each defined in terms of a continuous and
differentiable limit-state function g, (x), belongs to this category of problems. Note that the random
variables x are shared by all the components. As a result, the componential failure events in general are
statistically dependent. A good example for a series system is a ductile structural framework having
multiple failure mechanisms. Such an example is described later in this chapter.

The parallel system problem in 14.2¢ applies when the failure domain is the intersection of compo-
nential failure events. A redundant structure requiring failure of several components, each defined in
terms of a continuous and differentiable limit-state function g, (x), belongs to this category of problems.
A good example is a bundle of brittle wires with random strengths and subjected to a random tension load.

Most structural systems are neither series nor parallel. Rather, the system fails when certain com-
binations of components fail. We define a cut set as any set of components whose joint failure
constitutes failure of the system. Let ¢, denote the index set of components in the k-th cut set. The
intersection event in 14.2d then defines the failure of all components in that cut set. The union
operation is over all the cut sets of the system. For an accurate estimation of the failure probability,
one must identify all the minimal cut sets. These are cut sets that contain minimum numbers of
component indices; that is, if any component index is removed, what remains is not a cut set. Exclusion
of any minimum cut set from consideration will result in underestimation of the failure probability.
Thus, the cut-set formulation provides an estimate of the failure probability from below. It is noted
that this formulation essentially represents the system as a series of parallel subsystems, each subsystem
representing a cut set.

Copyright 2005 by CRC PressLLC



An alternate formulation for a general system defines the complement of Q in terms of link sets. A link
set is a set of components whose joint survival constitutes the survival of the system. Letting . define the
set of indices in the k-th link set, the complement of the failure event, the survival event, is defined as

ﬁzUﬂ{gj(x)m} (14.2¢)

kel

In this formulation, one only needs to include minimal link sets, that is, link sets that do not include
superfluous components. The advantage of this formulation is that exclusion of any link set produces
a conservative estimate of the failure probability. However, working with the intersection of survival
events as in 14.2e is computationally more difficult. For this reason, the formulation in 14.2d is more
commonly used.

FORM, SORM, and several other computational reliability methods take advantage of the special
properties of the standard normal space. For this reason, these methods involve a transformation of the
random variables x into standard normal variables u having the joint PDF ¢ (u)=(27)™"* exp(—|[u][*/2),
where ||-|| denotes the Euclidean norm, as a first step of the reliability analysis. Useful properties of the
standard normal space include rotational symmetry, exponentially decaying probability density in the
radial and tangential directions, and the availability of formulas for the probability contents of specific
sets, including the half space, parabolic sets, and polyhedral sets. The applicable forms of this transfor-
mation are described in the following section.

14.2 Transformation to Standard Normal Space

Let x denote an n-vector of random variables with a prescribed joint PDF f(x) and the corresponding
joint cumulative distribution function (CDF) F(x)= f; -] 1 f(x)dx. We wish to construct a one-to-
one transformation u = T(x), such that u is an n-vector of standard normal variables. As described below,
such a transformation exists, although it may not be unique, as long as the joint CDF of x is continuous
and strictly increasing in each argument. For computational purposes in FORM and SORM, we also
need the inverse transform x =T'(u) and the Jacobian of the x — u transformation, J.x- These are
defined in the following subsections for four distinct cases that occur in practice. For this analysis, let
M={y, ---u,}" denote the mean vector of x and £=DRD denote its covariance matrix, where
D =diag[o;] is the n X n diagonal matrix of standard deviations and R=|[p; is the correlation matrix
having the elements p;,1,j=1,...,n.

14.2.1 Statistically Independent Random Variables

Suppose the random variables x are statistically independent such that f(x) = f,(x,)f,(x,) --- f,(x,), where
f(x,) denotes the marginal PDF of x,. Let F,(x,) =] o f.(x,)dx, denote the CDF of x;. The needed trans-
formation in this case is diagonal (each variable is transformed independently of other variables) and
has the form

uizq)’l[li.(xi)] i=1,2,...,n (14.3)

where @[] denotes the standard normal CDF and the superposed —1 indicates its inverse. Figure 14.1
shows a graphical representation of this transformation. Each point (x;,1,) on the curve is obtained by
equating the cumulative probabilities F,(x,) and ®(u;,). Note that this solution of the needed transfor-
mation is not unique. For example, an alternative solution is obtained if F,(x,) in Equation 14.3 is replaced
by 1-F(x,).

The inverse of the transformation in 14.3 is

x, =F[®w)] i=12,...,n (14.4)
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FIGURE 14.1 Transformation to the standard normal space for a single random variable.

If x; is nonnormal, both transformations 14.3 and 14.4 are nonlinear and may require a numerical root
finding algorithm to solve. The Jacobian of the transformation is a diagonal matrix J, , = diag[J;] having
the elements

_fix)

i=1,2,...,n (14.5)
o(u,)

where @(u) = (2m)™"? exp(—u*/2) is the univariate standard normal PDF.

14.2.2 Dependent Normal Random Variables
Suppose random variables x are normally distributed with mean vector M and covariance matrix X. In
this case, a convenient form of the transformation to the standard normal space is

u=L"'D'(x-M) (14.6)

where D is the diagonal matrix of standard deviations defined earlier and L is a lower-triangular matrix
obtained by Choleski decomposition of the correlation matrix such that R =LL". This decomposition is
possible provided the covariance matrix is positive definite, which is the case as long as the random
variables x are not linearly dependent. (If a linear dependence exists, one can eliminate it by reducing
the number of random variables.) As can be seen, the transformation in this case is linear. The inverse
transform is

x=M+DLu (14.7)
and the Jacobian is
J,.=L'D" (14.8)

It is noted that L being triangular, its inverse is easy to compute.

14.2.3 Random Variables with Nataf Distribution

A set of statistically dependent random variables x;, i=1,...,n, with prescribed marginal CDFs F(x,)
and correlation coefficients p;, 1,j=1,...,n, are said to be Nataf-distributed if the marginally trans-
formed random variables

z,=®7'[F(x,)] i=12...,n (14.9)

i i

Copyright 2005 by CRC PressLLC



are jointly normal. Liu and Der Kiureghian [1] have shown that the correlation coefficients of the two
sets of random variables are related through the identity

X; — Xl
p;= Jj( j[ 5 }pz(z z,pol])dzdz (14.10)

—oc0 —0o0

where p,  is the correlation coefficient between z; and z;and ¢,(z;,z;,p, ;) is their bivariate normal PDF.
For given continuous and strictly increasing marginal CDFs F,(x,) and a positive-definite correlation
matrix R=[p,], the Nataf distribution is valid as long as R =[p, ;] is a valid correlation matrix.

Among joint distribution models that are consistent with a set of prescribed marginal distributions
and correlation matrix, the Nataf distribution is particularly convenient for reliability applications for
two reasons: (1) it can accommodate a wide range of correlations between the random variables x (see [1]
for analysis of the limits on P; for which the Nataf distribution is valid), and (2) the transformation to
the standard normal space is simple and independent of the ordering of the random variables. The
required transformation is given by

O7'[F (x)]
u=L; : (14.11)
O7'[F,(x,)]

where L, is the Choleski decomposition of the correlation matrix Ry, i.e., R, =L/L{. It can be seen that

the above transformation is a synthesis of transformation 14.3 for independent nonnormal random
variables and transformation 14.6 for correlated normal random variables. The inverse transform consists
in first finding the intermediate variables z = Lu and then using x, = Fi’l[(l)(zi)}, i=1,...,n.Furthermore,
the Jacobian of the transformation is given by

J,x = L diaglJ, ] (14.12)

where J; is as in Equation 14.5.

14.2.4 Dependent Nonnormal Random Variables

For dependent nonnormal random variables other than those with the Nataf distribution, a different
transformation must be used. By sequentially conditioning, the joint PDF of the set of random variables
x,, i=1,...,n, can be written in the form

f&) =f,(x, | x5..0%, ) f,(x, | x)f (x) (14.13)

where f(x,]x,,...,x, ) denotes the conditional PDF of x; for given values of x,,..., x, . Let
(|5 ens2 ) = Jﬁ(xi | x5 .., )dx; (14.14)
denote the conditional CDF of x; for the given values of x ,..., x, . The so-called Rosenblatt transfor-

mation [2] is defined by

u, =®'[F(x,)]

u, =®'[F,(x,|x,)] (14.15)

u, =®7'[F (x,|x,...,x, )]
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Note that this is a triangular transformation; that is, u; is dependent only on x, to x;. Because of this
property, the inverse of this transform is easily obtained by working from top to bottom. Specifically, for
agiven u={u ---u,}", the first equation is solved for x, in terms of u,, the second equation is solved for
x, in terms of u, and x,, etc. Because of the nonlinearity of the transformation, an iterative root-finding

scheme must be used to solve each of these equations. The Jacobian of the transformation, J,, is a
lower-triangular matrix having the elements
x
Jn= 1)
o)
]l.j =0 fori<j
(x. ) 14.16
=fl(xl|x1,...,xl_1) for i=j>1 ( )
ou,)
_ 1 OF(x,|x,,...,x;,_,) for i>j
ou,) ox ;

It is noted that the above transformation is not unique. For example, any reordering of the random
variables will produce an alternative transformation to the standard normal space.

In the reliability community, Equation 14.16 is known as the Rosenblatt transformation. This is due
to an early work by Rosenblatt [3], which was used by Hohenbichler and Rackwitz in their pioneering
use of this transformation in reliability analysis. It must be noted, however, that the above transformation
was used much earlier by Segal [4], among others.

14.3 The First-Order Reliability Method

In the first-order reliability method (FORM), an approximation to the probability integral in Equation 14.1
is obtained by linearizing each limit-state function in the standard normal space at an optimal point. The
fundamental assumption is that the limit-state functions are continuous and differentiable, at least in the
neighborhood of the optimal point. The following subsections describe this method for component and
system reliability problems. Simple examples demonstrate the methodology.

14.3.1 Component Reliability by FORM

Consider the component reliability problem defined by Equations 14.1 and 14.2a, which is characterized
by the limit-state function g(x) and the joint PDF f(x). Transforming the variables into the standard
normal space, the failure probability integral is written as

J fx)dx J ¢,(u)du (14.17)

<0

where G(u) = g(T'(u)) is the limit-state function in the standard normal space. The FORM approxima-
tion is obtained by linearizing the function G(u) at a point u” defined by the constrained optimization
problem

u”" =argmin{|u|| |G(u) =0} (14.18)

where “arg min” denotes the argument of the minimum of a function. It is seen that u* is located on the
limit-state surface, G(u) =0, and has minimum distance from the origin in the standard normal space.
Because equal probability density contours in the standard normal space are concentric circles centered
at the origin, u" has the highest probability density among all realizations in the failure domain G(u) <0.
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FIGURE 14.2 FORM and SORM approximations for a component problem.

It follows that the neighborhood of this point makes a dominant contribution to the last integral in
Equation 14.17. In this sense, u’ is an optimal point for the linearization of the limit-state function.
Another important advantage of this point is that it is invariant of the formulation of the limit-state
function, although it may be dependent on the selected form of the transformation from x to u space.
In the reliability community, this point is commonly known as the design point, but other names such
as most probable point (MPP) and beta point are also used.

Noting that G(u") =0, the linearized limit-state function is written as

G(w)=G,(u)=VGu")(u-u") =||VG(u")

|(B—au) (14.19)

where VG(u)=[0G/du,,...,0G/du,] denotes the gradient row vector!, a=-VGu")/||VGu")|| is the
normalized negative gradient row vector at the design point (a unit vector normal to the limit-state
surface at the design point and pointing toward the failure domain), and = cru” is the reliability index.
In essence, the linearization replaces the failure domain G(u)<0 by the half space f—ou<0; see
Figure 14.2. The first-order approximation of the failure probability is given by the probability content
of the half space in the standard normal space, which is completely defined by the distance §; that is,

pr=p,=2-=p) (14.20)

where the subscript 1 is used to indicate a first-order approximation. This approximation normally
works well because, as mentioned earlier, the neighborhood of the design point makes the dominant
contribution to the probability integral 14.17. There are two conditions under which this approximation
may not work well: (1) the surface G(u)=0 is strongly nonflat, and (2) the optimization problem in
Equation 14.18 has multiple local or global solutions. A recourse for the first condition is to use a
higher-order approximation, such as SORM (see Section 14.4), or a corrective sampling method, such
as importance sampling or sampling on the orthogonal plane [5]. All these methods make use of the
design point, so they need the FORM solution as a first step. The second condition is quite rare, but it
does occur, particularly when dealing with dynamic problems. If the local solutions of Equation 14.18 are

' To be consistent with the definition of a Jacobian matrix, the gradient of a function is defined as a row vector. Note

that for a set of functions f,(x,..., x,), i =1, ..., m, the Jacobian matrix has the elements ]1j = afi/axj, i=1l..,mj=

1,..., n. The gradient Vf, is the i-th row of this matrix. The normalized gradient « 1s taken as a row vector for the
same reason.
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significant, i.e., the corresponding distances from the origin are not much greater than f3, then one
recourse is to use multiple linearizations and a series system formulation to obtain an improved FORM
approximation (see, e.g., [6]).

It should be clear by now that solving Equation 14.18 is the main computational effort in FORM.
Several well-established iterative algorithms are available for this purpose [7]. Starting from an initial
point u, = T(x,), one typically computes a sequence of points using the recursive formula

w, =u+Ad, i=12.. (14.21)

where d, is a search direction vector and 4, is a step size. Algorithms differ in their selections of d; and
A;- One simple algorithm that is especially designed for the objective function in Equation 14.18 uses the
search direction

_|_Gu) T_
d _{” VG, || +a"u’}a" " i

where o, =-VG(u,)/|| VG(u,) || is the normalized negative gradient row vector. For A, =1, this algorithm
is identical to one originally suggested by Hasofer and Lind [8] and later generalized for nonnormal
variables by Rackwitz and Fissler [9]. However, with a unit step size this algorithm does not converge
when 1<|Bk,|, where k; is a principal curvature of the limit-state surface at the design point. The
appropriate step size can be selected by monitoring a merit function, m(u). This is any continuous and
differentiable function of u, whose minimum occurs at the solution of Equation 14.18 and for which d;
is a descent direction at u; (i.e., the value of the function m(u) decreases as we move a small distance in
the direction d; starting from u;). Zhang and Der Kiureghian [10] have shown that a merit function that
satisfies these conditions is

m(u) = % ulP + ¢ |G(w)| (14.23)

where the penalty parameter ¢ should be selected at each step to satisfy the condition ¢, >||u,||/||VG(u,)||.
Using the merit function, the best step size is obtained as

A, =argmin{m(u, + Ad,)} (14.24)

However, strict solution of the above minimization is costly. In practice, it is sufficient to select 4, €(0,1]
such that m(u, + Ad;) <m(u,). A popular rule for this purpose is the Armijo rule [11].

The algorithm described by Equation 14.21 through Equation 14.24 is known as the Improved HL-
RF algorithm [10]. For most problems, this algorithm converges in just a few steps. To assure that
convergence to the global solution is obtained, it is a good practice to repeat the solution starting from
a different initial point x,. In practice, it is very rare that convergence to a local solution occurs, and
when this does occur, usually one can detect it from the context of the problem. Nevertheless, one should
keep in mind that optimization algorithms do not guarantee convergence to the global solution and
caution should be exercised in interpreting their results.

As we have seen, the FORM solution essentially requires repeated evaluation of the limit-state function
G(u) and its gradient VG(u) at selected points u,,i=1,2,.... Because the limit-state function is defined
in terms of the original random variables x, it is necessary to carry out these calculations in that space.
For this purpose, for any point u; selected in accordance with the optimization algorithm, the inverse
transform x, =T '(u,) is used to compute the corresponding point in the original space. Then,
G(u,)=g(x,) and VG(u,) = Vg(xz.)]:x(xi), where J  is the Jacobian of the transformation, as described
in Section 14.2. Note that J , being a triangular matrix, its inverse is easy to compute.
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TABLE 14.1 Description of Random Variables for Example in Section 14.3.1.1

Correlation Coefficient

Marginal
Variable Distribution Mean c.o.v. m, m, p y
m;, KNm Normal 250 0.3 1.0
m,, KNm Normal 125 0.3 0.5 1.0
p, kN Gumbel 2,500 0.2 0.3 0.3 1.0
¥, MPa Weibull 40 0.1 0.0 0.0 0.0 1.0

14.3.1.1 Example: Reliability Analysis of a Column by FORM

Consider a short column subjected to biaxial bending moments m, and m, and axial force p. Assuming
an elastic perfectly plastic material with yield stress y, the failure of the column is defined by the
limit-state function

0
m_m p
g(x)zl_l_z_(J (14.25)
Sy Sy

where x = {m,,m,, p, y}T denotes the vector of random variables, 6= 2 is a limit-state function parameter,
A =0.190 m? is the cross-sectional area, and S, = 0.030 m’ and S, = 0.015 m? are the flexural moduli of
the fully plastic column section. Assume m;,, m,, p, and y have the Nataf distribution with the second
moments and marginal distributions listed in Table 14.1. Starting from the mean point, the Improved
HL-RF algorithm converges in nine steps with the results u"={1.21,0.699,0.941,—1.80},
X' =1{341,170,3223,31.8)7, 0.=[0.491,0.283,0.381,-0.731], B = 2.47, and p;, = 0.00682. The “exact”
estimate of the failure probability, obtained with 120,000 Monte Carlo simulations and a coefficient of
variation of 3%, is p, =0.00931.

14.3.2 System Reliability by FORM

Consider a series or parallel system reliability problem defined by a set of limit-state functions g, (x), k=
1,2,..., m,and the failure domain as in Equation 14.2b or 14.2c. Let G (u), k = 1, 2, ..., m, denote the
corresponding limit-state functions in the standard normal space. A first-order approximation to the
system failure probability is obtained by linearizing each limit-state function G, (u) at a point u;, k=1,
2,..., m, such that the surface is approximated by the tangent hyperplane

B,—ou=0 (14.26)

where o, =-VG,(u})/||VG,(u})|| is the unit normal to the hyperplane and B, = oqu; is the distance
from the origin to the hyperplane. An easy choice for the linearization points uj, is the minimum-distance
points from the origin, as defined in Equation 14.18. While this is a good choice for series systems, for
parallel systems a better choice is the so-called joint design point

u*=argmin{||u||‘Gk(u)SO,kzl,...,m} (14.27)

The above is an optimization problem with multiple inequality constraints, for which standard algo-
rithms are available. Figure 14.3 illustrates the above choices for linearization. It is clear that the
linearization according to Equation 14.27 will provide a better approximation of the failure domain
for parallel systems. Nevertheless, the linearization point according to Equation 14.18 is often used
for all system problems because it is much easier to obtain.
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FIGURE 14.3 Linearization points for series and parallel systems: (a) linearization according to Equation 14.18;
(b) linearization according to Equation 14.27.

With the limit-state surfaces linearized, the system failure domain is approximated by a hyper-polygon.
The corresponding approximations of the failure probability are derived as follows: Let v, = qu, k = 1,
2,..., m. It is easy to see that v={v, ...,vm}T are normal random variables with zero means, unit
variances, and correlation coefficients p, = o', k, [ =1, 2, ..., m. For a series system, one can write
[12]:

pfl,series = P[U (ﬁk < Vk)‘|

m
k=1

- I—P{ﬂ(vk < ﬁk)} (14.28)

k=1
=1-®,(B,R)

where ® (B, R) is the m-variate standard normal CDF with correlation matrix R =[p,,] and evaluated
at the thresholds B=(f,,...,3,). For a parallel system, one can write [12]:

pfl,parallcl = Pl:ﬂ (Bk < Vk)}

k=1

= P{m(vk < —ﬁk)} (14.29)

k=1

=® (-B,R)

where use has been made of the symmetry of the standard normal space. Note that for a single component
(m = 1), the above relations 14.28 and 14.29 both reduce to 14.20.

It is clear from the above analysis that computing the multi-normal probability function is essential
for FORM solution of series and parallel systems. For m = 2, the bivariate normal CDF can be computed
using the single-fold integral

P
q)z(ﬁpﬁpp) = ®(ﬁ1)®(ﬂ2)+ J.q)z(ﬁlaﬁpr)dr (1430)
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where @,(...r) denotes the bivariate standard normal PDF with correlation coefficient r. For higher
dimensions, numerical techniques for computing the multi-normal probability have been developed
(see, e.g., [13-15]).

As described in the introduction, a general system can be represented as a series system of parallel
subsystems, with each parallel subsystem representing a cut set. Let

C, = ﬂGj(u)SO (14.31)

Jeek

denote the k-th cut-set event, that is, the event that all components within the k-th cut set have failed.
The probability of failure of a system with m cut sets can be written as

Pj]general system = P[UCkJ (1432)
k=1

Several options are available for computing the above probability. If the cut sets are disjoint (i.e., no two
cut sets can simultaneously occur), we can write

pﬁ general system = zp(ck) (14.33)

k=1

where each term P(G,) is a parallel system problem and can be solved as described above. The difficulty
in this approach is that the disjoint cut sets can be numerous and may contain large numbers of
components. A more compact system formulation is obtained in terms of the minimum cut sets, that
is, cut sets that do not contain superfluous components. However, such cut sets usually are neither
mutually exclusive nor statistically independent. If the number of minimum cut sets is not too large, the
inclusion-exclusion rule of probability can be used to write Equation 14.32 as

pf general system ZP ZZP(C C )+ +( l)m IP(C o Cm) (1434)

k=1 I=k+1

Each term in the above expression represents a parallel system reliability problem and can be solved as
described earlier. Note, however, that the number of parallel system problems to be solved and the number
of components in them will rapidly increase with the number of cut sets, m

To avoid solving parallel systems with large number of components, bounding formulas for system
failure probability have been developed that rely on low-order probabilities. For example, the Kounias-
Hunter-Ditlevsen bounds, progressively developed in [16—-18], are

pf general system — P(C )+ Zma‘xl:() P ZP(C C ):l (14353)
k=
pﬂ general system < P(Cl) + 2 [P(Ck) - I‘I;l<a’.(X P(Ckcl)] ( 1435b)
k=2

where only joint probabilities of pairs of cut sets are required. Similar formulas involving joint probabilities
of three or more cut sets have been developed by Zhang [19]. Recently, Song and Der Kiureghian [20]
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developed a linear programming algorithm for computing bounds on general system probability for any
given information on the marginal and joint component probabilities. Their approach is guaranteed to
produce the narrowest possible bounds for any given information.

In the structural reliability literature, the bounds in Equation 14.35 are often considered in connection
with series systems, where each component represents a cut set. The above formulation shows that these
bounds are equally applicable to general systems represented in terms of multi-component cut sets.

14.3.2.1 Example: Series System Reliability Analysis of a Frame by FORM

Consider the one-bay frame in Figure 14.4a, which has ductile members and is subjected to random
horizontal and vertical loads h and v. The frame has random plastic moment capacities m;, i = 1,..., 5,
at the joints shown in the figure. Under the applied loads, this frame may fail in any of the three
mechanisms shown in Figure 14.4b. Using the principle of virtual work, these mechanisms are described
by the limit-state functions

g,(x)=m, +m,+m,+m,—5h (14.36a)
g,(x)=m, +2m, +m, —5v (14.36b)
g,(x)=m, +2m, +2m, +m,—5h—5v (14.36¢)

where x={m,,...,m,, h, v}T isthe vector of random variables. Table 14.2 shows the assumed distributions
and second moments of the random variables.

The reliability of the frame against the formation of a mechanism represents a series system reliability
problem with the limit-state functions shown in 14.36. Using the FORM approximation, we obtain the
following f3, ¢, values for the three components:

/31051 =2.29(-0.238—-0.174—0.044—0.131—-0.112 0.939 0.000] (14.37a)
ﬁzaz =2.87[—0.263-0.356—0.425—0.204 0.000 0.000 0.763] (14.37b)
ﬂ3a3 =2.00[-0.313-0.137—-0.291-0.240—0.113 0.792 0.317] (14.37¢)
%
h
> —
my ms my
5m
()
m Ms )
S
, 5m | 5m ,
Lo
(b)

sway mechanism beam mechanism combined mechanism

FIGURE 14.4 Ductile frame and its failure mechanisms.
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TABLE 14.2 Description of Random Variables for Example in Section 14.3.2.1

Variable Distribution Mean c.0.v. Correlation
m, i=1, ...,5, kNm Joint lognormal 150 0.2 Py = 0.3,i#j
h, KN Gumbel 50 0.4 Independent
v, KN Gamma 60 0.2 Independent

These values are used in Equation 14.28 to obtain the FORM approximation of the failure probability,
Py, =0.02644. If the bounds in Equation 14.35 are used, the result is 0.02639< p,, <0.02647.
14.3.2.2 Example: Reliability Updating of a Frame after Proof Test

Suppose the frame in the example in Section 14.3.2.1 has been proof-tested under a horizontal load of
h, =70 kN and a vertical load of v, =72 kN. Because the frame has survived under these loads, we have

observed
g,x)=~(m, +m,+m, +m,—5h)<0 (14.38a)
gs(x)=—(m, +2m, +m, —5v,) <0 (14.38b)
8s(x) =—(m, +2m, +2m, +m,—5h,—5v,) <0 (14.38¢)

where h, and v, are deterministic values, as given above. The updated probability of failure of the frame
in light of the proof-test result is the conditional probability

P(C,Uc,UcC,)
— == (14.39)
pf|prooftest P(C4)

where the index sets for the cut sets C;, k=1,...,4, are ¢, =(1,4,5,6), ¢, =(2,4,5,6), ¢, =(3,4,5,6), and
¢, =(4,5,6), respectively. It is seen that the numerator represents a general system problem, whereas the
denominator is a parallel system problem. First-order approximation of the probabilities in
Equation 14.39 yields the updated probability P fiproottest = 0-0189. In light of the positive proof-test
observation, this result is smaller than the unconditional failure probability estimated earlier. This
example demonstrates the use of general system reliability analysis. It also shows how reliability can be
updated in light of real-world observations.

14.3.3 FORM Importance and Sensitivity Measures

An important by-product of FORM is a set of importance and sensitivity measures that provide infor-
mation as to the order of importance of the random variables and the sensitivities of the reliability index
or the first-order approximation of the failure probability with respect to parameters in the probability
distribution or limit-state models. This section briefly introduces these measures.

Let G,(u) =|[VG||(B— o) denote the linearized limit-state function as in Equation 14.19. Noting that
the mean of uis zero and its covariance is the identity matrix, we obtain the mean and variance of G, (u) as

e =|IVG|| B (14.40)
o¢ =lIVGIP (o' + a3+ +a?) =|IVGP (14.41)

where use has been made of the fact that « is a unit vector. The result verifies that = e 10 is 1ndeed
the reliability index for the linearized problem. More importantly, Equation 14.41 shows that o)

proportional to the contribution of random variable u; to the total variance of the linearized limit-state
function. Clearly, the larger this contribution, the more important random variable u; is. Hence, the
elements of & provide relative measures of importance of the standard normal variables u,,i=1,...,n
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Furthermore, considering the expanded expression G,(w)=||VG||(B—au, —--—a,u ), it is clear that a
positive (negative) value of ¢ is an indication that random variable u; is of load (capacity) type.

When the basic random variables of a reliability problem are statistically independent, there is a one-
to-one correspondence between the original random variables x; and the standard normal random
variables u;. The order of importance and nature (load or capacity) of random variables x; then are
similar to the corresponding u; and can be determined in terms of the « vector. However, when the
random variables x are statistically dependent, there is no such one-to-one correspondence. In that case,
o does not provide information about the relative importance of the random variables x in the original
space. To derive measures of importance for the basic random variables, consider linearizing the trans-
formation u=T(x) at the design point u*:

uzu +J,  (x-x) (14.42)

Replacing the approximation by an equality, we can write

u=u +J (x-x") (14.43)

where X is slightly different from x. Because X is a linear function of w, it must have the joint normal
distribution. Its covariance matrix is

=100 (14.49)

The random variables x are considered as “equivalent normals” of x at the design point. The
covariance matrix ¥ in general depends on the design point and is slightly different from the actual
covariance matrix X of x. The magnitude of the difference depends on the degree of nonnormality
of x. Now using Equation 14.43 in the expression for G,(u)and noting that 8= ¢cu’, we obtain G,(u)=
~|VG| g, (x—x"). The variance of G,(u) can now be written as

o2 =|IVGIF (0,55 0" | = IVGIF (llet, DIF + o, ,(E- DD 0" (14.45)

where D = diag[o, is the diagonal matrix of standard deviations of x. The first term in the above expression
contains the contributions to the variance of G,(u) arising from the individual variances of the elements
of X, whereas the second term represents the contributions arising from the covariances of pairs of the
random variables. Hence, the elements of the vector o], D can be considered to provide relative measures
of importance of the elements of X, or approximately of x. Normalizing this vector, we define
y=HuD (14.46)
7.,

as the unit row vector defining the relative importance of the original random variables x. A positive
(negative) value for the element 7, of this vector indicates that x; is of load (capacity) type. It is easy to
show that when the random variables are statistically independent, y reverts back to a.

We now turn our attention to reliability sensitivity measures. Let f(x,6;) denote the joint PDF of x,
where Gf is a set of distribution parameters, and g(x, Gg) denote the limit-state function, where Og is a
set of limit-state parameters. It can be shown (see [21] and [22]) that the gradients of  with respect to
these parameters are

VoB=0aJ,, (X', 6) (14.47)

1 *
VoB=icVesx’,6,) (14.48)
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parameters 6, evaluated at the design point. Using Equation 14.20, the corresponding gradients of the
first-order probability approximation are obtained from

Vepﬂ =—(BV,B (14.49)

where 6= Gf or Og.

14.3.3.1 Example: Importance and Sensitivity Measures for a Column

Reconsider the example in Section 14.3.1.1. Using Equation 14.46, the importance vector for the basic
random variables x = {m,,m,, p, y}T is y=[0.269, 0.269, 0.451,—0.808]. From the signs of the elements of
the importance vector, it is seen that the first three random variables are load types, whereas the fourth
variable, y, is a capacity variable. This finding is intuitively obvious for this problem. However, in a more
complex problem, the nature of the random variables may not be obvious and the information provided
by the importance vector can be valuable. Of the four basic random variables, y is the most important
variable, followed by p, m,, and m,. This is in spite of the fact that y has the smallest coefficient of variation
among the four.

Using Equation 14.47, the gradient vector of § with respect to the mean values of the random
variables (with the standard deviations fixed) is obtained as V.., 8 =107[-3.24, —6.48, —0.546, 0.124]
and the gradient with respect to the standard deviations (with the means fixed) is obtained as Vg, §=107
[-3.92, —7.84, —0.790, —0.245]. Furthermore, using Equation 14.48, the sensitivity of the reliability
index with respect to the limit-state function parameter 6 is obtained as 98/06 =0.552. The corre-
sponding sensitivities of the first-order failure probability are obtained from Equation 14.49 by scaling
the above sensitivity values by —¢(2.47) =—-0.0190.

14.4 The Second-Order Reliability Method

As its name implies, the second-order reliability method, SORM, involves a second-order approximation
of the limit-state function. Consider a Taylor series expansion of the component limit-state function
G(u) at the design point u,

Glu) sVG(u*)(u—u‘)+%<u—u‘)TH(u—u‘)
(14.50)

1 e
m(u—u)H(u u)

=[IVGQ)| {(/3— o)+
where o and f3 are as defined earlier and H is the second-derivative matrix at the design point having
the elements H;= ’G(u’ /(auﬁuj), i,j=1,...,n. Now consider a rotation of the axes u”=Pu, where P
is an orthonormal matrix with ¢ as its last row. Such a matrix can be constructed by, for example, the
well-known Gram-Schmidt algorithm. This rotation positions the design point on the u/ axis, such that

u’ =[0---0B]". Because u=P"w’, defining G’(u’)=G(P u’)/||VG(u)||, we have
1 % .
Gu)zp-aP'v'+—————(u'-u")"PHP (v’ —u") (14.51)
2[[VG )|
Noting that P"u’ =1/ and letting A =PHP"/||VG(u’)|, we have
GW) =B+~ (W —u") AW —u") (14.52)
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] where A, is the (n—1) X (n—1) matrix formed by the
first n — 1 rows and columns of A. Expandlng the matrix product in Equation 14.52 yields

and the corresponding partition of A, A =[,r

a,,

12771

GW)=p-u + ; u'TA“u] +20, - PALu +a, W - B) (14.53)

Because u/ — =0 is the tangent plane at the design point, for points on the limit-state surface in the
neighborhood of the design point, the last two terms inside the square brackets in Equation 14.53 are
of smaller order than the first term. Neglecting these terms, we arrive at

1
G)=p-u +Eul’TA”ul’ (14.54)

This is the equation of a paraboloid with its apex at the design point. Now consider a rotation of the
axes around u/ defined by the transformation u;’= Qu;, where Q is an (1 —1) X (n —1) orthonormal matrix.
Since u] = QTu]", we can write uf A u = u"TQAHQT 7. It follows that by selecting QT as the eigenmatrix
of A,,, the product QA Q" diagonalizes and Equation 14.54 reduces to

n—1

T . .» 1 ”2
GW)=G(Q" )= p- u+52 (14.55)

i
i=1

where x; are the eigenvalues of A,,. The preceding expression defines a paraboloid through its principal
axes with x,,i=1,...,n—1, denoting its principal curvatures. This paraboloid is tangent to the limit-
state surface at the design point and its principal curvatures match those of the limit-state surface at the
design point. Note that, for > 0, a positive curvature denotes a surface that curves away from the origin.
Because the apex is at the design point, which is the point nearest to the origin, it follows that the
inequality —1 < Bx; must hold for each principal curvature.

In SORM, the probability of failure is approximated by the probability content of the above-defined
paraboloid. Because the standard normal space is rotationally symmetric, this probability, which we
denote as p;,, is completely defined by B and the set of curvatures x,,i=1,...,n—1.Hence, we can write
the SORM approximation as

prEpnBkynk, ) (14.56)

Tvedt [23] has derived an exact expression for p;, under the condition —1< Bk ,. Expressed in the form
of a single-fold integral in the complex plane, Tvedt’s formula is

11\

| (s+ B’ 1
¢(ﬁRe1\ﬂ'!S { ) }H 1+st5 (14.57)

where i =y-1.A simpler formula based on asymptotic approximations derived earlier by Breitung [24] is

=@ ﬁH \/1+y/(ﬁ)x (14.58)
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shown that improved results are obtained by using y(f8) = @(B8)/®(S). Note that in the above formula,
each term 1/\/1+l,l/(ﬁ)l<i acts as a correction factor on the FORM approximation to account for the
curvature of the limit-state surface in the principal direction u]".

To summarize, the SORM approximation according to the above formulation involves the following
steps after the design point has been found: (1) Construct the orthonormal matrix P with ¢ as its last
row. (2) Compute the second-derivative matrix H = [azG/(auiauj)} at the design point. Usually, a finite-
difference scheme in the u space is used, with the individual function values computed at the corre-
sponding points in the x space. (3) Compute the matrix A =PHP"/||VG(u")|| and form A,, by deleting
the last row and column of A. (4) Compute the eigenvalues of A ,k,,i=1,...,n—1.(5) Use either of
the formulas in Equation 14.57 or Equation 14.58 to obtain the SORM approximation. The most difficult
part of this calculation is the evaluation of the second-derivative matrix. This is particularly the case if
the limit-state function involves numerical algorithms, such as finite element calculations. Two issues
arise in such applications. One is the cost of computing the full second-derivative matrix by finite
differences when the number of random variables is large. The second is calculation noise in the limit-
state function due to truncation errors, which could produce erroneous estimates of the curvatures. Two
alternative SORM methods that attempt to circumvent these problems are described below.

Der Kiureghian and De Stefano [26] have shown that certain algorithms for finding the design point,
including the Improved HL-RF algorithm described earlier, have the property that the trajectory of trial
points u,,i=1,2,..., asymptotically converges on the major principal axis of the limit-state surface, that
is, the axis 1 having the maximum |k;| value. Using this property, the major principal curvature can be
approximately computed in terms of the quantities that are available in the last two iterations while finding
the design point. Suppose convergence to the design point is achieved after r iterations with u,_, and u,
denoting the last two trial points and ¢,_, and ¢, denoting the corresponding unit normal vectors. Using
the geometry in Figure 14.5, the major principal curvature is approximately computed as

sgn[o (u, —uril)]cos'l(a ot )

=1

K, =— - : (14.59)
\/”ur _ur—]H - ||ar(ur _ur—l)”

To obtain the second major principal curvature, one repeats the search process (from a randomly selected
initial point) in a subspace orthogonal to the major principal axis. The result, using Equation 14.59, is
an approximation of the principal curvature having the second-largest absolute value. Next, the search
is repeated in a subspace orthogonal to the first two principal axes. The result is the third major principal
curvature. This process is continued until all principal curvatures of significant magnitude have been

FIGURE 14.5 Geometry for computing the principal curvature.
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obtained. The advantages of this approach are twofold: (1) one does not need to compute second
derivatives, and (2) one computes the principal curvatures in the order of their importance and can stop
the process when the curvature magnitudes are sufficiently small. The latter property is particularly
important in problems with large n, where often only a few principal curvatures are significant; that is,
the limit-state surface is significantly curved in only a few directions. The reader should consult Der
Kiureghian and De Stefano [26] for further details on the implementation of this method.

The SORM method described above constructs the approximating paraboloid by fitting to the principal
curvatures at the design point. For this reason, this method is known as the curvature-fitting SORM
method. As mentioned, there are situations where the computation of the limit-state function involves
noise due to truncation errors and computing high-order derivatives is problematic. To circumvent this
problem, Der Kiureghian et al. [27] developed a point-fitting SORM method, where a piecewise paraboloid
surface is defined by fitting to points selected on the limit-state surface on either side of the design point
along each axis u,i=1,...,n—1. As shown in Figure 14.6 for a slightly modified version of the method,
the points for axis u] are selected by searching along a path consisting of lines u; ==b and a semicircle
of radius b centered at the design point. The parameter b is selected according to the rule b =1 if || <1,
b=|p|if 1<|B|<3and b=3 if 3 <|f]. This rule assures that the fitting points are neither too close nor

’+
i

too far from the design point. Let ;7,4 ) and (u;",u") denote the coordinates of the fitting points
along axis u/, where the superscript signs indicate the negative and positive sides of the u/ axis. Through
each fitting point, a semiparabola is defined that is tangent at the design point (see Figure 14.6). The

curvature of the semiparabola at the design point is given by

28 _ M (14.60)

i 7\ 2
(ui/sgn(ul))

where sgn(u]) denotes the sign of the coordinate on the u] axis. The approximating limit-state function
is now defined as

n—1
1 ,
GW)=p-u +52afg“(“")ui’2 (14.61)
i=1
When set equal to zero, the above expression defines a piecewise paraboloid surface that is tangent to

the limit-state surface at the design point and is coincident with each of the fitting points. Interestingly,
this function is continuous and twice differentiable despite the fact that the coefficients a}*“" are

A
=
.

,\
<
=
ot
:\
3
N
=

A
[S

FIGURE 14.6 Definition of fitting points in point-fitting SORM method.
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discontinuous. This is because this discontinuity occurs at points where u] takes on the zero value. The
advantages of this approach are that it is insensitive to noise in the calculation of the limit-state function
and it does not require derivative calculations. On the other hand, it requires finding 2(n—1) fitting
points on the surface. Furthermore, because the fitting points are obtained in the u’ space, the solution
may depend on the selected transformation matrix P, which of course is not unique. Der Kiureghian
etal. [27] have shown that the maximum error resulting from the worst choice of P is much smaller
than the error in the FORM approximation. That is, even in the worst case, this method improves the
FORM approximation.

The above SORM methods are applicable to component reliability problems. For series system reli-
ability problems, a SORM approximation may be obtained by replacing each component reliability index
B.by Bi=@'(1-p r,)» while keeping the unit vector ¢ unchanged. The formula in Equation 14.28 is
then used to obtain the series system probability. This procedure essentially adjusts the distances to the
componential hyper-planes such that the half-space probability for each component is equal to the SORM
approximation for the component. Unfortunately, a similar approach may not provide an improved result
for nonseries systems.

14.4.1 Example: Reliability Analysis of a Column by SORM

For the example in Section 14.3.1.1, a SORM analysis reveals the principal curvatures k, =—0.155 and
Kk, =-0.0399, with x; being practically zero. The curvature-fitting SORM estimate of the failure
probability according to Tvetd’s formula (Equation 14.57) is p,, =0.00936, whereas the result based
on Breitung’s formula (Equation 14.58) is p,, =0.00960. The result based on the point-fitting SORM
method is p, =0.00913. All these results closely match the “exact” result given in the example in
Section 14.3.1.1.

14.5 Time-Variant Reliability Analysis

Many problems in engineering involve random quantities that vary in time or space. Such quantities are
properly modeled as stochastic processes or random fields. If the failure event of interest is defined over
a temporal or spatial domain, then the reliability problem is said to be time- or space-variant, respectively.
In this section, we only discuss time-variant problems. One-dimensional space-variant reliability prob-
lems have similar features. However, multidimensional space-variant problems require more advanced
tools (see, e.g., [28]). Our discussion in this section addresses time-variant problems only in the context
of FORM analysis. The more general topic of time-variant reliability analysis is, of course, much broader
and involves such topics as stochastic differential equations and random vibrations.

Consider a component reliability problem defined by the limit-state function g[x, y(t)], where x is a
vector of random variables and y(f) is a vector of random processes. According to our definition,
{g[x, y@®)]< 0} describes the failure event at time t. Because, for a given f, y(t) is a vector of random
variables, the instantaneous failure probability p f(t) = P{g[x,y(#)] <0} can be computed by the methods
described in this chapter, provided the joint distribution of x and y(¢) is available.

A more challenging problem results when the failure domain is defined as

Q- {miTn glx,y(1)]< o} (14.62)

1
ml

where T denotes an interval of time, say T ={t|¢, <t <t, }. This is the well-known first-passage problem:
the failure event occurs when the process g[x, y(t)] first down-crosses the zero level. One can easily verify

that

max pf(t) < P{r?liTn gxy®)]< 0} (14.63)

teT
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That is, the maximum of the instantaneous failure probability over an interval only provides a lower
bound to the probability of failure over the interval. This is because the failure event can occur at times
other than the time at which p;(¢) assumes its maximum. In the following, we present two approaches
for approximately solving the above time-variant reliability problem.

A simple way to solve the problem is to “discretize” the time interval and use a series system approx-
imation. Let f,,k=1,...,m , be a set of time points selected within the interval T. Then,

P{U glxy(t)< o} < P{ntgn gl y(n)]< 0} (14.64)
k=1

The problem on the left is a series-system reliability problem with m “time-point” components. It
can be solved by the FORM methods described in Section 14.3. This involves transforming the entire

vector of random variables, [x, y(t,),..., y(t,)], to the standard normal space u, finding the design
point for each time-point component, and linearizing the corresponding limit-state surfaces such
that g[x,y(t,)]e< B, —oqu, k=1,...,m, where B, and ¢ are the distance and the unit normal vector

defining the plane tangent to the k-th limit-state surface. The quantities B, and oy are used in
Equation 14.28 to compute the FORM approximation to the probability on the left side of
Equation 14.64. The result is an approximate lower bound on the time-variant failure probability.
This lower bound can be improved by increasing the number of discrete time points. When y(¢) and,
therefore, g[x,y(t)] are nonstationary, advantage can be gained by selecting time points at which the
instantaneous failure probability, p,(#), is high. However, selecting time points that are too closely
spaced is not necessary because the failure events associated with such points are strongly correlated
(the o, vectors are nearly coincident) and, therefore, they would not significantly add to the series-
system probability. One can increase the number of time points gradually until no appreciable
increase in the system probability is observed. The result, then, provides a narrow lower bound
approximation to the time-variant failure probability. Obviously, this method can become cumber-
some when the process g[x,y(¢)] has a short correlation length relative to the interval T, because in
that case a large number of points are necessary to obtain a good approximation. The main com-
putational effort is in finding the design points associated with the discrete time steps ¢, k=1,...,m,
by use of an iterative algorithm, such as the one described in Section 14.3. In this analysis, significant
saving is achieved by finding the design points in sequence and using each preceding solution as the
initial trial point in the search for the next design point.

An entirely different approach for computing the time-variant failure probability uses the mean rate
of down-crossings of the process g[x,y(#)] below the zero level. Consider a small time interval [¢, ¢t + t)
and let v(¢)dt denote the mean number of times that the process g[x,y(¢)] down-crosses the level zero
during this interval. Let p(k) denote the probability that k down-crossings occur during the interval.
We can write

v(£)ot =0X p(0)+1x p(1)+2X p(2)+-+- (14.65)

For a sufficiently small &t, assuming the process g[x,y(t)] has a smoothly varying correlation structure,
the probability of more than one down-crossing can be considered negligible in relation to the probability
of a single down-crossing. Thus, the second- and higher-order terms in the above expression can be
dropped. The probability of a single down-crossing is computed by noting that this event will occur if
0< g[x,y(*)] and g[x,y(t+6t)]<0. Hence [29],

Pi—glx,y(t)]<0[ | glx,y(t+6)]<0
v(t) = lim { ﬂ }

5t—0 ot (14.66)
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The probability in the numerator represents a parallel-system reliability problem with two components.
This problem can be solved by FORM. The solution essentially requires finding the design points for
the instantaneous limit-state functions —g[x,y(#)_and g[x, y(t + 6t)] and the associated reliability indices
B(t) and B(t+45t) and unit normals o(t) and oft +dt), respectively. To avoid dealing with the highly
correlated random vectors y(f) and y(t+dt), one can use the approximation y(t+8t) = y(¢)+ 6t y(¢),
where y(f) denotes the derivative vector process. Furthermore, for small 8t, we have S(t+6t) = —p(t)=b
and the inner product of o(t) and a(t+ 6t), which defines the correlation coefficient between the two
component events, is nearly —1. For this limiting case, one can show (see [30]) that Equation 14.30
reduces to

1 b sin”' p
b, p) = exp| - 14.67
D,(=b,b,p) 4exp( 5 j[l+ s J ( )

This procedure is repeated for a grid of time points to compute v(t) as a function of time. Normally, v(¢)
is a smooth function and a coarse grid of time points is sufficient.

With the mean down-crossing rate computed, two options are available for estimating the time-variant
failure probability. One is the well known upper bound defined by

p{minix,y(©)1<0} < Pllxyie,)1<0}+ [ vinr (14.68)

teT

where P{g[x,y(t,)]<0} is the instantaneous probability of failure at the start of the interval, a time-
invariant problem. This expression usually provides a good approximation of the time-variant failure
probability when the process g[x,y(t)] is not narrow band and the mean rate v(¢) is small. The second
approach is based on the assumption that the down-crossing events are Poisson, which implies statistical
independence between these events. This approximation works only if the limit-state process is ergodic.?
Thus, for this approximation to work, the random variables x should not be present and y(#) must be
ergodic. The Poisson-based approximation then is

P{rgiTn gly(®]< o} = exp| - J’ V() (14.69)

tel

Provided ergodicity holds, this approximation normally works well when the mean down-crossing rate
is small and the limit-state process is not narrow band.

14.5.1 Example: Mean Out-Crossing Rate of a Column under
Stochastic Loads

Reconsider the example in Section 14.3.1.1. Assume the applied loads y(r) = {m,(t),m,(t), p(£)}" represent
a vector of stationary Gaussian processes with the second moments described in Table 14.1. Also assume
the zero-mean stationary Gaussian vector process y(t) has the root-mean square values 300 7 kNm/s,
150 7 kNm/s and 2,500 77 kN/s, and the correlation coefficients p, , =0.4, p, , = p,, =0.2. Assuming the
yield stress is a deterministic value y =40 MPa, using Equation 14.66, the mean out-crossing rate is obtained
as v = 0.00476 s7!, which is of course independent of time due to the stationarity of the process. If y is
considered to be random as in Table 14.1, the estimate of the mean out-crossing rate is v = 0.00592 s7*.
This value is slightly greater due to the added uncertainty of the yield stress.

2 A random process is ergodic if its ensemble averages equal its corresponding temporal averages.
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14.6 Finite Element Reliability Analysis

The finite element (FE) method is widely used in engineering practice to solve boundary-value problems
governed by partial differential equations. Essentially, the method provides an algorithmic relation
between a set of input variables x and processes y(¢) and a set of output responses s, that is, an implicit
relation of the form s = s(x,y(t)). When x and y(¢) are uncertain, s is also uncertain. Reliability methods
can then be used to compute the probability associated with any failure event defined in terms of the
response vector s. This may include time- or space-variant problems, in which the failure event is defined
over a temporal or spatial domain.

In using FORM or SORM to solve FE reliability problems, one essentially needs to repeatedly solve
for the response and the response gradients for a sequence of selected realizations of the basic random
variables. In FORM, the realizations of the random variables are selected in accordance to the algorithm
for finding the design point (see Section 14.3). The number of such repeated FE solutions usually is not
large (e.g., of the order of several tens); furthermore, this number is independent of the magnitude of
the failure probability and the number of random variables. In SORM, the number of repeated
FE solutions is directly governed by the number of random variables. In either case, if the failure
probability is small, the amount of needed computations is usually much smaller than that needed in a
straightforward Monte Carlo simulation approach.

An important issue in FORM solution of FE reliability problems is the computation of the response
gradients, V s and V s, which are needed in computing the gradient of the limit-state function. A finite
difference approach for computing these gradients is often costly and unreliable due to the presence of
computational noise arising from truncation errors. For this reason, direct differentiation methods
(DDM) have been developed [31, 32]. These methods compute the response gradients directly, using
the derivatives of the governing equations. Of course, this implies coding all the derivative equations in
the FE code, for example, the derivatives of the constitutive laws, of the element stiffness and mass
matrices, etc. A few modern finite element codes possess this capability. In particular, the OpenSees code
developed by the Pacific Earthquake Engineering Research (PEER) Center is so enabled. Furthermore,
it embodies the necessary routines for defining probability distributions for input variables or processes
and for reliability analysis by FORM and two sampling methods [33]. This code is freely downloadable
at http://opensees.berkeley.edu/.

FE reliability analysis by FORM and SORM entails a number of challenging problems, including
convergence issues having to do with the discontinuity of gradients for certain nonlinear problems,
computational efficiency, processing of large amounts of data, definition of failure events, and solution
of time- and space-variant problems. A fuller description of these issues is beyond the scope of this
chapter. The reader is referred to [28, 33, 34, 35].
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15.1 Introduction

A fully satisfactory estimate of the reliability of a structure is based on a system approach. In some
situations, it may be sufficient to estimate the reliability of the individual structural members of a
structural system. This is the case for statically determinate structures where failure in any member will
result in failure of the total system. However, failure of a single element in a structural system will generally
not result in failure of the total system, because the remaining elements may be able to sustain the external
load by redistribution of the internal load effects. This is typically the case of statically indeterminate
(redundant) structures, where failure of the structural system always requires that more than one element
fail. A structural system will usually have a large number of failure modes, and the most significant failure
modes must be taken into account in an estimate of the reliability of the structure.

From an application point of view, the reliability of structural systems is a relatively new area. However,
extensive research has been conducted in the past few decades and a number of effective methods have
been developed. Some of these methods have a limited scope and some are more general. One might
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argue that this area is still in a phase of development and therefore not yet sufficiently clarified for practical
application. However, a number of real practical applications have achieved success. This chapter does
not try to cover all aspects of structural system reliability. No attempt is made to include all methods
that can be used in estimating the reliability of structural systems. Only the B-unzipping method is
described in detail here, because the author has extensive experience from using that method.

This section is to some degree based on the books by Thoft-Christensen and Baker [1] and Thoft-
Christensen and Murotsu [2].

15.2 Modeling of Structural Systems

15.2.1 Introduction

A real structural system is so complex that direct exact calculation of the probability of failure is completely
impossible. The number of possible different failure modes is so large that they cannot all be taken into
account; and even if they could all be included in the analysis, exact probabilities of failure cannot be
calculated. It is therefore necessary to idealize the structure so that the estimate of the reliability becomes
manageable. Not only the structure itself, but also the loading must be idealized. Because of these
idealizations it is important to bear in mind that the estimates of, for example, probabilities of failure
are related to the idealized system (the model) and not directly to the structural system. The main
objective of a structural reliability design is to be able to design a structure so that the probability of
failure is minimized in some sense. Therefore, the model must be chosen carefully so that the most
important failure modes for the real structures are reflected in the model.

It is assumed that the total reliability of the structural system can be estimated by considering a finite
number of failure modes and combining them in complex reliability systems. The majority of structural
failures are caused by human errors. Human errors are usually defined as serious mistakes in design,
analysis, construction, maintenance, or use of the structure, and they cannot be included in the reliability
modeling presented in this chapter. However, it should be stated that the probabilities of failure calculated
by the methods presented in this book are much smaller than those observed in practice due to gross
errors. The failures included in structural reliability theory are caused by random fluctuations in the
basic variables, such as extremely low strength capacities or extremely high loads.

Only truss and frame structures are considered, although the methods used can be extended to a
broader class of structures. Two-dimensional (plane) as well as three-dimensional (spatial) structures are
treated. It is assumed that the structures consist of a finite number of bars and beams, and that these
structural elements are connected by a finite number of joints. In the model of the structural system, the
failure elements are connected to the structural elements (bars, beams, and joints); see Section 15.2.3.
For each of the structural elements, a number of different failure modes exist. Each failure mode results
in element failure, but systems failure will, in general, only occur when a number of simultaneous element
failures occur. A more precise definition of system failure is one of the main objects of this chapter. It is
assumed that the reliability of a structural system can be estimated on the basis of a series system modeling,
where the elements are failure modes. The failure modes are modeled by parallel systems.

15.2.2 Fundamental Systems

Consider a statically determinate (nonredundant) structure with # structural elements and assume that
each structural element has only one failure element; see Figure 15.1. The total number of failure elements
is therefore also n. For such a structure, the total structural system fails as soon as any structural element
fails. This is symbolized by a series system.

~—{ T {2 {8~

FIGURE 15.1 Series system with n elements.
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FIGURE 15.2 Parallel system with 7 elements.

For a statically indeterminate (redundant) structure, failure in a single structural element will not
always result in failure of the total system. The reason for this is that the remaining structural elements
will be able to sustain the external loading by redistribution of the load effects. For statically indeterminate
structures, total failure will usually require that failure takes place in more than one structural element.
It is necessary to define what is understood by total failure of a structural system. This problem will be
addressed in more detail, but formation of a mechanism is the most frequently used definition. If this
definition is used here, failure in a set of failure elements forming a mechanism is called a failure mode.
Formation of a failure mode will therefore require simultaneous failure in a number of failure elements.
This is symbolized by a parallel system, see Figure 15.2.

In this section it is assumed that all basic variables (load variables and strength variables) are normally
distributed. All geometrical quantities and elasticity coefficients are assumed deterministic. This assump-
tion significantly facilitates the estimation of the failure probability, but, in general, basic variables cannot
be modeled by normally distributed variables at a satisfactory degree of accuracy. To overcome this
problem, a number of different transformation methods have been suggested. The most well-known
method was suggested by Rackwitz and Fiessler [3]. One drawback to these methods is that they increase
the computational work considerably due to the fact that they are iterative methods. A simpler (but also
less accurate) method, called the multiplication factor method, has been proposed by Thoft-Christensen
[4]. The multiplication factor method does not increase the computational work. Without loss of gen-
erality, it is assumed that all basic variables are standardized; that is, the mean value is 0 and the variance 1.

The S-unzipping method is only used for trussed and framed structures but it can easily be modified
to other classes of structures. The structure is considered at a fixed point in time, so that only static
behavior has been addressed. It is assumed that failure in a structural element (section) is either pure
tension/compression or failure in bending. Combined failure criteria have also been used in connection
with the B-unzipping method, but only little experience has been obtained until now.

Let the vector X = (X,..., X) be the vector of the standardized normally distributed basic variables
with the joint probability density function ¢, and let failure of a failure element be determined by a
failure function f:@ — R, where w is the n-dimensional basic variable space. Let f be defined in such a
way that the space wis divided into a failure region @ ;={x: f(x)<0} and a safe region @, ={x: f(x) >0}
by the failure surface (limit state) de ={x: f(X) >0}, where the vector X is a realization of the random
vector X. Then the probability of failure P; for the failure element in question is given by

Pf=P(f(}?)SO)=J-¢n(E)dE. (15.1)
of

If the function fis linearized at the so-called design point at the distance 3 to the origin of the coordinate
system, then an approximate value for P, is given by

P =Pl X, +...+a, X, +B<0)=Plo X +...+0,X, <) =D(-f) (15.2)
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where & = (0, ..., ,) is the vector of directional cosines of the linearized failure surface. B is the Hasofer-
Lind reliability index, and ®is the standardized normal distribution function. The random variable

M=aX +..+a X +p (15.3)

is the linearized safety margin for the failure element.

Next consider a series system with k elements. An estimate of the failure probability P of this series
system can be obtained on the basis of the linearized safety margin of the form in Equation 15.3 for the
k elements

P= p[o(%x +B,< o)] = P[O(aiX < —ﬂi)] =1- P[ﬁ(aiX > —ﬁi)]

i=1

(15.4)

where @, and f; are the directional cosines and the reliability index for failure element i, i = 1,...,k,
respectively, and where 8 =(8,,...,,). p =1{p,} is the correlation coefficient matrix given by Py = @Tﬁj
for all i# ). @, is the standardized k- dlmenswnal normal distribution function. Series systems will be
treated in more detail in Section 15.3.

For a parallel system with k elements, an estimate of the failure probability P/’ can be obtained in the
following way

Pr=P [ﬂ(a)ﬂﬂ <O]:P[ﬂ (—aX < ] @, (B;D) (15.5)

i=1

where the same notations as above are used. Parallel systems will be treated in more detail in Section 15.4.
It is important to note the approximation behind Equation 15.4 and Equation 15.5; namely, the
linearization of the general nonlinear failure surfaces at the distinct design points for the failure elements.
The main problem in connection with application of Equation 15.4 and Equation 15.5 is numerical
calculation of the n-dimensional normal distribution function @, for n > 3. This problem is addressed
later in this chapter where a number of methods to get approximate values for @, are mentioned.

15.2.3 Modeling of Systems at Level N

Clearly, the definition of failure modes for a structural system is of great importance in estimating the
reliability of the structural system. In this section, failure modes are classified in a systematic way
convenient for the subsequent reliability estimate. A very simple estimate of the reliability of a structural
system is based on failure of a single failure element, namely the failure element with the lowest reliability
index (highest failure probability) of all failure elements. Failure elements are structural elements or
cross-sections where failure can take place. The number of failure elements will usually be considerably
higher than the number of structural elements. Such a reliability analysis is, in fact, not a system reliability
analysis, but from a classification point of view it is convenient to call it system reliability analysis at level
0. Let a structure consist of n failure elements and let the reliability index (see, e.g., Thoft-Christensen
and Baker [1]) for failure element i be B, then the system reliability index /33 at level 0 is

B¢ = min B. (15.6)

Clearly, such an estimate of the system reliability is too optimistic. A more satisfactory estimate is
obtained by taking into account the possibility of failure of any failure element by modeling the structural
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FIGURE 15.3 System modeling at level 1.

system as a series system with the failure elements as elements of the system (see Figure 15.3). The
probability of failure for this series system is then estimated on the basis of the reliability indices f3;, i =
1,2, ..., n,and the correlation between the safety margins for the failure elements. This reliability analysis
is called system reliability analysis at level 1. In general, it is only necessary to include some of the failure
elements in the series system (namely, those with the smallest B-indices) to get a good estimate of the
system failure probability Pfl and the corresponding generalized reliability index f;, where

Bs= —CD’I(P}) (15.7)

and where @ is the standardized normal distribution function. The failure elements included in the
reliability analysis are called critical failure elements.

The modeling of the system at level 1 is natural for a statically determinate structure, but failure in a
single failure element in a structural system will not always result in failure of the total system, because
the remaining elements may be able to sustain the external loads due to redistribution of the load effects.
This situation is characteristic of statically indeterminate structures.

For such structures, system reliability analysis at level 2 or higher levels may be reasonable. At level 2,
the system reliability is estimated on the basis of a series system where the elements are parallel systems
each with two failure elements — so-called critical pairs of failure elements (see Figure 15.4). These critical
pairs of failure elements are obtained by modifying the structure by assuming, in turn, failure in the
critical failure elements and adding fictitious loads corresponding to the load-carrying capacity of the
elements in failure. If, for example, element i is a critical failure element, then the structure is modified
by assuming failure in element i and the load-carrying capacity of the failure element is added as fictitious
loads if the element is ductile. If the failure element is brittle, no fictitious loads are added. The modified
structure is then analyzed elastically and new f3-values are calculated for all the remaining failure elements.
Failure elements with low f3-values are then combined with failure element i so that a number of critical
pairs of failure elements are defined.

Analyzing modified structures where failure is assumed in critical pairs of failure elements now
continues the procedure sketched above. In this way, critical triples of failure elements are identified and
a reliability analysis at level 3 can be made on the basis of a series system, where the elements are parallel
systems each with three failure elements (see Figure 15.5). By continuing in the same way, reliability
estimates at levels 4, 5, etc. can be performed, but, in general, analysis beyond level 3 is of minor interest.

][]
L] L

FIGURE 15.5 System modeling at level 3.
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15.2.4 Modeling of Systems at Mechanism Level

Many recent investigations in structural system theory concern structures that can be modeled as elastic-
plastic structures. In such cases, failure of the structure is usually defined as formation of a mechanism.
When this failure definition is used, it is of great importance to be able to identify the most significant
failure modes because the total number of mechanisms is usually much too high to be included in the
reliability analysis. The B-unzipping method can be used for this purpose, simply by continuing the
procedure described above until a mechanism has been found. However, this will be very expensive due
to the great number of reanalyzes needed. It turns out to be much better to base the unzipping on
reliability indices for fundamental mechanisms and linear combination of fundamental mechanisms.

When system failure is defined as formation of a mechanism, the probability of failure of the structural
system is estimated by modeling the structural system as a series system with the significant mechanisms
as elements (see Figure 15.6). Reliability analysis based on the mechanism failure definition is called
system reliability analysis at mechanism level.

For real structures, a mechanism will often involve a relatively large number of yield hinges and the
deflections at the moment of formation of a mechanism can usually not be neglected. Therefore, the
failure definition must be combined with some kind of deflection failure definition.

15.2.5 Formal Representation of Systems

This section gives a brief introduction to a new promising area within the reliability theory of structural
systems called mathematical theory of system reliability. Only in the past decade has this method been
applied to structural systems, but it has been applied successfully within other reliability areas. However,
a lot of research in this area is being conducted and it can be expected that this mathematical theory will
also be useful also for structural systems in the future. The presentation here corresponds, to some extent,
to the presentation given by Kaufmann, Grouchko, and Cruon [5].

Consider a structural system S with # failure elements E,, ..., E,. Each failure element E;, i =1, ..., n,
is assumed to be either in a “state of failure” or in a “state of nonfailure” Therefore, a so-called Boolean
variable (indicator function) e; defined by

1 if the failure element is in a nonfailure state
e = (15.8)
0 if the failure element is in a failure state

is associated with each failure element E;, i=1, ..., n.
The state of the system S is therefore determined by the element state vector

e=(e,...,e,). (15.9)

mechanism1 2 e r

—

(oL [
| Lo

— 7 -

FIGURE 15.6 System modeling at mechanism level.
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FIGURE 15.7 Series system with # elements.

The system S is also assumed to be either in a “state of failure” or in a “state of nonfailure”. Therefore,
a Boolean variable s, defined by

1 if the system is in a nonfailure state
s= (15.10)
0 if the system is in a failure state

is associated with the system S. Because the state of the system S is determined solely by the vector eé,
there is a function called the systems structure function, @:e — s; that is,

s=0(@). (15.11)
-
Example 15.1

Consider a series system with n elements as shown in Figure 15.7. This series system is in a safe (non-
failure) state if and only if all elements are in a nonfailure state. Therefore, the structural function sg for
a series system is given by

n

s=o,@=]]e (15.12)

i=1

where e is given by Equation 15.9. Note that s; can also be written
s =min(e,e,,...,e,). (15.13)

Example 15.2

Consider a parallel systern with n elements, as shown in Figure 15.8. This parallel system is in a safe state
(nonfailure state) only if at least one of its elements is in a nonfailure state. Therefore, the structural
function s, for a parallel system is given by

s=p@=1-[Ja-e) (15.14)
i=1
where ¢ is given by Equation 15.9. Note that s, can also be written
sp =max(ee,;...,e,). (15.15)
-
1 2171 (74 I n

FIGURE 15.8 Parallel system with 7 elements.
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FIGURE 15.9 A level 2 system modeling.

It is easy to combine the structural functions of the system sg and s, shown in Equation 15.12 and
Equation 15.14 so that the structural function for a more complicated system can be obtained. As an
example, consider the system used in system modeling at level 2 and shown in Figure 15.9. It is a series
system with three elements and each of these elements is a parallel system with two failure elements.
With the numbering shown in Figure 15.9, the structural function becomes

Ss=5pSpSp = I-(0-e)l-e)1-0-e)A=-e)][l-(1—-e)1~¢,)] (15.16)

where s,,i=1,2,3,is the structural function for the parallel system i and where ¢, i=1, ..., 6, is the
Boolean variable for element i.

Consider a structure S with a set of # failure elements E = {E,, ... , E,} and let the structural function
of the system s be given by

s=¢pe)=0ple,...,e,) (15.17)

where e=(e,...,e,) is the element state vector. A subset, A ={E,|ieI|,Tc {l,2,..., n}, of Eis called
a path set (or a link set) if

e, =lLiel
=s=1. (15.18)
e, =0,igl

According to the definition, a subset A C E is a path set if the structure is in a nonfailure state and all
elements in E\A are in a failure state.

Example 15.3

Consider the system shown in Figure 15.10. Clearly, the following subsets of E = {E|, ... ,E/} are all path
sets: Ay = {E,, E,, E,}, A, = {E,, Ey, Es}, Ay = {E,, Ey, B}, A, ={E,, E;, E|}, A; = {E,, E;, Es}, and A = {E,,
E,, E¢}. The path set A, is illustrated in Figure 15.11.

——-

44@2}5:%

FIGURE 15.10 Example 15.3 system.
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If a path set A c E has the property that a subset of A, which is also a path set, does not exist then A
is called a minimal path set. In other words, a path set is a minimal path set if failure of any failure
element in A results in system failure.

Another useful concept is the cut set concept. Consider again a structure S defined by Equation 15.17
and let A C E be defined by

FIGURE 15.11 Path set A,.

A={E|iel}, Ic{l,2,...,n}. (15.19)
A is then called a cut set, if
e, =0,iel
=s=0. (15.20)
e,=Ligl

According to the definition (Equation 15.20) a subset A C E is a cut set if the structure is in a failure
state when all failure elements in A are in a failure state and all elements in E\A are in a nonfailure state.

=

Example 15.4

Consider again the structure shown in Figure 15.10. Clearly, the following subsets of E = {E,, ... , E/} are
all cut sets: A, = {E,}, A, = {E,, E;}, and A; = {E,, E;, E}. The cut set A, is illustrated in Figure 15.12.

=

A cut set ACE is called a minimal cut set, if it has the property that a subset of A is also a cut set.
That is a cut set A is a minimal cut set if nonfailure of any failure element in A results in system nonfailure.

It is interesting to note that one can easily prove that any n-tuple (e, ... , e,) withe;=0or 1,i =
1, ..., n, corresponds to either a path set or a cut set.

For many structural systems, it is convenient to describe the state of the system by the state of the
failure elements on the basis of the system function as described in this section. The next step is then to

FIGURE 15.12 Cut set A,.
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estimate the reliability of the system when the reliabilities of the failure elements are known. The reliability
R, of failure element E; is given by

R,=P(e;=1)=1x P(e; =1)+0 X P(e, =0) = E[e,] (15.21)

where e;, the Boolean variable for failure element E,, is considered a random variable and where E[e;] is
the expected value of ¢;.
Similarly, the reliability Ry of the system S is

R;=P(s=1)=1XP(s=1)+ 0 x P(s =0) = E[s] = E[¢p(e) ] (15.22)

where the element state vector e is considered a random vector and where ¢ is the structural function
of the system.

Unfortunately, an estimate of E[@(e)] is only simple when the failure elements are uncorrelated and
when the system is simple, for example, a series system. In civil engineering, failure elements will often
be correlated. Therefore, the presentation above is only useful for very simple structures.

15.3 Reliability Assessment of Series Systems

15.3.1 Introduction

To illustrate the problems involved in estimating the reliability of systems, consider a structural element
or structural system with two potential failure modes defined by safety margins M, = f,(X,, X,) and M, =
£,(X, X,), where X, and X, are standardized normally distributed basic variables. The corresponding failure
surface and reliability indices 3, and f3, are shown in Figure 15.13.

Realizations (x;, x,) in the dotted area @, will result in failure, and the probability of failure P; is equal to

Pf = J‘(pxl’xz(xl,xz;o)d% (15.23)

o5

where Py x, 1 the bivariate normal density function for the random vector X =(X,, X,). Let ,< 3, as
shown in Figure 15.13, and assume that the reliability index J for the considered structural element or

Xo t1

Wf
A

B B2

. X1

fa(x4,%2) =0

f1(x1, x) =0

FIGURE 15.13 Illustration of series system with two failure elements.
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structural system is equal to the shortest distance from the origin 0 to the failure surface. That is, f= §3,.
Estimating the probability of failure by the formula

P, ~ &(-f) = B(-P,) (15.24)

will then correspond to integrating over the hatched area (to the right of the tangent t,). Clearly, the
approximation (15.2) will in many cases be very different from the exact P; calculated by (15.1). It is
therefore of great interest to find a better approximation of P; and then define a reliability index j by

B=-@7(P)). (15.25)

Let the two failure modes be defined by the safety margins M, = f; (X|, X,) and M, =f, (X|, X,) and
let F,={M, <0}, i=1,2. Then, the probability of failure Py of the structural system is

P, =P(F, UF,) (15.26)

corresponding to evaluating the probability of failure of a series system with two elements. An approx-
imation of P; can be obtained by assuming that the safety margins M, and M, are linearized at their
respective design points A, and A,

M, =aX +a,X,+p (15.27)

M, =bX, +b,X,+p, (15.28)

where f3, and 3, are the corresponding reliability indices when @ =(a,, a,) and b= (b, b,) are chosen as
unit vectors. Then, an approximation of P; is

b= p({a" X+ g <ojU{p"X + B, <0})=P({a"X <~ g }U{p"X <-B.})
=1-p{a"X>-gIn{p'x>-p})=1-P{-a"X < }N{p"X < B,}) (15.29)
=1-D,(B,B,; p)
where X = (X, X,) is an independent standard normal vector, and p is the correlation coefficient given by
p=a'b=ab +a,b,. (15.30)

@, is the bivariate normal distribution function defined by

X %

D,(x, x,5p) = I I¢2(t1, t,; p)dtdt, (15.31)

—o00 —oo

where the bivariate normal density function with zero mean @, is given by

1 1
0,1, 1,3 p) = ———— exp[— (7 +1; - Zptltz)]. (15.32)
2m\1-p 21-p7)
A formal reliability index f for the system can then be defined by

B=-07(P)=~-D"'(1-D,(B, B,; ). (15.33)
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The reliability of a structural system can be estimated based on modeling by a series system where the
elements are parallel systems. It is therefore of great importance to have accurate methods by which the
reliability of series systems can be evaluated. In this section it will be shown how the approximation of
P; by Equation 15.29 can easily be extended to a series system with n elements. Further, some bounding
and approximate methods are presented.

15.3.2 Assessment of the Probability of Failure of Series Systems

Consider a series system with # elements as shown in Figure 15.3 and let the safety margin for element
i be given by

M,=g(X), i=12,...,n (15.34)

where X =(X,..., X,) are the basic variables and where g, i =1, 2,..., n are nonlinear functions.
The probability of failure Py of element i can then be estimated in the following way. Assume that there
is a transformation Z = T (X) by which the basic variables X =(X,,...,X,) are transformed into inde-

pendent standard normal variables Z = (Z,,...,Z,) so that

P

. = P(M, <0)= P(£,(X)<0)= P(f,(T(2))<0) = P(h(Z) < 0) (15.35)

where h; is defined by Equation 15.35. An approximation of P;; can then be obtained by linearization of
h; at the design point

P, =P(h(Z)<0)= P Z+,<0) (15.36)

where ¢, is the unit normal vector at the design point and f3; the Hasofer-Lind reliability index.
The approximation in Equation 15.36 can be written

P = P(&iTZ +B.< o) = P(a;TZ < —ﬁi) =®(-B) (15.37)

where @ is the standard normal distribution function.

Return to the series system shown in Figure 15.3. An approximation of the probability of failure Py, of
this system can then be obtained using the same transformation T as for the single elements and by
linearization of

h(Z)=g(T'Z2)), i=1,2...,n (15.38)

at the design points for each element. Then (see, e.g., Hohenbichler and Rackwitz [6])

p,= P(U{Mi SO}] = P[U{ﬁ(X) sm] = P[U{ﬁ.(T“(Z)) < 0}]

i=1 i=1 i=1

= P(O{hi(z) < o}j ~ P[U{afz+ B.< 0}] = P[U{afz < —ﬁ,}] (15.39)

= 1—P[ﬁ{o¢fz < —ﬁ,}] = 1—P[ﬁ{afz < ﬁ,}] =1-®,(B; p)
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where f= (B,>-..,B,) and where p = [p;] is the correlation matrix for the linearized safety margins;
that is, p; = &f&). @ is the n-dimensional standardized normal distribution function.
Using Equation 15.39, the calculation of the probability of failure of a series system with linear and

normally distributed safety margins is reduced to calculation of a value of ®,.

15.3.3 Reliability Bounds for Series Systems

It has been emphasized several times in this chapter that numerical calculation of the multi-normal
distribution function @ is extremely time consuming or perhaps even impossible for values of # greater
than, say, four. Therefore, approximate techniques or bounding techniques must be used. In this section,
the so-called simple bounds and Ditlevsen bounds are derived.

15.3.3.1 Simple Bounds

First, the simple bounds are derived. For this purpose, it is convenient to use the Boolean variables
introduced in Section 15.2.5. Consider a series system S with n failure elements E,,..., E;, E;,,, E,. For
each failure element E;, i = 1, ... , n, a Boolean variable e, is defined by (see Equation 15.8)

1 if the failure element is in a nonfailure state (15.40)
" 10 if the failure element is in a failure state. ’
Then the probability of failure P of the series system is
- Ple,=1Ne,=1)  Ple,=1N...Ne, =1
Po=1-P[e,=1|=1-Ple, =) @ =1Ne,=1)  Ple,=1N...Me, =1)
o Pe, =1) Ple,=1MN...Ne, , =1)
(15.41)
< 1—Hp(e,, =1)= I—H(I—P(ei =0)).
i=1 i=1
If
P(e,;=1(e,=1)=P(e, =1)P(e, =1) (15.42)
etc., or in general,
i+l i
P(e;=1 (2P| )e; =1 [P, =D (15.43)

= =

for all 1<i < n—1.1It can be shown that Equation 15.43 is satisfied when the safety margins for E;, i =
1, ..., n, are normally distributed and positively correlated. When Equation 15.43 is satisfied, an upper
bound of P is given by Equation 15.41. A simple lower bound is clearly the maximum probability of
failure of any failure element E, i = 1,..., n. Therefore, the following simple bounds exist when
Equation 15.43 is satisfied

i=1

max Ple, =0)< P, <1- [ [0~ P, =0). (15.44)
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FIGURE 15.14 Structural system for Example 15.5.

The lower bound in Equation 15.44 is equal to the exact value of Pj; if there is full dependence between
all elements (p,,=1 for all i and j) and the upper bound in Equation 15.44 corresponds to no dependence
between any pair of elements (p;= 0, i # j).

Example 15.5

Consider the structural system shown in Figure 15.14 loaded by a single concentrated load p. Assume
that system failure is failure in compression in element 1 or in element 2. Let the load-carrying capacity
in the elements 1 and 2 be 1.5 X npand n;, respectively, and assume that p and n; are realizations of
independent normally distributed random variables P and N; with

u,=4kN o,=0.8kN

My, =4kN oy =0.8kN.

Safety margins for elements 1 and 2 are

3. N2 V2
Ml:ENF_TP) M2=NF—7P

or expressed by standardized random variables X, = (N; — 4)/0.4 and X, = (P —4)/0.8, where the
coefficients of X, and X, are chosen so that they are components of unit vectors. The reliability indices
are 3,=3.85 and 3, = 1.69 and the correlation coefficient between the safety margins is p = 0.728 X
0.577 +0.686 x 0.816 = 0.98.

Therefore, the probability of failure of the system is

PfS =1-®,(3.85,1.69; 0.98).
The probabilities of failure of the failure elements E;, i = 1, 2, are
Pf1 = P(e, = 0) = ®(-3.85) = 0.00006, sz = P(e, = 0) = ®(-1.65) =0.04947.
Bounds for the probability of failure P; are then according to Equation 15.44
0.04947 < Pﬁ <1-(1-0.00006)(1—0.04947) = 0.04953.
For this series system, p = 0.98. Therefore, the lower bound can be expected to be close to P,

15.3.3.2 Ditlevsen Bounds

For small probabilities of element failure, the upper bound in Equation 15.44 is very close to the sum
of the probabilities of failure of the single elements. Therefore, when the probability of failure of one
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failure element is predominant in relation to the other failure element, then the probability of failure of
series systems is approximately equal to the predominant probability of failure, and the gap between the
upper and lower bounds in Equation 15.44 is narrow. However, when the probabilities of failure of the
failure elements are of the same order, then the simple bounds in Equation 15.44 are of very little use
and there is a need for narrower bounds.

Consider again the above-mentioned series system S shown in Figure 15.7 and define the Boolean
variable s by Equation 15.37. Then it follows from Equation 15.12 that

s=e Xe,X...Xe, =e Xe,X...Xe,_ —e Xe,X...xXe_(l-e)

(15.45)
=e¢ —e(l—e)—e Xe,(l—e,)—...—¢ Xe,X...Xe,_ (1—e).
Hence, in accordance with Equation 15.22,
P, =1-R=1—Es]
(15.46)
=E[l1-e¢]+E[e(1—e,)]+Elee,(1—e,)]+...+ Elee,...e,_(1—e,)].
It is easy to see that
1-(0-e)d—-e)+...+(1~¢))<ee,...e,<e, for i=12,...,n (15.47)
It is then seen from Equation 15.46
ZPe -0)— maXP(e =0Me,=0) (15.48)
and
n i1
P,2Ple, =0)+ ZmaxP(ei -0)— EP(ei =0e,=0,0) (15.49)

These bounds have been suggested in a slightly different form by Kounias [7]. In structural reliability,
they are called Ditlevsen bounds [8]. The numbering of the failure elements may influence the bounds
in Equation 15.48 and Equation 15.49. However, experience suggests that it is a good choice to arrange
the failure elements so that P(e, =0) = P(e, =0) ... > P(e, =0), that is, according to decreasing proba-
bility of element failure.

The gap between the Ditlevsen bounds of Equation 15.48 and Equation 15.49 is usually much smaller
than the gap between the simple bounds in Equation 15.44. However, the bounds of Equation 15.48 and
Equation 15.49 require calculation of the joint probabilities P(e; =0(e; =0) and these calculations are
not trivial. Usually, a numerical technique must be used.

15.3.4 Series Systems with Equally Correlated Elements

The n-dimensional standardized normal distribution function @ (x; p) can be easily evaluated when
py=p> 0,i=1,...,n,j=1L...,n,i#j, that is, when

1op p

_ 1 ..

e L (15.50)
PP 1
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By the correlation matrix in Equation 15.50, it has been shown by Dunnett and Sobel [9] that

® (%:p)= J‘(p Hcp[f \pt]dt (15.51)

i=1 \1 p

Equation 15.50 can be generalized to the case where p; = ftil]., iz | A4S |/1j |<1, that is,

1 Ay, A’l/ln
- (A4 1 - LA
p=| ..U (15.52)
AA - AA 1

For such correlation matrices, Dunnett and Sobel [9] have shown that

D (%:p)= J'q;(t)Hcp % dr. (15.53)
o i=1 ANITA

For series systems with equally correlated failure elements, the probability of failure P; can then be
written (see Equation 15.39)

o h - —pt
P,=1-0 (B p)=1- J (p(t)Hq{x'\p]dt (15.54)
: 1-p
—oo i=1 N
where B=( (B> ..., B,) are the reliability indices for the single failure elements and p is the common

correlation coefficient between any pair of safety margins M; and M;, i # j.
A further specialization is the case where all failure elements have the same reliability index f3,, that

is, B;=B, fori=1,..., n. Then
o P3Pt || gy, (15.55)
Tmp

=

Pfs=1—];<p(t)

Example 15.6

Consider a series system with 7 = 10 failure elements, common element reliability index 8, and common
correlation coefficient p. The probability of failure Pj, of this series system as a function of p is illustrated
in Figure 15.15 for p=2.50 and 3.00. Note that, as expected, the probability of failure Py, decreases with p.

— -
To summarize for a series system with equally correlated failure elements where the safety margins

are linear and normally distributed, the probability of failure P, can be calculated by Equation 15.54. A
formal reliability index f3; for the series system can then be calculated by

P, =®(-f) & B;=—D'(P). (15.56)
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FIGURE 15.15 Probability of failure of series system with ten elements as a function of the correlation coefficient.

15.3.5 Series Systems with Unequally Correlated Elements

It has been investigated by Thoft-Christensen and Serensen [10] whether an equivalent correlation
coefficient can be used in Equation 15.55 with satisfactory accuracy when the failure elements are
unequally correlated (or Equation 15.54 if the reliability indices are not equal).

Define the average correlation coefficient P by

__ 1 N\
= B 15.57
P=h Zp (15.57)
pis the average of all p,, i# j. Using p corresponds to the approximation

@,(B;p)=®,(B;p)) (15.58)

where the correlation matrix [p] is given by

1 p p

- ) 1 ... D

pl=|". . . p (15.59)
p p - 1

Thoft-Christensen and Serensen [10] have shown by extensive simulation that in many situations,

@, (B;[p)) <@, (B;[p]) (15.60)

so that an estimate of the probability of failure P, using the average correlation coefficient will in such
cases be conservative. Ditlevsen [11] has investigated this more closely by a Taylor expansion for the
special case 8, = f3,,i=1, ..., n with the conclusion that Equation 15.60 holds for most cases, when f3,>
3,1 < 100, p < 0.4.

Thoft-Christensen and Serensen [10] have shown that a better approximation can be obtained by

@, (B; p)= @, (Bs [P + D, (B,, B3 Pruy) = (B Bs P) (15.61)
where 8= (B,, ..., B,) and where

n

Py = MAX P (15.62)
hy=l
1#]
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By this equation, the probability of failure P, is approximated by
B, =Py(Ip, )= PPN+ By(n=2,p=p, )~ P,(n=2,p=p) (1563)

-

Example 15.7

Consider a series system with five failure elements and common reliability index B, = 3.50 and the
correlation matrix

1 08 06 0 0
08 1 04 0 0O

p=|06 04 1 01 02}
0 0 01 1 07
0 0 02 07 1

Using Equation 15.58 with p =0.28 then gives P, =~0.00115. It can be shown that the Ditlevsen bounds
are 0.00107 < P, <0.00107. The approximation in Equation 15.63 gives P, =0.00111.

=

15.4 Reliability Assessment of Parallel Systems

15.4.1 Introduction

As mentioned earlier, the reliability of a structural system may be modeled by a series system of parallel
systems. Each parallel system corresponds to a failure mode, and this modeling is called system modeling
atlevel N, N=1, 2, ... if all parallel systems have the same number N of failure elements. In Section 15.5
it is shown how the most significant failure modes (parallel systems) can be identified by the S-unzipping
method. After identification of significant (critical) failure modes (parallel systems), the next step is an
estimate of the probability of failure P, for each parallel system and the correlation between the parallel
systems. The final step is the estimate of the probability of failure P, of the series system of parallel systems
by the methods discussed in Section 15.3.

Consider a parallel system with only two failure elements and let the safety margins be M, = f,(X,, X,)
and M, = f,(X, X,), where X, and X, are independent standard normally distributed random variables.
If F,={M,; <0},i=1, 2, then the probability of failure P of the parallel system is

P, =P(F,NF,). (15.64)

An approximation of P, is obtained by assuming that the safety margins M, and M, are linearized
at their respective design points A, and A, (see Figure 15.16)

M, =aX +a,X,+p (15.65)
M, =bX,+b,X,+J, (15.66)

where B, and 3, are the corresponding reliability indices when @ =(a,, a,) and b = (b,, b,) are chosen as
unit vectors. Then an approximation of P, is

P =p{a’ X+ p <0} N{px + . <0})
_ (15.67)
=({a'X <N {b'X<=p.})= 0,5, B p)
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A, fi(xq, %) = 0
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B1\ | B2

/ ° \ )

fo(Xq, X2) = 0

FIGURE 15.16 [Illustration of parallel system with two failure elements.

where X =(X,,X,) and where p is the correlation coefficient given by p= a'b= ab +ab,. @, is the
bivariate normal distribution function defined by Equation 15.32. A formal reliability index S, for the
parallel system can then be defined by

ﬁp =_(D71(pr)z—¢71(¢2(_ﬂ1)_ﬁ23P))- (1568)

Equation 15.67, which gives an approximate value for the probability of failure of a parallel system
with two failure elements, will be generalized in Section 15.4.2 to the general case where the parallel
system has # failure elements and where the number of basic variables is k.

15.4.2 Assessment of the Probability of Failure of Parallel Systems
Consider a parallel system with n elements as shown in Figure 15.17 and let the safety margin for element
i be given by

M, =g,(X), i=1..,n (15.69)

where X = (X, ..., X) are basic variables and where g;, i =1, 2, ..., n are nonlinear functions.

The probability of failure P, of element i can then be estimated in the similar way as shown on page
15-12. An approximation of the probability of failure P, of the parallel system in Figure 15.17 can then
be obtained by using the same transformation as for the single elements and by linearization of

h(Z)=g,T™2)), i=1,...,n (15.70)

FIGURE 15.17 Parallel system with n elements.
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at the design points for each element. Then (see, e.g., Hohenbichler and Rackwitz [6])

P, = P[ﬂ{Mi so}J - P[ﬂ{gi(X) So}] - P[ﬂ{gi(T‘l(Z)) < 0}]

i=1 i=1 i=1

- P[ﬁ{hi(Z)SO}]: p[ﬁ{afm B. so}]: p[ﬁ{afz s-p,.}] (15.71)

i=1 i=1 i=1
= (-B;p)

where S = (B,>-..,B,), and where p = [py] is the correlation matrix for the linearized safety margins;
that is, p, = &f&}. ®, is the n-dimensional standardized normal distribution function.

From Equation 15.71, the calculation of the probability of failure of a parallel system with linear and
normally distributed safety margins is reduced to calculation of a value of @ .

15.4.3 Reliability Bounds for Parallel Systems

In general, numerical calculation of the multi-normal distribution function @, is very time consuming.
Therefore, approximate techniques or bounding techniques must be used.

Simple bounds for the probability of failure P, analogous to the simple bounds for series systems
Equation 15.44 can easily be derived for parallel systems. Consider a parallel system P with n failure
elements E,...,E, . For each failure element E,, i = 1,..., 1, a Boolean variable ¢; is defined by (see
Equation 15.8)

1 if the failure element is in a nonfailure state (15.72)
“= 0 if the failure element is in a failure state. ’
Then the probability of failure P, of the parallel system is

P, =P ﬂe- —0|=Pe :O)P(el =0e,=0) P(e,=0(...Ne, =0)

o ! ! P(e,=0) P(e,=0MN...MNe,_,=0)
(15.73)

> [ ]Pe =0
i=1
if

P(e,=0Ne, =0)= P(e, =0)P(e, =0) (15.74)

etc., or in general,

P(ﬂe}. =1]2 P(ﬂe}. =1]P(eiﬂ =1) (15.75)

=1 =1

for all 1<i<n—1. A simple upper bound is clearly the maximum probability of failure of the minimum
probability of failure of any failure element E, i =1, ... , n. Therefore, the following simple bounds exist
when Equation 15.75 is satisfied:

HP(ei =0)< B, <min Ple, =0). (15.76)
i=1 N
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FIGURE 15.18 Derivation of Murotsu’s upper bound.

The lower bound in Equation 15.76 is equal to the exact value of P, if there is no dependence between
any pair of elements ( py=0,i# ] ), and the upper bound in Equation 15.76 corresponds to full dependence
between all elements (p,; = 1 for all i and j).

The simple bounds in Equation 15.76 will in most cases be so wide that they are of very little use. A
better upper bound of P, has been suggested by Murotsu et al. [12].

P, <min[Ple;=0) Ple, =0)]. (15.77)

i.j=1

The derivation of Equation 15.77 is very simple. For the case n = 3, Equation 15.77 is illustrated in
Figure 15.18.

Example 15.8

Consider a parallel system with the reliability indices B = (3.57, 3.41, 4.24, 5.48) and the correlation
matrix:

100 062 091 0.62
062 100 058 0.58
091 058 1.00 0.55]
062 0.8 055 1.00

E:

Further, assume that the safety margins for the four elements are linear and normally distributed. The
probability of failure of the parallel system then is P, = ®,(-3.57, -3.41, —4.24, - 5,48; p).
The simple bounds in Equation 15.76 are

(1.79%107*)x (3.24 X 107™*)x (0.11x 10™*) x (0.21x107) < P, <021x 1077

or 0< P, <0.21x107". The corresponding bounds of the formal reliability index B,are 548< [ <co.
With the ordering of the four elements shown above, the probabilities of the intersections of e, and e,
can be shown as

- 1.71x107°  9.60x107°  9.93x107°
1.71x107° - 1.76x107°  9.27x107°
9.60x10°  1.76x10™° - 1.90x107 |
9.93x107°  9.27x10°  1.90x107° -

[P(e,:OﬂejZO)]z
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Therefore, from Equation 15.77: 8, 2—-®'(1.90x107) =5.89.
_u_

15.4.4 Equivalent Linear Safety Margins for Parallel Systems

In Section 15.4.2 it was shown how the probability of failure of a parallel system can be evaluated in a
simple way when the safety margin for each failure element is linear and normally distributed. Consider
a parallel system with 7 such failure elements. Then, the probability of failure P, of the parallel system
is (see Equation 15.71):

P, =@, (-B; D) (15.78)

where B=(B,,...,B,) is a vector whose components are the reliability indices of the failure elements, and
where pis the correlation matrix for the linear and normally distributed safety margins of the failure elements.

When the reliability of a structural system is modeled by a series system of parallel systems (failure
modes), the reliability is evaluated by the following steps:

+ Evaluate the probability of failure of each parallel system by Equation 15.78.
+ Evaluate the correlation between the parallel systems.
+ Evaluate the probability of failure of the series system by Equation 15.39.

Evaluation of the correlation between a pair of parallel systems can easily be performed if the safety
margins for the parallel systems are linear. However, in general, this will clearly not be the case. It is
therefore natural to investigate the possibility of introducing an equivalent linear safety margin for each
parallel system. In this section, an equivalent linear safety margin suggested by Gollwitzer and Rackwitz
[13] is described.

Consider a parallel system with n elements as shown in Figure 15.17 and let the safety margin for
element i,i=1, 2, ..., n be linear

k
Ml.=ocl.Z1+...+oc,.ka+ﬁi=2a1ij+ﬁi (15.79)

=

where the basic variables Z, i =1, ..., k are independent standard normally distributed variables where
o, = (0, ...,0,) is a unit vector, and where B, is the Hasofer-Lind reliability index. A formal (general-

i

ized) reliability index f, for the parallel system is then given by

B,=-@7(®,(-B;p)) (15.80)
where B=(ﬂ1,...,ﬁn) and E:[pij]z[ojfﬁj].

The equivalent linear safety margin M¢ is then defined in such a way that the corresponding reliability
index fis equal to B, and so that it has the same sensitivity as the parallel system against changes in
the basic variables Z,,i=1, 2, ..., k.

Let the vector Z of basic variables be increased by a (small) vector €=(€,,...,€,). Then the corre-
sponding reliability index f3,(€) for the parallel system is

n k
B,(&)=—d7'| P ﬂ{Za,j(Zj +e,)+ B, SO}

i=1 | j=1

(15.81)

=-07'(®, (-B - & p))

n

where o = [O‘;j]-

Copyright 2005 by CRC PressLLC



Let the equivalent linear safety margin M® be given by
k
M":afZ]+...+a§Zk+ﬁf:2aj.Zj+ﬁe (15.82)

=1

e

where a‘=(a;,...,0) isa unit vector and where f8° = 8,. With the same increase € of the basic variables,
the reliability index f°(g) is

B,(&)=—-0 (- -a’e) =P +a'e +...+ale,. (15.83)

It is seen from Equation 15.83 and by putting S, (0) = f3(0) that

9B,
dg, | - ,
of = i=l.k (15.84)
| Z P,
\ | Je, | _
j=1 1 lg=0
An approximate value of o, i =1, ... , k can easily be obtained by numerical differentiation as shown

in Example 15.9.
-

Example 15.9

Consider a parallel system with two failure elements and let the safety margin for the failure elements be

M,=08Z,-0.6Z,+30 and M,=0.1Z —0.995Z,+3.5

where Z, and Z, are independent standard normally distributed variables. The correlation p between the
safety margins is

p=0.8x0.1+0.6x0.9950=0.68.
Then, the reliability index B, of the parallel system is
B, =—®7'(®,(-3.0,—3.5;0.68)) = 3.83.

To obtain the equivalent linear safety margin, Z, and Z, are in turn given an increment €, =0.1,i=1, 2.
With € = (0.1, 0), one gets

— _  [-3.0] [08 -06 [0.1] [-3.08
—B-oe = - =
-35] |01 -0.995] 0 -3.51
and by Equation 15.81 S, =-®(®,(-3.08,—3.51;0.68)) =3.87.
Therefore,

9B,
o€

1

3.87-3.83
i 0.1

£=0

=0.40.
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FIGURE 15.19 Safety margins.

Likewise with £ = (0, 0.1),

—oco

ool o

and f,(€)=-®'(P,(—2.94, —3.40; 0.68)) = 3.74.
Therefore,

3B,
Je

3.74-3.83
0.1

=-0.90.

£=0

2

By normalizing o = (¢, ct;) =(0.4061, —0.9138) and the equivalent safety margin is
M =0.4061 Z, - 0.9138 Z, + 3.83.

The safety margins M,, M,, and M¢ are shown in Figure 15.19.

=

15.4.5 Parallel Systems with Equally Correlated Elements

It was shown in Section 15.4.2 that the probability of failure P, of a parallel system with 7 failure elements
is equal to P, ~® (- B; p) when the safety margins are linear and normally distributed.
Dunnett and Sobel [9] have shown for the special case where the failure elements are equally correlated

with the correlation coefficient p; that is,

p= /:) R I? (15.85)
p P 1

that (see Equation 15.51)

@ (%:p)= J(p ch[ T, ] ‘. (15.86)

i=1

If all failure elements have the same reliability index f3,, then

i
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FIGURE 15.20 Safety index of parallel system as a function of correlation coefficient.

A formal reliability index f, for the parallel system can then be calculated by f, = —(I)’I(pr).

=

Example 15.10

Consider a parallel system with 7 = 10 failure elements, and common element reliability index B, and
common correlation coefficient p. The formal reliability index f3, for this parallel system as a function
of p is illustrated in Figure 15.20 for B, = 2.50 and 3.50. Note that, as expected, the reliability index S,
decreases with p.

=

The strength of a fiber bundle with n ductile fibers can be modeled by a parallel system as shown in
Figure 15.21. The strength R of the fiber bundle is

R=Y'R (15.88)
i=1

where the random variable R; is the strength of fiber 7,i =1, 2, ... , n. Let R; be identically and normally
distributed N(u, o) with common correlation coefficient p. The strength R is then normally distributed
N(u,,0,) where u, =nu and o; =no’ +n(n—1)po™.
Assume that the fiber bundle is loaded by a deterministic and time-independent load S = uS,, where
S = constant is the load of fiber 4, i =1, 2, ..., n. The reliability indices of the fibers are the same for all
fibers and equal to
B =H=5

= . (15.89)
c

Therefore, S =nS, =n(1— B,0) and the reliability index B, for the fiber bundle (the parallel system) is

_My=S _ mp—n(u-po) _ "
ﬂF - GR B (no-z +Tl(1’l—1)0'2p)1/2 - B“” 1+p(n_1) ° (1590)

FIGURE 15.21 Modeling of a fiber bundle.
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Equation 15.90 has been derived by Grigoriu and Turkstra [14]. In Section 15.4.6 it is shown that
Equation 15.90 can easily be modified so that the assumption of the common correlation coefficient p
can be removed.

15.4.6 Parallel Systems with Unequally Correlated Elements

It was shown earlier that an approximation of the probability of failure of a parallel system with 7 failure
elements with normally distributed safety margins is P, ~® (-f;p) where B=(B,....5,) is the
reliability indices of the failure elements and p = [pij] is the correlation matrix. In Section 15.4.5 it is
shown that the reliability index S, for a fiber bundle with n ductile fibers can easily be calculated if the
following assumptions are fulfilled:

The load S of the fiber bundle is deterministic and constant with time,
The strength of the fibers is identically normally distributed N(u, ),
The fibers have a common reliability index f3,,

Common correlation coefficient p between the strengths of any pair of fibers. Under these assump-
tions it was shown that (see Equation 15.90)

L .

_g "
ﬁp—ﬁ@\s‘up(n—l)' (15.91)

Now the assumption 4 above will be relaxed. Let the correlation coefficient between fiber i and fiber
j be denoted Py The reliability index f, for such a fiber bundle with unequally correlated fibers can
then be calculated similarly as used in deriving Equation 15.91 in Section 15.4.5 (see Thoft-Christensen
and Serensen [15])

1

_Hp=S _ _ 2 2 \ _E: L
B, = . = (np—(nu nﬁea))[nc +o z pij] ﬁe\31+ﬁ(n—1) (15.92)

i,j=1,i%j

where

= 15.93
p n(n—1) &= .p’f ( )

i,j=1,i#]
By comparing Equation 15.91 and Equation 15.92, it is seen that for systems with unequal correlation
coefficients, the reliability index f3, can be calculated by the simple expression in Equation 15.91 by
inserting for p the average correlation coefficient p defined by Equation 15.93. p is the average of all

pi]‘>i¢j'

15.5 Identification of Critical Failure Mechanisms

15.5.1 Introduction

A number of different methods to identify critical failure modes have been suggested (see, e.g., Ferregut-
Avila [16], Moses [17], Gorman [18], Ma and Ang [19], Klingmiiller [20], Murotsu et al. [21], and
Kappler [22]). In this section the S-unzipping method [4], [23]-[25] is used.

The B-unzipping method is a method by which the reliability of structures can be estimated at a
number of different levels. The aim has been to develop a method that is at the same time simple to use
and reasonably accurate. The S-unzipping method is quite general in the sense that it can be used for
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two-dimensional and three-dimensional framed and trussed structures, for structures with ductile or
brittle elements, and also in relation to a number of different failure mode definitions.

An estimate of the reliability of a structural system on the basis of failure of a single structural element
(namely, the element with the lowest reliability index of all elements) is called system reliability at level
0. At level 0, the reliability of a structural system is equal to the reliability of this single element. Therefore,
such a reliability analysis is, in fact, not a system reliability analysis, but rather an element reliability
analysis. At level 0, each element is considered isolated from the other elements, and the interaction
between the elements is not taken into account in estimating the reliability. Let a structure consist of n
failure elements (i.e., elements or points where failure can take place) and let the reliability index for
failure element i be denoted f3,. Then, at level 0, the system reliability index f3, is simply given as 8, = min f3.

15.5.2 Assessment of System Reliability at Level 1

At level 1, the system reliability is defined as the reliability of a series system with n elements— the n
failure elements, see Figure 15.1. Therefore, the first step is to calculate -values for all failure elements
and then use Equation 15.39. As mentioned earlier, Equation 15.39 can in general not be used directly.
However, upper and lower bounds exist for series systems as shown in Section 15.3.3.

Usually for a structure with # failure elements, the estimate of the probability of failure of the series
system with n elements can be calculated with sufficient accuracy by only including some of the failure
elements, namely those with the smallest reliability indices. One way of selecting is to include only failure
elements with 3-values in an interval [B_. ,B. . +ApB ], where B_. is the smallest reliability index of all
failure element indices and where A, is a prescribed positive number. The failure elements chosen to
be included in the system reliability analysis at level 1 are called critical failure elements. If two or more
critical failure elements are perfectly correlated, then only one of them is included in the series system
of critical failure elements.

15.5.3 Assessment of System Reliability at Level 2

At level 2, the system reliability is estimated as the reliability of a series system where the elements are
parallel systems each with two failure elements (see Figure 15.4) —so-called critical pairs of failure
elements. Let the structure be modeled by # failure elements and let the number of critical failure elements
at level 1 be n,. Let the critical failure element [/ have the lowest reliability index f of all critical failure
elements. Failure is then assumed in failure element / and the structure is modified by removing the
corresponding failure element and adding a pair of so-called fictitious loads F, (axial forces or moments).
If the removed failure element is brittle, no fictitious loads are added. However, if the removed failure
element [ is ductile, the fictitious load F; is a stochastic load given by F, =7¥,R,, where R;is the load-
carrying capacity of failure element / and where 0 <y, <1.

The modified structure with the loads P,,..., P, and the fictitious load F, (axial force or moment) is
then reanalyzed and influence coefficients a; with respect to P, ..., P, and a with respect to F, are
calculated. The load effect (force or moment) in the remaining failure elements is then described by a
stochastic variable. The load effect in failure element i is called S, (load effect in failure element i given
failure in failure element ! ) and

k
Sip = Z%Pj +ay F. (15.94)

=1

The corresponding safety margin M;, then is

Mill = min(R/ _Si\l’R; +Si|1) (15.95)
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where R’ and R; are the stochastic variables describing the (yield) strength capacity in “tension” and
“compression” for failure element i. In the following, M, will be approximated by either R =S, or
Rf +§,, depending on the corresponding reliability indices. The reliability index for failure element 7,
given failure in failure element /, is

B =ty O, - (15.96)

In this way, new reliability indices are calculated for all failure elements (except the one where failure
is assumed) and the smallest B-value is called 3 . . The failure elements with B-values in the interval
[B...o Buin + AB,], where A, is a prescribed positive number, are then in turn combined with failure
element [ to form a number of parallel systems.

The next step is then to evaluate the probability of failure for each critical pair of failure elements.
Consider a parallel system with failure elements  and . During the reliability analysis at level 1, the safety
margin M, for failure element [ is determined and the safety margin M, for failure element r has the
form in Equation 15.11. From these safety margins, the reliability indices =, and ,=p3, and the
correlation coefficient p=p, , can easily be calculated. The probability of failure for the parallel system
then is

Pf:q)z(_ﬁp_ﬁ2§p)- (1597)

The same procedure is then, in turn, used for all critical failure elements and further critical pairs of
failure elements are identified. In this way, the total series system used in the reliability analysis at level
2 is determined (see Figure 15.4). The next step is then to estimate the probability of failure for each
critical pair of failure elements (see Equation 15.97) and also to determine a safety margin for each
critical pair of failure elements. When this is done, generalized reliability indices for all parallel systems
in Figure 15.4 and correlation coefficients between any pair of parallel systems are calculated. Finally,
the probability of failure P, for the series system (Figure 15.2) is estimated. The so-called equivalent
linear safety margin introduced in Section 15.4.4 is used as an approximation for safety margins for the
parallel systems.

An important property by the S-unzipping method is the possibility of using the method when
brittle failure elements occur in the structure. When failure occurs in a brittle failure element, then the
B-unzipping method is used in exactly the same way as presented above, the only difference being that
no fictitious loads are introduced. If, for example, brittle failure occurs in a tensile bar in a trussed
structure, then the bar is simply removed without adding fictitious tensile loads. Likewise, if brittle
failure occurs in bending, then a yield hinge is introduced, but no (yielding) fictitious bending moments
are added.

15.5.4 Assessment of System Reliability at Level N > 2

The method presented above can easily be generalized to higher levels N > 2. At level 3, the estimate of
the system reliability is based on so-called critical triples of failure elements, that is, a set of three failure
elements. The critical triples of failure elements are identified by the S-unzipping method and each triple
forms a parallel system with three failure elements. These parallel systems are then elements in a series
system (see Figure 15.5). Finally, the estimate of the reliability of the structural system at level 3 is defined
as the reliability of this series system.

Assume that the critical pair of failure elements (J, m) has the lowest reliability index ,B,m of all critical
pairs of failure elements. Failure is then assumed in the failure elements / and m adding for each of them
a pair of fictitious loads F, and F,, (axial forces or moments).

The modified structure with the loads Py, ..., P, and the fictitious loads F, and F,, are then reanalyzed
and influence coefficients with respect to P,,..., P, and F, and F,, are calculated. The load effect in each
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of the remaining failure elements is then described by a stochastic variable S, (load effect in failure

|l,m
element i given failure in failure elements / and m) and

k
Si“vm = zaljpj + al’lFl + ai/mFm' (1598)

=

The corresponding safety margin My, then is

M

i =min(R =S, RO+, ) (15.99)

i|l,m

where R and R; are the stochastic variables describing the load-carrying capacity in “tension” and
“compression” for failure element i. In the following, M;, , will be approximated by either R +S,,  or

i|ll,m

R - Siji,» depending on the corresponding reliability indices. The reliability index for failure element i,

1

given failure in failure elements / and m, is then given by

m

B = Hg,,, O, (15.100)

illm

In this way, new reliability indices are calculated for all failure elements (except / and m) and the
smallest B-value is called S . . These failure elements with B-values in the interval [B . B, . +AB.]
where AP, is a prescribed positive number, are then in turn combined with failure elements / and m to
form a number of parallel systems.

The next step is then to evaluate the probability of failure for each of the critical triples of failure
elements. Consider the parallel system with failure elements [, m, and . During the reliability analysis at
level 1, the safety margin M, for failure element / is determined; and during the reliability analysis at level
2, the safety margin M,, for the failure element m is determined. The safety margin M,,, for safety
element r has the form of Equation 15.15. From these safety margins the reliability indices
B=B, B, = ﬂm|l’ and B, = ﬂrv,m and the correlation matrix p can easily be calculated. The probability
of failure for the parallel system then is

P =@, (=B, B, By p)- (15.101)

An equivalent safety margin M, ;, can be determined by the procedure mentioned above. When the
equivalent safety margins are determined for all critical triples of failure elements, the correlation between
all pairs of safety margins can easily be calculated. The final step is then to arrange all the critical triples
as elements in a series system (see Figure 15.5) and estimate the probability of failure Pyand the generalized
reliability index f for the series system.

The B-unzipping method can be used in exactly the same way as described in the preceding text to
estimate the system reliability at levels N > 3. However, a definition of failure modes based on a fixed
number of failure elements greater than 3 will hardly be of practical interest.

15.5.5 Assessment of System Reliability at Mechanism Level

The application of the B-unzipping method presented above can also be used when failure is defined as
formation of a mechanism. However, it is much more efficient to use the B-unzipping method in
connection with fundamental mechanisms. Experience has shown that such a procedure is less computer
time consuming than unzipping based on failure elements.

If unzipping is based on failure elements, then formation of a mechanism can be unveiled by the fact
that the corresponding stiffness matrix is singular. Therefore, the unzipping is simply continued until
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the determinant of the stiffness matrix is zero. By this procedure, a number of mechanisms with different
numbers of failure elements will be identified. The number of failure elements in a mechanism will often
be quite high so that several reanalyses of the structure are necessary.

As emphasized above, it is more efficient to use the f-unzipping method in connection with funda-
mental mechanisms. Consider an elasto-plastic structure and let the number of potential failure elements
(e.g., yield hinges) be n. It is then known from the theory of plasticity that the number of fundamental
mechanisms is m = n — r, where r is the degree of redundancy. All other mechanisms can then be formed
by linear combinations of the fundamental mechanisms. Some of the fundamental mechanisms are so-
called joint mechanisms. They are important in the formation of new mechanisms by linear combinations
of fundamental mechanisms, but they are not real failure mechanisms. Real failure mechanisms are, by
definition, mechanisms that are not joint mechanisms.

Let the number of loads be k. The safety margin for fundamental mechanism 7 can then be written

M= 4R~ Y bP (15.102)

where a; and b;; are the influence coefficients. R;is the yield strength of failure element j and P, is load
number j. a; is the rotation of yield hinge j corresponding to the yield mechanism i, and b; is the
corresponding displacement of load j. The numerical value of a; is used in the first summation at the
right-hand side of Equation 15.102 to make sure that all terms in this summation are nonnegative.

The total number of mechanisms for a structure is usually too high to include all possible mechanisms
in the estimate of the system reliability. It is also unnecessary to include all mechanisms because the
majority of them will in general have a relatively small probability of occurrence. Only the most critical
or most significant failure modes should be included. The problem is then how the most significant
mechanisms (failure modes) can be identified. In this section, it is shown how the B-unzipping method
can be used for this purpose. It is not possible to prove that the B-unzipping method identifies all
significant mechanisms, but experience with structures where all mechanisms can be taken into account
seems to confirm that the S-unzipping method gives reasonably good results. Note that because some
mechanisms are excluded, the estimate of the probability of failure by the B-unzipping method is a lower
bound for the correct probability of failure. The corresponding generalized reliability index determined
by the B-unzipping method is therefore an upper bound of the correct generalized reliability index.
However, the difference between these two indices is usually negligible.

The first step is to identify all fundamental mechanisms and calculate the corresponding reliability
indices. Fundamental mechanisms can be automatically generated by a method suggested by Watwood
[26]; but when the structure is not too complicated, the fundamental mechanisms can be identified
manually.

The next step is then to select a number of fundamental mechanisms as starting points for the
unzipping. By the B-unzipping method this is done on the basis of the reliability index §,_, for the
real fundamental mechanism that has the smallest reliability index and on the basis of a preselected
constant g (e.g., & = 0.50). Only real fundamental mechanisms with B-indices in the interval
[Bins Buin + €1 are used as starting mechanisms in the S-unzipping method. Let f§, <f, <... B, be
an ordered set of reliability indices for f real fundamental mechanisms 1, 2, ..., f, selected by this
simple procedure. The f fundamental mechanisms selected as described above are now in turn com-
bined linearly with all m (real and joint) mechanisms to form new mechanisms. First, the fundamental
mechanism 1 is combined with the fundamental mechanisms 2, 3, ..., m and reliability indices
( ﬁl’z, ...,ﬂl’m) for the new mechanisms are calculated. The smallest reliability index is determined,
and the new mechanisms with reliability indices within a distance &, from the smallest reliability index
are selected for further investigation. The same procedure is then used on the basis of the fundamental
mechanisms 2, ..., fand a failure tree like the one shown in Figure 15.22 is constructed. Let the safety
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FIGURE 15.22 Construction of new mechanisms.

margins M; and M; of two fundamental mechanisms i and j combined as described above (see Equation

15.102) be
n k
Mizzlairer - bisP; (15103)
r=1 s=1
n k
M= Ja,R - bP. (15.104)
j it js©s
r=1 s=1

The combined mechanism i + j then has the safety margin

n k
Mitj =2|airiaﬁ|Rr_Z(hisibjs)ﬂ (15.105)
r=1 s=1

where + or —is chosen dependent on which sign will result in the smallest reliability index. From the
linear safety margin Equation 15.105, the reliability index f,,; for the combined mechanism can easily
be calculated.

More mechanisms can be identified on the basis of the combined mechanisms in the second row of
the failure tree in Figure 15.22 by adding or subtracting fundamental mechanisms. Note that in some
cases it is necessary to improve the technique by modifying Equation 15.105, namely when a new
mechanism requires not only a combination with 1 x but a combination with k x a new fundamental
mechanism. The modified version is

n k
Moo= Y la, tkay R =) (b, +kb,)P (15.106)
r=1 s=1

where k is chosen equal to, for example, —1, +1, =2, +2, =3 or +3, depending on which value of k will
result in the smallest reliability index. From Equation 15.106 it is easy to calculate the reliability index
B..., for the combined mechanism i + kj.

By repeating this simple procedure, the failure tree for the structure in question can be constructed.
The maximum number of rows in the failure tree must be chosen and can typically be m + 2, where m
is the number of fundamental mechanisms. A satisfactory estimate of the system reliability index can
usually be obtained by using the same &_-value for all rows in the failure tree.

During the identification of new mechanisms, it will often occur that a mechanism already identified
will turn up again. If this is the case, then the corresponding branch of the failure tree is terminated just
one step earlier, so that the same mechanism does not occur more than once in the failure tree.
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The final step in the application of the S-unzipping method in evaluating the reliability of an elasto-
plastic structure at mechanism level is to select the significant mechanisms from the mechanisms iden-
tified in the failure tree. This selection can, in accordance with the selection criteria used in making the
of all mechanisms in the
failure tree and then selecting a constant &, The significant mechanisms are then, by definition, those
with B-values in the interval [, ; B, + & ]. The probability of failure of the structure is then estimated
by modeling the structural system as a series system with the significant mechanisms as elements (see
Figure 15.6).

failure tree, for example, be made by first identifying the smallest 3-value 3

min

15.5.6 Examples
15.5.6.1 Two-Story Braced Frame with Ductile Elements

Consider the two-story braced frame in Figure 15.23. The geometry and the loading are shown in the
figure. This example is taken from [27] where all detailed calculations are shown. The area A and the
moment of inertia I for each structural member are shown in the figure. In the same figure, the expected
values of the yield moment M and the tensile strength capacity R for all structural members are also
stated. The compression strength capacity of one structural member is assumed to be one half of the
tensile strength capacity. The expected values of the loading are E[P,] = 100 kN and E[P,] = 350 kN. For
the sake of simplicity, the coefficient of variation for any load or strength is assumed to be V[-]=0.1. All
elements are assumed to be perfectly ductile and made of a material having the same modulus of elasticity
E =0.21x10° kN/m2

The failure elements are shown in Figure 15.23. x indicates a potential yield hinge and | indicates
failure in tension/compression. The total number of failure elements is 22, namely 2 X 6 = 12 yield hinges
in six beams and ten tension/compression possibilities of failure in the ten structural elements. The
following pairs of failure elements — (1, 3), (4, 6), (7, 9), (10, 12), (13, 15), and (18, 20) — are assumed
fully correlated. All other pairs of failure elements are uncorrelated. Further, the loads P, and P, are
uncorrelated.

The -values for all failure elements are shown in Table 15.1. Failure element 14 has the lowest reliability
index B,, = 1.80 of all failure elements. Therefore, at level 0, the system reliability index is 3 = 1.80.

P2 P2
P1 |3, AS 7 8 9
| 6 10
Ay
AX103 I><106 E(M)X E(R)XKN
2, Az lo, Ay 15m 5% ., » P11 m2 m# kNm
1 4.59 57.9 135 1239
2 2.97 29.4 76 802
I3, Ag J 41/ 0 20NF12 3 459 425 98 1239
3 13 4 2.6 0 0 702
A 5 2.8 0 9 756
5
l4, Aq Iy, Aq 15m 2 17 X 16 14
1 15
7 7 7 7
10m Failure elements
E—

FIGURE 15.23 Two-story braced frame.
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TABLE 15.1 Reliability Indices at Level 0 (and Level 1)

Failure
element 2 3 4 5 6 7 8 9 10

B-value 813 996 992 497 998 984 979 986 9.89

1.81

Failure
element 12 13 14 16 17 18 19 20 21

B-value 994 997 180 916 467 991 891 991 8.04

22
3.34

Let Aﬂlz 0. It then follows from Table 15.1 that the critical failure elements are 14, 11, 22, and 17.
The corresponding correlation matrix (between the safety margins in the same order) is

The Ditlevsen bounds for the system probability of failure Pf1 (see Figure 15.24) are

100 024 020 0.17
024 100 021 0.6

“l020 021 1.00 0.14]
017 016 014 1.00

ll

0.06843 < Pf1 <0.06849.

(15.107)

Therefore, a (good) estimate for the system reliability index at level 1 is f; = 1.49. It follows from
Equation 15.107 that the coefficients of correlation are rather small. Therefore, the simple upper bound
in Equation 15.44 can be expected to give a good approximation. One gets f; = 1.48. A third estimate
can be obtained by Equation 15.54 and Equation 15.57. The result is f; = 1.49.

At level 2, it is initially assumed that the ductile failure element 14 fails (in compression) and a fictitious
load equal to 0.5 X R, is added (see Figure 15.25). This modified structure is then analyzed elastically

14 11 22 17

e IV o B e B e N
1.80 1.81 3.34 4.67

FIGURE 15.24 Series system used in estimating the system reliability at level 1.

P P
P1 3 2

Failue > 3 4 5 6 7 8 9 10

05R element
4 B-value 9.67 10.029.99 5.01 9.99 9.92 9.97 9.93 9.99 1.87
Failure 415 43 16 17 18 19 20 21
element

-value 10.00 10.03 5.48 3.41 10.24 8.87 10.25 9.08 4.46

FIGURE 15.25 Modified structure when failure takes place in failure element 14.
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11 14

1.87 2.06

FIGURE 15.26 Failure modes used to estimate the reliability at level 2.

and new reliability indices are calculated for all the remaining failure elements (see Figure 15.25). Failure
element 11 has the lowest S-value, 1.87. With AB, = 1.00, failure element 11 is the only failure element
with a B-value in the interval [1.87, 1.87 + Af,]. Therefore, in this case only one critical pair of failure
elements is obtained by initiating the unzipping with failure element 14.

Based on the safety margin M, for failure element 14 and the safety margin M, ,, for failure element
11, given failure in failure element 14, the correlation coefficient can be calculated as p = 0.28. Therefore,
the probability of failure for this parallel system is P, = ®,(~1.80, —1.87;0.28) = 0.00347, and the corre-
sponding generalized index fB,,, = 2.70. The same procedure can be performed with the three other
critical failure elements 11, 22, and 17. The corresponding failure modes are shown in Figure 15.26.

Generalized reliability indices and approximate equivalent safety margins for each parallel system in
Figure 15.26 are calculated. Then the correlation matrix p can be calculated

1.00 056 045
p=[056 1.00 026
045 026 1.00

The Ditlevsen bounds for the probability of failure of the series system in Figure 15.26 are
0.3488x107* < sz <0.3488x107". Therefore, an estimate of the system reliability at level 2 is f; = 2.70.
At level 3 (with AB,=1.00), four critical triples of failure elements are identified (see Figure 15.27) and
an estimate of the system reliability at level 3 is ;= 3.30. It is of interest to note that the estimates of
the system reliability index at levels 1, 2, and 3 are very different: Bi=1.49, .= 2.70,and f3;= 3.30.

15.5.6.2 Two-Story Braced Frame with Ductile and Brittle Elements

Consider the same structure as in Section 15.5.5.1, but now the failure elements 2, 5, 11, and 14 are
assumed brittle. All other data remains unchanged. By a linear elastic analysis, the same reliability
indices for all (brittle and ductile) failure elements as in Table 15.1 are calculated. Therefore, the critical
failure elements are 14 and 11, and the estimate of the system reliability at level 1 is unchanged, (i.e.,
Bi=1.49).

The next step is to assume brittle failure in failure element 14 and remove the corresponding part of
the structure without adding fictitious loads (see Figure 15.28, left). The modified structure is then linear
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1.80 1.80 3.34 4.67
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FIGURE 15.27 Reliability modeling at level 3 of the two-story braced frame.

elastically analyzed and reliability indices are calculated for all remaining failure elements. Failure element
17 now has the lowest reliability index, namely the negative value f3,, =—6.01. This very low negative
value indicates that failure takes place in failure element 17 instantly after failure in failure element 14.
The failure mode identified in this way is a mechanism and it is the only one when Af, = 1.00. It can
be mentioned that 3, =—3.74 so that failure element 16 also fails instantly after failure element 14.

Again, by assuming brittle failure in failure element 11 (see Figure 15.28, right), only one critical pair
of failure elements is identified, namely the pair of failure elements 11 and 22, where IBzz|11 =—4.33. This
failure mode is not a mechanism. The series system used in calculating an estimate of the system reliability
at level 2 is shown in Figure 15.29. Due to the small reliability indices, the strength variables 17 and 22
do not significantly affect the safety margins for the two parallel systems in Figure 15.29 significantly.
Therefore, the reliability index at level 2 is unchanged from level 1, namely ﬂsz = 1.49.

P P P P
P, 2 2 P, 2 1 2

22

FIGURE 15.28 Modified structures.

FIGURE 15.29 Modeling at level 2.

Copyright 2005 by CRC PressLLC



As expected, this value is much lower than the value 2.70 (see Section 15.5.5.1) calculated for the
structure with only ductile failure elements. This fact stresses the importance of the reliability modeling
of the structure.

It is of interest to note that the f-unzipping method was capable of disclosing that the structure cannot
survive failure in failure element 14. Therefore, when brittle failure occurs, it is often reasonable to define
failure of the structure as failure of just one failure element. This is equivalent to estimating the reliability
of the structure at level 1.

15.5.6.3 Elastic-Plastic Framed Structure

In this example, it is shown how the system reliability at mechanism level can be estimated in an efficient
way. Consider the simple framed structure in Figure 15.30 with corresponding expected values and
coefficients of variation for the basic variables.

The load variables are P;, i =1, ... , 4 and the yield moments are R, i = 1, ..., 19. Yield moments in
the same line are considered fully correlated and the yield moments in different lines are mutually
independent. The number of potential yield hinges is n = 19 and the degree of redundancy is r = 9.
Therefore, the number of fundamental mechanisms is n — r = 10.

One possible set of fundamental mechanisms is shown in Figure 15.31. The safety margins M, for the
fundamental mechanisms can be written

19 4
M=) la;|R =D BP,  i=1,..,10 (15.108)
j=1 i=1
where the influence coefficients a; and b;; are determined by considering the mechanisms in the deformed

state.

The reliability indices f;,i=1, ..., 10 for the ten fundamental mechanisms can be calculated from the
safety margins, taking into account the correlation between the yield moments. The result is shown in
Table 15.2.

With g = 0.50, the fundamental mechanisms 1, 2, 3, and 4 are selected as starting mechanisms in the
B-unzipping and combined, in turn, with the remaining fundamental mechanisms. As an example,
consider the combination 1 + 6 of mechanisms 1 and 6. The linear safety margin M, is obtained from
the linear safety margins M, and M, by addition, taking into account the signs of the coefficients. The
corresponding reliability index is 8, = 3.74.

With ¢, = 1.20, the following new mechanisms 1 + 6, 1 + 10, 2 + 6, 3 + 7, and 4 — 10 are identified
by this procedure. The failure tree at this stage is shown in Figure 15.16. It contains 4 + 5 =9 mechanisms.
The reliability indices and the fundamental mechanisms involved are shown in the same figure.

P> —

Py 5 l 7 Expected Coefficients

E’ 4 6 9 Variables values of variation
- P, 169 kN 0.15
N P, P, P, 89 kN 0.25
®|2P, 3 l 8% 15 16l 17 Ps 116 kN 0.25
T 19 Pa 31 kN 0.25
g 2110 " 12114 R4, Ry, Ry3, Ris; Rig, Rig 95 kNm 0.15
8 Rs, Ry, Rg, Ry 95 kNm 0.15
o 1 13 18 Rs Re Ry 122 kNm 0.15
* 7777 eceed g Rio: Ri1, Rz 204 kNm 0.15
3.048 m 3.048 m 3.048 m 3.048 m Ris, Ryes Ry7 163 KNm 0.15

FIGURE 15.30 Geometry, loading, and potential yield hinges (X).
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FIGURE 15.31 Set of fundamental mechanisms.

This procedure is now continued as explained earlier by adding or subtracting fundamental mech-
anisms. If the procedure is continued eight times (up to ten fundamental mechanisms in one mecha-
nism) and if the significant mechanisms are selected by &, = 0.31, then the system modeling at
mechanism level will be a series system where the elements are 12 parallel systems. These 12 parallel
systems (significant mechanisms) and corresponding reliability indices are shown in Table 15.3. The

correlation matrix is

[1.00
0.65
0.89
0.44
0.04
0.91
0.59
0.97
0.87
0.81
0.36

10.92

Il
I
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1,

0.65 089 044 0.04 091 059 097 0.87 0.8l 0.86
1.00 055 0.00 0.09 0.67 000 063 054 058 0.00
055 1.00 035 045 083 061 088 098 095 031
0.00 035 1.00 0.00 0.03 0.00 045 037 0.04 0.89
0.09 045 000 1.00 0.05 0.00 0.04 044 048 0.00
0.67 083 003 005 1.00 073 0.87 080 0.88 0.00
0.00 0.61 0.00 000 0.73 1.00 058 0.60 0.65 0.00
0.63 0.88 045 0.04 087 058 1.00 090 077 048
054 098 037 044 080 060 090 1.00 0.90 041
058 095 0.04 048 088 0.65 077 090 1.00 0.00
0.00 031 089 0.00 000 0.00 048 041 0.00 1.00
071 083 0.08 0.05 098 0.64 087 078 0.88 0.00
TABLE 15.2 Reliability Indices for the Fundamental Mechanisms
i 1 2 3 4 5 6 7 8 9 10
ﬁ,- 1.91 2.08 217 226 4.19 10.75  9.36  9.36 12.65 9.12

0.92]
0.71
0.83
0.08
0.05
0.98
0.64 |
0.87
0.78
0.88
0.00
1.00




TABLE 15.3 Correlation Coefficients and Safety Indices of 12 Systems at
Mechanism Level

No. Significant mechanisms B
1 1+6+2+5+7+3-8 1.88
2 1 1.91
3 1+6+2+5+7+3+4-8-10 1.94
4 3+7-38 1.98
5 4-10 1.99
6 1+6+2 1.99
7 2 2.08
8 1+6+2+5+7+3+8 2.09
9 1+6+2 +5+7+3 +8+9+4-10 2.11
10 146 +2+5+9+4-10 2.17
11 3 2.17
12 1+6+2 +5 2.18
1 2 3 1
1.91 2.08 217 2.26
1+6 | |1+10 2+6 3+7 4-10
374|226 2.36 2.15 1.99

FIGURE 15.32 The first two rows in the failure tree.

The probability of failure P; for the series system with the 12 significant mechanisms as elements can
then be estimated by the usual techniques. The Ditlevsen bounds are 0.08646 < P, <0.1277. If the average
value of the lower and upper bounds is used, the estimate of the reliability index [, at mechanism level
is B, = 1.25. Hohenbichler [28] has derived an approximate method to calculate estimates for the system
probability of failure P; (and the corresponding reliability index f3). The estimate of 3 is 8, = 1.21. It
can finally be noted that Monte Carlo simulation gives 3, = 1.20.

15.6 Illustrative Examples

15.6.1 Reliability of a Tubular Joint

The single tubular beams in a steel jacket structure will in general at least have three important failure
elements; namely, failure in yielding under combined bending moments and axial tension/compression
at points close to the ends of the beam and failure in buckling (instability). A tubular joint will likewise
have a number of potential failure elements. Consider the tubular K-joint shown in Figure 15.33.

] v

FIGURE 15.33 Tubular K-joint: I through IV are the critical sections and e indicates the hot spots.
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This tubular joint is analyzed in more detail in a paper by Thoft-Christensen and Serensen [29]. It is
assumed that the joint has four critical sections as indicated in Figure 15.33 by I, I, III, and IV. The load
effects in each critical section are an axial force N and a bending moment M. The structure is assumed
to be linear elastic. For this K-joint, 12 failure elements are considered, namely:

+ Failure in yielding in the four critical sections I, I, III, and IV

+ Punching failure in the braces (cross-sections I and II)

+ Buckling failure of the four tubular members (cross-sections I, II, III, and IV)

+ Fatigue failure in the critical sections I and II (hot spots are indicated in Figure 15.33)

For these failure elements, safety margins have been formulated by Thoft-Christensen and Serensen
[29]. For failure in yielding the safety margins are of the form

—cos(ﬂNJJ (15.109)
1N

where M and N are the yield capacities in pure bending and pure axial loading, and where Z¥ is a model

Myzzy_[

F

uncertainty variable. For punching failure, the following safety margin is used

+[ | M] J . (15.110)

Z"M,,

N

MP=z"-
Z N,

Ny and M, are ultimate punching capacities in pure axial loading and pure bending, respectively. In
this case, three model uncertainty variables ZF, ZN, and ZM are included. The following safety margin is
used for buckling failure

ME=27%_— ﬁ+£ (15.111)
NB MB

where N, and M are functions of the geometry and the yield stress and where ZP is a model uncertainty
variable. Finally, with regard to fatigue failure, the safety margin for each of the two hot points, shown
in Figure 15.33, has the form

M =2z —(Z")" K™ (max(¢/32,1)")g (15.112)

where m (= 3) and K are constants in the S-N relation used in Miner’s rule. K is modeled as a random
variable, t is the wall thickness, M, is a random variable, and g is a constant. ZF and Z! are model
uncertainty variables.

For this particular K-joint in a plane model of a tubular steel jacket structure analyzed by Thoft-
Christensen and Serensen [29], only four failure elements are significant:, namely (referring to Figure
15.33) fatigue in cross-section II (8 = 3.62), punching in the same cross-section II (3 = 4.10), buckling
in cross-section II (f = 4.58), and fatigue in cross-section I (= 4.69).

The correlation coefficient matrix of the linearized safety margins of the four significant failure
elements is

1 0 0 0.86
— 0 1 0.82 0
p =
0 0.82 1 0
0.86 0 0 1
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and the probability of failure of the joint
. 1-®,(B, p)=1.718 x10™
The corresponding reliability index for the joint is
B=-®"'(P,)=3.58.

It is important to note that in this estimate of the reliability of the K-joint, the interaction between
the different significant failure elements in, for example, cross-section II is not taken into account. Each
failure element (failure mode) is considered independent of the other, although such interaction will
influence the reliability of the joint.

15.6.2 Reliability-Based Optimal Design of a Steel-Jacket
Offshore Structure

In Thoft-Christensen and Murotsu [2], an extensive number of references to reliability-based optimal
design can be found. In this section the optimal design problem is briefly stated and illustrated with an
example taken from Thoft-Christensen and Serensen [30]. In reliability-based optimization, the objective
function is often chosen as the weight F of the structure. The constraints can either be related to the
reliability of the single elements or to the reliability of the structural system. In the last-mentioned case,
the optimization problem for a structure with h elements may be written as

h
min F(7)= Y 0lA7)
i=1

st. BB (15.113)

1 u .
v, <y, <y 1=1L...,n

where A, [;and ¢, are the cross-sectional area, the length, and the density of element no.i; y=(y,,...,7,)
are the design variables; 3] is the target system reliability index; and y! and y! are lower and upper
bounds, respectively, for the design variable y;, i=1,..., n.

Consider the three-dimensional truss model of the steel-jacket offshore structure shown in Figure
15.34. The load and the geometry are described in detail by Thoft-Christensen and Serensen [30] and
by Serensen, Thoft-Christensen, and Sigurdsson [31]. The load is modeled by two random variables,
and the yield capacities of the 48 truss elements are modeled as random variables with expected values
270 x 10° Nm™ and coefficients of variation equal to 0.15. The correlation structure of the normally
distributed variables is described in [31]. The design variables y;, i=1, ..., 7 are the cross-sectional areas
(m?) of the seven groups of structural elements (see Figure 15.34). The optimization problem is

min F(y) =125y, +100y, +80y, +384y, +399y, +255y.(m")
st. ()= B;=3.00 (15.114)

0=y <y, <y'=1 i=1..,7

B is the system reliability index at level 1. The solution is ¥ = (0.01, 0.001, 0.073, 0.575, 0.010, 0.009,
0.011) m? and F( y) =215 m>. The iteration history for the weight function F( ¥) and the system reliability
index f3"is shown in Figure 15.35.
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1,...,4
5...,8
9,...,12
13,...,24
25,...,32
33,...,40
41,...,48

FIGURE 15.34 Space truss tower with design variables.

15.6.3 Reliability-Based Optimal Maintenance Strategies

An interesting application of optimization methods is related to deriving optimal strategies for inspection
and repair of structural systems. In a paper by Thoft-Christensen and Serensen [32], such a strategy was
presented with the intention of minimizing the cost of inspection and repair of a structure in its lifetime
T under the constraint that the structure has an acceptable reliability. In another paper by Serensen and
Thoft-Christensen [33], this work was extended by including not only inspection costs and repair costs,
but also the production (initial) cost of the structure in the objective function.

The purpose of a simple optimal strategy for inspection and repair of civil engineering structures is
to minimize the expenses of inspection and repair of a given structure so that the structure in its expected
service life has an acceptable reliability. The strategy is illustrated in Figure 15.36, where T is the lifetime
of the structure and 3 is a measure of the reliability of the structure. The reliability f is assumed to be
anonincreasing function with time t. T;,i=1, 2, ... , n are the inspection times, and ﬁmi" is the minimum
acceptable reliability of the structure in its lifetime.

Lett;=T;— T,_,i=1, ..., n and let the quality of inspection at time T; be gq;, i = 1, ..., n. Then, with
a given number of inspection times 7, the design variables are t;,,i=1,... ,nand g;, i =1, ..., n. As an
illustration, consider the maintenance strategy shown in Figure 15.36. At time T/, the solution of the
optimization problem is g; = 0; that is, no inspection takes place at that time. Inspection takes place at
time T,; and according to the result of the inspection, it is decided whether or not repair should be
performed. If repair is performed, the reliability is improved. If no repair is performed, the reliability is

B F)- 102 (m)

45
4t

35 F(y) =215 md
37 B°=3.0

4 8 12 16 20 24 28 iterations

FIGURE 15.35 Iteration history.
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ﬁmin B

FIGURE 15.36 Maintenance strategy.

also improved because then updating of the strengths of the structural elements takes place. Therefore,
the variation of the reliability of the structure with time will be as shown in Figure 15.36. The shape of
the curves between inspection times will depend on the relevant types of deterioration, for example,
whether corrosion or fatigue is considered.

A very brief description of the application of this strategy is given here, based on [33]. The design
variables are cross-sectional parameters z, ..., z,,, inspection qualities g, ..., qy, and time between inspec-
tions t, ..., ty, where m is the number of cross-sections to be designed and N is the number of inspections
(and repairs). The optimization for a structural system modeled by s failure elements can then be
formulated in the following way:

min  C(4,)=C,@)+ D Cu@)e™ + DY C RER, (2,3, )l

A=l =l by pr parpi (15.115)

st. B(T)=p™, i=1,...,N,N+1

where the trivial bounds on the design variables are omitted; C,; is the initial cost of the structure; Cyy;(q;)
is the cost of an inspection of element j with the inspection quality g;; Cy ;is the cost of a repair of element
J; r is the discount rate; and E[R;; (2, 4, )] is the expected number of repairs at the time T; in element j.
B(T)) is the system reliability index at level 1 at the inspection time T;and B™" is the lowest acceptable
system reliability index.

—P gt SWL

9
L2

5
¥

51.15m

FIGURE 15.37 Plan model of a steel jacket platform.
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FIGURE 15.38 f3*as a function of the time # for optimal design and inspection variables and for N = 6.

Consider the plane model of a steel jacket platform shown in Figure 15.37 (see [33], where all details
are described). Due to symmetry, only the eight fatigue failure elements indicated by X in Figure 15.37
are considered. Design variables are the tubular thicknesses of the six groups of elements indicated by ©
in Figure 15.37. Using B™"= 3.00, T = 10 years, r = 0, and N = 6, the following optimal solution is
determined:

t=(2,2,2,1.19,0.994, 0.925) years
q =(0.1,0.133, 0.261, 0.332, 0.385, 0.423)

z = (68.9, 62.7, 30.0, 30.0, 50.4, 32.0) mm

as shown in Figure 15.38.
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16.1 Introduction

We present herein a class of probability models with considerable potential for useful applications to
reliability analysis. The new families of probability density functions (PDFs) have a fundamental basis
in quantum physics; they describe the inherent uncertainty of properties of single energy quanta emitted
by a “perfect radiator” or “blackbody” with known temperature. The starting point for the derivation of
the various PDFs is Planck’s blackbody radiation spectrum [1], which expresses how the energy absorbed
or emitted in blackbody radiation is distributed among quanta of radiation (photons) with different
energies (or frequencies or wavelengths), characterizing the aggregate behavior of very many energy
quanta in local thermal equilibrium (LTE).

Section 16.2, providing background, reviews the relationship between the geometric and arithmetic
means of any nonnegative random variable. Section 16.3, derives the PDFs of various functionally related
random properties of single energy quanta when the local-thermal-equilibrium (LTE) temperature T is
known or prescribed. The results apply for any LTE temperature between absolute zero (T = 0) and the
upper limit on the validity of quantum mechanics and general relativity theory, namely the “Planck
temperature” (T, ~10*K). Section 16.4 deals with how to express the intrinsic uncertainty of the
“quantum mass ratio,” defined as the quotient of the mass (energy/c?) of a random quantum of energy
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and the geometric-mean mass of quanta given the LTE-temperature T. In Section 16.5, we obtain the
probability distribution of the “quantum size ratio,” defined as the reciprocal of the quantum mass ratio,
representing the relative “sizes” (wavelengths) of single energy quanta sampled from a collection of quanta
in (local) thermal equilibrium. Section 16.6 looks into various applications of the probability models to
single-mode and system reliability analysis.

16.2 Background: Geometric Mean and Related Statistics

Various random quantities expressed as products of random variables can be described efficiently in terms
of geometric means and related statistics. By definition, the geometric mean Y of a nonnegative random
variable Y is

Y = exp(logY) = exp jlogdey(y) , (16.1)
0

where () refers to a random quantity’s arithmetic mean; “log” denotes the natural logarithm; “exp” is
the exponential function; and Fy(y) is the cumulative distribution function (CDF) of Y. The definition
in Equation 16.1 implies that the geometric mean of a product of random variables, Y =Y, ...Y,, equals
the product of their geometric means, y =y, .. y,, and hence that the geometric mean of a power of
Y equals Y raised to that power. The variability of Y can be quantified in term of its “characteristic value,”
defined as

Y= Yexp{;Var[logY]}, (16.2)
which depends on the “logarithmic variance,” or the variance of the logarithm, of ¥:

Var{logY]={(logY —{logY})*y ={(logY)*) —(logY)* = 210g(l7/§), (16.3)

where the term on the right-hand side is just the inverse of Equation 16.2. Both the logarithmic variance
and the “stochasticity factor” (Y7Y), the quotient of the characteristic value Y and the geometric mean
Y, measure the spread of the PDF f,(y) of any nonnegative random variable Y; and in case Y is deter-
ministic, Var{logY]=0 and Y/Y =1. Common measures of uncertainty based on arithmetic means are
the variance Var[Y]=({Y —(Y)}*)=(Y*)—(Y)?, its square root, the standard deviation o, =(VarlY])"*,
and the ratio of standard deviation to mean, or the “coefficient of variation,” V,, = 5,KY). Note that in
case Y is lognormally distributed, so the logarithm of Y is normal or Gaussian, the following relations
hold: the geometric mean Y equals the median (or the fiftieth percentile) of Y, the characteristic value
Y equals the arithmetic mean (Y), the stochasticity factor Y/Y is given by 1+ Vv, and the coefficient of
skewness of Y, defined by y, =((Y —(Y))’)/o;, satisfies the relation: y, =3V, +V;.

16.3 Probability Distributions of the “Quantum Mass Ratio”
and Its Logarithm

One of the standard ways of expressing the Planck radiation function [1, 2], characterizing a large number
of quanta of radiation (photons) in thermal equilibrium, is in terms of the mean number of quanta per
unit volume, dN,, having wavelengths within the infinitesimal range between A and A +dA,

8r h.c
dN, =—_dA E_t-1], .
T /[eXp{kBTl} } (16.4)
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in which T is the radiation temperature in degrees Kelvin, ¢=2.998x10"cm/sec is the speed of light,
k, ~8.617x107 eV (electron-volt) per degree Kelvin is Boltzmann’s constant, and h, = 4.14x10™""eV sec
is Planck’s constant, the “quantum of action.” Integrating over the wavelength intervals dA for values of A
ranging from zero to infinity yields

oo 3
Nroa = J.dNA =1674(3) (I;IBTJ ~20.288T° cm™ (16.5)
0

pC

for the mean total number of energy quanta per unit volume as a function of temperature, in which
Lw)=1+2""+3"+... is Riemann’s Zeta function [2].

Our interest henceforth focuses on interpreting the Planck radiation spectrum as a description of the
random properties of single energy quanta or particles “sampled” from a collection of quanta or particles
in local thermal equilibrium with temperature T. Each quantum possesses a set of functionally related
random properties: its energy E or mass m = E/c?> (Einstein’s famous equation), wavelength
A =hyc/E = h,/(mc), frequency v = Elh, = ¢/A, and momentum p = mc = E/c. Any of these attributes
can be expressed, free of units, in terms of the random “quantum mass ratio”

A
> (16.6)

where E =exp{{logE)}=mc’ = hPc/j», the geometric mean (see Equation 16.1) of the quantum energy,
equals the product of k;T and the constant

° kT kT A

B

c EE_[hPCJIzz,m_ (16.7)

The natural logarithm of W, or the “quantum-mass-ratio logarithm,” is

L=logW =1logE — log E = log{E/(k,T)} - £,, (16.8)

where £, = (log{f/(kBT) h= logc, = 0.758. (In general, we denote random variables herein by capital letters
and their realizations by the lower case; but the rule is broken when symbols have established definitions
or serve overriding demands for clarity of presentation, as is the case for the “random wavelength” A and
the “random mass” m in Equations 16.6 and 16.7.)

Combining Equation 16.4 and Equation 16.6 to Equation 16.8 yields the probability density functions
of the quantum mass ratio W and its natural logarithm, L =logW, respectively [3],

_ G LWy >0 16.9
fun= o 0 wzo, (169)
and
3(Ln+0)
fi=—t 0 g, (16.10)

S 2B3) et -1’
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Quantum Mass Ratio W

FIGURE 16.1 Probability density function of the “quantum mass ratio” W.

where ¢[2{(3)]" =0.8877 and [2{(3)]" =0.416. The PDFs of Wand L are plotted in Figure 16.1 and
Figure 16.2, respectively. The expectation of e™*, where 1=+'—1, defines the “characteristic function” of
L; its logarithm K, (u) = log(e™") is known as the cumulant function [2], the cumulants of L being the
coefficients (K, ;, K, ;, etc.) in the series expansion of K, (u):

(t)* K +(lu)3 K
2!

2,L 31 3,L

K, (u)=log(e"") = (WK, , +

_ (16.11)

The first three cumulants are the mean, the variance, and the third central moment of L, respectively.
The principal property of cumulants is that each cumulant of a sum of independent random variables
is itself a sum of component cumulants, so that a sum’s cumulant function is also the sum of the
component cumulant functions.

16.4 Logarithmic Variance and Other Statistics
of the “Quantum Mass Ratio”

In problems involving products of (i.i.d.) random variables W, a useful and attractive attribute of the
random mass ratio W is that its geometric mean equals one,

W =exp({logW) =1, (16.12)

implying (logW)=(L)=0. A key measure of uncertainty of the properties of single energy quanta in
thermal equilibrium is the logarithmic variance of the quantum mass ratio, or the variance of the
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FIGURE 16.2 Probability density function of L, the quantum-mass-ratio logarithm.
mass-ratio logarithm, which we denote by a. We can write:
a=VarllogW]=Var[L]= 0} =(I*) = J.zz f,(0)dl = 0.5672. (16.13)
0

Measuring the variability of the energy (or wavelength or momentum) of single quanta “sampled” from
a population of quanta in thermal equilibrium, for any temperature T<T,, ,~10"K, the quantity
o =Var[L] = 0.5672 is a basic constant, expressing the Uncertainty Principle in a way that complements,
yet differs from, Heisenberg’s (1926) formulation; the latter, proposed in the context of atomic physics,
is an inequality that limits the precision of joint measurements of two attributes of a particle, such as
position and momentum, and involves Planck’s constant, a tiny number. The functions ¢f, (¢)and ¢ 2 1.(0)
are plotted in Figure 16.3 and Figure 16.4, respectively; their complete integrals, from —co to +eo, are,
respectively, the mean (L)=0and the variance & =(L*)=0.5672 of the quantum-mass-ratio logarithm.

The statistical moments of the quantum mass ratio W, for any real value s > -2, not necessarily integers,
are given by

<WS>=Jw5fW(w)dw=%i(gs), §>-2, (16.14)
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€ fi(€)

FIGURE 16.3 The function /f, (¢), whose integral is the (zero) mean of L.

where T'(-) denotes the Gamma function (which for positive integers obeys I'(m +1)=m!). The quantities
(W?*)and its logarithm are plotted in Figure 16.5. The case s = 1 yields the arithmetic mean (W) =1.226,
while the moment of order s = -2 is infinite because {(1)= 0. Other statistics of the mass ratio are its
mean square (W?)=2.31, its variance Var[W]=(W?)—(W)*=0.697, its standard deviation
0,, =(Var[W))"* = 0.835, and its coefficient of variation V,, =0, AW) = 0.66. Also, the quantum-mass-
ratio PDF f,,(w) is positively skewed, with coefficient of skewness y,, =1.18.

The mean energy per particle —in electron-volts (eV) — can be expressed as (E)=ck (W)T =
2.33 x 10T, where T is the temperature in degrees Kelvin. The mean radiation density per unit
volume (in eV/cm?®) is the product of (E) and the mean number of quanta per unit volume (given
by Equation 16.5), yielding the Stefan-Boltzmann law (expressing mean energy density vs. temper-
ature), namely:

u=N,

(k)"
h

kBTc0<W>=16n§(3)co<w>( ; ~4.723x107T*, (16.15)
pC

Total

The function wf,,(w), plotted in Figure 16.6, indicating how energy tends to be distributed among quanta
with different w values, is proportional to Planck’s energy distribution. (The partial moments of W, such
as the partial integral of wf,,(w), are proportional to the Debye functions arising in heat analysis [2].)
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FIGURE 16.4 The function ¢*f,(¢), whose integral is ¢ ~0.5672, the variance of L.
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FIGURE 16.5 The moment function of W and its logarithm.
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FIGURE 16.6  The function wf,,(w), which indicates how energy tends to be distributed among quanta with different
w-values, is proportional to Planck’s energy distribution.

The quantum mass ratio W possesses the following geometric statistics: geometric-mean mass ratio W =1,
logarithmic variance Var{logW]= o =0.5672, and characteristic value (equal to the stochasticity factor)
W =e%? =~1.328. The lognormal formula for the skewness coefficient, 3V, + va, = 2.27,1is almost twice the
truevalue, y,, = 1.18, the difference reflecting the fast decay of the PDF of W (or the Planck radiation function)
in the high-energy range compared to a lognormal PDF with the same geometric mean (W =1) and loga-
rithmic variance (o = 0.5672). The PDF of W is positively skewed (y,, =1.18) and that of L =logW nega-
tively, with skewness coefficient y, =—0.879. Note in Figure 16.1 and Figure 16.2 the lack of symmetry in
the tails of either distribution. The fast decay in the high-energy (“Wien”) range of the Planck spectrum means
that very-high-energy quanta tend to occur much less frequently than very-low-energy (“Jeans-Rayleigh”)
quanta. The probability that the mass ratio W (of a randomly chosen quantum of energy, given the LTE
temperature T) exceeds the value w drops very rapidly for w-values exceeding w = 5.5, corresponding to
£ =1og5.5=1.70 (see Figure 16.1 and Figure 16.2); these values may be thought of as crude “apparent upper
bounds” on the mass ratio Wand its logarithm L, respectively. For similar reasons, the Gaussian approximation
for f, (£), with mean (L) =0 and variance (L*) = @, significantly overestimates the probability that L is larger
than ¢ when the latter exceeds its “apparent upper bound” ¢ =log(w__)=1log(5.5)=1.7 =2.260,.

From the definition of the (quantum-mass-ratio-logarithm) cumulant function K, (u)= log(e™),
where 1=+/-1, taking into account W = ef, we can infer that Equation 16.14 in effect expresses
(W™)=exp{K, (u)}, with 1 now substituting for the exponent s. The cumulant function of L is therefore
given by

K, () =log(W") =log{T'(3+ 1)} +10g{{ (3 + 1)} — £ qu—log[2{(3)], (16.16)

where £, =logc, =0.758 and log[2{(3)]=0.877; also, K, (0) =log(W °) = 0. Because the first three cumu-
lants of L are known, K,; =(L)=0,K,, =Var[L]=0r=0.5672 and K, =, &’* =—0.3755 (where
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X, =—0.879 is the skewness coefficient), the series expansion (Equation 16.11) for the cumulant function
starts off as follows:

2 3 2 3
__u 3/2% . u (1)
K, (u)=-o 3 +x o 31 +...=—0.5672 3 0.3755 31

+..., (16.17)

If L actually had a normal (Gaussian) distribution with mean zero and variance ¢, its cumulant function
would obey K, (u) =—om’/2, so the higher-order terms in Equation 16.17 represent physically significant
deviations from symmetry and normality. The first-term approximation, log{W?) = K,(s/1) =
0512 =0.28365%/2, is shown, along with exact values, in Figure 16.5.

16.5 Probability Distribution of the “Quantum Size Ratio”

The wavelengths of individual energy quanta can be thought of as representing the sizes (radii) of
elementary “cells.” Energetic quanta have relatively small wavelengths or “cell radii” A and short “lifetimes”
0 = Alc. The relative sizes of these energy-quantum-specific cells, given the (local-thermal-equilibrium)
temperature T, are measured by the “quantum size ratio,” defined as the reciprocal of the “quantum mass
ratio,” D=A/A=1W . The probability density function of the quantum size ratio D is given by
f,(d)=(vd*f,,(1/d),d 20, or

()’ 1
2£(3) d* (e -1)’

f,(d)= d=0, (16.18)

matching the shape of the Planck spectrum in Equation 16.4. The probability density function of D is
plotted in Figure 16.7.

Probability Density
Function rp(d)

0 1 1 1 1
0 1 2 3 4 5 6

Quantum Size Ratio d=1/W
FIGURE 16.7 The probability density function of D, the reciprocal of the quantum mass ration W.
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The probability density function f,,(¢') of the logarithm of the quantum size ratio, L’ = log D =—
logW =—L, is similar to that of the quantum-mass-ratio logarithm in Equation 16.10. We can write:

’ ’ 1 3(%7//) ’
fL'(f)sz(_f):mﬁ’ —o0 </ <oo, (16.19)

The PDF of L’ is as shown in Figure 16.2 provided the abscissa’s direction is reversed, and the two cumulant
functions are similarly related: K;.(u) = K, (—u). The means of L and L” are both zero, their variances are
equal (o =0.5672), and their coefficients of skewness have the same absolute value but a different sign:
X =—x, ~+0.879.

The “geometric statistics” of D = el are the same as those of the quantum mass ratio (W = el), namely:
geometric mean D =(W)™' =1, characteristic value D ~1.328, and logarithmic variance Var[log D] =
2log (DID) = ¢ = 0.5672. The quantum size ratio’s arithmetic mean, (D)= (W) =1.453, is the integral
of the function d f,,(d). The second moment of the quantum size ratio, (D*)=(W ™), and its variance,
Var[D]={D*)—{(D)?, are both infinite (corresponding to s = —2 in Figure 16.5) due to the slow decay
of the upper tail of f,(d). Closer examination of the asymptotic expression,

g 1 1.89

2wB) &

fod)— , o d>1, (16.20)

shows that the “truncated” or “conditional” mean square, (D’|D <d,), defined as the integral from 0 to
d, of the function d?f,(d), shown in Figure 16.8, possesses a term proportional to log d,, indicating how
the “unconditional” mean square (D) and variance Var[D] of the quantum size ratio approach infinity.
A further consequence is that the conditional or “sample” variance, Var[D|D < d,], where d, represents
the size of any actual sampling volume, is predicted to be large but finite. (The predicted sensitivity of
size-ratio statistics to the size of sampling regions proves testable in the context of a stochastic model of
the so-called inflation phase of the big bang [3]; the model predicts the distribution of radii of “great

d? fp (d)
Asymptotically
Approaches
1.895/d
0 1 1 1 1 1 1 d

FIGURE 16.8 The function d?f;(d) whose integral, the mean square of D is infinite.
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voids” and related geometrical anomalies of the large-scale cosmic structure in terms of basic quantum-
size-ratio statistics.)

16.6 Extensions and Applications to Reliability Analysis

Considering a set of quantum-physics-based random variables— a set of W values or L values, for
example — that are statistically independent and identically distributed (i.i.d.), one can readily obtain
various families of derived probability distributions (and related statistics) for sums or products or
extreme values, with the number of i.i.d. random variables (in the sum or product or extremum) serving
as a model parameter. Consider, in particular, a set of v independent and identically distributed (i.i.d.)
quantum-mass-ratio logarithms, their common probability density function f, (/) given by Equation
16.10. The probability distribution of the sum, L, =L, +L,+...+L,_ , can be obtained by iterative
convolution, starting with the PDF of L, = L,; + L,,, next that of L, = L, + L,;, and so on. The PDF of

the corresponding product of ii.d. quantum mass ratios, W, =exp{L }=W,W,...W, _ , where
W,_, ,=exp{L,_ .} for i=1,2,...,V, can then be found by a single monotonic (one-to-one) transforma-

tion. Let us denote f; (¢) by f; (¢) the PDF of the sum of vindependent quantum-mass-ratio logarithms,
and by f,, (w) the co;responding PDF of the product of v quantum mass ratios. In the special case v=1,
we have f, (/)= f,(¢) and f, (w)= f, (w), as given by Equation 16.9 and Equation 16.10, respectively.
An elegalnt alternative to convolution is to express the cumulant function of L, as a sum of cumulant
functions, K L (u)=vK, (u), where K;(u) denotes the cumulant function of the quantum-mass-ratio
logarithm L (given by Equation 16.17), and then compute the inverse-transform of K; (1) to obtain
fr,, (€) . Nllustrating a typical set of results, Figure 16.9 shows the PDF of the sum of v =25 quantum-mass-
ratio logarithms; the dashed line shows the Gaussian probability density function with mean zero and

PDF of the Sum of Log-Mass-Ratios
L,'= LO + LO1 + ...+ Li,i+1 fori=24

Convolution

Normal

20

FIGURE 16.9 Probability density function of the sum of v=25 quantum-mass-ratio logarithms; the dashed line
shows the Gaussian probability density function with matching mean zero and standard deviation (250)" =3.766.
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standard deviation (25)"" =3.766. (The subscripts on L are denoted a bit differently in Figure 16.9,
without in any way impacting the results.) Note that perceptible differences remain in the tails of the two
distributions (displayed in Figure 16.9), which would be highly significant in applications to reliability

analysis. Scaling L, = log W, with respect to its standard deviation, (vr)"

, yields a “standardized” random
variable, U" = L,/(vax)"?, whose probability distribution, as v grows, will tend toward the “standard
normal” (Gaussian) distribution in its central range. Likewise, the PDF of the derived random variable
VY =exp{U"Y} = exp{Lv/(vot)” *} should approach the “standard lognormal” PDF in its central range.
The coefficient of skewness of L,can be expressed in terms of its “cumulants™ y;, =VK; (VK )=
X, /NV =—=0.879/\'v, indicating how the skewness decreases as v grows (consistent with the Central Limit
Theorem), but also the tendency for the negative skewness to persist.

A generalized set of probabilistic models can be obtained by transforming the “standardized” random
variable (introduced above), U" =L /(va)"?, modifying its zero mean (by adding a constant) and unit
variance (by multiplying by another constant); the result is a three-parameter (quantum-physics-based)
family of distributions characterized by their mean, variance, and coefficient of skewness, the latter
dependent only on v. A similar transformation of the random variable V" =exp{U"’} results in a
generalized set of PDFs of which f,, (w) are members. These probability models can capture very different
types of behavior of random variables (characterized in part by their variability and skewness); the PDFs
tend toward the normal (for sums) and lognormal (for products) as the number v of i.i.d. basic random
variables grows. Skewness persists, however, and the tails of the probability distributions, on both the
low and high ends, continue to differ greatly from the normal and lognormal distributions, even when
v becomes large. The PDF of the largest (or smallest) value in a group of i.i.d. values of L can also be
expressed straightforwardly in terms of the PDF of L and the group size v.

There appear to be many opportunities for application to system reliability analysis (see, e.g., [4-6]).
In single-mode reliability analysis, the focus is often on the safety margin, defined as the difference between
the random load and the random resistance, or the safety factor, defined as the quotient of resistance to
load. (A parallel formulation, in economic applications, may be in terms of “supply” and “demand,” or
“capacity” and “demand”.) The two random quantities (i.e., load and resistance) are typically assumed
to be statistically independent. The new probability models could be adopted for load and resistance
separately, or be applied directly to the safety margin or the safety factor. The safety margin, for example,
might be characterized by its mean (above zero) and coefficient of variation; its skewness could also
strongly affect the (single-mode) failure probability (i.e., the probability that the actual safety margin is
negative). This readily leads to a new set of relationships between, for example, the mean safety margin
and the probability of failure (and corresponding reliability indices that depend on the coefficients of
variation and skewness).

System reliability concerns the behavior of groups of components or failure modes and the logical rela-
tionships between component failures and system failure. In these problem situations as well, the new
probabilistic models can be adopted for (or based on data, fitted to) the random “modal” safety margins or
safety factors, or the mode-specific loads and resistances, enabling the system reliability to be estimated or
bounded (see, e.g., [7]) These bounds are related to the degrees of statistical dependence between the loads
and resistances associated with the different failure modes. Here too, the proposed models provide new
analytical tools to express statistical dependence. In particular, statistical dependence between, say, component
resistances can be realized or simulated by assuming shared (identical) values for some of the basic random
variables being summed or multiplied in the process of modeling each failure mode’s resistance.

16.7 Conclusion

The probability density functions of a number of functionally related properties of single energy
quanta — particles like photons — in thermal equilibrium have been derived from the Planck radiation
spectrum. The “quantum mass ratio” W, its reciprocal, the “quantum size ratio” D = W', and the
logarithm L =logW =—logD are coupled random properties of individual energy quanta. The ratios
W and D have a unit geometric mean, W =D =1, while the arithmetic mean of their logarithm is
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zero, {L)=(logW)=(logD)=0. The variance of the mass ratio logarithm, & = Var[L]=0.5672, mea-
sures the intrinsic uncertainty of properties of single energy quanta in thermal equilibrium, for any LTE
temperature in the range 0< T < T}, =10”K.

The idea is that any quantum-producing “engine” simultaneously gives rise to quantum-physical
uncertainty. Wherever individual energy quanta are copiously created, the least amount of variability
realizable is that associated with a single, unique Planck spectrum, with a constant temperature T = T*,
characterized by PDFs and variability as measured by o = Var[L]= Var[logW]=0.5672.

Heisenberg’s Uncertainty Principle expresses a fundamental constraint on the precision of paired
quantum-scale observations: the product of “errors” in joint measurements of, say, a particle’s position
and momentum must be greater than or equal to the quotient of Planck’s constant hp and 27. The
measure of inherent uncertainty of the properties of energy quanta in thermal equilibrium,

o =Var[L] = Var[logW]= 0.5672, differs from Heisenberg’s classical formulation in that it (1) expresses
an equality instead of an inequality; (2) involves only a single attribute (of a quantum of radiation), or
one attribute at a time, instead of two; and (3) does not depend on Planck’s constant, a tiny number. A
further advantage is that the description of quantum-physical uncertainty in terms of f,(¢) or f,(w) or
D extends beyond second-order statistics, thereby enabling one to evaluate the relative likelihood of
extreme values, high or low, of quantum properties. We have shown that the new probability models
have considerable potential for practical application to single-mode and system reliability analysis.
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17.1 Introduction and Objectives

Many engineering systems are subjected to loads that are random processes, e.g., random functions. The
following are some examples: the wings of an airplane under gust loads, the hull of a ship under wave
loads, and an offshore platform under wave loads. Moreover, the properties of many systems, such as
their strength (stress at failure) are random and vary in time. The objectives of a random vibration study
are to determine the statistics of the response of a system and the probability of failure due to the response.
Tools for time invariant reliability problems, such as FORM and SORM, are not directly applicable to
random vibration analysis.

Probabilistic analysis of a dynamic system under loads that are random processes involves the following
steps:

1. Construct probabilistic models of the excitations. Here we model the excitations using data obtained
from measurements and experience. Usually, the excitations are characterized using their means,
autocorrelations, and cross-correlations.

2. Calculate the statistics of the response.

3. Calculate of the probability of failure. Failure can occur if the response exceeds a certain level (first
excursion failure) or due to accumulation of fatigue damage (fatigue failure). An example of first
excursion failure is the collapse of a structure because the stress exceeds a threshold.

This chapter first reviews methods for completing the above three steps, for a general dynamic system
with deterministic strength under time varying random excitation. Then the chapter considers special
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17-2 Engineering Design Reliability Handbook

cases where the system of interest is linear or nonlinear. Finally, this chapter explains how to calculate
the reliability of a dynamic system when its strength is uncertain.

This chapter studies methods for analysis of systems in which uncertainties are represented as random
processes. Chapter 20, “Stochastic Simulation Methods for Engineering Predictions,” and Chapter 21, “Pro-
jection Schemes for Stochastic Finite Element Analysis,” consider random fields.

17.2 Probabilistic Analysis of a General Dynamic System

This section reviews the theory for representing the excitation of dynamic systems using random pro-
cesses, finding the response of these systems, and determining their probability of failure.

17.2.1 Modeling Random Processes

17.2.1.1 Random Processes and Random Fields

Random process is a random function, X(t), of one parameter, t. Parameter ¢ is called the index parameter
of the process and can assume discrete values {t,, ..., ;, ...} or continuous values in a range, t €[0,0].
In the latter case, the random process is called continuously parametered or continuously indexed. Param-
eter ¢ usually represents time, but it can represent some other quantity, such as the distance from a
reference point. The value of X(t) at a particular value of parameter ¢ = ¢,, X(t,), is a random variable.

We can view a random process as a set of possible time histories; each time history (or sample path)
shows the variation of the process with ¢ for a particular realization of the process.

Example 17.1

Figure 17.1 shows four realizations of the elevation, X(s), of a road covered with concrete slabs as a
function of the distance, s, from a reference point. The slabs have fixed length and random height. This
set of time histories is called sample or ensemble of time histories.

The concept of random fields is a generalization of the concept of random processes. A random field is
a random function of two or more parameters. The modulus of elasticity at a point in a solid, E(x, y, z),
varies with the location of the point (x, , z) and is random. In this case, the modulus of elasticity is a

X)) | 1 {_11_11ﬁl_, S—
X@(s) - [ |
X(s) — — -
X@(s) ; —_—

Distance, s (m)

FIGURE 17.1 Four time histories of the elevation of a road covered with concrete labs of fixed length and random height.
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random field because it is a random function of the three coordinates of the point of interest. The velocity
field in a turbulent flow is also a random field. This is described by the velocity vector V(x, y, z, t), where
(x, 5, z) are the coordinates of the point of interest and ¢ is time.

17.2.1.2 Probabilistic Models of Random Processes

A complete probabilistic model of a random process involves the joint probability distribution of the
values of the random process for all possible values of the independent parameter. This information is
impractical to obtain in most cases. We usually calculate only the first- and second-order statistics of the
responses (i.e., their means, autocorrelations, and cross-correlations) because:

« It is impractical to collect sufficient data to determine the higher-order statistics.

+ In many problems, we assume that the random processes involved are jointly Gaussian. Then, the
first- and second-order statistics define completely the processes.

+ Even if the processes involved are not Gaussian, the first two moments contain important infor-
mation. For example, we can determine an upper bound for the probability that the value of the
process at an instant can be outside a given range centered about the mean value using Chebyshev
inequality [1, 2].

The first two moments of a single random process include the mean value, E(X(¢)), and the autocor-
relation function:

RXX(tl’ tz) = E(X(tl)X(tZ))

where t; and t, are two time instances at which the value of the process is observed. We can also define
the autocorrelation function in terms of parameter t = f,, and the elapsed time between the two obser-
vations, T=t; — t,.

The autocovariance of a random process is:

CXX(tI) tz) = E[(X(tl) - E(X(tl)))(x(tz) - E(X(tz)))]

For two random processes, we also need to define their cross-correlation. This function shows the
degree to which the two processes tend to move together. The cross-correlation function of two random
processes, X,(t) and X,(¢), is defined as follows:

Rx,x2 (t,, t,) = E(X,(£)X,(t,)).

The cross-covariance of two random processes is defined as follows:
Cyox, (b 1) = ELCX, (1) ECX, (6))(X, (1)~ ECX,(1,))].

In the remainder of this chapter, we will consider only random processes with zero mean values.
Therefore, their autocorrelation and cross-correlation are equal to their autocovariance and cross-cova-
riance, respectively. If a random process has nonzero mean, then we transform it into a process with zero
mean by subtracting the mean from this process.

Example 17.2

Consider a vehicle traveling with constant speed, V' = 100 km/hr, on the road made of concrete slabs in
Figure 17.1. The length of a slab is 10 m. Assume that the wheels are always in contact with the road.
Then, the vertical displacement of a wheel is X(¢), where f = s/V and X (.) is the road elevation. Figure 17.2
shows the autocorrelation function of the displacement. R.. (t + 7. t). The autocorrelation is constant
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FIGURE 17.2 Autocorrelation of the displacement of the wheel of a car traveling with constant speed on the road
made of concrete slabs in Fig. 1.

and equal to the variance of the displacement when the wheel is on the same slab at both instances t and
t + 7. Otherwise, it is zero.

A random process can be stationary or nonstationary. A stationary process is one whose statistics are
invariant under time shifts. Otherwise, the process is nonstationary.

The concept of stationarity in random processes corresponds to the concept of steady-state in determin-
istic functions of time. The wave elevation and the wind speed at a given point in the Atlantic Ocean can
be considered stationary during short periods during which weather conditions do not change significantly.
The force applied to the landing gear of an airplane during landing is a nonstationary process because this
force changes rapidly in time.

A random process, X(t), is called strictly stationary if the joint probability density function (pdf) of
the process at all possible time instances is invariant under time shifts. Therefore,

Fx0®) = fxp®)
:fX(tl+1:),X(t2+r)(x1’ x,)= fxul),qu)(xv x,) (17.1)

fX(tl+1),X(t2+1),.u,X(tn+‘t)(xl’ Xysos X,)= fX(tl),X(tz),...X(tn)(xl’ Xyses X,)

where fX(fl),X(tz),.”X(T )(xl, X,5...,%,) Is the joint PDF of the random process at t,, t,, ..., and t,, respec-
tively. In this case, the moments of X(#) are also invariant under time shifts.

Example 17.3

The elevation of the road consisting of concrete slabs in Figure 17.1 is a nonstationary random process.
The reason is that the joint pdf of this process at two locations, s, and s,, changes under a distance shift.
This is the reason for which the autocorrelation function of the displacement of the wheel in Figure 17.2
varies with z.

Random processes are jointly stationary in the strict sense if the joint pdfs of any combinations of
values of these processes are invariant under time shifts.

A random process is stationary in the wide sense (or weakly stationary) if its mean value and autocor-
relation function are invariant under shifts of time:

E(X(t)) = constant (17.2)
Ryy(ty, 1) = Ryx(T) (17.3)
where T = t, — t,. Note that the autocorrelation function is an even function of 7.
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It is often convenient to work with the power spectral density (PSD) function of a weakly stationary
process, X(1), instead of the autocorrelation. The reason is that it is easy to find the PSD of the response
from that of the input for linear systems. The PSD, Syy(w), is the Fourier transform of the autocorrelation:

S, (@)= '[ Ry (D) "dr. (17.42)

—co

The PSD shows the distribution of the energy of a random process over the frequency spectrum. Note
that the PSD is a real positive number because it is the Fourier transform of a real, even function.
Moreover, the PSD is an even function of the frequency. The autocorrelation function is the inverse
Fourier transform of the PSD function:

Ry ()= J' S (@) . (17.4b)

Random processes are jointly stationary in the wide sense if each of them is stationary and their cross-
correlations are functions of 7 only. The cross spectral density function of two jointly stationary processes
is calculated using an equation similar to Equation 17.4b. The spectral matrix of a vector of random
processes contains the power spectral densities and cross spectral densities of these random processes.

If a random process is stationary in the strict sense, then it is also stationary in the wide sense.

Example 17.4

The elevation of a rough road, X(s), is modeled as a stationary Gaussian random process with autocore-
lation function R, (d)= o’ exp(|d/0.5) , where d is the distance between two locations, s and s + d, in
meters (m); and o is the standard deviation of the road elevation. The standard deviation, o, is 0.02 m.
A car travels on the road with constant speed V' = 16 m/sec. Find the PSD of the wheel of the car, assuming
that it remains always in contact with the ground.

The distance that a wheel travels is s = V t. Therefore, the autocorrelation of the elevation of the wheel
at two time instances, t + 7 and ¢, is equal to the autocorrelation function of the road elevation at two
locations separated by distance V.

[vz|
— ~2, 05 — ~2,-321]
Ry (1)=0%¢ 5 =0
The units of the autocorrelation are m?.
The PSD is the Fourier transform of the autocorrelation function. Using Equation 17.4a we find that
the PSD is:

, 64

S, (W=0"——.
(@) ®*+32°

Figure 17.3 shows the PSD for positive values of frequency.

17.2.2 Calculation of the Response

In the analysis of a dynamic system we construct a mathematical model of the system. For this purpose,
we construct a conceptual model that simulates the behavior of the actual system. A conceptual model
can be an assembly of discrete elements (such as masses, springs, and dampers) or continuous elements
(such as beams and plates). By applying the laws of mechanics, we obtain a deterministic mathematical
model of the system relating the responses to the excitations. This is usually a set of differential equations
relating the response (output) vector, Y(¢), to the excitation (input) vector, X(¢).
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FIGURE 17.3 Power spectral density of road elevation in example 4.

A dynamic system can by thought as a multi-input, multi-output system, such as the one in Figure 17.4.
Inputs and outputs are the elements of the excitation vector and response vector, respectively. The following
equation relates the response to the excitation:

D(p, )[Y(1)]=X(#) (17.5)

where D(p, #)[.] is a matrix of differential operators applied to the elements of the response. The size of
D(p, t)[.] is m X n, where m is the number of inputs and » is the number of outputs. p is a set of
parameters associated with the system. We can solve Equation 17.5 analytically or numerically to compute
the response.

Many single-input, single-output systems can be analyzed using a Volterra series expansion:

Y(t):ij. j.h‘.(t, tl,...,ti)HX(tj)dt].. (17.6)
o j=1

i=l o

Functions h(t,t,,...,t,), i = 1, ..., n are called Volterra kernels of the system.
Systems can be categorized as linear and nonlinear, depending if operator D (p, t) is linear or nonlinear.
For a linear system, the superposition principle holds and it allows us to simplify greatly the equation

System
Input —\ Output

X
o, MAMV* X 7
X,
\\‘ \\\
Xy — N Y, LAAVA_,
Xm A \
Bt Hoy F— ¥ M—'

—/
(a) (b)

Xm—b

FIGURE 17.4 A structure subjected to excitations X,,..., X,,, and its representation as a multi-input, multi-output system.
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for finding the response of the system. Specifically, we can break down the excitation into a series of
impulses, find the response to each impulse separately, and then superimpose the responses to find the
response of the system. The response can be found as follows:

Y(t)= jh(t, t)X(t,)dt, (17.7)

—oo

h(t, t,) is called impulse response function, or Green’s function. This function represents the response of a
system at time ¢ due to a unit impulse that was applied at time ¢,. Note that Equation 17.6 reduces to
the convolution integral in Equation 17.7 if we set h(t,t,...,t,)=0 fori>2.

Dynamic systems can be also classified under the following categories:

« Time invariant systems whose parameters are deterministic. An example is a system that consists of
a spring, a mass, and a viscous damper of which the rate of the spring, the mass, and the damping
coefficient are deterministic constants. The response of a time invariant system at time ¢ depends
only on the elapsed time between the instant at which the excitation occurred and the current
time t. Therefore, h(t,t,,...t,)=h(t—t,...,t—t,). If a time invariant system is also linear, the

response is:
Y(t)= Jh(t )X (). (17.8)

« Time invariant systems whose parameters, p, are random and time invariant. In this case parameters,
p, are random variables.

« Time variant systems whose parameters are deterministic and are functions of time. An example is
a rocket whose mass decreases as fuel is burned.

+ Time variant systems whose parameters are random. The parameters of these systems can be
modeled as random processes.

Clearly, Equation 17.6 through Equation 17.8 cannot be used directly to assess the safety of a dynamic
system because the response is random, which means that it is not enough to know the response due to
a given output. We need a relation of the statistical properties of the response (such as the mean and
autocorrelation function) to the statistical properties of the excitation. We can calculate the statistical
properties of the response using Monte Carlo simulation methods or analytical methods. Analytical
methods are described in the following two sections for both linear and nonlinear systems.

Example 17.5

Consider a linear single-degree-of-freedom model of the car traveling on the road in Example 17.4. The
model consists of a mass, m, representing the sprung mass, a spring, k, and a damper, ¢, in parallel
representing the suspension and tire (Figure, 17.5). Input is the displacement of the thd, x(t), and
output is the displacement, y(t), of mass, m. The system is underdamped; that is { =c/(2~km)<1. Find
the impulse response function.

The equation of motion is my +cy +ky =kx+cx . Therefore, the transfer function is:

Y(s 0’ +2w s
H(s)= ()22,, an
X(s) s*+20o s+,

where @, = [k is the natural frequency. Y(s) and X(s) are the Laplace transforms of the displacements

of mass m and the wheel, respectively.
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FIGURE 17.5 Model of a vehicle traveling on a rough road and its representation as a single-input, single-output system.

The impulse response function is the inverse Laplace transform of the transfer function:
0] - . 200, _ .
h(t)= e fo,7 sin(@,t) — 54’7"26 co,T sin(w, t—¢@)
\1=¢ \1=¢

1\551_{2

where, ¢ =tan” , and a)dzwn\fl—gz.

17.2.3 Failure Analysis

A structure subjected to a random, time-varying excitation can fail in two ways: (1) the response exceeds
a certain level (e.g., the wing of an aircraft flying in gusty weather can break if the stress exceeds a
maximum allowable value), and (2) the excitation causes fatigue failure. In this section, we only consider
failure due to exceedance of a level. This type of failure is called first excursion failure (Figure 17.6). The
objective of this section is to review methods to calculate the probability of first excursion failure during
a given period. Fatigue failure is analyzed in the next section.

In general, the problem of finding the probability of first excursion failure during a period is equivalent
to the problem of finding the probability distribution of the maximum of a random vector that contains
infinite random variables. These variables are the values of the process at all time instants within the
period. No closed form expression exceeds for the first excursion probability for a general random process.

First excursion failure

. ™,

First passage time, T;

FIGURE 17.6 Illustration of first excursion failure.
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Approximate results are available for some special cases. In this section, we review methods to estimate
the following quantities for a random process:

+ The number of crossings of a level o over a period
+ The pdf of the peaks
* The pdf of the first passage time, T, which is the time at which the process upcrosses a certain

level for the first time (Figure 17.6)

Nigam [1] presents an overview of the methods to estimate the probability of first excursion failure.

17.2.3.1 Number of Crossings of a Level during a Period

Most of the results that we will review have been presented in two seminal papers by Rice [3].
In general, the average upcrossing rate (average number of upcrossings of a level & per unit time) at
time ¢ is:

N . . .
vi(e, t)—J.x xu),X(z)(a’ X, t)dx (17.9)
0

where v (o, t) is the average number of upcrossing, and fX(t)’X(t)(x,x,t) is the joint pdf of the process
and its velocity.

For a stationary process, this joint density is independent of time: fX(r)‘Xm(x,jc,t): fX(l))X(t)(x,fc).
Therefore, the average upcrossing rate is also independent of time. The average number of upcrossings
over a period T'is vi(a)T.

17.2.3.2 Probability Density Function of the Peaks

A random process can have several peaks over a time interval T (Figure 17.7). Let M (@, t) be the expected
number of peaks above level o per unit time. Then:

o 0
Ma, t)= '[ J' 1 ) (@ 0 e (17.10)
o —oo

where frqiw.io (% % X) is the joint pdf of X(¢) and its first two derivatives at t.
The expected number of peaks per unit time regardless of the level, MT(¢), is obtained by integrating
Equation 17.10 with respect to x from —eo to +occ:

0
MT(@)= '[|5¢| fiwin©® x)d x. (17.11)

x (1) peaks maximum

N
)

Y N ' t

FIGURE 17.7 Local peaks and maximum value of random process, X(#), during period [0, T].
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We can find the cumulative probability distribution of a peak at a level by normalizing the expected
number of peaks below that level by the expected number of peaks regardless of the level. The pdf of a
peak is the derivative of the cumulative distribution of a peak with respect to the level. It can be shown
that this pdf of a peak at level ¢ is:

0
1 . e
i@ 0= s J 1] P o (0 05 ) (17.12)

17.2.3.3 First Passage Time

Here, the objective is to find the probability distribution of the first passage time, T (Figure 17.6). First,
we will find the probability distribution of the first passage time for stationary processes and then for
nonstationary processes.

Consider a stationary process. If the level is high (e.g., larger than the mean value plus six standard
deviations of the process), the upcrossing process can be assumed to be a Poisson process with stationary
increments and with interarrival rate v*(cr). Then the first passage time, T, follows the exponential
distribution:

E (f)=1-¢ ", (17.13)

The average crossing rate can be calculated using Equation 17.9. Both the mean value and standard
deviation of the first passage time are equal to the inverse of the average crossing rate.

The probability of first excursion failure, P(F), is the probability that the process will exceed ¢ during
the time interval (0, T'). This is equal to the probability of the first passage time being less than T

P(F)=1-¢" @7, (17.14)

The above approach assumes that the peaks of the process are statistically independent. However,
subsequent peaks are usually positively correlated, especially if the process is narrowband (e.g., the energy
of the process is confined to a narrow frequency range). Yang and Shinozuka [4, 5] proposed a method
to account for correlation between subsequent peaks of a process assuming that these peaks are subjected
to a Markov chain condition.

If a random process is nonstationary, the average crossing rate is a function of time, v*(¢, t). Then
the probability of first excursion failure during an interval [0, T] becomes:

T
—[vi(a,t)dr

P(F)=1-¢ . (17.15)

The value of the cumulative probability distribution of the first passage time, T}, is equal to the probability
of failure during the period [0, ¢]:

—jv*(a,‘r)d‘r
F, (6)= P(T, <0) = P(F)=1-¢ ° . (17.16)

17.3 Evaluation of Stochastic Response and Failure Analysis:
Linear Systems

Closed form, analytical solutions for the response of a linear system to random excitations are available
and will be presented here. Results for analysis of failure due to first excursion and fatigue will also be
presented.

Copyright 2005 by CRC PressLLC



17.3.1 Evaluation of Stochastic Response

The following two subsections present a method for finding the response of a dynamic system to
stationary and nonstationary inputs, respectively.

17.3.1.1 Response to Stationary Inputs

We calculate the autocorrelation and cross-correlations of the responses in three steps:

1. Measure or calculate the PSD of the excitation or the spectral matrix of the excitations. The PSD
can be measured directly or it can be derived from the autocorrelation function of the excitation.
Similarly, the cross spectral density can be estimated directly or it can be found by calculating the
Fourier transform of the cross-correlation.

2. Derive the PSD or the spectral matrix of the response. Consider a linear system with m inputs and
n outputs, such as a structure subjected to m loads, for which # stress components are to be calculated.
We can consider the structure as a multi-input, multi-output system as shown in Figure 17.4.
The second-order statistics of the output are characterized by the spectral matrix of the output,
Syy(®), which is calculated as follows:

Syy (@) =H(®)S,, (0H" (0). (17.17)

H(w) is an n X m matrix, whose entry at the 3, j position is the sinusoidal transfer function, H;( ),
corresponding to the j-th input and i-th output. Sinusoidal transfer function is the Fourier
transform of the impulse response function. Superscript T denotes the transpose of a matrix and
* complex conjugate. For a single-input, single-output system, the above equation reduces to:

S,y (@) =|H(®)]*S,, (@) (17.18)

where Sy, (®) is the PSD of the input, S,,(®), is the PSD of the output, and H(®) is the sinusoidal
transfer function of the system.

2. The autocorrelation and cross-correlation functions of the outputs are the inverse Fourier trans-
forms of the PSDs and cross spectral densities of the corresponding components of the outputs.
Using this information we can derive the variances, covariances, and their derivatives with respect
to time, which are useful in analysis of failure due to first excursion.

Example 17.6

Find the PSD of the displacement of the vehicle, Y(¢), in the Example 17.5. The mass of the vehicle is m =

1,300 kg, the rate of the spring is k = 11,433 m/N, and the viscous damping coefficient is ¢ = 600 N sec/m.
The undamped natural frequency of the system is @, = 2.96 rad/sec or 0.472 cycles/sec. The damping

ratio is 0.31. The sinusoidal transfer function of this system is:

k+iwc
Hw)=—F—".
—-mo”+k+iwc
Using Equation 17.18 we find the PSD of the displacement Y(¢). The PSD is shown in Figure 17.8. Note
that the energy of vibration is confined to a narrow range around 3 rad/sec. The reason is that the system
acts as a narrowband filter filtering out all frequencies outside a narrow range around 3 rad/sec.

17.3.1.2 Response to Nonstationary Inputs

The inputs are nonstationary in some practical problems. In these problems, the responses are nonsta-
tionary.
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FIGURE 17.8 PSD of the displacement of the mass in Fig. 5.

The generalized spectral density of a nonstationary process is defined as the generalized Fourier trans-
form of the covariance, Cy(t,, t,), [2]:

+oo oo

Syx(@), ®,)= J JCXX(tl, t))e nTRNde dt (17.19)

—c0 —oo

The generalized spectral density of the output of a single-input, single-output linear system can be
calculated from the generalized spectral density of the input as follows:

Sy (@, @) =S, (0, w,)H®)H (0,). (17.20)

Note that Equation 17.20 is analogous to Equation 17.17 for the stationary case.
Following are some studies of the response of structures to nonstationary excitation:

+ Caughey and Stumpf [6]: study of the transient response of a single-degree-of-freedom system
under white noise excitation

+ Fung [7]: analysis of stresses in the landing gear of an aircraft

+ Amin [8]: analysis of the response of buildings to earthquakes

+ Nikolaidis, Perakis, and Parsons [9]: analysis of torsional vibratory stresses in diesel engine shafting
systems under a special class of nonstationary processes whose statistics vary periodically with
shifts of time

17.3.2 Failure Analysis

17.3.2.1 First Excursion Failure

The average crossing rate for a zero mean, Gaussian, stationary process is:

o
vie)=v*(0)e ? (17.21)
where v*(0) is the expected rate of zero upcrossings, obtained by the following equation:
o.
Vo= 2k (17.22)
2 o,

and 1 = normalized level = . 0} is the variance of the process and 0)2'< is the variance of the derivative
of the process:

17 17
g%:—JS.. wdw:—'[wzs w)do.
il (@) Py xx (@)
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Once we have calculated the average upcrossing rate, we can estimate the probability of first excursion
failure from Equation 17.14.

The peaks (both positive and negative) of a stationary Gaussian process with zero mean follow the
Rice pdf. This is a weighted average of a Gaussian pdf and a Rayleigh pdf:

2 2

1 - za_ 3 &X o ’Lz
o)=(1-EY2 o 2oxU8) L E@p| 52 |, 2% 17.23a
fPeak( ) ( é ) (271.)1/20.){ é cy}((1_§2)1/2 0.)2{ ( )

[

where @ (.) is the cumulative probability distribution function of a standard Gaussian random variable
(zero mean, unit standard deviation). Parameter ¢ is the ratio of the expected zero upcrossing rate to
the expected rate of peaks: &=v*(0/MT = 6)2-( /(0x0). This parameter is called bandwidth parameter,
and it expresses the degree to which the energy of the random process is confined to a narrow frequency
range. The derivation of the Rice pdf can be found in the book by Lutes and Sarkani [10, pp. 491-492].
O')%( is the variance of the acceleration:

oo +oo

1 1
0'?=—J’S---- wdw=—Jw4S 0)do.
X" on XX( ) o (@)

The pdf of the normalized level, n = a/o; is:

[ = f Moo (17.23b)

A narrowband process is a process whose energy is confined to a narrow frequency range. The number
of peaks of a narrowband process is almost equal to the number of zero upcrossings. Therefore, the
bandwidth parameter is close to one (£ = 1). If a stationary Gaussian process is also narrowband, then
the peaks follow the Rayleigh pdf:

fpeak(a) = ?e 0% 1((1) (17.2421)

where 1(¢) is a unit step function (e.g., a function that is one for positive values of the independent
variable and zero otherwise).

At the other extreme, a broadband process has bandwidth parameter equal to zero (£ = 0). Then the
pdf of the peaks reduces to a Gaussian density:

aZ

_ 1 202
Jpear(00) = We : (17.24b)

Shinozuka and Yang [11], and Yang and Liu [12] estimated the probability distribution of the peaks
of a nonstationary process. If the time period is much longer than the expected period of the process,
then the cumulative probability distribution of the peaks at a level & can be approximated using the
following equation:

j vi(e, T)dT
0

F, (an)=1- (17.25)

- .
J- v (0, 7)dt
0
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The ratio on the right-hand side of Equation 17.25 is the expected number of upcrossings of level o
divided by the number of zero upcrossings. Shinozuka and Yang [11] showed that the distribution of the
peaks fits very closely the Weibull distribution:

o\
E,,(0,T)= 1—e7(5) (17.26)

where parameters 3 and o are the shape and scale parameters of the distribution, respectively. These
parameters depend on the characteristics of the process and duration T.

Example 17.7
Consider the displacement of mass, m, of the system in Examples 17.4 through 17.6. Find:

1. The expected rate of zero upcrossings

2. The expected upcrossing rate of a level equal to 5 standard deviations

3. The probability of first excursion failure of the level in question 2 for an exposure period of
50 seconds.

The displacement of the mass is a Gaussian process because the excitation is Gaussian and the system
is linear. Therefore, we can use Equations 17.21 and 17.22 to find the expected upcrossing rate. To find
the expected number of zero upcrossings, we calculate the standard deviations of the displacement and
the derivative of the displacement:

0.5

oo
o, = %J- Sx(@dw | =0.016 m

0.5

oo
1 2

o,=| — |w S, (w)dw| =0.046 m.
27r.|. (@)

The zero upcrossing rate is found to be 0.474 upcrossings/sec from Equation 17.22. This is close to
the undamped natural frequency of the system, which is 0.472 cycles/sec. The upcrossing rate of the
normalized level of five is 1.768 x 107° upcrossings/sec.

The probability of first excursion of the level can be found using Equation 17.14:

P(F)=1—¢" @7 =8.84x107°.

Example 17.8

Consider that the PSD of the displacement of mass, m1, is modified so that it is zero for frequencies greater
than 20 rad/sec. This modification helps avoid numerical difficulties in calculating the standard deviation
of the acceleration. Find the pdf of the peaks of the displacement and the probability of a peak exceeding
a level equal to five standard deviations of the process.

The standard deviations of the displacement and the velocity remain practically the same as those in
Example 17.7. The standard deviation of the acceleration is:

0.5

oo
1
o5 =| 5, J. 0'S, (w)do| =0.181.

The peaks of the displacement follow the Rice pdf in Equations 17.23a and 17.23a. This equation
involves the bandwidth parameter of the process, which is found to be 0.751. This indicates that most
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FIGURE 17.9 Probability density function (PDF) of a peak of the displacement normalized by the standard devi-
ation. Since the displacement is a narrowband process, its PDF is close to the Rayleigh PDF.

of the energy of the process is confined to a narrow region (see Figure 17.8). Figure 17.9 shows the pdf
of the peaks normalized by the standard deviation of the process. The pdf is a weighted average of the
Rayleigh and Gaussian pdfs.

The probability of one peak upcrossing the normalized level, 1 = 5, is found to be 2.8 x 107° by
integrating the pdf of the normalized peaks from 5 to infinity.

17.3.2.2 Fatigue Failure

Fatigue failure is another important failure mode for a vibrating system. This mode is due to accumulation
of damage that is inflicted to the system by the oscillating stresses. For example, a spot weld in a car body
may fail due to accumulation of damage caused by vibrating stresses. There are two approaches to the
problem of fatigue failure: (1) a cumulative damage approach that is usually based on Miner’s rule or
(2) a fracture mechanics approach. The first approach is popular because it yields reasonably accurate
estimates of the lifetime of a component and it is simple. Fracture mechanics-based approaches are more
complex. In the following, we use Miner’s rule to analyze fatigue failure of a dynamic system under a
random, time varying excitation.

Traditionally, the S-N curve is used to characterize the behavior of materials in fatigue. This relates
the number of stress cycles, which a material can withstand before failing due to fatigue, to the vibration
amplitude of these stress cycles:

NSt =¢ (17.27)

where N is the number of stress cycles, S is the amplitude, and b and c are constants that depend on the
material type. Exponent b ranges from 3 to 6. Note that the mean stress is assumed zero and the amplitude
is assumed constant. Experimental results have shown that the above equation and the values of b and
c are independent of the exact shape of the stress time history.

Suppose that a structure is subjected to n cycles of amplitude S, where # is less than N. Then we can
define the damage inflicted to the structure as the ratio of n over N:

n
Damage=D=—. 17.28
8 N (17.28)
If the structure is subjected to n, cycles of amplitude S,, n, cycles of amplitude S,, ..., n,, cycles of
amplitude S,, then we can calculate the damage inflicted by each set of stress cycles and then add them
to get the total damage using Miner’s rule:

n.
-y 17.2
D le. (17.29)

where N; is the number of cycles of amplitude S; to failure. According to Miner’s rule, failure occurs when
the damage exceeds 1. According to Miner’s rule, D is independent of the order of cycles. Although
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experimental evidence has shown that order is important, and several rules that account for the order
have been proposed, none of these rules correlates with experimental results better than Miner’s rule.

If the stress is a random variable, so is D. Then the problem of calculating the probability of fatigue
failure is equivalent to that of calculating the probability that D exceeds 1. Miles [13] estimated the mean
value of the damage for a stationary, narrowband process over a period T

E(D(T))= v*(O)TJ.% da (17.30)

where N(¢) is the number of stress cycles of amplitude o to failure.
If the random process is also Gaussian, then:

E(D(T))= (C“)T( 20 )”r(1+i’j (17.31)

Mark [14] derived an expression for the variance of the damage in case of a second-order mechanical
system subjected to a stationary Gaussian process.

If the applied stress is wideband, we can scale the damage obtained from Equation 17.31 by a correction
factor, A:

E(D(t) = A2 (0‘) (2ax)br(1+2} (17.32)

Estimates of this factor can be found in Wirsching and Light [15].

17.3.2.3 Practical Estimation of Damage Due to Cyclic Loading and Probability
of Fatigue Failure

Most engineering structures, such as airplanes,
ships, and offshore platforms, are subjected to non-
stationary excitations that are due to changes in
weather, loading, and operating conditions. To cal- Sa
culate fatigue damage in these structures, we divide
the spectrum of loading and operating conditions
into cells. In each cell, these conditions are assumed

Sm

1%

3%

constant. The time of exposure to the conditions  gjGURE 17.10 Load spectrum for alternating and
in each cell is estimated using data from previous  mean stresses.

designs. Then we calculate the fatigue damage cor-

responding to operation in each cell and add up the damage over all the cells. An alternative approach
finds an equivalent stationary load that causes damage equal to the damage due to operations in all the
cells and the damage due to the equivalent load. Wirsching and Chen [16] reviewed methods for estimating
damage in ocean structures.

Consider that the load spectrum (percentage of lifetime during which a structure is subjected to a
given mean and alternating load) is given (Figure 17.10). From this spectrum, we can estimate the joint
pdf of the mean and alternating stresses, fS“Sm (5,55,,)-

For every cell in Figure 17.10, we can find an equivalent alternating stress that causes the same damage
as the alternating and mean stresses when they are applied together. This equivalent stress is

(sa, )/ [1=(s,,/S,)] where s, and s are the alternating and mean stresses corresponding to the i, j cell,
and Sy is tHe yleld stress. The above expression is obtained using the Goodman diagram. Suppose #; is
the number of cycles corresponding to that cell. Then, the damage due to the portion of the load spectrum
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corresponding to the i, j cell is D;; SN, j is the number of cycles at failure when s, and s, are applied.
x i )
From the S-N curve we can ﬁnd the number of cycles:

b
b Sﬂl‘
cf1—-—
Sa SY
—) = —_ (17.33)

D =— "% (17.34)

The total damage is:

22 Py (17.35)

{5

=YX

=

where p; is the percentage of the number of cycles corresponding to load cell i, j. This percentage is
obtained from information on the load spectrum (for example, from Figure 17.10).
Sources of uncertainty in the damage include:

+ The random nature of the environment and the material properties (e.g., uncertainties in param-
eters b and c of the S-N curve)
+ Epistemic (modeling) uncertainties, which are due to idealizations in the models of the environ-

ment and the structure

Nikolaidis and Kaplan [17] showed that, for ocean structures (ships and offshore platforms), uncer-
tainty in fatigue life is almost entirely due to epistemic (modeling) uncertainties.

17.4 Evaluation of the Stochastic Response
of Nonlinear Systems

Analysis of nonlinear systems is considerably more difficult than that of linear systems. A principal reason
is that the superposition principle does not hold for nonlinear systems. Closed form solutions have been
found for few simple nonlinear systems.

Methods for analysis of nonlinear systems include:

+ Methods using the Fokker-Plank equation, which shows how the pdf of the response evolves in time
« Statistical linearization methods [18]

+ Methods using state-space and cumulant equations

The above methods are presented in the book by Lutes and Sarkani [10].
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17.5 Reliability Assessment of Systems with Uncertain Strength

So far, we have assumed that the strength of a system is deterministic. The probability of failure in this
case can be calculated using Equation 17.14 if the random process representing the load is stationary or
using Equation 17.15 if the process is nonstationary. Resistance can also be uncertain and in this case
the above equations give the conditional probability of failure given that the resistance is A = o. Here,
an introduction of methods for reliability assessment of systems whose resistance is random is presented.
Chapter 18, “Time-Variant Reliability,” in this book presents these methods in detail.

Consider the case where the load process is stationary. Using the total probability theorem we find
that the probability of failure over a period [0, T | is the average probability of exceedance over the entire
range of values of resistance A:

P(F)= J'(l—e*V*W) f(@da. (17.36)

Several random variables can affect the resistance. In such a case, we need to calculate the probability
of failure using an equation similar to Equation 17.36 involving nested integrals. This is impractical if
there are more than three random variables. Wen [19] recommended two approaches to calculate the
probability of failure: (1) the ensemble upcrossing rate method and (2) first- and second-order methods.

In the ensemble method, we calculate an average upcrossing rate considering that « is a random
variable and then we use the calculated upcrossing rate in Equation 17.14 to find the probability of failure.
This approach tacitly assumes that the crossing events form a Poisson process. This is not true because
even if the load process is Poisson, if the resistance is high when a crossing occurs, then it will also be
high in the next upcrossing. However, Wen demonstrated using an example that if the crossing rate is
low (i.e., the product of the upcrossing rate and the length of the exposure period is considerably less
than 1), then this approach can give accurate results.

The second method assumes that we can calculate the probability of failure as a function of the
resistance and formulates the problem as a time invariant problem. Specifically, the problem of finding
the average probability of failure in Equation 17.36 can be recast into the following problem:

P(F)=P(g(A,U)<0)
where the performance function g(A,U) is:
g(A,U)=U-® ' (P(F/A)). (17.37)
A is the vector of uncertain resistance variables, P(F/A) is the conditional probability of failure given

the values of the uncertain resistance variables, and U is a standard Gaussian random variable.
This problem can be solved using a first- or second-order method.

17.6 Conclusion

Many systems are subjected to excitations that should be modeled as random processes (random func-
tions) or random fields.

Probabilistic analysis of dynamic systems involves three main steps: (1) modeling of the excitations,
(2) calculation of the statistics of the response, and (3) calculation of the probability of failure. To develop
a probabilistic model of a random process, we need to specify the joint probability distribution of the
values of a random process for all possible values of the index parameter (e.g., the time). This is often
impractical. Therefore, often we determine the second-order statistics of the random process, that is, the
mean value, and the autocorrelation function. We have analytical tools, in the form of closed form
expressions, for the second-order statistics of linear systems. However, few analytical solutions are avail-
able for nonlinear systems.
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A system may fail due to first excursion failure, in which the response exceeds a level, and fatigue

failure due to damage accumulation. Tools are available for estimating the probability of failure under
these two modes. For first excursion failure, we have equations for approximating the average upcrossing
rate of a level, the pdf of the local peaks of the response and the pdf of the time to failure. For fatigue
failure, we have equations for the cumulative damage.
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Time-Variant Reliability
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Error « Summary of Solution Methods

Andre T. Beck 18.10 Load Combinations
Universidade Luterana do Brasil 18.11 Some Remaining Research Problems

The University of Newcastle

18.1 Introduction

As discussed already in previous chapters, typically the loads acting on structures vary with time. They
may be increasing slowly on average, such as with the gradual increase over many years in vehicular loads
on bridges, or more quickly, such as wind loads generating a dynamic structural response. In all cases,
the loads are of uncertain magnitude and the actual magnitude at any point in time will be uncertain.
Moreover, the structural strength may vary with time — typically, it will decrease as a result of fatigue,
corrosion, or similar deterioration mechanism. How to deal with these types of situations for structural
reliability estimation is the topic for this chapter.

To be sure, it is not always necessary to use time-variant reliability approaches. For example, if just
one load acts on a structure, the load may be represented by its extreme (e.g., its maximum) value and
its uncertain nature by the relevant extreme value distribution. It represents the extreme value the load
would be expected to occur during a defined time interval (usually the design life of the structure). The
probability of failure over a defined lifetime can then be estimated employing the usual time-invariant
methods such as FOSM, FORM and their developments, as well as in most Monte Carlo work. This has
been termed the “time-integrated” approach because it transfers the time dependence effect into the way
the load acting on the structure is modeled [1].

A further possibility is to consider not the lifetime of the structure, but some shorter, critical periods,
such as the occurrence of a storm event and model the load during that event by an extreme value
distribution. By considering the probability of various storm events and using the return period notion or
probability bounds similar to those for series systems, the lifetime probability can then be estimated [1].
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We will not discuss these simplified methods herein but rather concentrate on introducing concepts from
the more general (and rich) stochastic process theory.

The time-integrated simplifications are not valid, in general, when more than one load is applied to
a structure. In simple terms, it should be evident that it is very unlikely that the maximum of one load
will occur at exactly the same time as the maximum of the second. A proper reliability analysis needs to
account for this. One way of doing this is to apply the well-known load combination rules found in design
codes. However, their usual justification is empirical. As discussed elsewhere, they can be derived, approx-
imately, from time-variant structural reliability theory. A better approach is to use time-variant reliability
theory directly.

This chapter provides an overview of time-variant reliability theory. Of necessity, it is brief. Moreover,
because of space limitations, we have had to be selective in our selection of material. References must be
consulted for more details.

18.2 Loads as Processes: Upcrossings

Examples of loads best modeled as processes include earthquake, wind, snow, temperature, and wave
loads. Typically, the process fluctuates about a mean value. For wind or earthquake loading, the mean
can be very low and there may be long periods of zero activity. This does not change the essential
argument, however. Figure 18.1 shows a typical “realization” (that is, a trace) of a stochastic process.

In probability terms, a process can be described by an instantaneous (or average-point-in-time) cumu-
lative probability distribution function F, (x,t). As usual, it represents the probability that the random
process X (t) will take a value lower than (or equal to) x. Evidently, this will depend, in general, on time
t. The equivalent probability density function (pdf) is f,(x,t). Figure 18.1 shows a realization of the
random process X(t) and various properties. The instantaneous (average-point-in-time) pdf is shown
on the left. Various properties may be derived from f,(x,t) including the process mean p,(t) =
I~ xfy(x,t)dx and the autocorrelation function Ry,(t), t,) = E[X(t)X(t,)] = [ X%, fxx
(x,, x,; t,, t,) dx,dx, expressing the correlation relationship between two points in time (¢, t,). Here, f,
is the joint probability density function. For (weakly) stationary processes, these two functions are
constant in time and R, becomes dependent on relative time only. In principle, a stationary process
cannot start or stop— this aspect usually can be ignored in practical applications provided the times
involved are relatively long. Details are available in various texts.

Figure 18.1 also shows a barrier R =r. If the process X(f) represents a load process Q(¢), say, the barrier
can be thought of as the capacity of the structure to resist the load Q(f) at any time ¢. This is the case for
one loading and for a simple time-independent structure. When an event Q > r occurs, the structure “fails.”

extreme value pdf
meax(Xmaxv t)

barrier upcrossing event

process
mean

average-point-in |
time pdf u realization
fx(x, 1) | of process

0 firstexceedence time ' Time t

FIGURE 18.1 Realization of a continuous random process (such as windloading) showing an exceedence event and
time to first exceedence.
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FIGURE 18.2 Envelope of structural strength (resistance) showing a realization of the vector load process and an
outcrossing by process Q,(1)-

For a process, this is termed an “upcrossing” or an “exceedence” event. For acceptable structural safety, the
time #, to the first occurrence of an upcrossing should be sufficiently long. Evidently, ¢, will be a random
variable. Estimation of #, or its equivalent, the probability of structural failure in a defined time span (the
lifetime of the structure), is particularly important for structural reliability estimation, as will be discussed
in more detail below. We note that the definition of the failure criterion is a matter for decision by those
performing the reliability estimation.

18.3 Multiple Loads: Outcrossings

Most structures are subject to multiple loads, acting individually or in combination, independently or
correlated in some way. Moreover, they need not all be modeled as continuous processes such as in
Figure 18.1. For example, live loads due to floor loads, car park loads, etc. usually are better modeled as
a series of pulses. Each pulse corresponds to a short-term, high-intensity loading event such as an office
party or a meeting. Analogous to continuous loading, any one pulse can cause the capacity of the structure
to be exceeded.

When several loads act, they can be represented by a vector process X(t) with corresponding probability
density function fy (x). For Figure 18.2, with loads only as random processes, the corresponding pdf is the
vector of load processes Q(t). Evidently, any one load or any combination of the loads can exceed the structural
capacity and produce an exceedence event. This is shown schematically in Figure 18.2 with the outcrossing
there being due to the floor load g,(t) . The envelope represents the structural capacity, the region under
the envelope is the safe domain and the region outside is the failure domain. As before, the first exceedence
time ¢, is the time until such an exceedence event occurs for the first time, that is, when one of the load
processes, or the combined action of the two processes, “outcrosses” the envelope of structural capacity.

18.4 First Passage Probability

The above concepts can be formulated relatively simply using well-established theory of stochastic
processes [2, 3]. Let [0, #;] denote the design life for the structure. Then, the probability that the structure
will fail during [0, #;] is the sum of probability that the structure will fail when it is first loaded and the
probability that it will fail subsequently, given that it has not failed earlier, or:

PO PO, 1) +[1=p,(0,1,))-[1-¢7"] (18.1)

where v is the outcrossing rate. Already in the expression [1—e™"]in the second term it has been assumed
(not unreasonable) that structural failure events are rare and that such events therefore can be represented
Copyright 2005 by CRC PressLLC
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FIGURE 18.3 Exceedence event when there is structural deterioration with time (i.e., when R=R(t)).

reasonably closely by a Poisson distribution. Theoretically, this assumption would produce an (asymp-
totic) upper bound on the actual final term — asymptotic because the bound becomes closer to the true
upcrossing probability as the barrier level increases. Despite this, it is has been found that expression
18.1 provides a reasonable estimate for structural failure estimation [4]. However, it would not be
appropriate for, say, serviceability failures as these would not, normally, be rare events.

Simulation results tend to confirm that Equation 18.1 is an upper bound. They also show that
outcrossings for some types of processes can occur in clumps. These are mainly the so-called narrow-
band processes because these high values of the peaks of the processes tend to occur together; that is,
the high peaks usually are not independent. Various schemes have been proposed for attempting to
deal with this problem for different types of process, including being more explicit about individual
outcrossings [5].

Equation 18.1 can be applied where the outcrossing rate v is not constant. This can arise, for example,
when there is gradual deterioration (or enhancement) of the structural capacity with time (Figure 18.3).
As a result, pf(O, t,) and v become time dependent v =v(¢). Thus, in Equation 18.1, the term v¢ must be
replaced with the time-average upcrossing rate fg vi(r)dr.

18.5 Estimation of Upcrossing Rates

When the process is a discrete pulse process, such as Borges, Poisson Counting, Filtered Poisson, and
Poisson Square Wave and for Renewal processes more generally, it has been possible to directly apply
Equation 18.1 to estimate the first passage probability or the level (up)crossing rate for the process acting
individually. The results are available in the literature.

For a continuous random process, the outcrossing rate must be estimated using stochastic process
theory. The theory is available in standard texts. It is assumed that the process continues indefinitely in
time and is stationary. Moreover, it produces an average value of the upcrossing rate over all possible
realizations (i.e., the ensemble) of the random process X(t) at any time . Hence, it is known as the
ensemble average value.

Only if the process is ergodic will the estimated upcrossing rate also be the time average frequency of
upcrossings. The latter is a useful property because it allows the upcrossing rate to be estimated from a
long record of observations of a single process. It is often assumed to hold unless there is evidence to
the contrary.

In the special but important case when the random process X(t) is a stationary normal process
N (uX,Gf(), the upcrossing rate for a barrier level a can be

+_L& _(a_.ux)z — o-j( (a_.ux)
V“_MGX[ 2 } (z;z)“f"[ ] [GX D (18.2)

1
20 O'(p
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where @( ) is the standard normal distribution function and X (t) is the derivative process distributed as
N (0,0')zk). Details of the derivation and evaluation of these parameters can be found in standard texts.
Suffice to note here simply that

0y =R, (1=0)—u; (18.3)

d’R . (0)

where R, is the autocorrelation function. It can be estimated from observations of the process.

(18.4)

For nonnormal processes there are very few closed solutions. Sometimes, Equation 18.2 is used as an
approximation but this can be seriously in error. Numerical solutions often are used.

18.6 Estimation of the Outcrossing Rate

For several discrete pulse processes acting in combination, some results are available. One such application
is considered later when dealing with load combinations.

For both discrete and continuous processes, the outcrossing situation is as shown in Figure 18.4, with
the outcrossing occurring at point A for a vector of (in this case, two) random processes X = X(t) with
mean located in the safe domain D;. The time axis is the third axis in Figure 18.4 and has been compressed
onto the page. Closed form solutions are available only for a limited range of cases, dealing mainly with
two-dimensional normal processes and open and closed square and circular domains [6]. It has been
shown that for an m-dimensional vector process that the outcrossing rate can be estimated from:

v = J.E(X” X=x) f,(x)dx (18.5)

Dy

In Equation 18.5, the term ()" denotes the (positive) component of X that crosses out of the safe domain
(the other components cross back in and are of no interest). The subscript # denotes the outward normal
component of the vector process at the domain boundary and is there for mathematical completeness.
Finally, the term f(x) represents the probability that the process is actually at the boundary between
the safe and unsafe domain (i.e., at the limit state). Evidently, if the process is not at this boundary, it
cannot cross out of the safe domain.

There are only a few solutions of Equation 18.5 available for continuous processes, mainly for time-
invariant domains; and there is an approximate bounding approach [7, 8]. For n discrete Poisson square

AXo

nTix 8t _n
Realization Outcrossing Event
of X(t) x ot

Boundary;

X4

FIGURE 18.4 Vector process realization showing notation for outcrossing and for directional simulation.
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FIGURE 18.5 Schematic probability density function for material strength.

wave processes X(t) each having pulses of magnitude Y; normally distributed and having mean arrival
rate v; the mathematics can be rearranged to [9]:

v = ZVI.J. P(outcrossing due to Y,) fy.(x)dx (18.6)
=l e

where P()=P[(Y,x*) e D,]- P[(Y,,x*) & D,] denotes the probability of a pulse being initially inside the
safe domain and then it being outside (i.e., and outcrossing occurs). These are independent events and
X" denotes the vector without the i-th component that is outcrossing. For various special cases, solutions
have been developed for Equation 18.6. These include (1) hyperplanes, (2) hypercubical domains, and
(3) linear additions of different processes.

When the safe domain is not convex or cannot be expressed as a linear combination of linear functions,
the determination of the outcrossing rate becomes more problematic. Bounding results could be invoked
but these tend to be conservative [10]. Nonnormal processes further complicate the problem. Numerical
estimation of outcrossing rates must then be used. Figure 18.4 suggests that a procedure using a polar
coordinate system is appropriate and indeed this has been developed [11, 12] using simulation (Monte
Carlo) methods.

18.7 Strength (or Barrier) Uncertainty

Thus far, attention has focused on estimating the rate at which one or more processes (loads) crosses
out of the safe domain— that is, when the loads exceed the capacity of the structure. As previously
discussed, actual structures are not of known precise strength or capacity. There are variations in inter-
pretation of design codes, in calculation procedures, and errors of various types can be committed.
Moreover, there are variations introduced during construction and materials have variable properties.
Hence, when a structure is finally completed, its actual strength R usually is not known precisely.

As a result, the location of the line R =r in Figure 18.1 and Figure 18.3 should be represented as a
probabilistic estimate such as shown in Figure 18.5. The line R = r shown in Figure 18.1 and Figure 18.3
is just one “realization” of many possible resistance or strength or capacity outcomes. Because the actual
strength outcome is uncertain, all reasonable possibilities must be considered in a time-variant reliability
analysis. Moreover, for many realistic situations, the resistance is a function of time R = R(¢). This applies,
for example, to strength affected by corrosion (of steel, say) or to concrete strength increase with time.
Fatigue can be a function of time or, more accurately, of load applications and stress ranges.

18.8 Time-Dependent Structural Reliability

The above concepts can be generalized for random “barriers” and hence applied to estimation of the
time dependent reliability of structures. As before, the discussion is limited to relatively high reliability
systems such that the outcrossing approach (Equation 18.1) remains valid asymptotically.



The probability of structural failure during a defined structural (nominal) lifetime [0, ¢, ] can be stated
as

p;0)=PR®)<S®)] V(tel0,1,]) (18.7)

Here, S(1) is the load effect (internal action) process derived from the loads. Equation 18.7 can be rewritten
by conditioning on the random variable resistance

by = [ oyt (18.8)

where the conditional failure probability p f (t,|r) is a function of the vector of load processes Q(t) or the
vector of load effects S(t) and f(r) is the probability density function for the resistance random vector R.
The key requirement then is the evaluation of the conditional failure probability p f(tL|r). In general, no
simple results exist, although Equation 18.1 can be used to provide an upper bound.

In using Equation 18.1 in Equation 18.8, two matters are of interest for evaluation. The first term in
Equation 18.1 is p,(0), the probability of structural failure on the structure first being loaded. This can
be substituted on its own directly into Equation 18.8. The outcome is a standard structural reliability
estimation problem that can be solved by any of the time-invariant methods (FOSM, FORM, Monte
Carlo, etc.).

The second matter of interest is the evaluation of the outcrossisng rate v;. This can be obtained, in
principle, from Equation 18.5 or Equation 18.6 for a given realization R =r of the structural strength.
What then remains is the integration as required in Equation 18.8. The techniques available for these
two operations are discussed in the section to follow.

18.9 Time-Variant Reliability Estimation Techniques

18.9.1 Fast Probability Integration (FPI)

For a single normal random process in a problem otherwise described only by Gaussian random variables,
the upcrossing rate estimation can be obviated by introducing an “auxiliary” random variable, in standard
Gaussian (normal) space, defined as u, = o '[p f(t|r)]. The limit state function then is augmented to
[13, 14]:

8l u,)=u,, — @ [p(tT7 (1,))] (18.9)

where u=T(r)is the transformation to the standard normal space of the resistance random variables R.

Equation 18.9 is exact when p(t,|r) and f;(r) in Equation 18.8 are independent. However, some error
is introduced by approximating the (augmented) limit state function by a linear function in FORM (or
a quadratic one in SORM). Applications experience shows that when the conditional failure probability
is small (as in most structural reliability problems), this technique may present convergence problems
[15].

18.9.2 Gaussian Processes and Linear Limit State Functions

For the special case of fixed, known barriers given as linear limit state functions (i.e., hyperplanes in
n-dimensional space) and Gaussian continuous random processes and Gaussian random variables, it
is possible to use the result of Equation 18.2 to estimate the outcrossing rate for each hyperplane.
Allowance must be made for the area each plane contributes and for the requirement that the process
must be “at” the limit state for an outcrossing to occur. The latter is represented by the integral over
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the hyperplane of f;(x). For k (i.e., multiple) time-invariant hyperplanes each with surface area AS, the
result is then [7]

k

= Z=2L;im] _[fx x)dx (18.10)

i=1

where ¢(f3,) represents the usual safety index for the i-th hyperplane relative to the origin in standard
Gaussian space. The result (Equation 18.10) can be used in Equation 18.1 for fixed (known) barriers.
Example calculations are available [17]. The main problem now remaining is the integration over the
resistance random variables R. The FPI approach could be used, in principle, but for many problems
it appears that integration by Monte Carlo simulation is the only practical approach [18]. Of course,
pr(0, 1;) can be estimated directly by the standard FOSM or FORM methods.

18.9.3 Monte Carlo with Conditional Expectation (and Importance Sampling)

The integration in Equation 18.8 can be carried out using Monte Carlo simulation with conditional
expectation [19]. The result is obtained by starting with the usual expression for multi-parameter time-
invariant failure probability

=J-...J-I[G(x)so]fx(x)dx (18.11)

Dy

where D, represents the failure domain. With some manipulation, this can be expressed as
P, = J."'J.pf\xl:xl fXl (x,)dx, (18.12)
Dl

where X is a subset of the random vector X with corresponding sampling space D, and p /1x,-x, TEPTESENtS
a conditional probability of failure for the subset space D, = D— D, If the latter conditional term can be
evaluated analytically or numerically for each sampling of vector x,, variance reduction can be achieved
and the Monte Carlo process made more efficient. The integration over D, will be performed by Monte
Carlo simulation (with importance sampling).

The use of Equation 18.12 lies in recognizing that it has the same form as Equation 18.8, with the
components of the random vector X in domain D, in Equation 18.12 corresponding to the vector of
resistance random variables R in Equation 18.8. When importance sampling is to be applied, Equation
18.12 is rewritten in the standard form as

Piix=x, Jx, )
J. J. h(x) hy (x))dx, (18.13)

Some simpler applications are available [19].

18.9.4 Directional Simulation

Directional simulation has been shown to be a reasonably efficient approach for Monte Carlo estimation
of the time-invariant probabilities of failure, that is, for random variable problems [12, 20]. When
stochastic processes are involved, a more intuitive approach is to consider directional simulation applied
in the space of the load processes Q(t) only.

This way of considering the problem follows naturally from Figure 18.4 with the barrier in that
figure now interpreted as one realization of the structural strength or capacity R. It follows that
Equation 18.5 now becomes an estimate conditional on the realization R = r of the structural
resistance; that is, Equation 18.5 estimates pf(tL|r) in Equation 18.8. The structural resistance will
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be represented in this formulation in the space of Q(#) and will be a function of random variables
describing individual member capacities, material strength or stiffness values, dimensions, etc. Thus,
R = R(X). The main challenge is to derive the probabilistic properties f,(r) for R. In directional
simulation terms, this is written, for each direction A = a (see Figure 18.4) as fs|A (sla) where S is the
radial (scalar) distance for measuring the structural strength along the corresponding ray. Several
approaches have been proposed [21-23].

Once fs| L (s|a) is available, p (8, |r) in Equation 18.8 can be estimated from Equation 18.1, now written
in direction simulation terms as

Py (sla) < 0, sla)+ {1 —exp [—vg(s|a)t]} (18.14)

where, as earlier, p(0,) represents the failure probability at time £ = 0 and v/ is the outcrossing rate of
the vector stochastic process Q(t) out of the safe domain D. To support directional simulation, Equation
18.8 has been modified to

b= [ 5@ [ 10 fypla)ds |da (18.15)
unit N
sphere

where f,(a) is the pdf for the sampling direction A. The limitation to this rewriting of Equation 18.8 is
that each directional simulation direction is assumed as an independent one-dimensional probability
integration. It is a reasonable approximation for high barrier levels, but generally will overestimate the
failure probability. Techniques to deal with the integration directly through Equation 18.8 are under
investigation.

In common with most other techniques, it is also implicit in this formulation that the limit state
functions are not dependent on the history of the load process realizations; that is, the results are assumed
load-path independent.

18.9.5 Ensembled Upcrossing Rate (EUR) Approach

In the ensembled upcrossing rate approach, the upcrossing rate of a random process through a resistance
barrier is averaged over the probability distribution of the resistance:

Vi ()= I Vi, 1) fo(r, £)dr (18.16)

R

which is then substituted into Equation 18.1 to estimate the failure probability. This is not quite the same
as the failure probability estimated using Equation 18.8. Taking the mean over the resistance introduces
some level of dependency in the upcrossing rate, thus making the Poisson assumption in Equation 18.1
less appropriate. The EUR approximation consists of approximating the arrival rate of upcrossings
through a random barrier by the ensemble average of upcrossings [24]. Typically, this leads to an
overestimation of the failure probability [25]. In summary, it would be expected that the EUR approxi-
mation has the following characteristics:

1. Appropriate for even higher barrier levels and even lower failure probabilities as compared to a
deterministic barrier problem

2. More appropriate for situations with time-dependent random variable or random process barriers,
as variations in the barrier tend to reduce the dependency error

3. A function of the relative magnitudes of the resistance and the load process variances
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The EUR approach is easily generalized to a vector of random variable resistances R and multiple processes.
In general, an ensemble outcrossing rate is obtained when the integration boundary (limit state) is considered
random in the outcrossing rate calculation (e.g., Equation 18.5 and Equation 18.10). This can be done, for
example, through directional simulation in the load-space, by writing Equation 18.15 in terms of outcrossing
rates rather than failure probabilities. Ensemble outcrossing rates are also obtained when outcrossing rates
are computed as a parallel system sensitivity measure [26] with random resistance parameters included in
the solution [27].

The EUR approximation significantly simplifies the solution of time-variant reliability problems when
resistance degradation is considered because it changes the order of integrations. In the approaches
described earlier, the outcrossing rate is integrated over time for the failure probability (Equation 18.1)
and then failure probabilities are integrated over random resistance parameters (Equation 18.8). When
resistance degradation is considered, or when load processes are nonstationary, the outcrossing rate
becomes time dependent. Hence, outcrossing rate evaluation through Equation 18.5, Equation 18.6, and
Equation 18.10 must be repeated over time, for each integration point of Equation 18.8. In the EUR
solution, the outcrossing rate is first integrated over random resistance parameters (Equation 18.16) and
then over time (Equation 18.1). The ensemble outcrossing rate calculation must also be repeated over time,
but this calculation generally represents little additional effort to the computation of conditional outcross-
ing rates (Equation 18.5). The outer integration for resistance parameters is hence avoided. The integration
over time is straightforward, as long as ensemble outcrossing rates can be considered independent.

18.9.6 Estimation of the EUR Error

So far, the EUR approximation has received little attention in structural reliability theory. It is important
to understand the error involved in this approximation. This problem was considered in [28]. In summary,
Monte Carlo simulation was used to estimate the arrival rate of the first crossing over the random barrier.
This is assumed to be an “independent” ensemble crossing rate and is termed V;, in the sequel. By
comparing V;,, with v}, it was found possible to estimate the error involved using modest numbers of
simulations and to extrapolate the results in time.

Figure 18.6 shows a typical comparison of v}, and Vv, for narrowband (NB) and broadband (BB)
standard Gaussian load processes with time-invariant Gaussian barriers. It is seen that there is a very
rapid reduction in V;, with time (cycles), which is nonexistent in V;, (because the barrier is time-
invariant) and that the reduction is greater for barriers with higher standard deviations. This is evident
also in Figure 18.7, which shows the “order of magnitude” error between v}, and Vv;,. Similar results
were obtained for time variant barriers with deterioration characteristics.

The results show that the error involved in the conventional EUR approach can be significant for both
narrow and broad band processes and that it becomes greater as the variance of the barrier increases.
The study also shows that the EUR error is governed by the parameter:

| 2 2
E,=— SM (18.17)

s \ (k= pts)
where indexes R and S are used for resistance and load parameters, respectively. This result is strictly
valid only for scalar problems involving Gaussian load processes and Gaussian barriers. It allows estab-
lishing practical guidelines for the use of the EUR approximation. For example, the EUR error is known
to be smaller than one order of magnitude when E, <0.65. The extension of these results to multidi-

mensional problems and to nonGaussian barriers and processes is under investigation.

18.9.7 Summary of Solution Methods

It should be clear that the estimation of the outcrossing rate for general systems with unrestricted
probability descriptions of the random variables and of the stochastic processes involved remains a
challenging problem. Some solution techniques are available, however, for special cases.
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FIGURE 18.6 Ensemble upcrossing rates Vi, and v for Gaussian random barriers with parameters N(u,0) [28].

Only a few analytical solutions exist for estimating the outcrossing rate. The usual approach is through
Monte Carlo simulation, including employment of methods of variance reduction [12, 19, 22]. However,
it is fair to say that the theoretically accurate results have a high computational demand. Proposals to
reduce this all involve various simplifications, often but not always conservative ones.

18.10 Load Combinations

A special but important application of time-variant reliability analysis concerns the possibility of giving
the load combination rules used in design codes some degree of theoretical rationality. At the simplest
level, the rules provide an equivalent load to represent the combination of two stochastic loads Q,(#) and
Q,(1), say. As before, these loads are very unlikely to have peak values at the same time.

The stress resultants (internal actions) S,(#) and S,(#) from the loads can be taken as additive. Thus, interest
lies in the probability that the sum S,(¢) + S,(¢) exceeds some barrier level a. If the two processes each have
Gaussian amplitudes and are stationary, the sum will be Gaussian also and Equation 18.10 applies directly.

More generally, Equation 18.5 can be applied for the additive combination of two processes with instan-
taneous (i.e., arbitrary-point-in-time) pdfs given by f,(q,) and f, (4,), respectively. However, this requires
joint pdf information that is seldom available. Nevertheless, a reasonably good upper bound is [16]:

oo oo

v(;(a) < I vl(u)sz (a—u)du+ I Vz(“)fol (a—u)du (18.18)

—oo —co
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FIGURE 18.7 Ensemble upcrossing rate error as a function of time, numerical result, and analytical approximation.

where v,(u) is the upcrossing rate for the process Q,(t) (i = 1, 2), evaluated using the theory for single
processes. Equation 18.18 is known as a point-crossing formula, and it is exact, mainly for cases where
one or both processes has a discrete distribution [29]. For these, the individual process upcrossing rates
have a relatively simple form. For example, for the sum of two nonnegative rectangular renewal processes
with a probability p,(i = 1, 2) of zero load value (so-called mixed processes) (see Figure 18.8), the

X1
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|
P2 Time t

FIGURE 18.8 Realizations of two “mixed” rectangular renewal processes having the shown pdfs.
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upcrossing rate is:

Vo@ =v,[p,+q.F(a)llq,(1-F(a)] (18.19)

where vg; and F,() are the mean arrival rate and the cdf of the i-th process, respectively. In this case, the
arbitrary-point-in-time probability density function (pdf) for the i-th process is given by fva (q)=
p.0(q,)+q,f,(q;) » where &() is the Dirac-delta function and g; = 1 - p; (see Figure 18.8).

Combining Equation 18.18 and Equation 18.19 and making the reasonable assumption that all pulses
return to zero after application and that the high pulses are of relatively short duration relative to the
life of the structure leads to the approximate result [30]

vg(a) =v,q,G,(a)+V,q,G,(a)+(v,q,)(V,q,)G,,(a) (18.20)

where G;()=1-F() and F,() is the cdf for the total of the two pulses. In Equation 18.20, the first term
represents upcrossings of the first process, the second term those of the second process, and the third
term upcrossings involving both processes acting at the same time. Typically, when the pulses are of short
duration, the joint mean arrival rate (v,q,)(v,4,) is very low and the third term can be neglected. Under
this assumption, Equation 18.20 can be interpreted as one example of the conventional design code load
combination formula although it is phrased in terms of the upcrossing rate.

Noting that the extreme of a process in a time interval [0, ;] can be represented approximately by
F (@=e"™ = 1-vt,, where F _()=P(X_ _ <a)is the cdf for the maximum of the process in [0, ¢, ],

max max

it follows that

max

G, x@=1-F_  (a)=Vvi(a)-t, (18.21)
which shows that the upcrossing rate is related directly to the maximum value of a process in a given
e.g., greater

imax (

time interval [0,¢, ]. Thus, Equation 18.20 can be recast in terms of maximum loads Q
than the barrier level) or their combinations and the average point-in-time values Q,

Q.. ~max[(Q, . +Q,)Q,.  +Q) (18.22)

This is known as Turkstra’s rule [31]. Although it is of limited validity for accurate structural reliability
estimation, it provides an approximate theoretical justification for the intuitive load combination rules
in structural design codes.

18.11 Some Remaining Research Problems

It should be clear from the above that the estimation of time-variant structural reliability is a much more
complex matter than for time-invariant problems. Much of the effort has gone into the use of classical
stochastic process theory and the asymptotic outcrossing estimates available through it. Monte Carlo
solutions have been built on this theory but the computational effort involved is significant. It is possible,
of course, just to use brute-force Monte Carlo by simulating very many realizations of the processes in
a problem and noting the number of outcrossings obtained for a given time period. This requires very
extensive computational power but may be attractive in some applications.

For certain discrete pulse processes, there are exact solutions and reasonably good bounds available
but the situation is less satisfactory for continuous processes. For these, upper bound solutions based on
the asymptotic approximation are available, for fixed barriers particularly. For normal processes but for
random variable barriers, integration over the relevant PDF is still required. This includes efforts to recast
the problem to more directly in processes-only spaces.
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Progress in this area is considered to require a better understanding of the errors involved in the various

methods developed so far, improvements in dealing with integration over the resistance random variables

and the possibility of employing response surface methodologies to circumvent the high computational

requirements.

For nonstationary processes and deteriorating systems, the form and uncertainty characterization of

the time-dependence function has only recently begun to receive serious attention. Almost certainly, the

conventional design assumptions about material deterioration and about load (and other) process non-

stationarity will not be sufficient for high-quality structural reliability analyses [32]. Much remains to

be done in this area also.
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19.1 Introduction

Structural reliability assessment requires one to estimate probabilities of failure that, in general, are of rather
small magnitude. Moreover, structural failure is most typically assessed by means of nonlinear, possibly time-
variant analyses of complex structural models. In such cases, the computational cost incurred for one single
analysis—to decide whether or not a structure is safe—may become quite demanding. Consequently, the
application of direct (or even advanced) Monte Carlo simulation—Dbeing the most versatile solution tech-
nique available—is quite often not feasible. To reduce computational costs, therefore, it has been suggested
to utilize the response surface method for structural reliability assessment [1].

Let us assume that the reliability assessment problem under consideration is governed by a vector X
of n basic random variables X; (i =1, 2, ..., n), that is,

X=X, X, .., X,) (19.1)

where ()" is transpose. Assuming, furthermore, that the random variables X have a joint probability
density function f(x), then the probability of failure P(F) — that is the probability that a limit state will
be reached — is defined by

P(F)= J- .[f(x)dx (19.2)
2020

x)<
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FIGURE 19.1 Integrand for calculating the probability of failure for g(x,, x,) = 3 — x,— x,.

whereby g(x) is the limit state function that divides the n-dimensional probability space into a failure
domain F = {x:g(x) < 0} and a safe domain S = {x: g(x) >0}. As already mentioned, the computational
challenge in determining the integral of Equation 19.2 lies in evaluating the limit state function g(x),
which for nonlinear systems usually requires an incremental/iterative numerical approach. The basic idea
in utilizing the response surface method is to replace the true limit state function g(x) by an approximation
n(x), the so-called response surface, whose function values can be computed more easily.

In this context it is important to realize that the limit state function g(x) serves the sole purpose of
defining the bounds of integration in Equation 19.2. As such, it is quite important that the function 1(x)
approximates this boundary sufficiently well, in particular in the region that contributes most to the
failure probability P(F). As an example, consider a two-dimensional problem with standard normal
random variables X, and X, and a limit state function g(x,, x,) = 3 — x, — x,. In Figure 19.1, the integrand
of Equation 19.2 in the failure domain is displayed. It is clearly visible that only a very narrow region
around the so-called design point x* really contributes to the value of the integral (i.e., the probability
of failure P(F)). Even a relatively small deviation of the response surface 17(x) from the true limit state
function g(x) in this region may, therefore, lead to significantly erroneous estimates of the probability
of failure. To avoid this type of error, it must be ensured that the important region is sufficiently well
covered when designing the response surface.

The response surface method has been a topic of extensive research in many different application areas
since the influential paper by Box and Wilson in 1951 [2]. Whereas in the formative years the general
interest was on experimental designs for polynomial models (see, e.g., [2, 3]), in the following years
nonlinear models, optimal design plans, robust designs, and multi-response experiments — to name just
a few — came into focus. A fairly complete review on existing techniques and research directions of the
response surface methodology can be found in [4-7]. However, traditionally, the application area of the
response surface method is not structural engineering, but, for example, chemical or industrial engineer-
ing. Consequently, the above-mentioned special requirement for structural reliability analysis — that is,
the high degree of accuracy required in a very narrow region—is usually not reflected upon in the
standard literature on the response surface method [8-10].

One of the earliest suggestions to utilize the response surface method for structural reliability assessment
was made in [1]. Therein, Lagrangian interpolation surfaces and second-order polynomials are rated as
useful response surfaces. Moreover, the importance of reducing the number of basic variables and error
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checking is emphasized. Support points for estimating the parameters of the response surface are deter-
mined by spherical design. In [11], first-order polynomials with interaction terms are utilized as response
surfaces to analyze the reliability of soil slopes. The design plan for the support points is saturated — either
by full or by fractional factorial design. Another analysis with a saturated design scheme is given in [12],
where quadratic polynomials without interaction terms are utilized to solve problems from structural
engineering. Polynomials of different order in combination with regression analysis are proposed in [13],
whereby fractional factorial designs are utilized to obtain a sufficient number of support points. The
validation of the chosen response surface model is done by means of analysis of variance.

In [14] it has been pointed out that for reliability analysis it is most important to obtain support points
for the response surface very close to or exactly at the limit state g(x) = 0. This finding has been further
extended in [15, 16]. In [17], the response surface concept has been applied to problems involving random
fields and nonlinear structural dynamics. It has been shown that a preliminary sensitivity analysis using
simplified structural analysis models may help to significantly reduce the computational effort. Because
random field problems are typically characterized by a large number of mutually highly correlated
variables, a spectral decomposition of the covariance matrix [18] can also considerably reduce the number
of random variables required for an appropriate representation of the uncertainties.

In addition to polynomials of different order, piecewise continuous functions such as hyperplanes or
simplices can also be utilized as response surface models. For the class of reliability problems defined by
a convex safe domain, secantial hyperplane approximations such as presented in [19, 20] yield conser-
vative estimates for the probability of failure. Several numerical studies indicate, however, that in these
cases the interpolation method converges slowly from above to the exact result with increasing number
of support points. The effort required for this approach is thereby comparable to Monte Carlo simulation
based on directional sampling [21].

19.2 Response Surface Models

19.2.1 Basic Formulation

Response surface models are more or less simple mathematical models designed to describe the possible
experimental outcome (e.g., the structural response in terms of displacements, stresses, etc.) of a more
or less complex structural system as a function of quantitatively variable factors (e.g., loads or system
conditions), which can be controlled by an experimenter. Obviously, the chosen response surface model
should give the best possible fit to any collected data. In general, we can distinguish two different types
of response surface models: regression models (e.g., polynomials of varying degree or nonlinear functions
such as exponentials) and interpolation models (e.g., polyhedra).

Let us denote the response of any structural system to a vector x of n experimental factors or input
variables x; (i=1,2,...,n) (ie., Xx=(x,,%,,...,X,)"), by z(x). In most realistic cases, it is quite likely that
the exact response function will not be known. Therefore, it must be replaced by a flexible function 4()
that will express satisfactorily the relation between the response z and the input variables x. Taking into
account a (random) error term €, the response can be written over the region of experimentation as

z=q(@l,Oz,...,Op;xl,xz,...,xn)+£ (19.3)
where 6,(j= 1,2, ... , p) are the parameters of the approximating function g(-). Taking now expectations,
that is,

n=E[z] (19.4)
then the surface represented by
n=4,0,,... ,Qp; X Xy5e05 X,) = q(605 %) (19.5)

Copyright 2005 by CRC PressLLC



is called a response surface. The vector of parameters 6 =(6,,6,,...,6,)" must be estimated from the
experimental data in such a way that Equation 19.4 is fulfilled. In the following we will investigate the
most common response surface models, methods to estimate their respective parameters, and, most
significant, techniques for determining whether a chosen response surface model is suitable or should
be replaced by a more appropriate one.

19.2.2 Linear Models and Regression

Let us assume that an appropriate response surface model g(-) has been chosen to represent the exper-
imental data. Then, for estimating the values of the parameters 0 in the model, the method of maximum
likelihood can be utilized. Under the assumptions of a Gaussian distribution of the random error terms
&, the method of maximum likelihood can be replaced by the more common method of least squares
[8]. In the latter case, the parameters @ are determined in such a way that the sum of squares of the
differences between the value of the response surface q(e;x(k)) and the measured response z¥ at the m
points of experiment

x(k’z(xik),...,xff)), k=1,2,....m (19.6)

becomes as small as possible. That is, the sum of squares function

s(®=zm:(z<“—q(e;x“)))2 (19.7)
k=1

must be minimized. This corresponds to a minimization of the variance of the random error terms &.
The minimizing choice of @ is called a least-squares estimate and is denoted by 6.
The above regression problem becomes more simple to deal with when the response surface model is

linear in its parameters 6. Let us assume that the response surface is given by

N=0,4,(x)+6,q,(x)+---+6,4,(x) (19.8)
The observations z¥ made at the points of experiment x*® can be represented by this response surface
model as
27 [a® &™) o q,cM][6] [
o o [ L PRV
z(.'") ql();un)) qz();w)) qp(XW)) 6, s(.’")

with € as a vector of random error terms. Assuming that the random error terms are normally distributed
and statistically independent with constant variance 6?2, i.e.,

E[e®] =0, Var[e®]=02 and Cov[e®,e?] =0 for k=l (19.10)

then the covariance matrix of the observations z is

Covlz]=E[(z—E[z])(z - E[z])]= 01 (19.11)
with I as an identity matrix. =~ .
The least square estimates 8 =(6,,...,6,)" of the parameter vector 6 are determined such that
L=(z-Q8'(z— Q6 =2z 22'Q0+(Q6)'Q6 (19.12)
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becomes minimal. A necessary condition is that

AL Q+2(Q0rQ=0 (19.13)
20

From this follows that

QQH=Q’z (19.14)
The fitted regression model is consequently
7=Q8 (19.15)

If the matrix Q’Q is not rank deficit (i.e., rank (Q'Q)= p < m), then there exists a unique solution to the
above system of equations. The estimated parameter vector is given by

6=QQ"'Qz (19.16)
This estimator is unbiased; that is,
Elf=6 (19.17)
with covariance
Covlfl=0*Q'Q)™ (19.18)

If the above made assumptions with respect to the random error terms € do not hold—for example, the
error terms are correlated or nonnormally distributed—then a different minimizing function L than
given in Equation 19.12 has to be utilized. Typical examples thereof are given in [8].

19.2.3 Analysis of Variance

Because a response surface is only an approximation of the functional relationship between the structural
response and the basic variables, it should be evident that, in general, there is always some lack of fit present.
Therefore, a crucial point when utilizing response surfaces for reliability assessment is to check whether the
achieved fit of the response surface model to the experimental data suffices or if the response surface model
must be replaced by a more appropriate one. Therefore, different measures have been proposed in the past
for testing different aspects of response surface models. In the following, a short overview of the most
common measures is given. The basic principle of these measures is to analyze the variation of the response
data in comparison to the variation that can be reproduced by the chosen response surface model — that
is why this kind of response surface testing is also referred to as analysis of variance. Further and more
advanced measures or checking procedures can be found in[8-10, 22].

Let us start with a measure of overall variability in a set of experimental data, the total sum of squares
5. It is defined as the sum of squared differences (z**' —z) between the observed experimental data z®
(k=1,2,...,m) and its average value

z=i2z<” (19.19)
m
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that is,

s, :z'z—i(l'z)2 (19.20)
m
where 1 is a vector of ones. If we divide s, by the appropriate number of degrees of freedom, that is,
(m — 1), we obtain the sample variance of the z’s, which is a standard measure of variability.

The total sum of squares can be partitioned into two parts, the regression sum of squares s,, which is
the sum of squares explained by the utilized response surface model, and the error sum of squares s,,
which represents the sum of squares unaccounted for by the fitted model. The regression sum of squares
is defined as the sum of squared differences (z*) —z) between the value z** predicted by the response
surface and the average value z of the observed data; that is,

s, = QO (19.21)
m
If the response surface model has p parameters, then the number of degrees of freedom associated with
the measure s, is (p — 1).
The sum of squares unaccounted for in the model — called error sum of squares or, sometimes also,
residual sum of squares — is defined as the squared difference (z*' —z*') between the observed experi-
mental data z¥ and the value 2z’ predicted by the response surface, that is,

s, =z'z—(Qé)'z (19.22)

Obviously, the error sum of square s, is the difference between the total sum of squares s, and the regression
sum of squares s,; that is, s,=s,—s,. Consequently, the degrees of freedom associated with the measure
s,are (m — p) = (m—1) — (p — 1). Moreover, it can be shown that

E[s,]=0"(m~p) (19.23)
Thus, an unbiased estimator of o2 is given by

~ s
2
ol =

= (19.24)
m—p

From the above defined sums of squares, different kinds of statistics can be constructed that measure
certain aspects of the utilized response surface. The first of such measures is the coefficient of (multiple)
determination

, S s

PP=Tr=1- (19.25)

PR
which measures the portion of the total variation of the values z® about the mean z which can be
explained by the fitted response surface model. We can easily see that 0 <r><1. A large value of r* is
supposed to indicate that the regression model is a good one. Unfortunately, adding an additional variable
to an existing response surface model will always increase r?— independent of its relevancy to the model
[10]. Therefore, an adjusted r2-statistic has been proposed, defined as

- E[SE] _ S (m—-1)

4 Els,] s, (m—p)

(19.26)
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As has been pointed out in [10], in general the measure r; does not increase when terms are added to
the model, but in fact decreases often if these additional terms are unnecessary.

A different measure, which allows one to test the significance of the fitted regression equation, is the
ratio of the mean regression sum of squares and the mean error sum of squares; that is,

poEs]_s (m=p) (19.27)

0 Els,] s, (p—-1)

the so-called F-statistic, which follows an F-distribution. The F-statistic allows to test the null hypothesis
6,=0,=---=6 =0 (19.28)
against the alternative hypothesis

H: Qj #0 for at least one value of 0]. (j=1,2,...,p) (19.29)
For a specified level of significance ¢, the hypothesis H, is rejected if

E >F (19.30)

0 o, p=1,m-p

(here, p—1 represents the degrees of freedom numerator and m —p represents the degrees of freedom
denominator) and we can conclude that at least one or more of the terms of the response surface model
are able to reproduce a large extent of the variation observed in the experimental data. Or, if the hypothesis
H, is not rejected, a more adequate model has to be selected, because none of the terms in the model
seem to be of indispensable nature.

In addition to the test with the above-mentioned F-statistic, which tests all parameters at once, we are
also often interested in the question if an individual parameter 6, is significant to our model. That is, we
would like to test if the model can be improved by adding an additional term, or if we can delete one or
more variables to make our model more effective. As has been mentioned already above, when one
parameter is added to a response surface model, the error sum of squares always decreases. However,
adding an unimportant parameter to the model can increase the mean square error, thereby reducing
the usefulness of the response surface model [10]. It is therefore an important task to decide if a certain
parameter should be used in a response surface model — or better be rejected.

The hypothesis testing concerning individual parameters is performed by comparing the parameter
estimates 6 ; in the fitted response surface model to theiAr respective estimated variances Var [Gj]— these
are the diagonal elements of the covariance matrix Cov|[6)] in Equation 19.18. Testing of the null hypothesis

H: 6.=0 (19.31)

is performed by determining the value of the #-statistic

A

ty= (19.32)
(Var [9)])2

and compare it with a percentile value & of the ¢-distribution with (m—p) degrees of freedom, which
corresponds to the number of degrees of freedom of the unbiased estimator of 6 in Equation 19.24.
Depending on the alternative hypothesis H,, that is, if we utilize a two-sided test with

H: 6,#0 (19.33)
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or a one-sided-test with either
H: 9],<0 or H: 0j>0 (19.34)

the null hypothesis H, is rejected at a confidence level « if, respectively,

|t,] >torrmp (19.35)

or

[tol> 5,y (19.36)
If H, is rejected, then this indicates that the corresponding term can be dismissed from the model. It
should be noted that this is a partial test, because the value of the tested parameter depends on all other
parameters in the model. Further tests in a similar vein can be found in [8-10].

We conclude this section with a reminder that the estimated parameters @ are least square estimates;
that is, there is a certain likelihood that the true parameter € has a different value than the estimated
one. Therefore, it is sometimes quite advisable to determine confidence intervals for the parameters. The
(1- ) confidence interval for an individual regression coefficient 6 is given by [10]

Qj—(Var[ j])l/zt

<6,<6, +(Var[f )"t (19.37)

al2,m-p al2,m—p

(Joint confidence regions for several regression coefficients are given, e.g., in [10].) Consequently, when
utilizing response surfaces in reliability assessment, we should be aware that all predictions — may it be
the structural response for a certain design or a reliability measure — show respective prediction intervals.

19.2.4 First- and Second-Order Polynomials

As already mentioned, response surfaces are designed such that a complex functional relation between
the structural response and the basic variables is described by an appropriate, but—preferably—as simple
as possible mathematical model. The term “simple” means, in the context of response surfaces, that the
model should be continuous in the basic variables and should have a small number of terms, whose
coefficients can be easily estimated. Polynomial models of low order fulfill such demands. Therefore, in
the area of reliability assessment, the most common response surface models are first- and second-order
polynomials (see [1, 12, 15, 16]).

The general form of a first-order model of a response surface 7, which is linear in its 7 basic variables x;, is

n=6,+» 6x (19.38)
i=1
with 6, (i =0, 1, ..., n) as the unknown parameters to be estimated from the experimental data. The

parameter 6, is the value of the response surface at the origin or the center of the experimental design,
whereas the coefficients 0, represent the gradients of the response surface in the direction of the respective
basic variables x;. As can be seen from Equation 19.38, the first-order model is not able to represent even
the simplest interaction between the input variables.

If it becomes evident that the experimental data cannot be represented by a model whose basic variables
are mutually independent, then the first-order model can be enriched with (simple) interaction terms, such that

n=00+i0ixi+ii9ijxixj (19.39)
i=1

i=1 j=i+l
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The total number of parameters to be estimated is given by 1 + n(n + 1)/2. In the response surface model
of Equation 19.39, there is some curvature present, but only from the twisting of the planes of the
respective input variables. If a substantial curvature is required as well, then the above model can be
further enriched by n quadratic terms to a complete second-order model of the form

n:00+29ixi+ﬁﬁeﬁxixj (19.40)
i=1

=1 j=i

The total number of parameters to be estimated is, therewith, given by 1 + n + n(n + 1)/2. In most
common cases, either the first-order or the complete second-order model is utilized as the response
surface function.

19.2.5 Exponential Relationships

Although polynomial approximations of the response are most common in reliability assessment, there
is also some interest in other forms of approximating functions—most notable in exponential relation-
ships (see, e.g., [13, 23]). There may exist mechanical or mathematical justifications for utilizing expo-
nential relationships (e.g., when approximating solutions of differential equations or probability
functions); nevertheless, in most cases, the choice is clearly dominated by an engineer’s habit to take the
logarithm of the input variables or the response to achieve a better fit of a linear model when the fit so
far has not been satisfactory.

Most exponential relationships have been treated in a completely different way as compared to poly-
nomial relationships; nevertheless, they often can be included in the polynomial family. Take, for example,
two of the most popular exponential relationships of the form

=6+ 6exp(x) (19.41)
i=1
and
n=6,] [ exv6x)+6,., (19.42)
i=1

The model of Equation 19.41 is linear in its parameters. Moreover, by taking the logarithm of the input
variables, that is,

n=6,+ ) 6,expllog®))=6,+ » 6 (19.43)
i=1 i=l

where x; are the transformed input variables, the model can be reduced to the first-order polynomial
type. In case of Equation 19.42, the same linear form can be obtained by utilizing a logarithmic trans-
formation for the response surface 7, that is,

1=log(n—6,.,)=1og®)+ Y 0x,=6,+ > 0, (19.44)
i=1 i=1

where 1) is the transformed response and éo is the transformed parameter 6,.
When utilizing transformations for a reparametrization of a chosen response surface model, we should
take into account that, in general, also the random error terms & are affected, (i.e., transformed).
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Consequently, the assumptions made for the nontransformed model in the regression analysis or the
analysis of variance must be revised for the transformed model. Further examples of exponential rela-
tionships or other nonlinear models can be found (e.g., in [5, 9]).

19.2.6 Polyhedral Models

In addition to the above-mentioned regression models, there are also interpolation models available for
describing response surfaces. A special type of such models are polyhedra, that is, an assemblage of
continuous functions. The given rationale for utilizing such models is that they are more flexible to local
approximations and should, therefore, indeed converge in the long run to the exact limit state function
[19, 20]. This flexibility is an important feature in reliability assessment, where the estimated reliability
measure depends quite considerably on a sufficiently accurate representation of the true limit state
function in the vicinity of the design point. Therefore, these models utilize only points on the limit state
surface g(x) = 0, which separates the failure domain from the safe domain.

Typical examples of such polyhedral models are: tangential planes [19] defined by a point on the limit
state surface g(x) = 0 and the gradients with respect to the basic variables at this point; normal planes [20]
defined by one point on the limit state surface g(x) = 0 and the normal vector whose direction is defined
by the point on the limit state surface and the origin in standard normal space; and simplices [20] defined
in n-dimensional random variable space by n nondegenerated points on the limit state surface g(x) = 0.
All these polyhedral models allow, by including additional points on the limit state surface, an adaptive
refinement of the approximating response surface and, consequently, an improvement of the estimator
of the failure probability. However, this refinement is often marred by an excessive need for additional
points on the limit state surface.

19.3 Design of Experiments

19.3.1 Transformations

Having chosen an appropriate response surface model, support points x*¥ (k= 1, 2, ..., m) have to be
selected to estimate in a sufficient way the unknown parameters of the response surface. Thereto, a set
of samples of the basic variables is generated. In general, this is done by applying predefined schemes,
so-called designs of experiments. The schemes shown in the following are saturated designs for first- and
second-order polynomials, as well as full factorial and central composite designs. As is quite well known
from experiments regarding physical phenomena, it is most helpful to set up the experimental scheme
in a space of dimensionless variables. The schemes as described in the following perform experimental
designs in a space of dimension 7, where 7 is equal to the number of relevant basic variables.

The selected design of experiments provides a grid of points defined by the dimensionless vectors

EY =W, EW, ..., EWY  This grid must be centered around a vector ¢ = (¢}, ¢y, ... ,,)". In the absence
of further knowledge, this center point can be chosen equal to the vector of mean values u= (u,
Ly, ..., it,)" of the basic random variables X; (i = 1, 2,..., n). As will be shown below, when further
knowledge about the reliability problem becomes available, other choices of the center point are, in general,
more appropriate. The distances from the center are controlled by the scaling vector s = (s, 55, ... , 5,). In
many cases, it is useful to choose the elements s; of this scaling vector equal to the standard deviations o;
of the random variables X;. So, in general, a support point x® (k= 1, 2, ..., m) is defined as

k k
X ¢, +EWs,
(k) (k)
x c, +&Ys
x®=|"2 =72 ,52 2 (19.45)
(k) (k)
le CVI + én SYI

The number m of generated support points depends on the selected method.
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Depending on the type of probability functions F(x;) associated with the random variables X;, this
scheme may generate support points outside the range for which the random variables are defined (such
as, e.g., negative values of coordinates for log-normally distributed random variables). To circumvent
this type of problem, it may be helpful to transform first all random variables X; into standardized normal
random variables U, by means of

u, =@ '[F(x,)] (19.46)

whereby ®7!() is the inverse of the normal distribution function

1 :

D)= — j exp| -2 |dy (19.47)
A 2T E 2

Equation 19.46 assumes that the random variables X; are mutually independent. In normal random

variable space, the design would be carried out using, for example, uf.k) = é.(k) and the corresponding values

of xﬁk) can be computed from the inverse of Equation 19.46; that is,

10 = F[oo(u)] (19.48)

Note that both approaches yield the same support points if the random variables are independent and
normally distributed. Nevertheless, for continuous distribution functions, there always exist suitable
transfomations T(-) that allow one to transform a vector of random variables X into a vector of mutually
independent standard normal variables U = T(X) [24].

19.3.2 Saturated Designs

Saturated designs provide a number of support points just sufficient to represent a certain class of response
functions exactly. Hence, for a linear saturated design, a linear function will be uniquely defined. Obvi-
ously, m = n + 1 samples are required for this purpose (see Figure 19.2). The factors ’g’i(k) for n =3 are

given by
0 41 0 0
E=(8Y,EY, 8V, EM=l0 0 +1 0 (19.49)
0 0 0 +1

)

\ELQ

FIGURE 19.2 Saturated linear experimental scheme.
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FIGURE 19.3 Saturated quadratic design scheme for n = 3.

Here, each column represents one support point. Of course, any variation of the factors above in which
some or all values of (+1) were replaced by (—1) would also constitute a valid linear saturated design.
Obviously, there is some arbitrariness in the design scheme that can usually be resolved only by intro-
ducing additional knowledge about the system behavior.

A saturated quadratic design (Figure 19.3) generates m = n(n +1)/2 + n+1 support points x*¥. The
factors fl.(k) for n = 3 are given by

+1 0 0 -1 0 0 +1 +1 0
+1 0 +1 (19.50)
0 0 +1 0 0 -1 0 +1 +1

§= (5(1), 5(2), o 6(10)) —

(=Nl -
+
—
o
o
|
—_
(=]

Again, each column represents one support point. As mentioned, any change of sign in the pairwise
combination would also lead to a saturated design, so that the final choice is somewhat arbitrary and
should be based on additional problem-specific information.

19.3.3 Redundant Designs

Redundant experimental design methods provide more support points than required to define the
response surface, and thus enable error checking procedures as outlined in the preceding section. Typi-
cally, regression is used to determine the coefficients of the basis function. Here also, linear and quadratic
functions are being utilized.

The full factorial method (Figure 19.4) generates q sample values for each coordinate, thus producing
a total of m = g" support points x¥ (k = 1, 2, ..., m). Note that even for moderate values of g and #,

FIGURE 19.4 Full factorial desing scheme for g = 3 and n = 3.
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FIGURE 19.5 Central composite design scheme for n = 3.

this may become prohibitively expensive. Therefore frequently subsets are chosen that lead to fractional
factorial designs.

The central composite design method (Figure 19.5) superimposes a full factorial design with g = 2
and a collection of all center points on the faces of an n-dimensional hypercube. Thus, it generates
m=(2"+2n) support points x¥). The factors for n = 3 are given by

+1 +1 +1 +1 -1 -1 -1 -1 +1 0 0 -1 0 0
E=|+1 +1 -1 -1 +1 41 -1 -1 0 +1 0 0 -1 0 (19.51)
+1 -1 +41 -1 +1 -1 +1 -1 0 0 +1 0 0 -1

D-optimal designs attempt to maximize the information content if only a small subset of the otherwise
preferable full factorial design can be utilized, for example, due to restrictions on computer capacity. Given
a set of candidate factors E*, a subset of size m’ is chosen in order to maximize the following function

D=det(Q'Q) (19.52)

In this equation, Q denotes a matrix containing values of the basis functions for the response surface
evaluated at the selected support points (see Equation 19.9). Typically, the number m” is chosen to be
1.5-times the corresponding number of a saturated design.

19.3.4 Comparison

Table 19.1 shows the number of support points as a function of the number of variables for different
experimental schemes. It is quite clear that factorial schemes—especially the full factorial—can become
quite unattractive due to the exponential growth of the number of support points with increasing
dimension of the problem. On the other hand, the more economical saturated designs do not allow for
sufficient redundancy, which is needed to provide error control on the basis of the analysis of variance
as outlined in a previous section. Therefore, moderately redundant schemes (such as D-optimal design)
may provide the most appropriate solution.

TABLE 19.1 Numbers of Support Points for Different Experimental Designs

n Linear Quadratic Full Factorial g =2 Central Composite Full Factorial g =3

1 2 3 2 4 3
2 3 6 4 8 9
3 4 10 8 14 27
4 5 15 16 24 81
5 6 21 32 42 243
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19.4 Reliability Computation

19.4.1 Choice of Method

Based on a chosen type of response surface and an appropriate design of experiments, an approximation
for the limit state function is obtained. The subsequent reliability analysis usually can be performed with
any available solution technique, such as first- and second-order method or Monte Carlo simulation.
Because the cost of computation for one sample is extremely low, no special consideration needs to be
given to achieve high efficiency. It should be carefully noted, however, that in the case of quadratic
functions, unexpected phenomena might appear. A quadratic response surface 77(x) can generally be
written in the form of

nx)= 6 +fx+x0x (19.53)

Here, the scalar coefficient 6, the vector 6, and the matrix © have been obtained as outlined in the
preceding sections. Unfortunately, there is no guarantee that the matrix @ is positive definite. If it turns
out to be indefinite (i.e., it has both positive and negative eigenvalues), then the approximated limit state
function is a hyperbolic surface. Hyperbolic surfaces are not simply connected, so they consist of several
disjoint parts. Such surfaces may cause severe problems for optimization procedures, which are typically
used in conjunction with the first-order reliability method. Generally, Monte Carlo-based methods are
rather insensitive to the specific shape of the response surface and can be recommended. Adaptive
sampling [25] provides a convenient importance sampling method that does not depend on the success
of the first-order reliability method approach.

19.4.2 Error Checking and Adaptation of the Response Surface

In view of the statements made regarding the accuracy of the response surface near the region of the
largest contribution to P(F) (see Figure 19.1), it is mandatory to make sure that this region has been
covered by the design of experiment scheme. Adaptive sampling utilizes the mean value vector g of the
generated samples conditional on the failure domain F; that is,

1. =E[X|X eF] (19.54)

If this vector lies outside the region covered by the experimental design scheme, it is advisable to repeat
the experimental design around . This leads to an adaptive scheme in which the response surfaces are
updated based on the results of the reliability analysis. A simple concept in this vein has been suggested
in [12]. This is sketched in Figure 19.6. As indicated in Figure 19.6, the experimental design shifts all
support points closer to the limit state g(x) = 0. Ideally, some support points should lie on the limit state.
A repeated calculation of g, can be utilized as an indicator for convergence of the procedure.

X4 X4

o)

~ -

Adapted DOE
Xo Y X2

FIGURE 19.6 Simple adaptive response surface scheme.
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FIGURE 19.8 Correction to response surface using conditional sampling.

If computational resources are extremely limited so that a repetition of the design of experiment
scheme is not feasible, it is recommended to at least check that the conditional mean g (which lies close
to m(x) = 0) is really close to the exact limit state g(x) = 0. One possibility for that is to perform one
single incremental analysis along the direction from the mean values of X to g, resulting in a point
on the limit state (see Figure 19.7). If the distance between g, and g is small, it may be concluded that
the response surface is acceptable.

A somewhat different concept has been presented in [26]. Here, the concept of conditional sampling as
introduced by [14] is utilized to generate random samples close to the approximate limit state 17(x) = 0.
For this purpose, an importance sampling function i(7) is introduced that allows the generation of suitable
samples x®. For each of these samples, the exact limit state condition is checked. These samples are utilized
to improve the estimate for the failure probability as obtained from the response surface approach. If the
sample lies in the failure domain, the estimate for the failure probability is increased, if the sample lies in
the safe domain, the estimate is decreased (see the positive and negative symbols in Figure 19.8).

19.5 Application to Reliability Problems

19.5.1 Linear Response Surface

As a first example, a truss-type structure under random static loads F, = X; and F, = X, is investigated (see
Figure 19.9) . The loads are assumed to be independent, whereby their distribution function is of the Gumbel
type with mean g =2-107 N and standard deviation ¢ = 2-10° N. The characteristic length of the structure
is I = 1 m. Whereas the elasticity modulus E of each truss is assumed to be a deterministic quantity with E
=2-10"' N/m?, the respective areas A, to A, are mutually independent random quantities that are log-normally
distributed with mean ¢ = 0.01 m? and standard deviation 0 =0.001l m? (A;=X;,i=1,2,...,7).
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FIGURE 19.9 Truss-type structure.

In the following we are interested in the probability that the midspan deflection exceeds a value of
0.1 m. As the response surface we utilize a first-order polynomial of the form

9
n(u) =6, + 29,-u,- (19.55)
i=1

whereas u; are the random variables x; transformed to standard normal space, that is, u, = d)’l[F(xi)].
As design of experiments we choose a 2;° fractional factorial design [27] in standard normal space,
that is,

u = (19.56)

An adaptation of the response surface is performed by determining in each step the design-point
u" =(u,u,,...,u;) for the approximating response surface n(u) and repeat the experimental design
centered at this design-point. As the start point we utilize the origin in standard normal space.

In Table 19.2 the first two steps of the adaptive response surface method as well as the converged result
are displayed and compared with the result from first-order reliability method. As can be seen, the
response surface provides a very good approximation of the true limit state function already in the second
step (i.e., after the first adaptation). To verify that the chosen response surface model is appropriate, we
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TABLE 19.2  Analysis of Variance (Truss-Type Structure)

Response Surface

First-Order

Reliability method 1. Step 2. Step Last Step
5, — 4.91-10* 443107 2.34-07
s, — 4.90-10* 4.42-107 2.34-107
s, — 8.69- 1077 9.70- 107 5.16-107
2 — 0.99 0.99 0.99
r — 0.99 0.99 0.99
F, — 375.83 304.02 302.23
u; —0.64 —1.44 -0.60 -0.62
u, —-0.44 -1.02 -0.41 —0.43
u 0.00 0.00 0.00 0.00
u, -0.93 -2.07 -0.93 -0.93
u 0.00 -0.10 -0.08 -0.08
u; —0.44 -1.02 -0.41 —0.43
u —0.64 -1.50 -0.66 -0.67
u, 2.55 3.22 2.56 2.37
u, 2.55 3.22 2.56 2.37
B 3.89 5.61 3.89 3.65

determine in each step the coefficient 7 its adjusted form r;, and the F-statistic. Both 2 and r; show
values approaching 1, clearly indicating that the response surface model is capable of reproducing the
variation in the experimental data almost to its entirety. This is also supported by the F-statistic, because
when choosing a confidence level of o=1%, we can clearly reject the hypothesis, because always
F,>F, o, =798

0.01,9,6

19.5.2 Nonlinear Response Surface

Given is a tension bar with known load T = 1, random diameter X, and yield strength X,. The dimen-
sionless limit state function is given as

2

gx, x,)= EZI x,-T=0 (19.57)

The random variables X, and X, are independent. X is log-normally distributed with distribution function
F(x) = ®[(In(x) —1)12], x >0. X, obeys the Rayleigh distribution function F(x)=1-exp[-mx*/(44*), x =0,
with mean u = 200. The response surface model we want to use in the following is a first-order polynomial
of the form

N(u) =0, +0u, +0,u, (19.58)

whereas u; and u,, respectively, are the random variables x, and x, transformed to standard normal space
(ie, u, = O'[F (x)]). As design of experiments we utilize a 22-factorial design with one center run in
standard normal space, that is,

-1 +1 -1 +1 0
u= (19.59)
-1 -1 +1 +1 0

As the method for adaptation, we again determine in each step the design-point u” =(u;,u;)" for the
approximating response surface 7(u) and repeat the experimental design centered at this design-point.
As the start point we utilize the origin in standard normal space.

When applying this scheme we perform again an accompanying analysis of variance; that is, we determine
in each step the coefficient 12, its adjusted form r;, and the F-statistic. As can be seen from Table 19.3, the
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TABLE 19.3  Analysis of Variance (Tension Bar)

Original Scale Transformed Scale
1. Step 2. Step Last Step 1. Step 2.Step  Last Step
s, 6.60-10° 3.19-10° 16.95 17.41 19.40 22.90
A 5.04-10° 2.38-10° 10.95 17.40 19.38 22.86
s, 1.56-10° 0.81-10° 6.00 0.01 0.02 0.04
7 0.76 0.74 0.64 0.99 0.99 0.99
I 0.53 0.49 0.29 0.99 0.99 0.99
F, 3.23 2.92 1.82 2044.73  857.02  631.24
u —0.68 -1.30 -3.54 —4.10 -3.75 -3.41
u -0.37 -0.79 -3.51 -1.21 -1.73 —2.24
B 0.77 1.52 4.98 4.27 4.13 4.08

above-mentioned measures indicate a nonsatisfactory performance of the chosen response surface model.
Not only do the values of r2 and r; differ considerably from each other, but they are also clearly different
from the optimal value of 1. This indicates that the model is not able to reproduce appropriately the variation
in the experimental data. Furthermore, when testing the null hypothesis H; of Equation 19.28 at a confidence
level of @ =1%, we cannot reject the hypothesis, because clearly F <F,, ,,=99. In other words, the
chosen response surface model is not appropriate for the experimentally gained data. This can also be
noticed when investigating Figure 19.10, which displays the limit state function g(u) in standard normal
space for different values of T. As can be seen, the limit state function is highly nonlinear.

Nevertheless, when taking the logarithm of the response values, a linear response surface would
represent a good approximation of the true limit state function. Therefore, a more adequate response
surface model would be of the form

n(u) =06, exp(6,u, +6,u,)—1 (19.60)

which can be transformed to its linear form by

(w) = In(+1) = In(8,) + 6, +0,u, =6, + 6, +6,u, (19.61)

Random variable U,
R

N
T10°% 10
L 1 h | 1 1
-6 -4 -2 0 2
Random variable U,

FIGURE 19.10 Limit state function g(u) in standard normal random variable space for different values of T.
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When using this response surface model, all measures displayed in Table 19.3 show satisfactory values.
Moreover, already in the second step (i.e., after the first adaptation), a reasonable approximation of the
exact result can be achieved. The response surface method converges to the point u” =(-3.41,—2.24),
which relates to a reliability index = 4.08. These results are an excellent approximation of the true
design-point u* =(—3.46,—2.29) and the true reliability index 3= 4.15. It should also be noted that if
we would have dismissed the indicators in the original scaling as being not relevant, the response surface
analysis would not provide a satisfactory result, as can be seen from Table 19.3.

19.5.3 Nonlinear Finite Element Structure

A simple three-dimensional steel frame subjected to three random loadings is considered as shown in
Figure 19.11. The three-dimensional frame is modeled by 24 physically nonlinear beam elements (linear
elastic-ideally plastic material law, elasticity modulus E =2.1-10"' N/m?, yield stress 0, =2.4-10° N/m?).
The cross section for the girder is a box (width 0.2 m, height 0.15 m, wall thickness 0.005 m) and the
columns are I-sections (flange width 0.2 m, web height 0.2 m, thickness 0.005 m). The columns are fully
clamped at the supports. The static loads acting on the system p,, F,, and F, are assumed to be random
variables. Their respective properties are given in Table 19.4. The failure condition is given by total or
partial collapse of the structure. Numerically, this is checked either by tracking the smallest eigenvalue
of the global tangent stiffness matrix (it becomes 0 at the collapse load) or by failure in the global Newton
iteration indicating loss of equilibrium. Because this type of collapse analysis is typically based on a
discontinuous function (convergence vs. nonconvergence), it is imperative that the support points for
the response surface be located exactly at the limit state. A bisection procedure is utilized to determine
collapse loads with high precision (to the accuracy of 1% of the respective standard deviation).

The geometry of the limit state separating the safe from the failure domain is shown in Figure 19.12.
The limit points were obtained from directional sampling using 500 samples. The size of the dots indicates
the visual distance from the viewer. It can be easily seen that there is considerable interaction between the
random variables F, and F, at certain levels. The region of most importance for the probability of failure
(this is where most of the points from the directional sampling are located) is essentially flat, and mainly
governed by the value of F,. This is clearly seen in Figure 19.13. The box in this figure indicates a space
of *5 standard deviations around the mean values. The probability of failure obtained from directional
sampling is P(F) = 2.3-107*, with an estimation error of 20%.

}f \||| | am
| !!!'

m

FIGURE 19.11 Three-dimensional steel frame structure.

TABLE 19.4 Random Variables Used in Three-Dimensional Frame Analysis

Random Variable Mean Value Standard Deviation Distribution Type
p, [kN/m] 12.0 0.8 Gumbel
F, [kN] 30.0 2.4 Gumbel
F, [kN] 40.0 3.2 Gumbel
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FIGURE 19.12 Visualization of limit state function g(x).
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FIGURE 19.13 Visualization of limit state function g(x), details near mean.

A saturated quadratic scheme including pairwise interactions is utilized for the initial layout of the
experimental design scheme. The support points thus generated are interpreted as direction vectors along
which all loads are incremented. Starting from the mean values, and incrementing along this direction, lead
to a set of nine support points on the limit state function. These support points (see Table 19.5) have a
function value of g(x)=0. By adding the mean value as first support point with a function value of g(x)=1,
a quadratic response surface can be defined. Considering lines 2 through 7 in Table 19.5, it was decided to
consider combination terms in which all variables are incremented up from the mean. This leads to the

final three support points given in lines 7 through 10 of Table 19.5.

TABLE 19.5 Support Points for Response Surface

i-th Support Point x? p, [kN/m] F, [kN] F, [kN] g(x(i))
1 12.000 30.000 40.000 1
2 21.513 30.000 40.000 0
3 -21.516 30.000 40.000 0
4 12.000 113.180 40.000 0
5 12.000 —81.094 40.000 0
6 12.000 30.000 59.082 0
7 12.000 30.000 —59.087 0
8 19.979 109.790 40.000 0
9 13.527 30.000 59.084 0
10 12.000 45.275 59.094 0
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FIGURE 19.14 Visualization of response surface 7(x), details near mean.

A Monte Carlo simulation based on this quadratic surface is carried out. The sampling scheme utilized
is adaptive sampling [25], which iteratively updates the importance sampling density. The resulting prob-
ability of failure from three consecutive runs with 3000 samples each was found to be P(F)=1.7-107*,
with an estimation error of 2%. Alternatively, directional sampling with 1000 samples was carried out,
yielding the same value for P(F). As a by-product, simple visualizations of the response surface can easily
be obtained from the directional sampling procedure because this procedure calculates the location of a
failure point in a randomly simulated direction. Figure 19.14 shows that the response surface is almost
flat in the important region. Consequently, the resulting failure probability matches the exact result very
well. The conditional mean vector of the samples in the failure domain is found to be

I, =(13.457,30.160, 59.977) (19.62)
and an incremental search in the direction from the mean values to g, yields a point at the exact limit state
1, =(13.391,30.153, 59.080)’ (19.63)

so that the distance ¢ between these two points (measured in multiples of the standard deviations) is
6 =0.29. This can be considered reasonably small.

19.6 Recommendations

Based on the examples shown above, the following guidelines and recommendations for the successful
application of response surface methods in structural reliability analyses can be given:

« Utilize all available knowledge about the structural behavior, especially sensitivity analysis to
eliminate unimportant or unnecessary random variables. In this context, the following hints may
be helpful:

— Use engineering judgment to eliminate random variables whose coefficient of variation is

significantly smaller compared to others.
— Use simple parameter variations, one variable at a time in the magnitude of 1 to 2 standard

deviations to assess the sensitivity.
— Reduce the structural model to include only relevant failure mechanisms.

+ Choose an experimental design scheme that is compatible with the type of response surface you
wish to utilize.
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+ Make sure that the experimental design scheme yields support points well within the range of
definition of the random variables.

In general, highly redundant experimental designs do not improve the results significantly over

saturated or moderately redundant designs.

« Utilize a simple experimental and a simple response surface with the possibility of adaptation,
rather than a complex design of experiments and a complex response surface.

+ Make sure that the response surface obtained is “well-behaved” in the sense that its mathematical
properties do not interfere with reliability computation. This is of particular importance when
using a calculation technique based on the first order reliability method.

+ Allow for sufficient computational power to perform some adaptation of the response surface or

at least simple error checking.
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20.1 Introduction

The term “simulation” comes from the Latin word simulatio, which means to imitate a phenomenon or
a generic process. In the language of mathematics, the term “simulation” was used for the first time
during the World War II period at the Los Alamos National Laboratory by the renowned mathematicians
Von Neumann, Ulam, Metropolis and physicist Fermi, in the context of their nuclear physics research
for the atomic bomb. About the same time they also introduced an exotic term in mathematics, namely
“Monte Carlo” methods. These were defined as numerical methods that use artificially generated statis-
tical selections for reproducing complex random phenomena and for solving multidimensional integral
problems. The name “Monte Carlo” was inspired by the famous Monte Carlo casino roulette, in France,
that was the best available generator of uniform random numbers.

In scientific applications, stochastic simulation methods based on random sampling algorithms, or
Monte Carlo methods, are used to solve two types of problems: (1) to generate random samples that
belong to a given stochastic model, or (2) to compute expectations (integrals) with respect to a given
distribution. The expectations might be probabilities, or discrete vectors or continuous fields of proba-
bilities or in other words, probability distributions. It should be noted that if the problem is solved,
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so that random samples are available, then the solution to the problem, to compute expectations, becomes
trivial because expectations can be approximated by the statistical averaging of the random samples.

The power of Monte Carlo methods manifests visibly for multidimensional probability integration
problems, for which the typical deterministic integration algorithms are extremely inefficient. For very
low-dimensional problems, in one dimension or two, Monte Carlo methods are too slowly convergent
and therefore there is no practical interest in employing them. For a given number of solution points N,
the Monte Carlo estimator converges to the exact solution with rate of the order O(N~"*) in comparison
with some deterministic methods that converge much faster with rates up to the order O( N™*) or even
O(exp(—=N)). Unfortunately, for multidimensional problems, the classical deterministic integration
schemes based on regular discretization grids fail fatally. The key difference between stochastic and
deterministic methods is that the Monte Carlo methods are, by their nature, meshless methods, while
the deterministic integration methods are regular grid-based methods. The problem is that the classical
grid-based integration methods scale very poorly with the space dimensionality.

The fact that the Monte Carlo estimator convergence rate is independent of the input space dimen-
sionality makes the standard Monte Carlo method very popular for scientific computing applications.
Although the statistical convergence rate of the Monte Carlo method is independent of the input space
dimensionality, there are still two difficulties to address that are dependent on the input space dimen-
sionality: (1) how to generate uniformly distributed random samples in the prescribed stochastic input
domain, and (2) how to control the variance of Monte Carlo estimator for highly “nonuniform” stochastic
variations of the integrand in the prescribed input domain. These two difficulties are becoming increas-
ingly important as the input space dimensionality increases. One can imagine a Monte Carlo integration
scheme as a sort of a random fractional factorial sampling scheme or random quadrature that uses a
refined cartesian grid of the discretized multidimensional input domain with many unfilled nodes with
data, vs. the deterministic integration schemes or deterministic quadratures that can be viewed as
complete factorial sampling schemes using cartesian grids with fully filled nodes with data. Thus, a very
important aspect to get good results while using Monte Carlo is to ensure as much as possible a uniform
filling of the input space domain grid with statistically independent solution points so that the potential
local subspaces that can be important are not missed. The hurting problem of the standard Monte Carlo
method is that for high-dimensional spaces, it is difficult to get uniform filling of the input space. The
consequence of a nonuniform filling can be a sharp increase in the variance of the Monte Carlo estimator,
which severely reduces the attraction for the method.

The classical way to improve the application of Monte Carlo methods to high-dimensional problems
is to partition the stochastic input space in subdomains with uniform statistical properties. Instead of
dealing with the entire stochastic space, we deal with subdomains. This is like defining a much coarser
grid in space to work with. The space decomposition in subdomains may accelerate substantially the
statistical convergence for multidimensional problems. Stratified sampling and importance sampling
schemes are different sampling weighting schemes based on stochastic space decomposition in partitions.
Using space decomposition we are able to control the variation of the estimator variance over the input
domain by focusing on the most important stochastic space regions (mostly contributing to the integrand
estimate) and adding more random data points in those regions.

Another useful way to deal with the high dimensionality of stochastic space is to simulate correlated
random samples, instead of statistically independent samples, that describe a random path or walk in
stochastic space. If the random walk has a higher attraction toward the regions with larger probability
masses, then the time spent in a region vs. the time (number of steps) spent in another region is
proportional to the probability mass distributions in those regions. By withdrawing samples at equal
time intervals (number of steps), we can build an approximation of the prescribed joint probability
distribution. There are two distinct classes of Monte Carlo methods for simulating random samples from
a prescribed multivariate probability distribution: (1) static Monte Carlo (SMC), which is based on the
generation of independent samples from univariate marginal densities or conditional densities; and (2)
dynamic Monte Carlo (DMC), which is based on spatially correlated samples that describe the random
evolutions of a fictitious stochastic dynamic system that has a stationary probability distribution identical
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with the prescribed joint probability distribution. Both classes of Monte Carlo methods are discussed
herein.

This chapter focuses on the application of Monte Carlo methods to simulate random samples of a
variety of stochastic models — from the simplest stochastic models described by one-dimensional random
variable models, to the most complex stochastic models described by hierarchical stochastic network-
like models. The chapter also includes a solid section on high-dimensional simulation problems that
touches key numerical issues including sequential sampling, dynamic sampling, computation of expec-
tations and probabilities, modeling uncertainties, and sampling using stochastic partial-differential equa-
tion solutions. The goal of this chapter is to provide readers with the conceptual understanding of different
simulation methods without trying to overwhelm them with all the implementation details that can be
found elsewhere as cited in the text.

20.2 One-Dimensional Random Variables

There are a large number of simulation methods available to generate random variables with various
probability distributions. Only the most popular of these methods are reviewed in this chapter: (1) inverse
probability transformation, (2) sampling acceptance-rejection, (3) bivariate functional transformation,
and (4) density decomposition. The description of these methods can be found in many textbooks on
Monte Carlo simulations [1-5]. Herein, the intention is to discuss the basic concepts of these methods
and very briefly describe their numerical implementations. In addition to these classical simulation
methods, there is a myriad of many other methods, most of them very specific to particular types of
problems, that have been developed over the past decades but for obvious reasons are not included.

20.2.1 Uniform Random Numbers

The starting point for any stochastic simulation technique is the construction of a reliable uniform
random number generator. Typically, the random generators produce random numbers that are uni-
formly distributed in the interval [0, 1]. The most common uniform random generators are based on
the linear congruential method [1-5].

The quality of the uniform random number generator reflects on the quality of the simulation results.
It is one of the key factors that needs special attention. The quality of a random generator is measured
by (1) the uniformity in filling with samples the prescribed interval and (2) its period, which is defined
by the number of samples after which the random generator restarts the same sequence of independent
random numbers all over again. Uniformity is a crucial aspect for producing accurate simulations, while
the generator periodicity is important only when a large volume of samples is needed. If the volume of
samples exceeds the periodicity of the random number generator, then the sequence of numbers generated
after this is perfectly correlated with initial sequence of numbers, instead of being statistically independent.
There are also other serial correlation types that can be produced by different number generators [4]. If
we need a volume of samples for simulating a rare random event that is several times larger than the
generator periodicity, then the expected simulation results will be wrong due to the serial correlation of
the generated random numbers.

An efficient way to improve the quality of the generated sequence of uniform numbers and break their
serial correlation is to combine the outputs of few generators into a single uniform random number that
will have a much larger sequence periodicity and expectedly better space uniformity. As general advice to the
reader, it is always a good idea to use statistical testing to check the quality of the random number generator.

20.2.2 Inverse Probability Transformation

Inverse probability transformation (IPT) is based on a lemma that says that for any random variable x
with the probability distribution F, if we define a new random variable y with the probability distribution
F! (ie., the inverse probability transformation of F), then y = F'(u) has a probability distribution F.
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The argument u of the inverse probability transformation stands for a uniformly distributed random
variable.
The general algorithm of the IPT method for any type of probability distribution is as follows:

Step 1: Initialize the uniform random number generator.

Step 2: Implement the algorithm for computing F-'.

Step 3: Generate a uniform random number u in the interval [0, 1].

Step 4: Compute the generated deviate x with the distribution F by computing x = F'(u).

Because the probability or cumulative distribution functions (CDFS) are monotonic increasing func-
tions, the IPT method can be applied to any type of probability distribution, continuous or discrete,
analytically or numerically defined, with any probability density function (PDF) shapes, from symmetric
to extremely skewed, from bell-shaped to multimodal-shaped.

Very importantly, IPT can be also used to transform a sequence of Gaussian random deviates into a
sequence of nonGaussian random deviates for any arbitrarily shaped probability distribution. A gener-
alization of the IPT method, called the transformation method, is provided by Press et al. [4].

20.2.3 Sampling Acceptance-Rejection

Sampling acceptance-rejection (SAR) uses an auxiliary, trial, or proposal density to generate a random
variable with a prescribed distribution. SAR is based on the following lemma: If x is a random variable
with the PDF f(x) and y is another variable with the PDF g(y) and the probability of f(y) = 0, then the
variable x can generated by first generating variable y and assuming that there is a positive constant &
such as & 2 f(x)/g(x). If u is a uniform random variable defined on [0, 1], then the PDF of y conditioned
on relationship 0<u < f(y)og(y) is identical with f(x).

A typical numerical implementation of the SAR method for simulating a variable x with the PDF f(x)
is as follows:

Step 1: Initialize the uniform random number generator and select constant .

Step 2: Generate a uniform number u on [0, 1] and a random sample of y.

Step 3: If u > fy)/ag(y), then reject the pair (1, y) and go back to the previous step.
Step 4: Otherwise, accept the pair (1, ) and compute x = .

It should be noted that SAR can be easily extended to generate random vectors and matrices with
independent components.

The technical literature includes a variety of numerical implementations based on the principle of
SAR [6]. Some of the newer implementations are the weighted resampling and sampling importance
resampling (SIR) schemes [6, 7] and other adaptive rejection sampling [8].

20.2.4 Bivariate Transformation

Bivariate transformation (BT) can be viewed as a generalization of the IPT method for bivariate proba-
bility distributions. A well-known application of BT is the Box-Muller method for simulating standard
Gaussian random variables [9]. Details are provided in [4-6].

20.2.5 Density Decomposition

Density decomposition (DD) exploits the fact that an arbitrary PDE, f(x), can be closely approximated
in a linear combination elementary density function as follows:

f@= pgix) (20.1)

in which 0<p, <1, 1<i<N,and XY p, =1
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The typical implementation of DD for a discrete variable x is as follows:

Step 1: Initialize for the generation of a uniform random number and a variable z; with the PDF g,(x).
This implies that x = z; with the probability p,.

Step 2: Compute the values G,(x)= 2;:1 p for all i values, i =1, N.

Step 3: Generate a uniform random variable u on [0, 1].

Step 4: Loop j =1, N and check if u < G,(x). If not, go to the next step.

Step 5: Generate z; and assign x = z;.

It should be noted that the speed of the above algorithm is highest when the p; values are ordered in
descending order. It should be noted that DD can be combined with SAR. An example of such a
combination is the Butcher method [10] for simulating normal deviates.

20.3 Stochastic Vectors with Correlated Components

In this section the numerical simulation of stochastic vectors with independent and correlated compo-
nents is discussed. Both Gaussian and nonGaussian vectors are considered.

20.3.1 Gaussian Vectors

A multivariate Gaussian stochastic vector x of size m with a mean vector . and a covariance matrix 3,
is completely described by the following multidimensional joint probability density function (JPDF):

1 1 -
f.u, %)= TP l:—z(x W' x - ],L)} (20.2)
(2m) 2 (detX)?
The probability distribution of vector x is usually denoted as N(p, ). If the Gaussian vector is a

standard Gaussian vector, z, with a zero mean, 0, and a covariance matrix equal to an identity matrix,
I, then its probability distribution is N(0, I). The JPDF of vector z is defined by:

e ”"lleXp(_;ZTz):ﬁ o exp(_ >4 ) (203)
(2m)2 (detZ)? L L\on

To simulate a random sample of a Gaussian stochastic vector x (with correlated components) that has
the probability distribution N(p, ¥), a two computational step procedure is needed:

Step 1: Simulate a standard Gaussian vector z (with independent random components) having a
probability distribution N(0, I). This step can be achieved using standard routines for simu-
lating independent normal random variables.

Step 2: To compute the vector x use the linear matrix equation

x=pn+Sz (20.4)

where matrix S is called the square-root matrix of the positively definite covariance matrix 3..
The matrix S is a lower triangular matrix that is computed using the Choleski decomposition
that is defined by the equation SS™ = Z.

Another situation of practical interest is to generate a Gaussian vector y with a probability distribution
N(u,, ¥ ) that is conditioned on an input Gaussian vector x with a probability distribution N(u,, X ).
Assuming that the augmented vector [x, y]" has the mean p and the covariance matrix 3 defined by

_ H _ 2)’}/ zyx
) o ¥
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then the statistics of the conditional vector y are computed by the matrix equations:

Ho=p +X - Z(x—p)
T =X -3 3%
Va4 v

yx e T xy

(20.6)

It is interesting to note that the above relationships define a stochastic condensation procedure of reducing
the size of a stochastic vector from the size of the total vector [y, x]” with probability distribution N(j., 3)
to a size of the reduced vector y with a probability distribution N(u, . ). The above simulation procedures
employed for Gaussian vectors can be extended to nonGaussian vectors, as shown in the next subsection.

An alternate technique to the Choleski decomposition for simulating stochastic vectors with correlated
components is the popular principal component analysis. Principal component analysis (PCA) is based
on eigen decomposition of the covariance matrix. If PCA is used, then the matrix equation in the Step
2 shown above is replaced by the following matrix equation

x=+®L"z (20.7)

where N and @ are the eigenvalue and eigenvector matrices, respectively, of the covariance matrix.

20.3.2 NonGaussian Vectors

A nonGaussian stochastic vector is completely defined by its JPDFE. However, most often in practice, a
nonGaussian vector is only partially defined by its second-order moments (i.e., the mean vector and the
covariance matrix) and its marginal probability distribution (MCDF) vector. This definition loses infor-
mation about the high-order statistical moments that are not defined.

These partially defined nonGaussian vectors form a special class of nonGaussian vectors called trans-
lation vectors. Thus, the translation vectors are nonGaussian vectors defined by their second-order
moments and their marginal distributions. Although the translation vectors are not completely defined
stochastic vectors, they are of great practicality. First, because in practice, most often we have statistical
information limited to second-order moments and marginal probability distributions. Second, because
they capture the most critical nonGaussian aspects that are most significantly reflected in the marginal
distributions. Of great practical benefit is that translation vectors can be easily mapped into Gaussian
vectors, and therefore can be easily handled and programmed.

To generate a nonGaussian (translation) stochastic vector y with a given covariance matrix X W and
a marginal distribution vector F, first a Gaussian image vector x with a covariance matrix % __ and
marginal distribution vector ®(x) is simulated. Then, the original nonGaussian vector y is simulated by
applying IPT to the MCDF vector F as follows:

y=F '®(x) = g(x) (20.8)

However, for simulating the Gaussian image vector we need to define its covariance matrix % asa
transform of the covariance matrix Eyy of the original nonGaussian vector. Between the elements of the
scaled covariance matrix or correlation coefficient matrix of the original nonGaussian vector, Pyiyio and
the elements of the scaled covariance or correlation coefficient of the Gaussian image vector, P there
is the following relation:

1 [ ([ _
Py = O_yio_ij. J.[F, 'D(x,) - ,uy,.] [E 1(1)(36].) - ,uyj] Plx;, x;) dx,dx; (20.9)

J——
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where the bivariate Gaussian probability density is defined by:

x, —W )0l =2p . o 0 +(x,— )02
1 _l( i Mxx) xi pxl,xj Xi~ Xj ( J M’g) el (20.10)

2(1-p2,) 0,0 2 (1-p%)

xi xj

O(x;, x.

]

):

Two probability transformation options are attractive: (1) the components of the Gaussian image sto-
chastic vector have means and variances equal to those of the original nonGaussian vector (i.e., W, =W,
and c,= G_), or (2) the Gaussian image vector is standard Gaussian vector (i.e, p =0 and o = 1).
Depending on the selected option, the above equations take a simpler form.

Thus, problem of generating nonGaussian vectors is a four-step procedure for which the two steps are
identical with those used for generating a Gaussian vector:

Step 1: Compute the covariance matrix of Gaussian vector x using Equation 20.9.

Step 2: Generate a standard Gaussian vector z.

Step 3: Generate a Gaussian vector x using Equation 20.4 or Equation 20.7.

Step 4: Simulate a nonGaussian vector y using the following inverse probability transformation of the
MCDE, y=F"'®(x).

Sometimes in practice, the covariance matrix transformation is neglected, assuming that the correla-
tion coefficient matrix of the original nonGaussian vector and that of the image Gaussian vector are
identical. This assumption is wrong and may produce a violation of the physics of the problem. It should
be noted that calculations of correlation coefficients have indicated that if Puisi is equal to 0 or 1, then
P, is also equal to 0 or 1, respectively. However, when Py 18 =1, then P, is not necessarily equal
to —1. For significant negative correlations between vector components, the effects of covariance matrix
transformation are becoming significant, especially for nonGaussian vectors that have skewed marginal
PDF shapes. Unfortunately, this is not always appreciated in the engineering literature. There are a number
of journal articles on probabilistic applications for which the significance of covariance matrix transfor-
mation is underestimated; for example, the application of the popular Nataf probability model to
nonGaussian vectors with correlated components neglects the covariance matrix transformation.
Grigoriu [11] showed a simple example of a bivariate lognormal distribution for which the lowest value
of the correlation coefficient is —0.65, and not —1.00, which is the lowest value correlation coefficient for
a bivariate Gaussian distribution.

For a particular situation, of a nonGaussian component y, and a Gaussian component X the corre-
lation coefficient P, can be computed by

.
Py = f j [F ()~ x, — 0, x ) dx, (20.11)

yio

As shown in the next section, the above probability transformation simulation procedure can be extended
from nonGaussian vectors to multivariate nonGaussian stochastic fields. The nonGaussian stochastic
fields that are partially defined by their mean and covariance functions and marginal distributions are
called translation stochastic fields.

Another way to generate nonGaussian stochastic vectors is based on the application of the SAR method
described for one-dimensional random variables to random vectors with correlated components. This
application of SAR to multivariate cases is the basis of the Metropolis-Hastings algorithm that is extremely
popular in the Bayesian statistics community. Importantly, the Metropolis-Hastings algorithm [12] is
not limited to translation vectors. The basic idea is to sample directly from the JPDF of the nonGaussian
vector using an adaptive and important sampling strategy based on the application of SAR. At each
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simulation step, random samples are generated from a simple proposal or trial JPDF that is different than
the target JPDF and then weighted in accordance with the important ratio. This produces dependent samples
that represent a Markov chain random walk in the input space. The Metropolis-Hastings algorithm is the
cornerstone of the Markov chain Monte Carlo (MCMC) simulation discussed in Section 20.5 of this chapter.

t+1

To move from vector sample or state x' to state x'"', the following steps are applied:

Step 1: Sample from the trial density, y =q(x',y), that is initially assumed to be identical to the
conditional density g(y|x").
Step 2: Compute acceptance probability

ax',y)= min(l, WJ (20.12)
m(x")q(x’,y)

where 7 is the target JPDF.
Step 3: Compute x'*' =y for sampling acceptance, otherwise x'*' = x' for sampling rejection.

Based on the ergodicity of the simulated Markov chain, the random samples of the target JPDF are
simulated by executing repeated draws at an equal number of steps from the Markov chain movement
in the stochastic space. There is also the possibility to use multiple Markov chains simultaneously.

A competing algorithm with the Metropolis-Hastings algorithm is the so-called Gibbs sampler [13].
The Gibbs sampler assumes that the probability of sampling rejection is zero; that is, all samples are
accepted. This makes it simpler but less flexible when compared with the Metropolis-Hastings algorithm.
One step of the Gibbs sampler that moves the chain from state x' to state x'*! involves the following
simulation steps by breaking the vector x in its k components:

Step 1: Sample x;™' = n(x1|x’2, s x,’{) .

Step 2: Sample x)" = ﬁ(x2|xi“, Xy enns x,i)

(20.13)

1 _
J

t+1 t+1

. ¢ t
Step j: Sample x 7t(x].|x1 ,...,xjfl,xjﬂ,...,xk).

Step k: Sample x| = ﬂ(xk|x{”, s x,’fl)

To ensure an accurate vector simulation for both the Metropolis-Hastings and the Gibbs algorithms, it
is important to check the ergodicity of the generated chain, especially if they can be stuck in a local
energy minimum. Gibbs sampler is the most susceptible to getting stuck in different parameter space
regions (metastable states).

Most MCMC researchers are currently using derivative of the Metropolis-Hastings algorithms. When
implementing the Gibbs sampler or Metropolis-Hastings algorithms, key questions arise: (1) How do we
need to block components to account for the correlation structure and dimensionality of the target
distribution? (2) How do we choose the updating scanning strategy: deterministic or random? (3) How
do we devise the proposal densities? (4) How do we carry out convergence and its diagnostics on one or
more realizations of the Markov chain?

20.4 Stochastic Fields (or Processes)

A stochastic process or field is completely defined by its JPDF. Typically, the term “stochastic process”
is used particularly in conjunction with the time evolution of a dynamic random phenomenon, while
the term “stochastic field” is used in conjunction with the spatial variation of a stochastic surface. A
space-time stochastic process is a stochastic function having time and space as independent arguments.
The term “space-time stochastic process” is synonymous with the term “time-varying stochastic field.”
More generally, a stochastic function is the output of a complex physical stochastic system. Because a
stochastic output can be described by a stochastic surface in terms of input parameters (for given
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ranges of variability), it appears that the term “stochastic field” is a more appropriate term for stochastic
function approximation. Thus, stochastic field fits well with stochastic boundary value problems.
Stochastic process fits well with stochastic dynamic, phenomena, random vibration, especially for
stochastic stationary (steady state) problems that assume an infinite time axis. The term “stochastic
field” is used hereafter.

Usually, in advanced engineering applications, simplistic stochastic models are used for idealizing
component stochastic loading, material properties, manufacturing geometry and assembly deviations.
To simplify the stochastic modeling, it is often assumed that the shape of spatial random variations is
deterministic. Thus, the spatial variability is reduced to a single random variable problem, specifically to
a random scale factor applied to a deterministic spatial shape. Another simplified stochastic model that
has been extensively used in practice is the traditional response surface method based on quadratic
regression and experimental design rules (such as circumscribed central composite design, CCCD, or
Box-Benken design, BBD). The response surface method imposes a global quadratic trend surface for
approximating stochastic spatial variations that might violate the physics of the problem. However, the
traditional response surface method is practical for mildly nonlinear stochastic problems with a reduced
number of random parameters.

From the point of view of a design engineer, the simplification of stochastic modeling is highly desired.
A design engineer would like to keep his stochastic modeling as simple as possible so he can understand
it and simulate it with a good confidence level (obviously, this confidence is subjective and depends on
the analyst’s background and experience). Therefore, the key question of the design engineer is: Do I
need to use stochastic field models for random variations, or can I use simpler models, random variable
models? The answer is yes and no on a case-by-case basis. Obviously, if by simplifying the stochastic
modeling the design engineer significantly violates the physics behind the stochastic variability, then he
has no choice; he has to use refined stochastic field models. For example, stochastic field modeling is
important for turbine vibration applications due to the fact that blade mode-localization and flutter
phenomena can occur. These blade vibration-related phenomena are extremely sensitive to small spatial
variations in blade properties or geometry produced by the manufacturing or assembly process. Another
example of the need for using a refined stochastic field modeling is the seismic analysis of large-span
bridges. For large-span bridges, the effects of the nonsynchronicity and spatial variation of incident
seismic waves on structural stresses can be very significant. To capture these effects, we need to simulate
the earthquake ground motion as a dynamic stochastic field or, equivalently, by a space-time stochastic
process as described later in this section.

A stochastic field can be homogeneous or nonhomogeneous, isotropic or anisotropic, depending on
whether its statistics are invariant or variant to the axis translation and, respectively, invariant or variant
to the axis rotation in the physical parameter space. Depending on the complexity of the physics described
by the stochastic field, the stochastic modeling assumptions can affect negligibly or severely the simulated
solutions. Also, for complex problems, if the entire set of stochastic input and stochastic system parameters
is considered, then the dimensionality of the stochastic space spanned by the stochastic field model can
be extremely large.

This chapter describes two important classes of stochastic simulation techniques of continuous mul-
tivariate stochastic fields (or stochastic functionals) that can be successfully used in advanced engineering
applications. Both classes of simulation techniques are based on the decomposition of the stochastic field
in a set of elementary uncorrelated stochastic functions or variables. The most desirable situation from
an engineering perspective is to be able to simulate the original stochastic field using a reduced number
of elementary stochastic functions or variables. The dimensionality reduction of the stochastic input is
extremely beneficial because it also reduces the overall dimensionality of the engineering reliability
problem.

This chapter focuses on stochastic field simulation models that use a limited number of elementary
stochastic functions, also called stochastic reduced-order models. Many other popular stochastic simulation
techniques, used especially in conjunction with random signal processing— such as discrete autoregres-
sive process models AR, moving-average models MA, or combined ARMA or ARIMA models, Gabor
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transform models, wavelet transform models, and many others— are not included due to space limita-
tion. This is not to shadow their merit.
In this chapter two important types of stochastic simulation models are described:

1. One-level hierarchical stochastic field (or stochastic functional) model. This simulation model is
based on an explicit representation of a stochastic field. This representation is based on a statistical
function (causal relationship) approximation by nonlinear regression. Thus, the stochastic field
is approximated by a stochastic hypersurface u that is conditioned on the stochastic input x. The
typical explicit representation of a stochastic field has the following form:

ulx=u(x)= B, Hux)-p,,] (20.14)

In the above equation, first the conditional mean term, B 18 computed by minimizing the
global mean-square error over the sample space. Then, the randomly fluctuating term [u(x)—p e
is treated as a zero-mean decomposable stochastic field that can be factorized using a Wiener-
Fourier series representation. This type of stochastic approximation, based on regression, is limited
to a convergence in mean-square sense.

In the traditional response surface method, the series expansion term is limited to a single term
defined by a stochastic residual vector defined directly in the original stochastic space (the vector
components are the differences between exact and mean values determined at selected sampling

points via experimental design rules).

2. Two-level hierarchical stochastic field (or stochastic functional) model. This simulation model is based
on an implicit representation of a stochastic field. This representation is based on the Joint Proba-
bility Density Function (JPDF) (non-causal relationship) estimation. Thus, the stochastic field u is
described by the JPDF of an augmented stochastic system [x, u]’ that includes both the stochastic
input x and the stochastic field u. The augmented stochastic system is completely defined by its
JPDF f(x, u). This JPDF defines implicitly the stochastic field correlation structure of the field.
Then, the conditional PDF of the stochastic field f(u|x) can be computed using the JPDF of
augmented system and the JPDF of the stochastic input f(x) as follows:

flux) = f(x, w)/f(x) (20.15)

The JPDF of the augmented stochastic system can be conveniently computed using its projections
onto a stochastic space defined by a set of locally defined, overlapping JPDF models. The set of local or
conditional JPDF describe completely the local structure of the stochastic field. This type of stochastic
approximation is based on the joint density estimation convergences in probability sense.

There are few key aspects that differentiate the two stochastic field simulation models. The one-level
hierarchical model is based on statistical function estimation that is a more restrictive approximation
problem than the density estimation employed by the two-level hierarchical model. Statistical function
estimation based on regression can fail when the stochastic field projection on the input space is not
convex. Density estimation is a much more general estimation problem than a statistical function
estimation problem. Density estimation is always well-conditioned because there is no causal relationship
implied.

The two-level hierarchical model uses the local density functions to approximate a stochastic field.
The optimal solution rests between the use of a large number of small-sized isotropic-structure density
functions (with no correlation structure) and a reduced number of large-sized anisotropic-structure
density functions (with strong correlation structure). The preference is for a reduced number of local
density functions. Cross-validation or Bayesian inference techniques can be used to select the optimal
stochastic models based either on error minimization or likelihood maximization.
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20.4.1 One-Level Hierarchical Simulation Models

To simulate complex pattern nonGaussian stochastic fields (functionals), it is advantageous to represent
them using a Wiener-Fourier type series [14-16]:

oo

u(x,0)= Y u®EO) = Y u,(0f6)) (20.16)

i=0

where argument z is a set of independent standard Gaussian random variables and f is a set of orthogonal
basis functions (that can be expressed in terms of a random variable set z). A simple choice is to take
the set of stochastic basis functions f equal to the random variables set z. There are two main disadvantages
when using the Wiener-Fourier series approximations. First, the stochastic orthogonal basis functions f;
are multidimensional functions that require intensive computations, especially for high-dimensional
stochastic problems for which a large number of coupling terms need to be included to achieve adequate
convergence of the series.

Generally, under certain integrability conditions, a stochastic function can be decomposed in an
orthogonal structure in a probability measure space. Assuming that the uncorrelated stochastic variables
z;5i=1,2, ..., mare defined on a probability space and that u(z,..., z,) is a square-integrable function
with respect to the probability measure and if {p, (z,)}, i = 1, 2,..., m are complete sets of square-
integrable stochastic functions orthogonal with respect to the probability density P.(dz,)/dz, = f (z,), so
that E[p,(z,)p,(z,)]=0 for all k#1 =0, 1,... and i = 1,... m, then, the function u(z,...,z,) can be
expanded in a generalized Wiener-Fourier series:

Uzpenz,)= D e Dty p(2) by (2,) (20.17)
k=0 k=0
where { Py, (2)s.eos . (2,0} k5.0 k, =0,1,..., are complete sets of stochastic orthogonal (uncorrelated)

functions. The generalized Wiener-Fourier series coefficients can be computed by solving the integral

e, :j...ju(zl, e 208 (2) by (2,) () et (2,)z, .., (20.18)

The coefficients U i have a key minimizing property, specifically the integral difference

D= J'J' 2o zm)—i...ﬁgk]mkmpkm )| f@) o fe)dz, o ndz,  (20.19)

k=0  k,=0

reaches its minimum only for g, p =t ;. P .

Several factorization techniques can be used for simulation of complex pattern stochastic fields. An
example is the use of the Pearson differential equation for defining different types of stochastic series
representations based on orthogonal Hermite, Legendre, Laguerre, and Cebyshev polynomials. These
polynomial expansions are usually called Askey chaos series [16]. A major application of stochastic field
decomposition theory is the spectral representation of stochastic fields using covariance kernel factor-
ization. These covariance-based techniques have a large potential for engineering applications because
they can be applied to any complex, static, or dynamic nonGaussian stochastic field. Herein, in addition
to covariance-based factorization techniques, an Askey polynomial chaos series model based on Wiener-
Hermite stochastic polynomials is presented. This polynomial chaos model based on Wiener-Hermite
series has been extensively used by many researchers over the past decade [15-17].
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20.4.1.1 Covariance-Based Simulation Models

Basically, there are two competing simulation techniques using the covariance kernel factorization: (1) the
Choleski decomposition technique (Equation 20.4), and (2) the Karhunen-Loeve (KL) expansion (Equa-
tion 20.7). They can be employed to simulate both static and dynamic stochastic fields. A notable property
of these two simulation techniques is that they can handle both real-valued and complex-valued covariance
kernels. For simulating space-time processes (or dynamic stochastic fields), the two covariance-based
techniques can be employed either in the time-space domain by decomposing the cross-covariance kernel
or in the complex frequency-wavelength domain by decomposing the complex cross-spectral density
kernel. For real-valued covariance kernels, the application of the KL expansion technique is equivalent to
the application of the Proper Orthogonal Decomposition (POD expansion) and Principal Component
Analysis (PCA expansion) techniques [17, 18].

More generally, the Choleski decomposition and the KL expansion can be applied to any arbitrary
square-integrable, complex-valued stochastic field, u(x, 6). Because the covariance kernel of the complex-
valued stochastic field Cov[u(x, 6),u(x’,0)] is a Hermitian kernel, it can be factorized using either
Choleski or KL decomposition.

If the KL expansion is used, the covariance function is expanded in the following eigenseries:

Covlu(x, 0),u(x’, 6)]= 1,8, ()P, (x) (20.20)

n=0

where A, and @, (x) are the eigenvalue and the eigenvector, respectively, of the covariance kernel computed
by solving the integral equation (based on Mercer’s theorem) [19]:

J.Cov[u(x, 0), u(x’, 0)1®, (x)dx =, (x’) (20.21)

As a result of covariance function being Hermitian, all its eigenvalues are real and the associated
complex eigenfunctions that correspond to distinct eigenvalues are mutually orthogonal. Thus, they form
a complete set spanning the stochastic space that contains the field u. It can be shown that if this
deterministic function set is used to represent the stochastic field, then the stochastic coefficients used
in the expansion are also mutually orthogonal (uncorrelated).

The KL series expansion has the general form

ux0)= Y | A®,xz(6) (20.22)

i=0

where set {z;} represents the set of uncorrelated random variables that are computed by solving the
stochastic integral:

1

2(6)= \i%J,;q)"(X) u(x, ) dx (20.23)

The KL expansion is an optimal spectral representation with respect to the second-order statistics of the
stochastic field. Equation 20.23 indicates that the KL expansion can be applied also to nonGaussian
stochastic fields if sample data from it are available. For many engineering applications on continuum
mechanics, the KL expansion is fast mean-square convergent; that is, only a few expansion terms need
to be included.

An important practicality aspect of the above covariance-based simulation techniques is that they can be
easily applied in conjunction with the marginal probability transformation (Equation 20.8 and Equation 20.9)
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to simulate nonGaussian (translation) stochastic fields, either static or dynamic. For nonGaussian (trans-
lation) stochastic fields, two simulation models can be employed:

1. Original space expansion. Perform the simulation in the original nonGaussian space using the
covariance-based expansion with a set {z;} of uncorrelated nonGaussian variables that can be
computed as generalized Fourier coefficients by the integral

z,(0)= J.ui(x)u(x, 0) dx (20.24)

In particular, for the KL expansion, the Equation 20.23 is used.

2. Transformed space expansion. Perform the simulation in the transformed Gaussian space using the
covariance-based expansion with a set {z;} of standard Gaussian variables and then transform the
Gaussian field to nonGaussian using the marginal probability transformation (Equation 20.8 and
Equation 20.9).

In the engineering literature there are many examples of the application of covariance-based expansions
for simulating either static or dynamic stochastic fields. In the civil engineering field, Choleski decom-
position and KL expansion were used by several researchers, including Yamazaki and Shinozuka [20],
Deodatis [21], Deodatis and Shinozuka [22], and Ghiocel [23] and Ghiocel and Ghanem [24], to simulate
the random spatial variation of soil properties and earthquake ground motions. Shinozuka [25] and
Ghiocel and Trandafir [26] used Choleski decomposition to simulate stochastic spatial variation of wind
velocity during storms. Ghiocel and Ghiocel [27, 28] employed the KL expansion to simulate the sto-
chastic wind fluctuating pressure field on large-diameter cooling towers using a nonhomogeneous,
anisotropic dynamic stochastic field model. In the aerospace engineering field, Romanovski [29], and
Thomas, Dowell, and Hall [30] used the KL expansion (or POD) to simulate the unsteady pressure field
on aircraft jet engine blades. Ghiocel [31, 32] used the KL expansion as a stochastic classifier for jet
engine vibration-based fault diagnostics.

An important aerospace industry application is the stochastic simulation of the engine blade geometry
deviations due to manufacturing and assembly processes. These random manufacturing deviations have
a complex stochastic variation pattern [33]. The blade thickness can significantly affect the forced response
of rotating bladed disks [34-36]. Due to the cyclic symmetry geometry configuration of engine bladed
disks, small manufacturing deviations in blade geometries produce a mode-localization phenomenon,
specifically called mistuning, that can increase the airfoil vibratory stresses up to a few times. Blair and
Annis [37] used the Choleski decomposition to simulate blade thickness variations, assuming that the
thickness variation is a homogeneous and isotropic field. Other researchers, including Ghiocel [38, 39],
Griffiths and Tschopp [40], Cassenti [41], and Brown and Grandhi [35], have used the KL expansion (or
POD, PCA) to simulate more complex stochastic blade thickness variations due to manufacturing. Ghiocel
[36] applied the KL expansion, both in the original, nonGaussian stochastic space and transformed
Gaussian space. It should be noted that the blade thickness variation fields are highly nonhomogeneous
and exhibit multiple, localized anisotropic directions due to the manufacturing process constraints (these
stochastic variations are also technology dependent). If different blade manufacturing technology datasets
are included in the same in a single database, then the resultant stochastic blade thickness variations could
be highly nonGaussian, with multimodal, leptoqurtique, and platiqurtique marginal PDF shapes. More
generally, for modeling the blade geometry variations in space, Ghiocel suggested a 3V-3D stochastic field
model (three variables Ax, Ay, Az, in three dimensions x, , z). For only blade thickness variation, a 1V-2D
stochastic field (one variable, thickness, in two dimensions, blade surface grid) is sufficient. It should be
noted that for multivariate-multidimensional stochastic fields composed of several elementary one-
dimensional component fields, the KL expansion must be applied to the entire covariance matrix of the
stochastic field set that includes the coupling of all the component fields.

One key advantage of the KL expansion over the Choleski decomposition, that makes the KL expansion
(or POD, PCA) more attractive for practice, is that the transformed stochastic space obtained using the
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KL expansion typically has a highly reduced dimensionality when compared with the original stochastic
space. In contrast, the Choleski decomposition preserves the original stochastic space dimensionality. For
this reason, some researchers [29, 30] consider the KL expansion (or POD, PCA) a stochastic reduced-order
model for simulating complex stochastic patterns. The KL expansion, in addition to space dimensionality
reduction, also provides great insight into the stochastic field structure. The eigenvectors of the covariance
matrix play, in stochastic modeling, a role similar to the vibration eigenvectors in structural dynamics;
complex spatial variation patterns are decomposed in just a few dominant spatial variation mode shapes.
For example, blade thickness variation mode shapes provide great insight into the effects of technological
process variability. These insights are very valuable for improving blade manufacturing technology.

The remaining part of this subsection illustrates the application of covariance-based stochastic simu-
lation techniques to generate dynamic stochastic fields. Specifically, the covariance-based methods are
used to simulate the stochastic earthquake ground surface motion at a given site.

To simulate the earthquake ground surface motion at a site, a nonstationary, nonhomogeneous sto-
chastic vector process model is required. For illustrative purposes, it is assumed that the stochastic process
is a nonhomogeneous, nonstationary, 1V-2D space-time Gaussian process (one variable, acceleration in
an arbitrary horizontal direction, and two dimensions for the horizontal ground surface). The space-
time process at any time moment is completely defined by its evolutionary cross-spectral density kernel.
For a seismic acceleration field u(x, t), the cross-spectral density for two motion locations i and k is:

Sui,uk (w’ t) = [Sui,ui (a)’ t)suk,uk(w’ t) ]1/2C0h i

ui,uk

(@,1) expl-ia(X,, - X, IV,()]  (20.25)

where S, (@) is the cross-spectral density function for point motions u, and u,, and S,(@) =1,
k is the auto-spectral density for location point j. The function Coh,, (@,1) is the stationary or
“lagged” coherence function for locations i and k. The “lagged” coherence is a measure of the similarity
of the two point motions including only the amplitude spatial variation. Herein, it is assumed that
the frequency-dependent spatial correlation structure of the stochastic process is time-invariant. The
exponential factor expliw(D, —D,)/V,(t)] represents the wave passage effect in the direction D
expressed in the frequency domain by a phase angle due to two motion delays at two locations X; and
X;. The parameter V() is the apparent horizontal wave velocity in the D direction. Most often in
practice, the nonstationary stochastic models of ground motions are based on the assumption that
the “lagged” coherence and the apparent directional velocity are independent of time. However, in real
earthquakes, the coherence and directional wave velocity are varying during the earthquake duration,
depending on the time arrivals of different seismic wave packages hitting the site from various direc-
tions.

Because the cross-spectral density is Hermitian, either the Choleski decomposition or the KL expansion
can be applied. If the Choleski decomposition is applied, then

S(w, t) = C(w, t)C"(w, t) (20.26)

where the matrix C(, t)is a complex-valued lower triangular matrix. Then the space-time nonstationary
stochastic process can be simulated using the trigonometric series as the number of frequency components
NF — o0 [21,22]:

NL NF

u(0=23 Y

k=1 j=1

Cu@, DN Awcoslot 6, (@, )+ D, ], fori=1,2,...NL  (20.27)

In the above equation, NL is the number of space locations describing the spatial variation of the motion.
The first phase angle term in Equation 20.27 is computed by

(20.28)

] (CO t) = tanl{w}
ik > -

Re|C, (@, 1)]
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and the second phase angle term @, ; is a random phase angle uniformly distributed in [0, 27] (uniform
random distribution is consistent with Gaussian assumption). The above procedure can be used for any
space-time stochastic process. For nonGaussian processes, the procedure can be applied in conjunction
with the inverse probability equation transformation (Equation 20.8 and Equation 20.9).

If the complex-valued coherence function (including wave passage effects) is used, then its eigenfunc-
tions are complex functions. Calculations have shown that typically one to five coherence function modes
are needed to get an accurate simulation of the process [23, 24]. The number of needed coherence
function modes depends mainly on the soil layering stiffness and the frequency range of interest; for
high-frequency components, a larger number of coherence modes are needed.

20.4.1.2 Polynomial Chaos Series-Based Simulation Models

Ghanem and Spanos [15] discussed theoretical aspects and key details of the application Polynomial
Chaos to various problems in their monograph on spectral representation of stochastic functionals.

Polynomial chaos expansion models can be formally expressed as a nonlinear functional of a set of
standard Gaussian variables or, in other words, expanded in a set of stochastic orthogonal polynomial
functions. The most popular polynomial chaos series model is that proposed by Ghanem and Spanos
[15] using a Wiener-Hermite polynomial series:

u(x,t,0) = a,(x, )T, +2a (% )T (z, (6 )+22a (%, DTz, (0), 2, (O) + ... (20.29)

ip=1 i=1 i=1

The symbol l"n(zil,...,zi ) denotes the polynomial chaoses of order n in the variables (zil,...,zi ).
Introducing a one-to-one mapping to a set with ordered indices denoted by {y,(6)} and truncating the
polynomial chaos expansion after the p* term, Equation 20.29 can be rewritten

p
u(x, £,6)= Y u,(x Oy (6) (20.30)

j=0

The polynomial expansion functions are orthogonal in L, sense that is, their inner product with respect
to the Gaussian measure that defines their statistical correlation, E[l//].l//k], is zero. A given truncated
series can be refined along the random dimension either by adding more random variables to the set {z;}
or by increasing the maximum order of polynomials included in the stochastic expansion. The first
refinement takes into account higher frequency random fluctuations of the underlying stochastic process,
while the second refinement captures strong nonlinear dependence of the solution process on this
underlying process. Using the orthogonality property of polynomial chaoses, the coefficients of the
stochastic expansion solution can be computed by

L7 Ry N Y (2031)
Ely;]
A method for constructing polynomial chaoses of order # is by generating the corresponding multi-
dimensional Wiener-Hermite polynomials. These polynomials can be generated using the partial differ-
ential recurrence rule defined by

e
oz

ij

T.(z,0),....2,(6)=nT_(z,0),..., z,(6) (20.32)

The orthogonality of the polynomial chaoses is expressed by the inner product in L, sense with respect
to Gaussian measure:

Jll" (Zs -5 2T, (2,5 .. ,zm)exp(—;szjdz = n!x§2ﬂ5mn (20.33)
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Although popular in the engineering community, the polynomial chaos series may not necessarily be
an efficient computational tool to approximate multivariate nonGaussian stochastic fields. The major
problem is the stochastic dimensionality issue. Sometimes, the dimensionality of the stochastic trans-
formed space defined by a polynomial chaos basis can be even larger than the dimensionality of the
original stochastic space. Nair [42] discussed this stochastic dimensionality aspect related to polynomial
chaos series application. Grigoriu [43] showed that the indiscriminate use of polynomial chaos approx-
imations for stochastic simulation can result in inaccurate reliability estimates. To improve its conver-
gence, the polynomial chaos series can be applied in conjunction with the inverse marginal probability
transformation (Equation 20.8 and Equation 20.9) as suggested by Ghiocel and Ghanem [24].

20.4.2 Two-Level Hierarchical Simulation Models

The two-level hierarchical simulation model is based on the decomposition of the JPDF of the implicit
input-output stochastic system in local or conditional JPDF models. The resulting stochastic local JPDF
expansion can be used to describe, in detail, very complex nonstationary, multivariate-multidimensional
nonGaussian stochastic fields. It should be noted that the local JPDF expansion is convergent in a
probability sense, in contrast with the Wiener-Fourier expansions, which are convergent only in a mean-
square sense.

The stochastic local JPDF basis expansion, or briefly, the local density expansion, can be also viewed
as a Wiener-Fourier series of a composite type that provides both a global approximation and a local
functional description of the stochastic field. In contrast to the classical Wiener-Fourier series that
provides a global representation of a stochastic field by employing global basis functions, as the covariance
kernel eigenfunctions in KL expansion or the polynomial chaoses [16], the stochastic local density
expansion provides both a global and local representation of a stochastic field.

Stochastic local density expansion can be implemented as a two-layer stochastic neural-network, while
Wiener-Fourier series can be implemented as a one-layer stochastic neural-network. It should be noticed
that stochastic neural-network models train much faster than the usual multilayer preceptor (MLP)
neural-networks. Figure 20.1 describes in pictorial format the analogy between stochastic local JPDF
expansion and a two-layer neural-network model.

In the local density expansion, the overall JPDF of the stochastic model is obtained by integration
over the local JPDF model space:

gu)= Jf (ulor)dp(er) (20.34)

where p(c) is a continuous distribution that plays the role of the probability weighting function over
the local model space. In a discrete form, the weighting function can be expressed for a number N of
local JPDF models by

plo)= Z P(a)o(o— ;) (20.35)

i=1

in which 8(o — @) is the Kronecker delta operator. Typically, the parameters ¢ are assumed or known,
and the discrete weighting parameters P(¢) are the unknowns. The overall JPDF of the stochastic model
can be computed in the discrete form by

glw)= Zg(ula,-)P(a,-) (20.36)

i=1
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FIGURE 20.1 Analogy betweeen the local JPDF expansion and a two-layer stochastic neural network model.

The parameters «; can be represented by the second-order statistics (computed by local averaging) of
the local JPDF models. Thus, the overall JPDF expression can be rewritten as

gw=Y fluliu, )P (20.37)

where u,, Y, are the mean vector and covariance matrix, respectively, of the local JPDF model i.
Also, p P=n/N, ZN P =1,and P >0, for i=1,N. Typically, the types of the local JPDF are assumed
and the probablhty V\;elghts are computed from the sample datasets. Often, it is assumed that the local
JPDFs are multivariate Gaussian models. This assumption implies that the stochastic field is described
locally by a second-order stochastic field model. Thus, nonGaussianity is assumed only globally. It is
possible to include nonGaussianity locally using the marginal probability transformation of the local JPDE

The local JPDF models are typically defined on partially overlapping partitions within stochastic spaces
called soft partitions. Each local JPDF contributes to the overall JPDF estimate in a localized convex
region of the input space. The complexity of the stochastic field model is associated with the number of
local JPDF models and the number of stochastic inputs that define the stochastic space dimensionality.
Thus, the stochastic model complexity is defined by the number of local JPDFs times the number of
input variables. For most applications, the model implementations that are based on a large number of
highly localized JPDFs are not good choices because these models have high complexity. For high
complexities, we need very informative data to build the locally refined stochastic models. Simpler models
with a lesser number of JPDF models have a much faster statistical convergence and are more robust.
Thus, the desire is to reduce model complexity at an optimal level.

The complexity reduction of the stochastic field model can be accomplished either by reducing the
number of local JPDFs or by reducing their dimensionality. Complexity reduction can be achieved using
cross-validation and then removing the local JPDF that produces the minimum variation of the error
estimate or the model likelihood estimate. We can also use penalty functions (evidence functions) that
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FIGURE 20.2  Sample data and local PPCA models for a trivariate stochastic field.

reduce the model complexity by selecting the most plausible stochastic models based on the evidence
coming from sample datasets [44].

Alternatively, we can reduce the model complexity by reducing the dimensionality of local JPDF models
using local factor analyzers. Local factor analysis reduces the number of local models by replacing the local
variables in the original space by a reduced number of new local variables defined in local transformed spaces
using a stochastic linear space projection. If deterministic projection instead of stochastic projection is applied,
the factor analysis coincides with PCA. However, in practice, especially for high-dimensional problems, it is
useful to consider a stochastic space projection by adding some random noise to the deterministic space
projection. Adding noise is beneficial because instead of solving a multidimensional eigen-problem for decom-
posing the covariance kernel, we can implement an extremely fast convergent iterative algorithm for computing
the principal covariance directions. The combination of the local JPDF expansion combined with the local
probabilistic PCA decomposition is called herein the local PPCA expansion. Figure 20.2 shows the simulated
sample data and the local PPCA models for a complex pattern trivariate stochastic field.

It should be noted that if the correlation structure of local JPDF models is ignored, these local
JPDFs lose their functionality to a significant extent. If the correlation is neglected, a loss of infor-
mation occurs, as shown in Figure 20.3. The radial basis functions, such standard Gaussians, or other
kernels ignore the local correlation structure due to their shape constraint. By this they lose accuracy for
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FIGURE 20.3  Loss of information if the local correlation structure is ignored.
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FIGURE 20.4 Local PPCA expansion model versus RBF network model a) decomposition of sample space in local
stochastic models b) computed JPDF estimates.

modeling a complex stochastic field. One way to see radial basis function expansions is to look at them as
degenerated local JPDF models. These radial functions are commonly used in a variety of practical applica-
tions, often in the form of the radial basis function network (RBFN), fuzzy basis function network (FBFN),
and adaptive network-based fuzzy inference systems (ANFIS). Figure 20.4 compares the RBFN model with
the local PPCA expansion model. The local PPCA expansion model is clearly more accurate and better
captures all the data samples, including those that are remote in the tails of the JPDE For a given accuracy,
the local PPCA expansion needs a much smaller number of local models than the radial basis function model.
As shown in the figure, the local PPCA models can elongate along long data point clouds in any arbitrary
direction. The radial basis functions do not have this flexibility. Thus, to model a long data point cloud, a
large number of overlapping radial basis functions are needed. And even so, the numerical accuracy of radial
basis function expansions may still not be as good as the accuracy of local PPCA expansions with just few
arbitrarily oriented local point cloud models. It should be noted that many other popular statistical approx-
imation models, such as Bayesian Belief Nets (BNN), Specht’s Probability Neural Network (PNN), in addition
to ANFIS, RBE and FBF networks, and even the two-layer MLP networks, have some visible conceptual
similarities with the more refined local PPCA expansion.
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perturbed dataset, nonuniform data.



The stochastic local PPCA expansion is also capable of including accurately local, nonuniform stochastic
variations. Figure 20.5 illustrates this fact by comparing the local PPCA expansions for two sample datasets
that are identical except for a local domain shown at the bottom left of the plots. For the first dataset (left
plots), the local variation was much smaller than for the second dataset (right plots). As seen by comparing
the plots, the local PPCA expansion captures well this highly local variability of probabilistic response.

The decomposition of stochastic parameter space in a set of local models defined on soft partitions offers
several possibilities for simulating high-dimensional complex stochastic fields. This stochastic sample space
decomposition in a reduced number of stochastic local models, also called states, opens up a unique avenue
for developing powerful stochastic simulation techniques based on stochastic process or field theory, such
as dynamic Monte Carlo. Dynamic Monte Carlo techniques are discussed in the next section.

20.5 Simulation in High-Dimensional Stochastic Spaces

In simulating random samples from a joint probability density g(x), in principle there are always ways
to do it because we can relate the multidimensional joint density g(x) to univariate probability densities

defined by full conditional densities g(x;|x,,, ..., X}, X; 5 .05 X))
M
gx)=g(x, ..., x) ZHg(x].|x]._1, e X)) (20.38)
j=1

Unfortunately, in real-life applications, these (univariate) full conditional densities are seldom available
in an explicit form that is suitable to direct sampling. Thus, to simulate a random sample from g(x), we
have few choices: (1) use independent random samples drawn from univariate marginal densities (static,
independent sampling, SMC) to build the full conditionals via some predictive models; or (2) use inde-
pendent samples from trial univariate marginal and conditional densities (sequential importance sampling,
SIS), defined by the probability chain rule decomposition of the joint density, and then adaptively weight
them using recursion schemes; or (3) use independent samples drawn from the univariate full conditional
densities to produce spatially dependent samples (trajectories) of the joint density using recursion schemes
that reflect the stochastic system dynamics (dynamic, correlated sampling, DMC).

For multidimensional stochastic fields, the standard SMC sampling techniques can fail to provide good
estimators because their variances can increase sharply with the input space dimensionality. This variance
increase depends on stochastic simulation model complexity. For this reason, variation techniques are required.
However, classical techniques for variance reductions such as stratified sampling, importance sampling, direc-
tional sampling, control variable, antithetic variable, and Rao-Blackwellization methods are difficult to apply
in high dimensions.

For simulating complex pattern, high-dimensional stochastic fields, the most adequate techniques are
the adaptive importance sampling techniques, such as the sequential importance sampling with inde-
pendent samples, SIS, or with correlated samples, DMC. Currently, in the technical literature there exists
a myriad of recently developed adaptive, sequential, single sample-based or population-based evolution-
ary algorithms for high-dimensional simulations [6, 45]. Many of these techniques are based on con-
structing a Markov chain structure of the stochastic field. The fundamental Markov assumption of one-
step memory significantly reduces the chain structures of the full or partial conditional densities, thus
making the computations affordable. In addition, Markov process theory is well-developed so that reliable
convergence criteria can be implemented.

20.5.1 Sequential Importance Sampling (SIS)

SIS is a class of variance reduction techniques based on adaptive important sampling schemes [45, 46]. A useful
strategy to simulate a sample of joint distribution is to build up a trial density sequentially until it converges to
the target distribution. Assuming a trial density constructed as g(x)=g,(x,)g,(%,|x,) ... gy xplx,s o xy)
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and using the same decomposition for the target density m(x)=m(x,)m(x,|x,) ... wlxy|x,, ... x5_,) , the
importance sampling weight can be computed recursively by

X, [x,,)

C ) (20.39)

w(x)=w_(x_)

An efficient SIS algorithm is based on the following recursive computation steps, using an improved
adaptive sampling weight [6, 46]:

Step 1: Simulate x, from g, (x,|x, ), let x, =(x,_,,x,)
Step 2: Compute the adaptive sampling weight by

W, =w_, 7(x,) (20.40)
ﬂf—l (Xl’—l )gf (X[ |Xf—1)

The entire sample of the input x is adaptively weighted until the convergence of the trial density to the
target density is reached.

An important application of the SIS simulation technique is the nonlinear filtering algorithm based
on the linear state-space model that is very popular in the system dynamics and control engineering
community. In this algorithm, the system dynamics consist of two major coupled parts: (1) the state
equation, typically represented by a Markov process; and (2) the observation equations, which are usually
written as

X~ qz('lxz—l’ 6)
Ve~ ft('|xt’ )

(20.41)

where y, are observed state variables and x, are unobserved state variables. The distribution of x, are
computed using the recursion:

”t (xt) = J‘qt('xt |xr—l)f;(yt|xt)7tt—l (xt—l) dxr—l (20'42)

In applications, the discrete version of this model is called the Hidden Markov model (HMM). If the
conditional distributions g, and f, are Gaussian, the resulting model is the called the linear dynamic model
and the solution can be obtained analytically via recursion and coincides with the popular Kalman filter
solution.

To improve the statistical convergence of SIS, we can combine it with resampling techniques, sometimes
called SIR, or with rejection control and marginalization techniques.

20.5.2 Dynamic Monte Carlo (DMC)

DMC simulates realizations of a stationary stochastic field (or process) that has a unique stationary prob-
ability density identical to the prescribed JPDE Instead of sampling directly in the original cartesian space
from marginal distributions, as SMC does, DMC generates a stochastic trajectory of spatially dependent
samples, or a random walk in the state-space (or local model space). Figure 20.6 shows the basic conceptual
differences between standard SMC and DMC. The Gibbs sampler and Metropolis-Hastings algorithms
presented in Section 20.3.2 are the basic ingredients of dynamic Monte Carlo techniques.

The crucial part of the DMC is how to invent the best ergodic stochastic evolution for the underlying
system that converges to the desired probability distribution. In practice, the most used DMC simulation
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Sampling in cartesian space Sampling in state space

FIGURE 20.6 Conceptual differences between static Monte Carlo and dynamic Monte Carlo.

models are based on irreducible, aperiodic, reversible stationary Markov process models. The DMC
simulation based on Markov process models is called Markov Chain Monte Carlo simulation, or briefly
MCMC. Higher-order Markov chains or nonMarkovian are more difficult to implement. When using
MCMC, a key modeling aspect is how to ensure that the samples of the chain are ergodic, especially
when there is a chance that they can be stuck in a local energy minimum. The principal drawback of
MCMC is that it has only local moves along its random path. This leads to a very slow convergence to
equilibrium or, worse, to a stop in a local state.

A good strategy for improving MCMC movement in space is to combine the local powerful prop-
erties of MCMC with the global updating properties of molecular dynamics simulation using a
Hamiltonian formulation of system dynamics. This combination is based on the Hamiltonian Markov
Chain Monte Carlo (H-MCMC) algorithm [47]. The Hamiltonian MCMC is also called the Hybrid
Monte Carlo (HMC). As an alternate to H-MCMC, an MCMC with random jumps has been
developed [48].

Herein we describe briefly the H-MCMC algorithm. This algorithm is the preferred MCMC algorithm
for high-dimensional stochastic simulation problems. The H-MCMC simulation algorithm can be effi-
ciently implemented in conjunction with conditional PPCA expansion models. Hanson [47] claims in
his research paper that “the efficiency of Hamiltonian method does not drop much with increasing
dimensionality” Hanson has used H-MCMC for stochastic problems with a parameter space size up to
128 dimensions.

The H-MCMC algorithm is used to simulate a random sample of a canonical (or Gibbs, or Boltzmann)
JPDF of the form:

7(x) = c x exp(—H(x)) (20.43)

This distribution is specific to Gibbs fields or equivalently to Markov fields [49]. In the above equation,
H(x) is the Hamiltonian of the dynamic system.

In the Hamiltonian formulation, the evolution of the dynamic system is completely known once the
total energy or the Hamiltonian function in generalized coordinates, H(q, p), is defined:

H(q,p)= 2 21:; _ +E(q) (20.44)

Copyright 2005 by CRC PressLLC



where q and p are the vectors of the generalized coordinates and generalized momenta (in the phase
space), m; are the masses associated with the individual particles of the system, and E(q) is the potential
energy that ensures a coupling between the particles. System dynamics is represented by a trajectory in
the phase space. For any arbitrary evolutionary function f(q, p), its rate of change is expressed by its
time derivative:

; N[O o |_N(Of 0H _of oH
flgp)= 2[ o g, + o p,.] Z[qu . P aqij (20.45)

i=1 i=1

For stationary stochastic dynamics, the Hamiltonian conserves. Now, using the molecular dynamics
(MD) approach, we can discretize the Hamiltonian function evolution using finite difference equations
over the time chopped in small increments. The most used implementation is the leap-frog scheme

[47]:
Lat)= p—Lar 2@ - 1
pi(t+ 5 At) =p.(t) 5 At 3.0 q;(t+At)= qi(t)+Alpi(t+ 5 At) p;(t+At)
(20.48)
—pf e+ tar]|-Lar2FQ@
_pi(t+2AtJ ZAtaqi(t+At)

The leap-frog scheme is time reversible and preserves the phase space volume. The resulting Hamiltonian-
MCMC algorithm is capable of having trajectory jumps between different iso-energy surfaces and con-
verges to a target canonical (or Gibbs, Boltzmann) distribution.

Figure 20.7 and Figure 20.8 show the application of H-MCMC to a simple bivariate stochastic field
model composed of three overlapping local Gaussians. Figure 20.7 shows a simulated trajectory using
the H-MCMC. The random samples were obtained by drawing sample data at each random walk step.
Figure 20.8 compares the target JPDF and the estimated JPDE The estimated JPDF is computed from
the 250 random samples drawn at each step of the Markov chain evolution. It can be observed that there
is a visible spatial correlation between the generated random samples. In practice, the random samples
should be drawn periodically after a large number of random walk steps, so that the spatial correlation
is lost. This improves considerably the convergence in probability of the H-MCMC simulation.

An extremely useful application of the DMC simulation is the stochastic interpolation for stochastic
fields with missing data, especially for heavy-tailed nonGaussianity. DMC can be also used to simulate
conditional-mean surfaces (response surfaces). Figure 20.9 illustrates the use of H-MCMC in conjunc-
tion with the local PPCA expansion for a univariate highly nonGaussian stochastic field with unknown
mean. It should be noted that the quality of estimation depends on the data density in the sample space.
Figure 20.10 shows another simple example of application of H-MCMC for simulating a univariate
stochastic field with known mean using different persistence parameters (that define the magnitude of
fictitious generalized momenta). The figure shows the H-MCMC samples and the exact (given) and
estimated mean curves. By comparing the two plots in Figure 20.10, it should be noted that larger
persistence parameters (larger generalized momenta) improve the simulation results for the mean curve
in remote regions where data density is very low. Larger fictitious momenta produce larger system
dynamics and, as a result, increase the variance and reduce the bias of the mean estimates. It appears
that larger momenta in H-MCMC simulations are appropriate for probability estimations in the dis-
tribution tails of the joint distributions. Thus, DMC can be also employed to establish confidence
bounds of stochastically interpolated surfaces for different probability levels. From the figure we can
note that larger momenta provide less biased confidence interval estimates in the remote area of the
distribution tails.

Copyright 2005 by CRC PressLLC



Bivariate 3 Gaussian Stochastic Model
10 " T

Variable Y

Variable X

Simulated Samples of the Bivariate 3
Gaussian Stochastic Model Using DMC

10

Variable Y

Variable X

FIGURE 20.7 The prescribed stochastic model and the H-MCMC simulated random samples (drawn point data
and random walk).

Other techniques to accelerate the MCMC convergence are simulated tempering and annealing.
Simulated tempering and simulated annealing are popular MCMC applications of stochastic simulation
to optimization under uncertainty problems. These techniques, which are described in many textbooks,
are not discussed herein. This is not to shadow their merit.

20.5.3 Computing Tail Distribution Probabilities

As discussed in the introductory section of this chapter, stochastic simulation can be applied to either
(1) simulate random quantities or (2) compute expectations. For probabilistic engineering analyses, both
applications of stochastic simulation are of practical interest. For reliability and risk assessment analyses,
the second application of simulation is used.

This section addresses the use of stochastic simulation to compute expectations. Only selective aspects
are reviewed herein. The focus is on solving high-complexity stochastic problems.
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FIGURE 20.8 Target JPDF versus estimated JPDF (using 250 samples drawn at each step).

Expectations can include probability integrals for computing marginal distributions, evidences (nor-
malization constant for the product of likelihood and prior in Bayes theorem), statistical moments, and
expectation of functions. Thus, in most stochastic problems, the numerical aspect consists of computing
the expected value of a function of interest f(x) with respect to a target probability density g(x), where x
..., X, are an independent identically distributed sample set
from g(x), then the Monte Carlo estimator f is computed by simple statistical averaging over the entire
sample set:

is the stochastic input. Assuming that x,, x,,

Target Bivariate PDF

Variable X

Estimated Bivariate PDF Using 250
Hybrid MCMC Samples

0.06 .
0.05 |.
0.04 | .
0.03 |..

0.02 ...
0.01 ... 0? )
S {
=
~

=
e X
0 *‘%3;{%%%.
= o

i

-2

iy

Variable Y

ffﬁiﬂxi)

The estimator f is unbiased and has the variance

Copyright 2005 by CRC PressLLC

var(f)=§j[fcx>—Eg<f>12g(x) dx



Stochastic Space Decomposition in Local Bayesian Inference for RS Approximation

Gaussian/PPCA Models Via Hamiltonian Dynamic MC
T r . . - T T 6r
5t 200samples (2) o / 5 | 200 samples (1) .1_5_”
Pers thre = 0.98 ety
4t
c
il
k5
3t 5
e
[0
(2]
21 5
Q.
7]
[0
o
1+
o Data Points
or -1 Mean Response
—DMC Samples
i i i i Al i i i _2 i — — - i " b i
-4 -3 -2 - 0 1 2 3 -4 -3 -2 -1 0 1 2 3

Random Input

FIGURE 20.9 Stochastic Interpolation Using A Local PPCA Expansion Model via H-MCMC Simulation.

implying that the sampling error, (i.e., standard deviation) of fis O( N™?)

space dimensionality. Thus, the MC simulation estimator always converges with a constant rate that
is proportional to the square-root of the number of samples. This is a key property of the standard
Monte Carlo estimator that makes the SMC simulation method so popular in all engineering fields.

Many textbooks provide suggestions on how to select the required number of samples to estimate

independent of stochastic

the probability of failure for a given percentage error independent of an assumed probability estimate.
If the mean probability estimate ij has a normal distribution, the number of required samples for the
confidence 1 — /2 is given by

|>

i B 1= P) (20.51)

)

n=t

where t is the T or Student distribution with n —1 degrees of freedom.

Thus, it appears that if we respect the above equation and select a small error, then we have nothing
to worry about. This is not necessarily true, especially for high-dimensional problems that involve non-
Gaussian stochastic fields (or responses). The delicate problem is that for standard stochastic simulation
based on SMC, although the convergence rate is independent of space dimensionality, the probability
estimate variance is not independent of space dimensionality. In fact, it can increase dramatically with
dimensionality increase. The probability estimate variance increase affects most severely the tail proba-
bility estimates (low and high fractiles) that typically are dependent on localized probability mass dis-
tributions in some remote areas of the high-dimensional space.

Figure 20.11 shows a simple example of the increase of probability estimate variance with space dimen-
sionality. Consider the computation of failure probability integral, I, defined by a volume that is internal
to a multivariate standard Gaussian function:

1/4 1/4
1
I= J....J.exp(lez +x§ +xjjdxldx2 ...odx, (20.52)
0 0
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FIGURE 20.10 Effects of persistance (fictitious momenta) on the MCMC stochastic simulations a) persistence
parameter is 0.95, b) persistence parameter is 0.98.

Figure 20.11 shows the plot of the coefficient of variation (c.0.v.) and the 90% (normalized) confidence
interval (measure of the sampling error) as a function of input space dimension N that varies up to 10.
For a number of 10,000 random samples, the c.o.v. of the failure probability estimate increases from
about 3% for one dimension to about 87% for ten dimensions.

Thus, for the (random) point estimates of failure probabilities that we are typically getting from our
reliability analyses, the use of Equation 20.51 for determining the number of required random samples
can be erroneous, and possibly unconservative, as sketched in Figure 20.12. The required number of
samples increases with the complexity of the stochastic simulation model, namely with its dimensionality
and its nonGaussianity (or nonlinearity of stochastic dependencies).

20.5.4 Employing Stochastic Linear PDE Solutions

A special category of stochastic fields comprises the physics-based stochastic fields. These physics-based
fields are defined by the output of computational stochastic mechanics analyses. The physics-based
stochastic fields, or stochastic functionals, can be efficiently decomposed using stochastic reduced-
order models (ROM) based on the underlying physics of the problem. This physics is typically
described by stochastic partial-differential equations. Stochastic ROMs are computed by projecting
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the original stochastic physical field on reduced-size stochastic subspaces. Iterative algorithms using
stochastic preconditioning can be employed in conjunction with physics-based stochastic ROM models.

The most used physics-based stochastic ROM models are those based on stochastic projections in the
preconditioned eigen subspace, Taylor subspace, and Krylov subspace. These stochastic subspace projec-
tions are accurate for linear stochastic systems (functionals, fields) [42]. Nonlinear variations can be
included by stochastically preconditioning Newton-type iterative algorithms. Both approximate and exact
solvers can be used as preconditioners in conjunction with either stochastic ROM or full models. The
key ingredients of the stochastic ROM implementations are (1) fast-convergent stochastic subspace
expansions, (2) stochastic domain decomposition, (3) fast iterative solvers using stochastic precondition-
ers, and (4) automatic differentiation to compute function derivatives.

A useful industry application example of the stochastic ROM based on a eigen subspace projection is
the Subset of Nominal Method (SNM) developed by Griffin and co-workers [50] for computing the
mistuned (mode-localization) responses of jet engine bladed-disks due to random manufacturing devi-
ations. The SNM approach is exact for proportional small variations of the linear dynamic system mass
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FIGURE 20.12 Space dimensionality effects on the accuracy of the computed probability estimates.

and stiffness matrices. Ghiocel [36] suggested combining the SNM approach with the KL expansion for
simulating mistuned responses more realistically by including the effects of nonproportional blade
variations due to manufacturing. The main idea is to use the KL expansion to reduce the stochastic input
dimensionality and then use SNM iteratively to reduce the stochastic dynamic system dimensionality.

The stochastic field projections in the Taylor and Krylov subspaces can be very efficient for both static and
dynamic stochastic applications. Figure 20.13 illustrates the application of the Krylov subspace expansion for
computing the vibratory mistuned response of a 72-blade compressor engine blisk system. The system
stochasticity is produced by the random variations in airfoil geometry due to manufacturing. Figure 20.13
shows the blade tip stochastic responses in frequency domain (transfer functions) for a given engine order
excitation [34, 51]. The stochastic Krylov expansion requires only 14 basis vectors to converge. This means
that only a reduced-size system of 14 differential equations must be solved at each stochastic simulation step.

The application of physics-based stochastic ROMs to stochastic simulation is limited to stochastic
fields that can be described by known linear partial differential equations. It is obvious that the application
of these stochastic ROM to computational stochastic mechanics problems is straightforward, as presented
by Nair [42]. However, for stochastic fields that have an unknown functional structure, the physics-based
stochastic ROMs are not directly applicable.

20.5.5 Incorporating Modeling Uncertainties

Engineering stochastic simulation procedures should be capable of computing confidence or variation
bounds of probability estimates. The variation of probability estimates is generated by the presence of
epistemic or modeling uncertainties due to (1) a lack of sufficient collection of data (small sample size issue);
(2) nonrepresentative collection of statistical data with respect to the entire statistical population character-
istics or stochastic system physical behavior (nonrepresentative data issue); (3) a lack of fitting the stochastic
model with respect to a given statistical dataset, i.e., a bias is typically introduced due to smoothing (model
statistical-fitting issue); and (4) a lack of accuracy of the prediction model with respect to real system physical
behavior for given input data points, i.e., a bias is introduced at each predicted data point due to prediction
inaccuracy (model lack-of-accuracy issue).
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FIGURE 20.13 Convergence of stochastic Krylov subspace expansion for the random mistuned response of the
blades compressor engine blisk; solid line is the full-model solution and dashed line is the reduced-model solution.

The first three modeling uncertainty categories are all associated with statistical modeling aspects. The
fourth modeling uncertainty category is different. It addresses the prediction uncertainty due to the accuracy
limitation of our computational models. In addition to these four uncertainty categories containing infor-
mation that are objective in nature, there is also an uncertainty category related to the subjective information
coming from engineering experience and judgment. Engineering judgment is an extremely useful source of
information for situations where only scarce data or no data is available.

The above categories of uncertainties are described in detail in other chapters of the book. The purpose
of mentioning these categories is to highlight the necessity of including them in the stochastic simulation
algorithms. Unfortunately, this also increases the overall dimensionality of the stochastic simulation
problem. Strategies to reduce the overall stochastic space dimensionality are needed [52].

20.6 Summary

Stochastic simulation is a powerful engineering computational tool that allows accurate predictions for
complex nondeterministic problems. The most important aspect when employing simulation is to ensure
that the underlying stochastic model is compatible with the physics of the problem. By oversimplifying
stochastic modeling, one can significantly violate the physics behind stochastic variabilities.
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Because the stochastic simulation is an almost endless subject, the focus of this chapter is on the
conceptual understanding of these techniques, and not on the implementation details. This chapter
reviews only the stochastic simulation techniques that in the author’s opinion are the most significant
for engineering design applications.

The chapter describes various stochastic simulation models — from simple, one-dimensional random
variable models to complex stochastic network-based models. Significant attention is given to the decom-
position of stochastic fields (or functionals) in constituent basis functions. Advances of stochastic func-
tional analysis for developing efficient simulation techniques based on stochastic reduced-order models
are included.

Another topic of a special attention is the stochastic simulation in high-dimensional spaces. The chapter
reviews recent developments in stochastic simulation in high-dimensional spaces based on sequential
importance sampling and dynamic simulation via a Hamiltonian formulation. Other key topics that are
only briefly discussed include the computation of tail probabilities and the incorporation of epistemic
or modeling uncertainties in simulation.
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