Advances in
Data-Based Approaches
for Hydrologic Modeling

and Forecasting

“ World Scientific



Advances in
Data-Based Approaches
for Hydrologic Modeling

and Forecasting



Advances in
Data-Based Approaches
for Hydrologic Modeling

and Forecasting

Bellie Sivakumar

The University of New South Wales, Sydney, Australia
and

University of California, Davis, USA

Ronny Berndtsson

Lund University, Sweden

\\:3 World Scientific

NEW JERSEY - LONDON - SINGAPORE - BEIJING - SHANGHAI « HONG KONG - TAIPEI - CHENNAI



Published by

World Scientific Publishing Co. Pte. Ltd.

5 Toh Tuck Link, Singapore 596224

USAoffice: 27 Warren Street, Suite 401-402, Hackensack, NJ 07601
UK office: 57 Shelton Street, Covent Garden, London WC2H 9HE

British Library Cataloguing-in-Publication Data
A catalogue record for this book is available from the British Library.

ADVANCES IN DATA-BASED APPROACHES FOR HYDROLOGIC
MODELING AND FORECASTING

Copyright © 2010 by World Scientific Publishing Co. Pte. Ltd.

All rights reserved. This book, or parts thereof, may not be reproduced in any formor by any means,
electronic or mechanical, including photocopying, recording or any information storage and retrieval
system now known or to be invented, without written permission from the Publisher.

For photocopying of material in this volume, please pay a copying fee through the Copyright
Clearance Center, Inc., 222 Rosewood Drive, Danvers, MA 01923, USA. In this case permission to
photocopy is not required from the publisher.

ISBN-13 978-981-4307-97-0
ISBN-10 981-4307-97-1

Printed in Singapore.






PREFACE

The last few decades have witnessed an enormous growth in hydrologic
modeling and forecasting. Many factors have contributed to this growth:
sheer necessity, pure curiosity, and others. Population explosion and its
associated effects (e.g. increase in water demands, degradation in water
quality, increase in human and economic impacts of floods and droughts)
have certainly necessitated better understanding, modeling, and
forecasting of hydrologic systems and processes and increased funding
for hydrologic teaching, research, and practice. Technological
developments (e.g. invention of powerful computers, remote sensors,
geographic information systems, worldwide web and networking
facilities) and methodological advances (e.g. novel concepts, data
analysis tools, pattern recognition techniques) have largely facilitated
extensive data collection, better data sharing, formulation of
sophisticated mathematical methods, and development of complex
hydrologic models, which have led to new directions in hydrology. The
widespread availability of technology, hydrologic data, and analysis tools
have also aroused a certain level of curiosity in studying hydrologic
systems, both by trained engineers/scientists and by others. All these
have brought about a whole different dimension to hydrologic teaching,
research, and practice. There is no doubt that we today have a far greater
ability to mimic real hydrologic systems and processes and possess a
much better understanding of almost all of their salient properties as well
as finer details (e.g. determinism, stochasticity, linearity, nonlinearity,
complexity, scale, thresholds, sensitivity to initial conditions) when
compared to not so long ago.

An examination of hydrologic literature reveals that there has been, in
recent years, an exponential increase in the number of scientific
approaches and their applications for hydrologic modeling and
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forecasting. Among these, the so-called ‘data-based’ or ‘data-driven’
approaches have become particularly popular, not only for their utility in
developing, by simply taking advantage of the available hydrologic data,
sophisticated models to represent more realistically the salient features of
hydrologic systems and processes but also for their grandiose nature (and
sometimes mainly because of it). The existing data-based approaches are
very many, and there have already been a good number of books on
almost all of these approaches, not to mention the numerous journal
articles and other scientific publications. These books indeed play
important roles in advancing our knowledge of data-based approaches in
hydrology. However, they also have one glaring drawback, since any of
these books focuses on one specific approach or another (e.g. stochastic
methods, artificial neural networks), they are largely useful only for the
‘specialist’ in a particular approach or for those who have already
decided (for whatever reason) to pursue a particular approach. Therefore,
despite their excellence, none of the existing books, it is fair to say, is
adequate enough to learn about the overall progress and the state-of-the-
art of data-based approaches in hydrologic modeling and forecasting.

It may be appreciated that a major challenge a student/researcher
(even an experienced one, let alone a novice) often encounters is on the
selection, in the first place, of an appropriate concept/approach for
addressing the hydrologic problem at hand. With the existing situation
just mentioned above, this challenge becomes much more difficult and
almost impossible, since it will be a highly cumbersome, and often
fruitless, exercise to attempt to study all of the existing books on specific
approaches. What is needed to overcome this problem, therefore, is a
book that covers details of as many major data-based approaches as
possible, if not all of them, and thus could save the reader a significant
amount of time and effort that would otherwise be spent simply
searching.

Motivated by this, an attempt is made in this book to present a
comprehensive account of the advances in data-based approaches for
modeling and forecasting hydrologic systems and processes. Among the
many existing data-based approaches, eight major and most popular
ones are selected for inclusion, with a chapter for each. These eight
approaches are (roughly in chronological order in which they started to
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become an attraction in hydrology): stochastic methods, parameter
estimation techniques, scaling and fractal methods, remote sensing
techniques, artificial neural networks, evolutionary programming
techniques, wavelets, and nonlinear dynamics and chaos methods. These
approaches are chosen so as to address a wide range of hydrologic
system characteristics (e.g. determinism, stochasticity, linearity,
nonlinearity, complexity, scale, thresholds, sensitivity to initial
conditions), processes (e.g. rainfall, river flow, rainfall-runoff, sediment
transport, groundwater contamination), and the associated problems (e.g.
system identification and prediction, synthetic data generation, data
disaggregation, data measurement, model parameter estimation and
uncertainty, regionalization).

For each of the eight approaches, the presentation includes a
comprehensive review of the fundamental concepts, their applications in
hydrology thus far, and a discussion on potential future directions.
Therefore, the book provides a much more efficient and effective way for
the reader to get familiarized with the role of data-based approaches in
hydrology. The organization of each chapter, with coverage of first the
basic concepts and early days of the approach and then the subsequent
advances and future directions, makes this book suitable for both new
and experienced academicians, researchers, and practitioners. The book
is also expected to facilitate dialog towards finding common grounds and
achieving generalization in hydrologic theory, research, and practice.
The chapters are contributed by leading researchers in the applications of
the respective data-based approaches in hydrology, which certainly adds
to the importance of the book. It is our sincere hope that readers would
find this book unique, just as we, the editors, expected it to be.

Our sincere thanks, first of all, to World Scientific Publishing
Company, for their invitation to us to publish a timely and much-needed
book in the field of hydrology and water resources, although the choice
of the topic on data-based approaches was our own. In particular,
Kimberly Chua at World Scientific deserves our special thanks, for her
encouragement, patience, and constant correspondence throughout the
course of the preparation of this book. Our sincere thanks also to all the
contributors for their interest and willingness to contribute to this book.
Their hard work and communications with us throughout the chapter
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preparation, revision (more than once), and proof-reading stages, amid
their many other commitments and busy schedules, have been crucial to
complete this book in a timely manner. The chapters of this book have
been subjected to a peer-review process, and our sincere appreciation and
thanks to the following reviewers for their timely and constructive
reviews, which have paved the way for a much better product than it was
in the initial stage: H. Aksoy, Y. Hong, A. W. Jayawardena, L. Marshall,
N. Muttil, J. Olsson, P. Saco, A. Sharma, K. P. Sudheer, B. Troutman,
and T. Wagener.

Bellie Sivakumar

The University of New South Wales, Sydney, Australia
and

University of California, Davis, USA

Ronny Berndtsson
Lund University, Lund, Sweden
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CHAPTER 1

SETTING THE STAGE

Bellie Sivakumar

School of Civil and Environmental Engineering,
The University of New South Wales, Sydney, NSW 2052, Australia
E-mail: s.bellie@unsw.edu.au
and
Department of Land, Air and Water Resources,
University of California, Davis, CA 95616, USA
E-mail: sbellie@ucdavis.edu

Ronny Berndtsson

Department of Water Resources Engineering, Lund University,
Box 118, S-221 00, Lund, Sweden

E-mail: ronny.berndtsson@tvrl.lth.se

1.1. Background and Motivation

Hydrology (as the ‘study of water’) is as old as the human civilization,
and yet (as a ‘science’) is also very young. Some people may opine
that ‘hydrology’ (as we are accustomed to refer to these days) is still
at a crossroads as a scientific field; some others may argue that it is
a full-fledged one; and still others may point out that even discussions
and debates on whether it belongs to ‘science’ or ‘engineering’ are
continuing. Amid all this confusion, one thing is clear: it is growing,
and growing fast. If nothing else, the rapidly increasing number of text
books, scientific journals, research articles, and conferences related to
hydrology presents testimony to this.

The growth in hydrology may be seen from two broad angles. One,
in terms of the growing number of sub-fields: surface hydrology,
subsurface hydrology (or groundwater hydrology or hydrogeology),
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hydrometeorology, hydroclimatology, paleohydrology, snow hydrology,
urban hydrology, physical hydrology, chemical hydrology, isotope
hydrology, ecohydrology (or hydroecology), vadose zone hydrology, and
hydroinformatics, among others. The other, in terms of the growing
number of scientific theories and mathematical techniques for
measurements, modeling, and forecasting: for example, stochastic
methods, scaling and fractal theories, remote sensing, geographic
information systems, artificial neural networks, evolutionary computing
techniques, wavelets, nonlinear dynamics and chaos, fuzzy logic and
fuzzy set theory, support vector machines, and principal component
analysis.

Either type of this growth is certainly good for hydrology. On
one hand, the creation of sub-fields of hydrology facilitates
‘compartmentalization’ of the large hydrologic space (e.g. hydrologic
cycle) into many smaller sub-spaces (e.g. hydrologic components) to
better identify specific mechanisms of interest to be understood and
issues that need to be resolved. On the other hand, the import of various
scientific theories and mathematical techniques helps to better measure
and understand such mechanisms and resolve the associated issues.

If, and when, these two types of growth go side by side, progress in
hydrology can be remarkable. However, even this is only a partial job
done, since the focus likely is still on a specific sub-field and a
theory/technique (i.e. ‘specialization’). Consequently, the central issues
in the larger hydrologic space are either completely unaddressed or at
least temporarily pushed to the background. Another increasingly
recognizable danger in this kind of ‘specialization’ is the potential lack
of communication among the different sub-groups and, consequently, the
lack of knowledge about the broader hydrologic issues.

These dangers make it clear that, in order to achieve true progress in
hydrology, there needs to be a good balance between the way we tend to
pursue ‘specialization’ and the way ‘generalization’ must be pursued in
hydrology. This balancing act, however, is a great challenge, especially
since it also often requires knowledge of all the sub-fields for their
salient characteristics and of all the theories/techniques for their
advantages and limitations. In other words, for example, in order to
choose the most appropriate technique to solve a given hydrologic
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problem, knowledge of all the available techniques is essential in the first
place (Although this makes the purpose of ‘specialization’ meaningless
on an individual basis, when considered collectively it does not).

As for the mathematical techniques in hydrology, the current
hydrologic literature is not only too vast but also increasingly
specialized. For example, there are many books purely on stochastic
methods or artificial neural networks. Although, this situation is a
reflection of how far we have advanced in our scientific theories and
understanding, it also creates a major problem: that is, there is not even a
single book that can help one to gain knowledge of at least a few, let
alone all, of the major techniques in hydrology. An obviously related
problem is that the ‘search process’ for finding details about the different
techniques is oftentimes strenuous. What is urgently needed, therefore, is
a unique book that presents details of all the major techniques in
hydrology, or at least a few of them. This is the motivation for this book.

It is relevant to note that, one of the main reasons for the proliferation
of mathematical techniques in hydrology (and in other fields) is
our advancements in measurement and computer technologies. The
availability of more and better quality data (both in space and in time)
and the increase in computational power and speed have certainly
facilitated (and, sometimes, even ‘forced’ or ‘coerced’) the development
of numerous ‘data-based’ approaches. Although data is central to almost
all scientific endeavors (pattern recognition, modeling, forecasting,
verification), our interpretation of ‘data-based’ approaches herein refers
to ‘data-driven’ approaches (and, sometimes, also termed as ‘data-
mining’ approaches; in a broader sense, ‘time series’ approaches). With
this interpretation, the primary question we try to address in this book is:
What is the best possible way for both experienced researchers and
students of hydrology to learn the different data-based theories and
techniques?

With numerous data-based approaches in existence and applied in
hydrology, and more and more emerging day by day, it is near-
impossible to present details of all the approaches in a single book.
Therefore, the best possible way to achieve the above goal is to select a
few ‘major’ data-based approaches and present comprehensive accounts
of those approaches. Obviously, such a selection is subjective (upon us).
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Nevertheless, our selection is based on the ‘popularity’ of an approach,
the extent of its applications in hydrology thus far, and the potential for
its future.

As per this, we select eight major data-based approaches for
presentation in this book. These approaches are: stochastic methods,
parameter estimation techniques, scaling and fractal methods, remote
sensing techniques, artificial neural networks, evolutionary computing
techniques, wavelets, and nonlinear dynamics and chaos methods. These
approaches are chosen, as they have found key applications in the study
of hydrologic system characteristics (e.g. determinism, stochasticity,
linearity, nonlinearity, complexity, scale, self-organized criticality,
thresholds, sensitivity to initial conditions), processes (e.g. rainfall, river
flow, rainfall-runoff, evaporation and evapotranspiration, sediment
transport, water quality, groundwater contamination), and the associated
problems (e.g. system identification and prediction, synthetic data
generation, data disaggregation, data measurement, model parameter
estimation and uncertainty, regionalization).

1.2. Organization

The above eight approaches are presented in the following eight
chapters, with a chapter for each approach. The approaches are also
arranged (in the above order), so as to reflect roughly the chronological
order in which they started to become an attraction in hydrology. For
each approach, the presentation includes a comprehensive review of the
fundamental concepts, their applications in hydrology thus far, and a
discussion on potential future directions. Therefore, the book provides a
much more efficient and effective way for the reader to get familiarized
with the role of these major data-based approaches in hydrology. The
final chapter summarizes the highlights of these eight chapters and also
offers some future directions for further advancement of hydrology.
Before we move on to details of the individual approaches, it would be
helpful to present herein a brief account of these approaches.

In Chapter 2 (by Rajagopalan, Salas, and Lall), a detailed account
of stochastic methods is presented, with particular emphasis placed
on precipitation and streamflow modeling. The term ‘stochastic’ was
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derived from the Greek word ‘Xtdyog,” which means ‘random.’
Stochastic methods in hydrology emerged during 1960s—early 1970s,"®
and have been dominating hydrologic studies ever since.”'® They started
off with parametric techniques and then advanced to nonparametric
techniques; methods that combine parametric and nonparametric
techniques have also been proposed. There exist numerous stochastic
models in hydrology, and software programs as well. Popular among
these models include ARMA (autoregressive moving average) models,
alternating renewal models, Markov chain models, kernel density
estimators, and K-nearest neighbor bootstrap models. Since their
inception, stochastic methods have been applied to numerous hydrologic
processes and problems, including for rainfall and streamflow data
generation and disaggregation and for groundwater flow and contaminant
transport studies. A particularly notable application of stochastic
methods these days is for the downscaling of coarse-scale outputs from
Global Climate Models or General Circulation Models (GCMs) to
regional- and catchment-scale hydrologic variables.'”** Since global
climate change is anticipated to increase the number and magnitude of
extreme hydrologic events (e.g. floods, droughts), assessment of climate
change impacts on hydrology and water resources would critically
depend on our ability to accurately downscale the coarse-scale GCM
outputs to catchment-scale hydrologic data. This suggests an even far
greater role of stochastic methods in hydrologic studies in the future.
Parameter estimation is an important problem in our modeling
endeavor, regardless of the type of model (e.g. physical-based,
conceptual-based, black-box). Research on parameter estimation in
hydrologic models and on the associated uncertainties gained importance
in the 1980s,”* and has advanced tremendously during the last two
decades,””* largely contributed by the development of more and more
complex hydrologic models. Among the popular parameter estimation
and uncertainty methods are the shuffled complex evolution (SCE)
algorithm, genetic algorithm (GA), Monte Carlo Markov chain (MCMC)
method, Bayesian recursive estimation, and the generalized likelihood
uncertainty estimation (GLUE). Although the necessity of more complex
models for a more adequate and accurate representation of our
hydrologic systems has been clearly recognized in certain situations, our
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increasing tendency to develop more and more complex models than
perhaps that may actually be needed has also come to light and been
questioned in terms of data and other limitations.”>* Nevertheless, for
both right and wrong reasons, we will be witnessing, at least in the near
future, even more and more complex models and, hence, the model
parameter estimation and uncertainty issues will continue to be important
topics of research in hydrology. Chapter 3 (by Yilmaz, Vrugt, Gupta, and
Sorooshian) presents details of the model parameter estimation and
uncertainty issues, with special focus on model calibration in watershed
hydrology.

Chapter 4 (by Veneziano and Langousis) presents a comprehensive
account of scaling and fractal concepts in hydrology. Generally speaking,
‘scaling’ refers to a situation where the system/process properties are
independent of the scale of observation, and the term ‘fractals’ is used to
refer to ‘scaling with non-integer’ dimensions. The scaling and fractal
ideas in hydrology go back to as early as the 1930s—1940s,”>° but their
importance was brought forth to better light in the 1960s.”””® Further
significant advancements have been made only since the 1980s.%"*
During this period, these concepts have found their applications in
studying rainfall and river flow distributions, rainfall disaggregation,
river networks, width functions, and groundwater flow and contaminant
transport, among others. In addition to these, of particular current
applications of the scaling and fractal ideas in hydrology include closely-
related problems of catchment regionalization, catchment classification,
and predictions in ungaged basins (PUBs).*"* With increasing calls in
recent times for a generalized modeling framework in hydrology™*’
together with the need to make predictions in ungaged basins to deal with
extreme hydrologic events, especially floods of far greater magnitudes
potentially resulting from climate change, the scaling and fractal
concepts will likely play a far more crucial role in future hydrologic and
water resources studies.

Apart from computer power and speed, one of the main reasons that
led to the development of sophisticated data-based approaches and their
applications in hydrology is the availability of more and better quality
hydrologic data made through remote sensing technology. Remote
sensing (e.g. using geostationary satellites) facilitates measurements of
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precipitation and other hydrometeorologic variables (e.g. land surface
temperature, near-surface soil moisture, landscape roughness and
vegetation cover, snow cover and water equivalent) at high resolutions
both in space and in time. Although the origin of the remote sensing
technology may be tracked down to more than 150 years ago with the
invention of the camera (that too only from the perspective of an
‘equipment’), the revolution in ‘remote sensing’ technology (as we refer
to these days) first began in the 1960s with the deployment of space
satellites, advanced further in the 1970s with the deployment of
the Landsat satellites, and has been continuing since then. Remotely
sensed data have been studied and used for many different purposes in
hydrology, including forecasting of precipitation and floods and
estimation of soil moisture.**'® With space missions and satellite
technology growing at a very fast pace, remotely-sensed hydrologic and
related data will be used to study numerous hydrologic problems at
different spatial and temporal scales. One of the areas where remote
sensing can play a vital role in the near future is the transboundary
waters, where ground measurements are oftentimes extremely difficult,
both for physical and for other reasons. Chapter 5 (by Anagnostou)
presents a detailed account of remote sensing in hydrology, particularly
focusing on precipitation nowcasting/forecasting and hydrologic
applications.

Artificial neural networks (ANNs), developed based on our
knowledge of the human nervous system, are probably the most widely
used tool in hydrologic studies these days, perhaps next only to
stochastic methods. The ability of ANNs to represent the nonlinear
relationship between the input variable(s) and the output variable(s) only
through a learning procedure with a transfer (activation) function,
without the necessary knowledge of the underlying system, is arguably
their strongest suit, which makes them often more attractive than the
other methods. Applications of ANNs in hydrology started only as
recently as the early 1990s,'”""" but have skyrocketed since then.''*'*
Thus far, artificial neural networks have been applied for numerous
purposes in hydrology, including forecasting (rainfall, river flow, river
stage, groundwater table depth, suspended sediment, evapotranspiration),
data infilling or missing data estimation, and downscaling of GCM
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outputs. There have and continue to be strong criticisms on the use
of ANNs in hydrology on the basis of them being weak extrapolators,
their lack of physical explanation, their inability to provide information
on input/parameter selection, and the possibility of over-
parameterization.'">'*"'*® Many studies have indeed addressed these (and
many other) issues and also brought to light their utility and
appropriateness for hydrologic modeling and forecasting,'*"'*'*!
Nevertheless, there is also a clear recognition on the need to do much
more in this respect. If and when this can be successfully done, the
important role of ANNs in hydrologic modeling and forecasting will be
beyond questionable. A comprehensive account of the state-of-the-art of
ANNSs in hydrology is presented in Chapter 6 (by Abrahart, See,
Dawson, Shamseldin, and Wilby).

Chapter 7 (by Babovic and Rao) presents details of applications of
evolutionary computation methods in hydrology, in particular on the role
of genetic programming in hydrologic studies. Evolutionary computation
generally refers to computation based on principles of natural evolution.
There are many different methods under the umbrella of ‘evolutionary
computation,” depending upon the purpose of their use and the way the
evolution principles are interpreted/used. These methods include genetic
algorithms, genetic programming, ant colony algorithm, and particle
swarm method, among others. Evolutionary computation studies in
hydrology emerged in the early 1990s, and there has been a significant
growth since then."”*'*® Evolutionary computation methods have already
found their applications in several areas and problems of hydrology,
including precipitation, rainfall-runoff, water quality, evapotranspiration,
soil moisture, groundwater, and sediment transport. However, these
methods are still in the state of infancy and, thus, our knowledge of these
methods remains very limited. As a result, we have thus far not been able
to explore them enough for hydrologic modeling and forecasting, but this
situation will change soon as we vigorously and rigorously continue our
research in this direction. At the current time, use of these methods for
calibration of rainfall-runoff models is gaining particular importance.
Since the increasing availability of hydrologic data and, thus, the
growing complexity of hydrologic models facilitate/necessitate data
processing, parameter estimation, and many other tasks, evolutionary



Setting the Stage 9

computation methods will play a crucial role in dictating how we will go
about hydrologic modeling in the future.

Wavelets are mathematical functions that cut up data into different
frequency components and then study each component with a resolution
matched to its scale. They have advantages over traditional Fourier
methods in analyzing physical situations where the signal contains
discontinuities and sharp spikes, which are commonplace in hydrology.
Applications of wavelets in hydrology started in the 1990s and have been
continuing at a very fast pace.'*”'®" Among the areas and problems of
hydrology where wavelets have been employed are precipitation fields
and variability, river flow forecasting, streamflow simulation, rainfall-
runoff relations, drought forecasting, suspended sediment discharge, and
water quality. The outcomes of these studies are certainly encouraging,
as they indicate the utility of wavelets for studying hydrologic signals as
well as their superiority over some traditional signal processing methods
(e.g. Fourier transforms). Nevertheless, there remain serious concerns on
the lack of physical interpretation of the results from wavelet analysis.
Development of wavelet-based models that take into account the intrinsic
multiscale nature of physical relationships of hydrologic processes would
help address these concerns. Another possible means may be by coupling
wavelets with other methods that can represent, at least to a certain
degree, the physical relationships. The literature on wavelets in
hydrology provides good indications as to the positive direction in which
we are moving. Chapter 8 (by Labat) presents an excellent account of
wavelets and their applications in hydrology (and in earth sciences).

Hydrologic phenomena are inherently nonlinear and interdependent,
and also possess hidden determinism and order. Their ‘complex’ and
‘random-looking’ behaviors need not always be the outcome of ‘random’
systems but can also arise from simple deterministic systems with
sensitive dependence on initial conditions, called ‘chaos.” Although the
discovery of ‘chaos theory’ in the 1960s brought about a noticeable
change in our perception of ‘complex’ systems,'®> not much happened in
‘chaos’ research in hydrology until the 1980s due to the absence of
powerful computers and nonlinear mathematical tools. Early studies on
applications of nonlinear dynamics and chaos concepts in hydrology
were conducted during the late 1980s—early 1990s.'"'®® Since then, there
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has been an enormous growth in chaos studies in hydrology.”> "%
The application areas and problems include rainfall, river flow, rainfall-
runoff, sediment transport, groundwater contaminant transport,
modeling, prediction, noise reduction, scaling, disaggregation, missing
data estimation, reconstruction of system equations, parameter
estimation, and catchment classification. These studies and their
outcomes certainly provide different perspectives and new avenues to
study hydrologic systems and processes; simplification in hydrologic
modeling is just one of them. In fact, arguments as to the potential of
chaos theory to serve as a bridge between our traditional and dominant
deterministic and stochastic theories have also been put forward.'*® A
comprehensive account of nonlinear dynamics and chaos studies in
hydrology is presented in Chapter 9 (by Sivakumar and Berndtsson).
There is no question that the above eight data-based approaches have
significantly advanced hydrologic theory, research, and practice. A
similar conclusion may also be arrived in regards to the other data-based
approaches that are not part of this book, including fuzzy logic and fuzzy
set theory, support vector machines, principal component analysis, and
singular spectrum analysis. Despite these advances, however, there are
also growing concerns on at least two important points: (i) our tendency
to ‘specialize’ in these individual scientific theories and mathematical
techniques, rather than to find ways to integrate them to better address
the larger hydrologic issues; and (ii) the lack of ‘physical’ explanation
of these concepts and the parameters involved in the methods
to real catchments and their salient properties.”> Although there
have certainly been some efforts in advancing research in this
direction,>" #7121 0TI yhey are few and far between. To achieve
true progress in hydrology, this situation needs to change, and change
quickly. These issues and the associated challenges are highlighted in the
final chapter (by Sivakumar and Berndtsson).
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Stochastic simulation and forecasting of hydroclimatic processes, such
as precipitation and streamflow, are vital tools for risk-based
management of water resources systems. Stochastic hydrology has a
long and rich history in this area. The traditional approaches have been
based on mathematical models with assumed or derived structure
representing the underlying mechanisms and processes involved. The
model generally includes several variables and a parameter set. Such
“parametric models” have been quite useful in practice for analyzing
and synthesizing hydrologic time series at various timescales. A lot of
experience has been gained using such “traditional techniques” with
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large complex systems, such as the Colorado River, the Great Lakes,
the Ottawa River, and the Nile River. Further, over the last two
decades, the field of stochastic hydrology has been enriched by the
emergence of nonparametric data-driven methods. Nonparametric
methods are gaining wide prominence and are being applied to a
variety of hydrologic and climatologic applications. In fact, in many
cases, the proper combination of both parametric and nonparametric
techniques has been quite useful and beneficial. Also, the availability of
software and computational power has paved the way for more efficient
applicability of both techniques. In this chapter, we attempt to provide
an overview of both parametric and nonparametric techniques for
modeling hydrologic time series, particularly precipitation and
streamflow.

2.1. Introduction

Risk-based planning and management of water resources systems
generally require knowledge of the wvariability of hydroclimatic
processes, such as precipitation, temperature, and streamflow. Stochastic
simulation of these processes provides input scenarios that may be used
to drive process models, such as crop models, hydrologic models, and
water resources management models, which provide distributions of
various decision variables of interest and aid in devising effective
planning and management strategies. Due to only sparse temporal and
spatial data available, which is often encountered in practice, it is
difficult to obtain a robust understanding of the underlying variability
from limited data. Consequently, the risks may not be accurately
reflected, thus leading to sub-optimal planning and management
decisions. To this end, it is important to be able to apply proper
techniques that can reflect the underlying physical and stochastic
mechanisms of the variables involved.

Synthetically generated sequences of daily hydroclimatic variables,
especially precipitation and streamflow, are often used for efficient short-
term and long-term operation and management of water resources
systems. Clearly, stochastic models that generate the sequences should
be able to faithfully capture the distributional and dependence properties
of the historical data. Furthermore, they should be able to generate
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sequences conditionally (e.g. conditional on seasonal climate forecast),
so as to provide realistic scenarios for use in seasonal to interannual
planning.

In this chapter, we attempt to provide an overview of selected
stochastic techniques as simulation and forecasting tools. The chapter is
organized as follows. Traditional parametric methods for precipitation
modeling and simulation are presented first, followed by nonparametric
approaches. Use of these methods in the context of weather generators is
then described. We follow this by descriptions of parametric and
nonparametric tools for stochastic streamflow simulation. We conclude
the presentation with a brief summary of extensions for forecasting and
for other applications.

2.2. Stochastic Simulation of Precipitation

2.2.1. Continuous Precipitation Models

The theory of point processes has been one of the earliest tools for
modeling precipitation as a continuous process.' In this, the number of
storms N(?) in a time interval (0, #) arriving at a location is assumed to be
Poisson-distributed with parameter A¢ (A = storm arrival rate). If n storms
arrived in the interval (0, ¢) at times f,,...,t,, then the number of storms in
any time interval 7 is also Poisson-distributed with parameter AT. It is
further assumed that the rainfall amount R associated with a storm arrival
is white noise (e.g. R may be gamma-distributed) and that N(¢) and R are
independent. Thus, rainfall amounts ry,...,r, correspond to storms
occurring at times fi,...,t,. Such a rainfall generating process has been
called Poisson white noise (PWN).

Under this formulation, the cumulative rainfall in the interval (0, ),
Z(t) = Zj]:)Rj is a compound Poisson process. In addition, the
cumulative rainfall over successive non-overlapping time intervals
T is given by Y, =ZGT)-Z(T-T),i=1,2,.... The basic statistical
properties of Y;, assuming that Z(¢) is generated by a PWN model, has
been widely studied.”* For example, its autocorrelation function p, (Y) is
equal to zero for all lags greater than zero, which contradicts actual
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observations (e.g. 0;(Y)=0.446 for hourly precipitation at Denver
Airport station for the month of June based on the 1948-83 record).
Nevertheless, the PWN model has been useful for predicting annual
precipitation* and extreme precipitation events.” Modifications to the
PWN model consider rainfall as an occurrence with a random duration D
and intensity I, called the Poisson rectangular pulse (PRP) model.’
Commonly, D and [ are assumed to be independent and exponentially
distributed. In this formulation, n storms may occur at times #i,...,t, with
associated intensities and durations (i, dy)....,(i,, d,), and the storms may
overlap so that the aggregated process Y; becomes autocorrelated.
Although the PRP model is better conceptualized than the PWN, it is still
limited when applied to actual rainfall data.®

Neyman and Scott’ originally suggested the concept of clusters in
modeling the spatial distribution of galaxies. This concept of space
clustering has been applied to model continuous time rainfall.*'> The
cluster process can be described as a two-level mechanism for generating
rainfall: first, the storm arrival is assumed to be Poisson-distributed with
a given parameter, and then each storm is associated with a number of
precipitation bursts, which are distributed as Poisson or Geometric. In
general, m; precipitation bursts are associated with the storm that arrived
at time #. In addition, the time of occurrence of bursts 7 relative to the
storm origin #; may be assumed to be exponentially distributed. Then,
if the precipitation burst is described by an instantaneous random
precipitation depth R, the resulting precipitation process is known as
Neyman-Scott white noise (NSWN), while if the precipitation burst is a
rectangular pulse the precipitation process is known as Neyman-Scott
rectangular pulse (NSRP).

Parameter estimation of Neyman-Scott models has been extensively
studied®>"*"” using the method of moments and other approaches. A
major estimation problem is that parameters estimated based on data for
one level of aggregation, say hourly, may be significantly different from
those estimated from data for another level of aggregation, say
daily.>*”'® Weighted moments estimates of various timescales in a least
squares fashion is an alternative.”'* Constraints may be set on the
parameters based on the physical understanding of the process that can
improve parameter estimation,'® as shown in a space-time cluster
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model,"”* but the difficulty in estimating the parameters even when
using physical considerations persists.

Besides the Poisson and Neyman-Scott cluster processes, other types
of temporal precipitation models have also been suggested, such as those
based on Cox processes,” renewal processes,””” and Barlett-Lewis
processes.''** Likewise, alternative space-time multi-dimensional
precipitation models have also been developed.” All these precipitation
models based on point and cluster processes that have been developed
thus far are severely limited for modeling convective rainfall, where
daily periodicity is observed.'®*® Nonlinear dynamics and chaotic
behavior of rainfall process®’ further highlights the limitations of the
point and cluster process-based models. Discussions on rainfall analysis,
modeling, and predictability have been made in various reviews™ > and
special issues of journals in the Applied Meteorology discipline.****

2.2.2. Models of Cumulative Precipitation over Non-overlapping
Time Intervals

While point process and cluster models provide a general framework for
modeling rainfall as a continuous process, models may also be
formulated directly for aggregate rainfall at the desired timescale (e.g.
hourly, daily, weekly, monthly). Examples of such models are presented
next.

2.2.2.1. Markov Chain Models

While Markov chain models have been widely suggested in the literature
for simulating precipitation (mainly at daily timescale),”***>* they have
also been used for many other hydrologic processes, such as streamflow,
soil moisture, temperature, solar radiation, and water storage in
reservoirs. Markov chain models are used for modeling the precipitation
occurrence (i.e. wet or dry), and a probability density function (PDF) is
used for generation of the rainfall amount on a wet day, as described
below.

Let X(#) be a discrete-valued process that starts at time 0 and develops
through time. Then, P[X (1) =x,|X (0) = x,, X() = x,,..., X (t =) =x,_]



22 B. Rajagopalan et al.

is the probability that the process X(f) = x,, given its entire history. If this
probability simplifies to P[X (¢) = x,|X(t —1)=x,_;], the process is a
first-order Markov chain or a simple Markov chain. Because X(¢) is
discrete-valued, we use here the notation X(t) =j, j =0, 1,..., r instead of
X(t) = x, , where j represents a state and r + 1 is the number of states; for
example, in modeling daily rainfall, one may consider two states, j = 0
for a dry day (no rain) and j = 1 for a wet day. A simple Markov chain is
defined by its transition probability matrix P(t), a square matrix with
elements p;(t) = P[X() =j |X(t — 1) = {] for all i, j pairs. Furthermore,
qi(t) = P[X(t) = jl,j = 0, 1,..., r, is the marginal probability distribution
of the chain being at any state j at time ¢ and ¢;(0) is the distribution
of the initial states. Moreover, the Markov chain is a homogeneous
or stationary chain if P(t) does not depend on time, and, in this case,
the notations P and p; are used. The probabilities that are useful
for simulation and forecasting of precipitation events are: the n-step
transition probability pi(jn), the marginal distribution g,(f) given the
distribution ¢;(0), and the steady-state probability vector g*. These
probabilities can be determined from well-known relations available in
the literature.”®”

Estimation of probabilities for a simple Markov chain amounts to
estimating the transition probability matrix, which is usually obtained by
the method of moments and the maximum likelihood method.*” Other
methods, such as the Akaike Information Criteria (AIC), have also been
proposed to test the adequacy of the Markov chain and to help in the
selection of the order of the Markov chain.**** Simple Markov chains
may be adequate for representing many processes, although sometimes
more complex models may be necessary. For instance, in modeling daily
rainfall processes throughout the year, the parameters of the Markov
chain must vary with time to capture the seasonality. Thus, for a two-
state Markov chain, the transition probabilities p; vary along the year and
the estimates can be fitted with Fourier series to smooth-out sample
variations.”™* Also, higher-order Markov chains that vary seasonally
may be necessary; for instance, analyzing daily precipitation records
across the continental United States, it was concluded that generally
second- and third-order models were preferred for the winter months
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while first-order model for the summer months.*” Generic higher-order
formulation that allows incorporation of dependence on aggregate
continuous variables has also been proposed*' as well as Markov chain
models for daily precipitation conditioned on the total monthly
precipitation.**

Multistate Markov chain models that also consider the dependence
between transition probabilities and rainfall amounts may be necessary to
capture better the extreme rainfall.*** Also, models with periodic
Markov chains for hourly rainfall that account for the effect of daily
periodicity have been suggested.® Further, a hierarchical Markov
chain model to describe the daily precipitation process, given the
heterogeneous generating mechanisms, has been proposed.*’ Generally,
Markov chain models do not reproduce long-term persistence and event-
clustering.”** Despite some well-known limitations, Markov chain
models are attractive because of their simple structure, ease of
application and interpretability, and well-developed literature.

2.2.2.2. Alternating Renewal Models

The term ‘renewal’ stems from the implied independence between the
wet and dry period lengths, while the term ‘alternating’ refers to the fact
that wet and dry states alternate; no transition to the same state is
possible. An advantage of this representation is that it allows direct
consideration of a composite precipitation event. A geometric or a
negative binomial distribution may be used as a model for spell length,
where a daily time step is of interest.”” A probability distribution for
precipitation amount also needs to be developed. The primary difficulties
with the wet/dry spell approach for daily rainfall modeling are: (i) the
need for disaggregating the wet spell precipitation into daily or event
precipitation (this is not an issue if independence in daily precipitation
amounts is assumed, since that is typically assumed in Markov chain
models); (ii) the justification of the independence between the wet and
dry spell lengths at short timescales; and (iii) the effective reduction in
the sample size by considering spells, rather than days.
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2.2.2.3.  Models for Precipitation Amount

Markov chain and renewal models, described above, simulate the
precipitation occurrence (wet or dry) and the wet and dry spells. The
rainfall amount on wet days must be determined, which involves fitting
a PDF for each month or season from the observed data and using them
to simulate the amounts. Typically, a parsimonious member of the
exponential family (Gamma, Lognormal, Weibull) that best fits the data
is used and the goodness of fit of the PDF is determined using traditional
tests, such as the Kolmogrov-Smirnov test and the Chi-square test.”

This approach may be extended for modeling precipitation at longer
timescales, such as monthly, seasonal, and annual. In such cases,
modeling precipitation at a given site amounts to finding the probability
distribution for each time interval (e.g. monthly). Generally, different
distributions are needed for each month. Precipitation data in semi-arid
and arid regions may include zero values for some months; hence,
precipitation is a mixed random variable. Consider that X,, is
the precipitation for year v and season 7, and define P,(0) = P(X,, = 0),
7 = 1,..., 12. Then, FXr\XDO(x) =P(X < x|X > () is the conditional
distribution of monthly precipitation. Thus, prediction of monthly
precipitation requires estimating P,0) and F X7 xr>0(X) . Several
distributions, such as the Gamma, Lognormal, and Log-Pearson, have
been used for fitting the empirical distribution of monthly precipitation.
Modeling annual precipitation is similar to modeling seasonal
precipitation; that is, determining either the marginal distribution Fx(x) or
the conditional distribution Fy|x-o(x) depending on the particular case at
hand.

Modeling precipitation at several sites is not trivial. Inter-site cross-
correlations and the marginal distribution (at each site) must be
considered in a multivariate framework. The data is transformed into a
Normal distribution using power transforms and then a lag-zero
multivariate model is applied for modeling the transformed precipitation
(an approach similar to modeling streamflow, described below).
Likewise, modeling annual precipitation at several sites is generally
based on transforming the data into Normal and using a multivariate
Normal model. In all cases where Normal transformation is utilized, after
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generating data in the Normal domain they must be inverted back into
the original precipitation domain. Likewise, where modeling the
occurrence of precipitation (zeros and non-zeros), an appropriate
multivariate Markov chain model must be applied.

2.2.3. Nonparametric Models for Simulating Precipitation

Fitting a best PDF model to the precipitation data is often difficult
because real data may exhibit a variety of features, such as bimodality,
unusual skew, and long tail, that cannot be easily captured by a limited
set of traditional probability density functions. Furthermore, the
parameters of the traditional PDF models can be unduly influenced by
outliers, leading to high variance in the selection of the best parametric
model, which, in turn, impacts the ability to properly estimate the
behavior of the underlying probability distribution in the tails and in the
body of the distribution. Consequently, simulations from such models
may not faithfully represent the observed data. Nonparametric methods
offer an attractive alternative in this regard. Nonparametric models for
simulating precipitation differ from the traditional methods, described
above, in the manner in which the precipitation amount is modeled. The
tail behavior of the data does not unduly influence the probability
distribution in the main body of the data, and serial dependence is
preserved in a more general sense. As a result, the representation of
individual extreme events may not be any better than that achieved
through the traditional parametric models. However, the properties of
sequences, including the statistics of a run of extreme events, may be
better represented. Given that much of the vulnerability of water systems
to climate derives from exposure to persistent extremes, nonparametric
methods may provide an effective tool. Kernel density estimators,
described next, are one of the methods used in this regard.

2.2.3.1. Kernel Density Estimators

Nonparametric estimation of probability and regression functions now
has a nearly 20-year history in stochastic hydrology, and in
computationally intensive statistics.”’ A function approximation method
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is considered nonparametric if: (i) it is capable of approximating a large
number of target functions; (ii) it is“local” in that estimates of the target
function at a point use only observations located within some small
neighborhood of the point; and (iii) no prior assumptions are made as to
the overal functional form of the target function. A histogram is a
familiar example of such a method. Note that such methods do have
parameters (e.g. the bin width of the histogram) that influence the
estimate at a point. However, they are different from “parametric”
methods, where the entire function is indexed by a finite set of
parameters (e.g. mean, standard deviation) and a prescribed functional
form. Kernel density estimation is a nonparametric method of estimating
a PDF from data that is related to the histogram. Expository monographs,
which develop these ideas in detail and provide an interesting and robust
presentation, are available in the literature.”*>*

Given a set of observations xq, X,,..., X, (in general, X may be a scalar
or avector), the kernel density estimate (KDE) is defined as

f(x) = %Z:\;K((X —x,)/h) (2.1)

where K( ) is aweight or kernel function and h is a bandwidth. This can
be explained using a histogram. Consider the definition of probability as
a relative frequency of event occurrence. Now, an estimate of the
probability density at a point x may be obtained if we consider a box or
window of width 2h centered at x and count the number of observations
x that fal in such a box. The estimate f(X) is then the number of
observations x; that lie within [x — h, x + h)]/(2hN). In this example, a
histogram, we have used a rectangular kernel K(t) = 1/2 for |t| <1 and O
otherwise; and t = (x — x)/h) for the estimate in the locale of x. As the
sample size n grows, one could shrink the bandwidth h such that
asymptotically the underlying PDF is well approximated. Note that for a
finite sample this is much like describing a histogram, except that the
“bins” are centered at each observation or at each point of estimate, as
desired.

From the point of view of simulation, one can treat each observation
X as being equally likely to occur in the window x = h and resample it
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uniformly in that interval (for this example). Clearly, one is not restricted
to rectangular kernels. The “parameters” of this method are the kernel
function or “local density” and the bandwidth 4. A valid PDF estimate is
obtained for any K( ) that is itself a valid PDF. Symmetry of K( ) is
assumed for unbounded data to ensure pointwise unbiasedness of the
estimate. Finite variance of K( ) is assumed to ensure that f (x) also has
finite variance. This still leads to a wide choice of functions for K( ). It
turns out that, in terms of the mean square error (MSE) of f (x), the
choice of K( ) is not crucial. Different kernels can be made equivalent
under rescaling by choosing appropriate bandwidths. A Gaussian kernel
with a large bandwidth can give MSE of f (x) comparable to that using
a rectangular kernel with a smaller bandwidth. Thus, given a kernel
function, the focus shifts to appropriate specification or estimation of the
bandwidth. It is important to note that specifying a kernel function does
not have the same implications as that of choosing a parametric model
for the whole density because the focus remains on a good pointwise or
local approximation of the density rather than on fitting the whole curve
directly. Different choices of K( ) still yield a local approximation of the
underlying curve point by point. One can understand this by thinking of a
weighted Taylor series approximation to f(x) at a point x. The interplay
between i and K( ) can be thought of in terms of the interval of
approximation and a weight sequence used to localize the approximation.
The length of the interval (or bandwidth in this case) is more important
in terms of approximation error. However, the tail behavior of K( ) is
important in a simulation context, since it relates to the likely degree of
extrapolation of the process. Some typically used kernels are standard
Normal, Quadratic (or Epanechnikov), and Bisquare.5 3

The consensus in the statistics literature’>>® is that the choice of
kernel is secondary in estimating f(x), and research has focused on
choosing an appropriate bandwidth optimally (in a likelihood or MSE
sense) from the data. Reference bandwidth that minimizes the MSE,
assuming a Normal kernel and an underlying Normal PDF of the data,
provides an optimal reference bandwidth and consequently a smoothed
PDF.>® As mentioned above, this optimal reference bandwidth does not
result in a Normal PDF of the data, because the estimation of f(x) is



28 B. Rajagopalan et al.

performed locally using the KDE — this local estimation is an important
aspect of this approach. This provides a quick and easy estimate to
the bandwidth, and is widely used in software implementations.”*”
Data-driven bandwidth selection methods, which use recursive method
to minimize the average mean integrated square error (MISE)™* of
f (x) or other objective criteria (e.g. cross validation), have also been
suggested.””* The bandwidth may vary by location (i.e. value of x),
being larger where the data are sparser. Typically, this is achieved by
perturbing the global bandwidth % obtained from one of the foregoing
methods.”*”

The KDE approach extends to discrete variables and also to multiple
variables. In the case of discrete variables, the probability mass function
estimator is

F =3 K, (L=Ip, (2.2)
where L is the discrete value of interest for the probability mass function,
12 ; 1s the sample relative frequency (n;/n), and Lmax is the maximum
discrete value in the observed data. The kernel function used in the case
of continuous variables can be also used here, but they need to be
normalized such that their weights are concentrated at discrete points.
Discrete quadratic kernels, which have been developed and extensively
tested, obviate the need for such scaling,” besides being consistent with
a discrete random variable.

One of the annoying aspects of KDE is the increased bias within the
bandwidth of the boundary (e.g. for precipitation and streamflow, the
boundary is at 0) of the sample space. The bias is a consequence of
the increasingly asymmetric distribution of the random variable as one
approaches the boundary; hence, modifications to kernel density estimate
are needed within this region. The problem is aggravated if a kernel with
infinite support (i.e. Normal) is used. Several methods are available to
deal with this problem, but the boundary kernels are more effective at
alleviating this.”” In this, a set of equivalent boundary kernels for a given
kernel, used in Eq. (2.1), is developed when evaluating within one
bandwidth from the boundary. These boundary kernels pose their own
set of problems: (i) boundary kernel estimates can lead to negative values
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for the PDF, which is unrealistic; (ii) boundary kernels are
mathematically difficult to obtain for all kernels; and (iii) the bandwidth
obtained for the regular kernel may not be valid for the boundary kernel.
For most applications, this is not an issue and so neglected, but the
problem is acute for data with heavy concentration near the boundary,
such as the case of precipitation where most of the data are close to 0. A
logarithmic transform of the precipitation data prior to density estimation
is often considered, and the KDE in Eq. (2.1) is now modified as

f<x>=i2fill< {[log(x) ~log(x))1/ h} (2.3)

where h is the bandwidth of the logarithm of the data. This approach
works extremely well and detailed investigation of this and the boundary
kernels bear this out.™® Comparisons of kernels, bandwidth selection
schemes, and boundary treatments in the context of rainfall simulation
have already been performed.*

Simulation from the KDE simply proceeds by randomly selecting an
observation x; and generating a random value from the selected kernel
(note that the kernels themselves are valid PDFs, as mentioned before).
The simulated value is x; + ¢; x h, and this approach is also known as
smoothed bootstrap.” Slight modifications to this are proposed to
reproduce the variance.” The simulated values will have the same PDF
as that estimated by the KDE.

The rainfall simulation involves generating rainfall occurrences (wet
or dry) from an appropriate Markov chain model (described in Sec.
2.2.2.1) and generating rainfall amount on wet days from the KDE, as
discussed above. Nonparametric alternate renewal models have been
proposed,” wherein wet and dry spells are alternatively simulated from
the discrete kernel probability mass estimates, and the KDE is used to
simulate the rainfall amounts on wet days.

Extension of the KDE to multivariate and conditional PDF
estimation is straightforward in that the scalars are replaced by vectors in
the equations above.”>” The conditional PDFs have been constructed
with a similar smooth bootstrap approach to simulate daily rainfall.”*'
This enables the ability to capture long-term persistence (i.e. persistence
at seasonal and interannual timescales).
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2.2.3.2.  K-NN Bootstrap Models

The kernel density estimation, described above, suffers from boundary
problems that get worse in the multivariable case and, thus, the density
estimates and simulations tend to be biased. The problem is even more
acute for variables with heavy concentration of data close to the
boundary, such as the case with precipitation. The K-nearest neighbor
(K-NN) approach offers a flexible and robust alternative. It is simple,
intuitive, and robust, and can be applied to a variety of time series
modeling problems. A brief description is presented here, and specific
applications to time series modeling in the context of streamflow
simulation are discussed in the following sections. A basic K-NN density
estimator is given as™

A kIN k/IN
Sfaw (X) = =

- 2.4)
V.(x) C,r!(x)

where k is the number of nearest neighbors to x, d is the dimension of the
space, C, is the volume of a unit sphere in the d dimension, and r; is the
Euclidean distance to the k"-nearest neighbor. The density estimator in
Eq. (2.1) can also be modified as™

A 1 N

S (0) = TN D K(x=x)/1(x) (2.5)
The bandwidth is distance to the k"-nearest neighbor; that is, the number
of nearest neighbors, k, is the ‘smoothing’ parameter. The kernel has the
role of a weight function (x; closer to the point of estimate x are weighted
more), and can be chosen to be any valid probability density function.
Under optimal MSE arguments, k should be chosen proportional to
n¥“® for any probability density that is twice differentiable. The
sensitivity to the choice of k is somewhat lower as a kernel that is
monotonically decreasing with ri(x) is used. This automatically achieves
the effect of bandwidth changing with x, thus providing the ability to
adapt to the data variability. Equations (2.4) and (2.5) can be used to
readily construct multivariate and conditional PDFs, and the simulation
uses the same smooth bootstrapped approach described earlier, or one of
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the nearest neighbors can be resampled using the kernel function. This is
a modification to the straight bootstrap.”*** Theoretical basis for using
the K-NN density estimators for time series forecasting has been well
developed.®*® This approach has been used for simulating rainfall and
other weather variables in the context of stochastic weather generators.”
Details on the application of this for time series modeling and simulation
are discussed later in this chapter.

2.2.4. Precipitation Disaggregation Models

Often, precipitation generated at certain timescales (e.g. daily, multi-
days) needs to be disaggregated to smaller timescales (e.g. hourly or
daily within a wet spell). This disaggregation is generally done
empirically.” For instance, using proportions, one can disaggregate 24-hr
(daily) precipitation into 6-hr precipitation. Also, disaggregation of daily
rainfall has been suggested by modeling the number of rain showers, and
the magnitudes, duration, and arrival time within a day.”"”* In addition,
disaggregation schemes of short-term rainfall based on a specified model
structure for continuous rainfall has been developed® as well as using
neural networks,” but they can be computationally intensive. Although
the foregoing models are innovative, they are complex and require many
transformations of the original data to obtain reasonable results. Other
shortcomings include the lack of flexibility in the number of intervals
considered and the incompatibility of parameter estimates at different
aggregation levels. Alternatively, nonparametric —methods for
disaggregation have been developed,” in which a wet spell length is first
simulated and the total rainfall magnitude is obtained from a
nonparametric density estimator. Subsequently, a vector of proportions to
distribute the rainfall to the individual days of the wet spell is simulated
and applied to the spell rainfall. In addition, disaggregation methods for
spatial and temporal streamflow simulation, described in the following
section, also provide alternatives that can be modified and applied for
rainfall simulation.
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2.3. Stochastic Simulation of Streamflow

2.3.1. Continuous Time to Hourly Simulation

Streamflow simulation on a continuous timeframe requires the
formulation of a model structure that is capable of reproducing the
streamflow fluctuations on a wide dynamic range. The application of
stochastic approaches to continuous time and short timescale
streamflows has been limited, because of the complex nonlinear relations
that characterize the precipitation-streamflow processes at those temporal
scales. The early attempts to model hourly and daily streamflows were
based on autoregressive (AR) models after standardization and
transformation. However, such models, essentially based on process
persistence, do not properly account for the rising limb and recession
characteristics that are typical of hourly and daily flow hydrographs.
Also, shot noise or Markov processes and transfer function models have
been proposed for daily flow simulation, with some limited success in
reproducing the rising limb and recessions.”*

Nevertheless, interesting work has been done with some success
using conceptual-stochastic models. Conceptual representation of a
watershed, considering the effects of direct runoff and surface and
groundwater storages, has been applied.”” "™ Direct runoff is modeled by
a periodic AR order one (PAR(1)) model (see below) with an indicator
function to produce intermittence, and the other components are modeled
using linear reservoirs. The conceptual stochastic model produced
reasonable results in the generation of daily flows for the Powell River,
Tennessee. Other conceptual-stochastic models for short time runoff
have been proposed. For example, assuming an independent Poisson
process for rainfall, a three-level conceptual runoff model represents
surface runoff to estimate the daily response of a watershed, and the base
flow modeled by three linear reservoirs that represent the contribution of
deep aquifers with over-year response, aquifers with annual renewal, and
subsurface runoff, the foregoing scheme leads to a multiple shot noise
streamflow process. The model is effective in reproducing streamflow
variability. In addition, intermittent daily streamflow process has been
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modeled by combining conceptual approach with product models™* and
gamma AR models,” and by using a three-state Markov chain describing
the onset of streamflow and an exponential decay of streamflow
recession.”

2.3.2. Weekly, Monthly, and Seasonal Streamflow Simulation at a
Single Site

Stationary stochastic models may be applied for modeling weekly,
monthly, and seasonal streamflows after seasonal standardization. This
approach may be useful where the temporal correlations do not vary
throughout the year. In general, however, models with periodic
correlation structure, such as periodic autoregressive (PAR)* and
periodic ARMA (PARMA) are more applicable.**® An example is the
PARMA(1,1) model®

yv,r = lur + ¢1,1 (yv,r—l - zur—] ) + gv,r - el,rgv,r—l (26)

where 7=1,...,® (@ is the number of seasons), i;, @ ;, ) ;, and o€
are the parameters. When the &’s are zeros, this becomes the
PARMA(1,0) or PAR(1) model. Low-order models, such as
PARMA(1,0) and PARMA(1,1), have been widely used for simulating
monthly and weekly flows.*”' The method of moments is typically used
for estimation of the model parameters. The model in Eq. (2.6) is based
on the traditional linear regression in that the past values are linearly
related to the current values and the residuals (£) are Normally
distributed with mean 0 and standard deviation o(€). Consequently, the
data must be Normally distributed; otherwise, they have to be
transformed to Normality before fitting the model. In some cases, this
may pose additional problems (see below).

Periodic ARMA models can be derived from physical/conceptual
principles. Considering all hydrologic processes and parameters in the
watershed varying along the year, it has been shown that seasonal
streamflow falls within the family of PARMA models.”® Alternatively, a
constant parameter ARMA(2,2) model with periodic independent
residuals was suggested.””’”® A desirable property of stochastic models
of seasonal streamflows is the preservation of seasonal and annual
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statistics.”> However, such dual preservation of statistics has been
difficult to get with simple models, such as the PAR(1) and PAR(2).
For this reason, in the 1970s, hydrologists turned to the so-called
disaggregation models (see below). Periodic ARMA models, having
more flexible correlation structure than PAR models, offer the possibility
of preserving seasonal and annual statistics. Some hydrologists have
argued that PARMA models have too many parameters. However, it may
also be possible to reduce the number of parameters by keeping some of
them constant. An alternative for reproducing both seasonal and annual
statistics is the family of multiplicative models.

Multiplicative models were first suggested by Box and Jenkins.”
These models have the characteristic of linking the variable y,, with y,
and y, ;.. Multiplicative models, after differencing the logarithms of the
original series, have been applied for simulating and forecasting monthly
streamflows.”* However, they were not able to reproduce the seasonality
in the covariance structure. This problem occurred because the referred
multiplicative model did not include periodic parameters. A model (with
periodic parameters) that can overcome these limitations is the
multiplicative PARMA model.”” For instance, the multiplicative
PARMA(1,1) x (1,1),, model is written as

Zv,r = (Dl,rzv—l,r +¢1,1Zv,r—1 _CDl,r ¢1,r ZV—I,‘L’—I + gv,r
-0,.¢,_,,.-0.€,.,+0 6 ¢

1,z%v-1,7 L, t%v,7-1 I,z “v-l,7-1

(2.7)

in which z,, = y,, — 4, and ., O, @, 6., and o€ are the model
parameters. This model has been applied successfully for simulating the
Nile River flows.”

A particular limitation of the foregoing PARMA and multiplicative
PARMA models for modeling streamflow time series is the requirement
that the underlying series be transformed into Normal. An alternative that
circumvents this problem is the PGAR(1) model for modeling seasonal
flows with periodic correlation structure and periodic gamma marginal
distribution.”” Consider that Yy 1s a periodic correlated variable
with gamma marginal distribution with location J,, scale ¢,
and shape [ parameters varying with 7, and 7=1,..,0 (@ is
the number of seasons). Then, the variable z,,=y,, -1, Is a
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two-parameter gamma that can be represented by the model
Ly =@,y (ZV’T_I)(ST Wy, where ¢ is the periodic
autoregressive coefficient, §,1is the periodic autoregressive exponent,
and y,, s is the noise process. This model has a periodic correlation
structure equivalent to that of the PAR(1) process. It has been applied to
weekly streamflows for several rivers in the United States.”” Results
obtained indicate that such PGAR model compares favorably with
respect to the Normal-based models (e.g. the PAR model after
logarithmic transformation) in reproducing the basic statistics usually
considered for streamflow simulation.

Periodic ARMA and PGAR models are less useful for modeling
flows in ephemeral streams because the flows are intermittent, a
characteristic that is not represented by these models. Instead, periodic
product models, such as y, . =x, .z, . % are more realistic, where Xvr
is a periodic correlated Bernoulli (1,0) process, z,. may be either an
uncorrelated or correlated periodic process with a given marginal
distribution, and x and z are mutually uncorrelated. Properties and
applications of these models for simulating intermittent monthly flows of
some ephemeral streams have already been reported in the literature.**°

2.3.3. Annual Streamflow Simulation at a Single Site

Generally, stationary stochastic models have been proposed and utilized
for simulating annual streamflow processes.****!
models have been suggested and applied, depending on the particular
case at hand, such as the ARMA models,>*"’ gamma AR models,®
fractional Gaussian noise,” broken line,” and shifting mean.'” Among
these, the ARMA models have found wider applicability. For example,
the ARMA(1,1) model may be expressed as in Eq. (2.6), except that
all the parameters are constant values. Also, ARMA models arise
from conceptual considerations of the precipitation-runoff process
of a watershed.'”"'” Significant amount of work and experience has
been gained applying ARMA models for simulation and forecasting
of hydroclimatic processes in general, and streamflows in
particular.84‘85’9l‘97’103’104

Various alternative
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2.3.4. Multisite Streamflow Simulation

Some of the foregoing models can be extended to multiple sites.
Typically, at the annual timeframe, simple models, such as multivariate
AR(1) and ARMAC(1,1), are usually adequate. We illustrate here multisite
models using a periodic model. The model equations now contain
vectors, as opposed to scalars, and the model parameters are matrices, as
opposed to scalars.***'® For example, the multivariate PARMA(1,1)
model is

Zy:=PrZyr1tE,-OrE, 1 (2.8)
in which 7,.=vy,.—#_; H. is a column parameter vector with

O

elements u ..., ,u(rn) the seasonal mean vector, @, and @, are nxn

periodic parameter matrices, the noise term £, . is a column vector
Normally distributed with: E(g,)=0, E(g, , §5’1)= I, and

E(§V,T §5,r-k) =0 for k #0, and n is the number of sites. In addition,

it is assumed that Evr

is uncorrelated with 7, ,_; . Parameter estimation
of this model can be made by the method of moments, although the
solution is not straightforward. Dropping the moving average term, i.e.

®, =0 forall 7’s, yields a simpler multivariate PARMA(1,0) or PAR(1)
model. This simpler model has been widely used for generating seasonal
hydrologic processes. Further simplifications of the foregoing models
can be made in order to facilitate parameter estimation. Assuming that
&, and @, of Eq. (2.8) are diagonal matrices, the multivariate
PARMA(1,1) model can be decoupled into univariate models for
each site. To maintain the cross-correlation among sites, Evr 1s modeled

T T
as §V,r:BT§V,¢’ where E(ﬁwﬁm):l and E(év,rév,r-k)zo for

k # 0. This modeling scheme is a contemporaneous PARMA(1,1) or
CPARMA(1,1) model. Useful references on this type of models are
available in the literature.*****'%  Furthermore, contemporaneous
multiplicative models are also available, and have been applied for
simulating the Nile River system.'®
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2.3.5. Temporal and Spatial Disaggregation Models

Disaggregation models, i.e. downscaling models in time and/or space,
have been an important part of stochastic hydrology, not only because of
the scientific interest in understanding and describing the temporal and
spatial variability of hydrologic processes but also because of practical
engineering applications. For example, many hydrologic design and
operational problems require hourly precipitation data. Because hourly
precipitation data are not as commonly available as daily data, a typical
problem has been to downscale or disaggregate daily data into hourly
data. Similarly, for simplifying the modeling of large-scale systems
involving a large number of precipitation and streamflow stations,
temporal and spatial disaggregation procedures are needed. A brief
overview of several empirical and mathematical models and procedures
for temporal and spatial disaggregation of precipitation and streamflow is
presented below. The multiscale statistical disaggregation model by
Valencia and Schaake'® is the starting point for any disaggregation effort
given by

Y=AX+Be¢ (2.9)

where Y is a vector of disaggregated values (e.g. monthly streamflows),
X is a vector or scalar of aggregate flows (e.g. annual streamflows), A
and B are parameter matrices, and £is a vector of independent standard
Normal deviates. Parameter estimation, based on the method of
moments, leads to the preservation of the first- and second-order
moments at all levels of aggregation.

The shortcoming of low-order PAR models when applied for
simulation of seasonal flows in reproducing the annual flow statistics led
to the development of disaggregation models. In this model, the
simulation of seasonal flows is accomplished in two or more steps. First,
the annual flows (or aggregate flows) are modeled so as to reproduce the
desired annual statistics (e.g. based on the ARMA(1,1) model). Then,
synthetic annual flows are generated, which, in turn, are disaggregated
into the seasonal flows by means of the model presented in Eq. (2.9).
While the variance-covariance properties of the seasonal flow data are
preserved and the generated seasonal flows also add up to the annual
flows, it does not preserve the covariances of the first season of a year
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and any preceding season. To circumvent this shortcoming, this model
has been modified as Y =A X +B £+ C Z, where C is an additional
parameter matrix and Z is a vector of seasonal values from the previous
year (usually only the last season of the previous year) for each site.'”’
Further refinements and corrections, assuming an annual model that
reproduces Syx and Syz, have been suggestedlog’109 as well as a scheme
that does not depend on the annual model’s structure yet reproduces the
moments Syy, Syy, and SXX.HO The parameter estimation and appropriate
adjustments, so that the seasonal values add exactly to the annual values
at each site, can be found in the literature.>'*!!!

The foregoing disaggregation models have too many parameters, a
problem that may be significant, especially when the number of sites is
large and the available historical sample size is small. The estimation
problem can be simplified if the disaggregation is done in steps (stages or
cascades), so that the size of the matrices and, consequently, the number
of parameters involved decrease. For instance, annual flows can be
disaggregated into monthly flows directly in one step (this is the usual
approach), or they can be disaggregated in two or more steps (e.g. into
quarterly flows in a first step, then each quarterly flow is further
disaggregated into monthly flows in a second step). However, even in the
latter approach, considerable size of the matrices will result when the
number of seasons and the number of sites are large. A stepwise
disaggregation scheme has been proposed''” in such a way that, at each
step, the disaggregation is always made into two parts or two seasons.
This scheme leads to a maximum parameter matrix size of 2 x 2 for
single site disaggregation and 2n X 2n for multisite. Condensed
disaggregation models that reproduce seasonal statistics and the
covariance of seasonal flows with annual flows assuming lognormal
seasonal and annual flows have also been suggested.'>'"*

Disaggregation models are useful for modeling complex systems.
For example, an ‘index’ time series can be created by adding all the
individual time series and the disaggregation approach is applied to
model and simulate the time series collectively, thereby capturing the
statistical properties of the individual time series and also their
dependence.
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2.3.6. Nonparametric Streamflow Simulation Models

Nonparametric methods, as discussed earlier, offer an attractive
alternative. In the nonparametric framework, the time series modeling
is considered as simulation from ‘conditional PDF,” e.g. f(X|Y ) or
f(X,|Xt_1, X2 ..., Xip). In the parametric linear modeling framework,
since the data is assumed to be Normal (as discussed above), these
conditional PDFs are also Normal and the relationship captured is also
linear (as the correlation coefficient — which is a measure of linear
association — is a variable that is part of the joint, marginal, and
conditional Normal PDF). In the nonparametric framework, the “local”
estimation provides the capability to capture local nonlinear and non-
Normal features that might be present in the data.

2.3.6.1. Single Site

A kernel density-based seasonal periodic model for streamflow
simulation at a single site has been proposed.'”” In this, a KDE for
conditional PDF of f(X,|X,_1) is constructed using a Normal kernel in
two dimensions, where ¢ and ¢ — 1 are successive months (or successive
seasons). Consequently, the smooth bootstrap is modified in that the
conditional PDF provides a weight to each data point that is used to
bootstrap from. A good description of this approach'® also demonstrates
the capability to capture bimodality and nonlinearity in comparison to
traditional linear models.

The KDE can be used to perform data transformation in that, first the
PDF of the data is estimated using KDE and, consequently, the
cumulative distribution function (CDF). The CDF values of the data
points are mapped on to a Normal distribution F(x;) = ¢; computed by
integrating the KDE, and this is inverted using a Normal distribution,
F'y(c;) = y; to obtain the transformed value in the Normal space. The
time series model is fitted to the transformed data and the simulations are
back-transformed to the original space. Since the transformation is done
from the PDF estimated by the KDE, the final simulations are likely to
capture the non-Normal and other features that might be present in the
data.''
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As noted before, a lag-1 seasonal model (parametric or
nonparametric) does not capture the annual and interannual statistics
well. The interannual properties are important for simulating long wet
and dry periods that are critical for drought management and planning.
The lag-1 model was modified to include the sum of the streamflow from
the past 18 months as an additional conditional variable,'” so that the
model is a conditional PDF simulation of f(X, |X,_1 ,Z), where Z, is the
sum of flows of the 18 months prior to time ¢. This modification was
shown to be effective at capturing the interannual statistics in the
simulation of rainfall®""'” and streamflow.'"® Also, another modification
has been proposed by using a pilot variable to lead the generation of the
seasonal flows.""” This offers the possibility of using either a parametric
or a nonparametric model to generate the pilot variable (flows) to assure
that long-term variability and low frequency are reproduced.

The KDE-based methods suffer from boundary bias (described
before), which gets exaggerated in higher dimensions. While reference
bandwidths are typically used, as they are easy, it is not trivial to
estimate optimal bandwidths in higher dimensions. To address this,
K-NN time series bootstrap was developed.'” In this, the simulation
is performed as follows: (i) a conditioning ‘feature vector’ D, is
developed — if it is a lag-1 model, then it is a scalar value; (ii)) K
nearest neighbors of D, are identified from the data using Euclidean
distance metric; (iii) each neighbor is assigned a weight, with largest
weight to the nearest and least to the farthest, using a weight function

1
W(k)le, k=12, ..., K; (iv) one of the neighbors is resampled

kY-

i=11
using this weight metric, say j; and (v) the successor value x;,; is the
simulated value for the current time. The procedure is repeated. This
approach is simple and robust that it can easily simulate from conditional
PDF of any dimension. It has been shown that the simulations are
insensitive to the choice of the weight function, as long as the selected
weight function weighs the nearest neighbor the most relative to the
farthest.'”” The only parameter is K, the number of nearest neighbors,
and, based on asymptotic heuristic arguments,'*”'*! it is shown that the
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choice K = \/ﬁ is quite robust. This approach was applied to seasonal

streamflow simulation'”® and found to perform better than the kernel
density-based model at much less computation cost and in a simple and
parsimonious manner.'"> One shortcoming of this approach is that the
variance may be underestimated, especially where the historical data are
correlated. However, this can be fixed by using a gamma perturbation.'"

2.3.6.2. Extension to Multisite

Kernel-based methods have been extended for disaggregation of annual
streamflows to monthly flows. The conditional PDF f(X |Z), where Z is
the aggregate (annual) flow and X the vector of dimension d, the
disaggregated monthly streamflows, forms the basis of the simulation.'*
Due to the summability criteria (i.e. the values of X should sum to Z), the
conditional PDF resides in a d — 1 space. The steps involved are as
follows: (i) the monthly data is transformed to a space such that they are
orthonormal to the conditioning plane, ¥ = X R, where the last column of
Y is the conditioning plane, Y, =Z/ \/E =7’ and the other columns are
orthonormal to this, thus ¥ = [U, Z"], R is a rotational matrix obtained
from Gram Schmidt orthonormalization procedure; (ii) the conditional
PDF f(U |Z ”) is estimated using KDE on the same lines as in the single
site case;'"” and (iii) a vector U is generated by smooth bootstrap and it is
back-transformed to obtain the disaggregated vector of monthly flows
X115

As mentioned before, kernel methods have serious limitations when
applied to higher dimensions; therefore, the use of KDE was replaced by
K-NN time series resampling,'> which provides the ability to easily
apply this to space and time disaggregation together and also for a
number of spatial locations simultaneously. This was demonstrated to be
simple, robust, and efficient, like the single site simulation,'!*1%°

2.4. Extensions of K-NN Resampling Approach

The K-NN resampling approach for multivariate streamflow simulation,
described above, has been applied to a variety of other problems, most
notably for multisite daily weather simulation. A lag-1 multivariate
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resampling model was implemented to simulate daily rainfall and other
weather variables at a single site.”” This was subsequently extended to
simulate daily rainfall and weather variables at multiple locations
simultaneously.'”* A semiparametric approach to rainfall and weather
generation was proposed, in which a Markov chain model was fitted for
each month separately to simulate the precipitation occurrence, and then
K-NN lag-1 resampling approach was used to generate the vector of
weather variables conditionally on the transitional state of the
precipitation occurrence; for example, if the simulated current day’s
occurrence was wet and the following day dry, then the neighbors are
obtained from the historical data that have the same transition.'” The
semiparametric approach has also been demonstrated for simulating daily
weather conditional on seasonal forecast, which are very useful for
driving process models, such as crop and water resources for planning
and management.

The K-NN resampling method is an extremely versatile method.
Once K nearest neighbors of a feature vector are identified, a number of
possibilities are available. If the feature vector is a set of predictors of
streamflow, then the identified neighbors can be used to provide an
ensemble streamflow forecast or a weighted average mean forecast. This
was applied skillfully for the multisite seasonal ensemble streamflow
forecast in a watershed in Brazil.'*® This approach, with its simplicity
and robustness, is gaining prominence, and is being used for a variety of
forecasting applications. Using a feature vector consisting of spatial
information (e.g. latitude, longitude), the resampling approach can be
used to generate ensembles of variables at locations with no
observations; i.e. as a means of spatial filling. This approach is being
successfully introduced in the simulation of water quality variables of
desired locations with limited or no data, based on data from other
locations.'” A similar approach has been used for reconstructing
ensembles of streamflows based on tree ring information.'*®

The K nearest neighbors identified can also be used to fit ‘local
polynomials.'™"** This allows the ability to extrapolate values beyond
the range of the observations and also provides smoothness in recovering
the underlying functional relationship. There have been a number of
successful applications of this approach for hydroclimatic simulation''
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and forecast.”*"** Applications of the resampling approach have also
been extended to groundwater and other hydrologic problems with good
success.”' The K-NN-based methods are being adapted for downscaling
of climate projections (seasonal, decadal, and climate change) to
regional- and point-scale hydrologic scenarios for use in various process
models, such as crop and water resources, for efficient planning and
management of resources.

2.5. Summary and Future Directions

Stochastic models have been utilized in actual practice over several
decades for planning and management studies of water resources
systems. For example, stochastic models may be applied for simulating
possible hydroclimatic scenarios that may occur in the future, which, in
turn, are used for sizing hydraulic structures, such as dams, for re-
evaluating the capacity of existing reservoirs under uncertain streamflow
scenarios, or for investigating the possible occurrence and frequency of
extreme events, such as droughts. Also, stochastic models may be useful
for forecasting hydroclimatic events that may occur in short or long
timeframes.

A variety of stationary and nonstationary models for single and
multiple sites has been developed in the past 50 years, and much
experience and successful applications have been gained. Parametric and
nonparametric modeling schemes, as well as combined approaches, have
been developed. The traditional modeling tools have been those that are
defined in the form of mathematical models with a parameter set
(parametric models) that must be estimated from historical data. As in
any other modeling framework, they are not free from shortcomings. For
example, most of the parametric time series models are linear in their
form, in that they can only capture linear relationships between the
variables. Also, since the residuals are assumed to be Normally
distributed and identical and independently distributed (i.i.d.), the
underlying variables in the model are also Normally distributed. Thus,
historical data must be transformed to Normality before the model is
fitted, and the model fitted in the transformed space does not guarantee
the reproduction of statistical properties in the original space. In addition,
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simulations can only reproduce Normal distribution, and features, such
as bimodality, cannot be captured; and in the disaggregation models, the
transformation can destroy the summability of the disaggregations to the
aggregate values.

However, some, if not most, of these shortcomings can be
circumvented. For example, there are a variety of mathematical functions
that can be quite useful for transforming data to Normal. Thus, building
the models in the transformed Normal domain also has advantages in that
well-known modeling and testing procedures can be applied. Also, if
models built in the Normal domain do not reproduce historical statistics
in the real (original) domain, appropriate estimation procedures are also
available for many of the models to circumvent this concern.
Furthermore, there are some models available where the marginal
distribution of the underlying variable is not necessarily Normal. It has
been argued that, in some cases, one or more months of the historical
data shows some evidence of bimodality and that the parametric models
may not faithfully reproduce such bimodality. However, the effect of
reproducing such particularity may not be important.

Nonparametric methods, while being data-driven, have higher
variance of estimation for the underlying probability distribution, and
near the edges of the data are biased. Especially, the resampling methods
tend to be biased when the sample size is small, which also limits the
variety of sequences that can be generated. Obviously, the resampling
methods cannot generate values outside the range of the historical data.
While this is not an issue in some cases, in many applications a variety of
values outside the observations are highly desirable. The sample size also
impacts the ability of the nonparametric methods in general to simulate
the tails of the distribution well. This can be alleviated by fitting local
functions, but the sample size issue is persistent. A semiparametric
approach that combines the advantages of the parametric approach with
those of the nonparametric framework is an attractive alternative. Such
combined approaches have been developed for weather generator,'* for
streamflow forecasting,'”® and for conditional flood frequency
estimation."”’

Generalized linear modeling (GLM)-based approaches seem to offer
attractive alternatives to traditional parametric methods. In this approach,
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variables with different characteristics (i.e. continuous, binary, discrete,
skewed) and distributions can be easily combined, providing the
flexibility and the ability to capture a range of features. This approach
has recently been applied to develop a stochastic daily weather
generator'*’ and, coupled with an extreme value distribution,"' it can
also generate extreme value precipitation characteristics, which the
traditional and nonparametric generators, described earlier, have
difficulty with. The GLM can also be implemented in a nonparametric
(local polynomial) framework, whereby the functional estimation is
performed ‘locally’ — thus, combining the advantages of both the
approaches. Recent application of this modification to water quality
forecasting shows promising results.'** Bayesian extension of the GLM
approach is readily possible providing robust estimates of uncertainty.'*’

Overall, the field of stochastic hydrology has been well-developed,
offering a wide variety of parametric and nonparametric models and
techniques. Often, modeling of complex systems may gain from the
appropriate combination of both techniques, especially because
simulation and forecasting of complex systems involving several sites,
more often than not, involve the application of several models. Also, the
field has been developed to a point where many of the stochastic models
that we have discussed in this chapter can be found in well-known
statistical packages, and particularly in specialized softwares, such as
SPIGOT'"* and SAMS."**

However, despite the significant advances made in the field, as
pointed out above, there are many challenges ahead. First of all, we
would like to alert that, in many cases, the models built particularly for
stochastic simulation require that the data be naturalized to remove the
effect of upstream derivations, lake regulations, etc; often, errors in such
data base could be significant. Also, applying many of the techniques
above require some reasonable sample size (data length). The easy
availability of softwares often leads to applying stochastic techniques
with very short data lengths, disregarding the effect of the uncertainty in
estimating the parameters involved. As a matter of fact, techniques are
available to account for such uncertainties.'*’

Perhaps an area where most challenges appear is how to account for
changes in land use and climate change. This is especially important,
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since both parametric and nonparametric models/techniques generally
utilize historical data that have been gathered during many years in the
past. This is an issue that does not have general answers, since it depends
very much on the system at hand. Several hydrologic systems exhibit
low-frequency variations arising from fluctuations of large-scale climate
forcings, such as El Nifio Southern Oscillation (ENSO), Pacific Decadal
Oscillation (PDQO), and Atlantic Multidecadal Oscillation (AMO).
Traditional stochastic methods need to be modified to capture the low-
frequency variability. Steps in this direction are the shifting mean
models'” and hidden Markov models."**'* However, this generally
requires long records of the variables involved to identify whether such
changing episodes of the mean occurs, as mentioned above. At the same
time, in places where there may be some important effects of climatic
signals, as highlighted above, short records may suggest either upward or
downward trends, misleading the real cause of such significant changes
and the way how such episodes may be accounted in developing
possible, say streamflow, scenarios that may occur in the future.
Wavelet- and Bayesian-estimation methods are being developed to
simulate hydrologic scenarios that reproduce realistic low-frequency
variability.'**'**'"  These methods have the ability to capture
nonstationarity and also provide realistic estimates of uncertainty.
Another case where judgment and experience are needed is how to take
into account the effect of the two major El Nifios of the 1982-83 and
1997-98 (15 years apart) if one uses stochastic simulation for predicting
streamflows, say for the next 50 years, in places such as the north of
Peru, where many of the streams showed annual streamflows during
those years that were several orders of magnitude greater than the
average flows based on the other records. Incorporating such mega-
Nifios in the stochastic simulation of streamflow might require
information from other sources of data (e.g. paleo-proxy data, such as
tree rings and ice cores), in which information from the proxy and
observational data have to be combined. Nonhomogeneous Markov
chain-based methods are being developed, wherein the proxy data is used
to generate the state of the system and the observational data for the
magnitude (e.g. streamflow).””' These methods are proving to be
effective at generating realistic low-frequency variability that can be of
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immense use in long-term water resources planning. These methods can
also be used for stochastic simulation of regional hydroclimatology
based on future projections of climate. We hope that this review article
provides the readers with a comprehensive overview of the variety of
stochastic simulation techniques for hydrologic applications and their
potential modifications for a suite of applications.
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watershed. A consequence of process aggregation is that the model
parameters often do not represent directly measurable entities and must,
therefore, be estimated using measurements of the system inputs and
outputs. During this procedure, known as model calibration, the
parameters are adjusted so that the behavior of the model approximates,
as closely and consistently as possible, the observed response of the
hydrologic system over some historical period of time. This Chapter
reviews the current state-of-the-art of model calibration in watershed
hydrology with special emphasis on our own contributions in the last
few decades. We discuss the historical background that has led to
current perspectives and review different approaches for manual and
automatic single- and multi-objective parameter estimation. In
particular, we highlight the recent developments in the calibration
of distributed hydrologic models using parameter dimensionality
reduction sampling, parameter regularization, and parallel computing.
Finally, this chapter concludes with a short summary of methods for
assessment of parameter uncertainty, including recent advances in
Markov chain Monte Carlo sampling and sequential data assimilation
methods based on the Ensemble Kalman Filter.

3.1. Introduction

Hydrologic models serve as important tools for improving our
knowledge of watershed functioning (understanding), for providing
critical information in support of sustainable management of water
resources (decision making), and for prevention of water-related natural
hazards, such as flooding (forecasting/prediction). Hydrologic models
consist of a general structure, which mathematically represents the
coupling of dominant hydrologic processes perceived to control
hydrologic behavior of “many (similar) watersheds.” Traditionally, this
general model structure is then used for simulation and/or prediction
of the hydrologic behavior of a “particular watershed,” simply by
estimating the unknown coefficients, known as “parameters,” of the
mathematical expressions embodied within.

No matter how sophisticated and spatially explicit, all hydrologic
models aggregate (at some level of detail) the complex, spatially
distributed vegetation and subsurface properties into much simpler
homogeneous storages with transfer functions that describe the flow
of water within and between these different compartments. These



Model Calibration in Watershed Hydrology 55

conceptual storages correspond to physically identifiable control
volumes in real space, even though the boundaries of these control
volumes are generally not known. A consequence of this aggregation
process is that most of the parameters in these models cannot be inferred
through direct observation in the field, but can only be meaningfully
derived by calibration against an input-output record of the watershed
response. In this process, the parameters are adjusted in such a way that
the model approximates, as closely and consistently as possible, the
response of the watershed over some historical period of time. The
parameters estimated in this manner are, therefore, effective conceptual
representations of spatially and temporally heterogeneous properties of
the watershed. Therefore, successful application of any hydrologic model
depends critically on the chosen values of the parameters.

In this chapter, we review the current state-of-the-art of model
calibration in watershed hydrology. We discuss manual and automatic
parameter estimation techniques for calibration of lumped and spatially
distributed hydrologic models. Specific methods include the widely used
SCE-UA (Shuffled Complex Evolution — University of Arizona) and
MOCOM-UA (Multi Objective COMplex evolution — University of
Arizona) approaches for single- and multi-objective model calibration,
step-wise (MACS: Multistep Automatic Calibration Scheme) and
sequential parameter estimation methods (DYNIA: DYNamic
Identifiability Analysis; and PIMLI: Parameter Identification Method
based on the Localization of Information), and emerging simultaneous
multi-method evolutionary search methods (AMALGAM: A Multi-
ALgorithm Genetically Adaptive Multiobjective). We highlight recent
developments in the calibration of distributed hydrologic models
containing spatially distributed parameter fields, using parameter
dimensionality reduction sampling, parameter regularization, and
parallel computing. The chapter concludes with a short summary on
methodologies for parameter uncertainty assessment, including Markov
chain Monte Carlo sampling and sequential data assimilation using
the Ensemble Kalman Filter (EnKF); here we discuss the RWM
(Random Walk Metropolis), SCEM-UA (Shuffled Complex Evolution
Metropolis — University of Arizona), DREAM (DiffeRential Evolution
Adaptive Metropolis), and SODA (Simultaneous Optimization and Data
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Assimilation) sampling algorithms. Note that, although our discussion is
limited to watershed models, the ideas and methods presented herein are
applicable to a wide range of modeling and parameter estimation
problems.

3.2. Approaches to Parameter Estimation for Watershed Models

There are two major approaches to parameter estimation: “a priori
estimation” and “a posteriori estimation” via model calibration. In a
priori estimation, values of the model parameters are specified without
recourse to the observed dynamic hydrologic response (e.g. streamflow)
of the watershed under study. Calibration, on the other hand, involves the
selection of a parameter set that generates model responses that
reproduce, as closely as possible, the historically observed hydrologic
response of a particular watershed. Therefore, calibration can only be
performed when long-term historical measurements of input-state-output
behavior of the watershed (including streamflow, precipitation, and
potential evapotranspiration) are available.

Parameter estimation strategies are intimately tied to the degree of
hydrologic process representation embedded within the model.
Hydrologic models can broadly be classified accordingly as conceptual
or physically-based. Most hydrologic models in use today are of the
conceptual type, that conceptualize and aggregate the complex, spatially
distributed, and highly interrelated water, energy, and vegetation
processes in a watershed into relatively simple mathematical equations
without exact treatment of the detailed underlying physics and basin-
scale heterogeneity. Typical examples of conceptual type models are the
SAC-SMA (SACramento Soil Moisture Accounting) model,'? and the
HBV (Hydrologiska Byrans Vattenbalansmodell) model.” Due to
hydrologic process aggregation, the parameters in these models cannot
generally be measured directly in the field at the desired scale of interest.
Instead, when using conceptual-type models, only the ranges of feasible
parameter values can generally be specified a priori (perhaps with the
combined knowledge of model structure and of dominant watershed
processes). Calibration is then employed to select parameter estimates
(from within the a priori defined ranges) that capture, as closely and
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consistently as possible, the historical record of the measured (target)
hydrologic response of the watershed the model is intended to represent.

Spatially distributed physically-based hydrologic models contain a
series of partial differential equations describing physical principles
related to conservation of mass and momentum (and energy). Typical
examples of physically-based models are MIKE-SHE' (Systeme
Hydrologique European) and KINEROS® (KINematic Runoff and
EROSion). Their spatially distributed physically-based structure provides
two potential strengths: (i) the ability to account for the spatial variability
of runoff producing mechanisms; and (ii) the ability to infer model
parameter values directly from spatio-temporal data by establishing
physical or conceptual relationships between observable watershed
characteristics (e.g. geology, topography, soils, land cover) and the
parameters for the hydrologic processes represented in the model.”” The
latter is defined as the “local” a priori parameter estimation approach
and is particularly valuable for implementing hydrologic models in
poorly-gaged and ungaged watersheds where local response data is
sparse or non-existent. In general, parameters estimated via the local a
priori approach will still require some degree of fine-tuning via a
calibration approach to obtain effective values that account for the
influencing factors, such as heterogeneity, emergent processes, and
differences in scale between model (larger scale) and the embedded
hydrologic theory (developed at point/small scale). This refinement
process ensures proper consistency between the model input-state-output
behavior and the available response data.'*"

Another parameter estimation strategy, developed mainly for the
implementation of conceptual type of models in ungaged basins, is called
the “regional” a priori approach.””" The “regionalized” approach
involves the development of regional regression relationships between
the model parameter values estimated for a large number of gaged basins
(via calibration) and observable watershed characteristics (i.e. land cover
and soil properties) at those locations. The idea is that these relationships
can be used to infer parameter estimates for “hydrologically similar”
ungaged basins, given knowledge of their observable watershed
characteristics. A major assumption of the regional a priori approach is
that the calibrated model parameters are uniquely and clearly related to
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observable watershed properties. This assumption can be difficult to
justify when many combinations of parameters are found to produce
similar model responses due to parameter interaction,'® measurement
uncertainty,19 and model structural uncertainty,20 and can, therefore,
result in ambiguous and biased relationships between the parameters and
the watershed characteristics.'” One way to improve the efficiency of
the regionalized approach is to impose conditions (via watershed
characteristics) on the calibrated parameters.”' In an alternative approach,
Yadav er al.”* proposed regionalization of streamflow indices. In this
approach, relationships between streamflow indices and physical
watershed characteristics are established at the gaged locations. The
regionalized flow indices, providing dynamic aspects of the ungaged
watersheds, are then used to constrain hydrologic model predictions (and
parameters). One advantage of this approach is that, the regionalized
indices are independent of model structure and, therefore, can be used to
constrain any watershed model.

The above paragraphs provide a broad overview of approaches
commonly used by the hydrologic community to specify values of the
parameters in hydrologic models; namely “a priori” approach and
“calibration.” The specific focus of this chapter is on calibration of
hydrologic models, and we provide, in the following sections, a more
detailed overview of various calibration strategies that have been
developed within the water resources context and have found widespread
use in the hydrologic community. We discuss these methods within the
context of their historical development, including current and future
perspectives.

3.2.1. Model Calibration

For a model to be useful in prediction, the values of the parameters need
to accurately reflect the invariant properties of the components of the
underlying system they represent. Unfortunately, in watershed
hydrology, many of the parameters cannot be generally measured
directly, but can only be meaningfully derived through calibration
against historical record of dynamic response (traditionally streamflow)
data. Calibration is an iterative process in which the model parameters
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are adjusted so that the dynamic response of the model represents, as
closely as possible, the observed target response (e.g. outlet streamflow)
of the watershed. Figure 3.1 provides a schematic representation of
the resulting model calibration problem. In this figure, @ represents
observations of the forcing (rainfall) and streamflow response that are
subject to measurement errors and uncertainty, and, therefore, may be
different from the true values. Similarly, ® represents the hydrologic
model with functional response [ to indicate that the model is at best
only an approximation of the underlying watershed. The label “output”
on the y-axis of the plot on the right hand side can represent any dynamic
time series of response data; here, this is considered to be the streamflow
response.

Using a priori values of the parameters, the predictions of the model
shown in this figure (indicated with solid-gray line) are behaviorally
consistent with the observations (dotted line), but demonstrate a
significant bias towards lower streamflow values. The common approach
is to ascribe this mismatch between model and data to parameter
uncertainty. The goal of model calibration then becomes one of finding
those values of the parameters that provide the “best” possible fit to the
observed behavior using either manual or computerized iterative search
methods. A model calibrated by such means can generally be used for
the simulation or prediction of hydrologic events outside of the historical
record used for model calibration, provided that it can be reasonably
assumed that the physical characteristics of the watershed and the
hydrologic/climatic conditions remain similar.

Mathematically, the model calibration problem depicted in Fig. 3.1
can be formulated as follows. Let S = d(y, X,6) denote the streamflow
predictions S~:{§1,...,§n of the model ® with observed forcing X
(rainfall and potential evapotranspiration), state vector ; and model
parameters 6. Let S={s,,....s,} represent a vector with n observed
streamflow values. The difference between the model-predicted and
measured streamflow can be represented by the residual vector E as:

E(6) ={T(§)—T(S)}= {TG)-T(s),....T(G,)-T(s,)}={e,(0),....e, ()} (3.1)

where 7(.) allows for various monotonic (such as logarithmic)
transformations of the model outputs.
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Fig. 3.1. A schematic representation of the general model calibration problem. The model
parameters are iteratively adjusted so that the predictions of the model, ®, (represented
with the solid line) approximate as closely and consistently as possible the observed
response (represented with dotted line).

Traditionally, we seek values for the model parameters that result in a
minimal discrepancy between the model predictions and observations.
This can be done by minimizing an aggregate summary statistic of the
residuals:

F(6)=F{e,(6),e,(0),....e,(0)} (3.2)

where the function F(#) allows for various user-selected linear and
nonlinear transformations of the residuals and is interchangeably called a
“criterion,” “measure” or “objective function” in the watershed modeling
literature. Note that, in typical time series analysis, the influence of the
initial condition, y; on the model output diminishes with increasing
distance from the start of the simulation. In those situations, it is common
to use a spin-up period to reduce sensitivity to state-value initialization.
Boyle er al.” classified the process of model calibration into three
levels of increasing sophistication. In level zero, approximate ranges for
the parameter estimates are specified by physical reasoning that
incorporates available data about static watershed characteristics (e.g.
geology, soil, land cover, slope), via lookup tables or by borrowing
values from similar watersheds. At this level, only crude a priori ranges
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of the parameters are estimated without conditioning on the input-output
streamflow response data. In level one, the parameter ranges are refined
by identifying and analyzing the characteristics of specific segments of
the response data that are thought to be controlled by a single or a group
of parameter(s). In this level, the effects of parameter interactions
are ignored. Finally, in level two, a detailed analysis of parameter
interactions and performance trade-offs is performed using a carefully
chosen representative period of historical data (i.e. calibration data) to
further refine the parameter ranges or select a representative parameter
set. This level involves a complex, iterative process of parameter
adjustments to bring the simulated response as closely and consistently
as possible to the observed watershed response.

Calibration can be further divided into two types, depending on
whether this iterative process is being guided manually by an expert
hydrologist or automatically by a computer following pre-defined
algorithmic rules. These approaches are called, respectively, “manual
calibration” and “automated calibration.”

3.2.1.1. Overview of the Manual Calibration Approach

Manual calibration is a guided trial-and-error procedure performed by an
expert hydrologist, involving complex knowledge-based analyses to
match the perceived hydrologic processes in the watershed with their
conceptual equivalents represented in the model structure. This
interactive procedure can involve a variety of graphical interfaces and a
multitude of performance measures to transform the historical data into
information that will aid the hydrologist in decision making. Although
progressive steps during manual calibration of a model are generally
established via pre-defined guidelines, the actual sequence of procedures
will vary based on the experience and training of the modeler, the
properties of the data, and characteristics of the watershed system being
modeled.”® Successful manual calibration, therefore, requires a good
knowledge of the physical and response characteristics of the watershed,
as well as a good understanding of the structure and functioning of the
various model components and parameters. The major aim is to find
values for the parameters that are consistent with the hydrologic
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processes they were designed to represent.”* The consistency between
model simulations of hydrologic behaviors for which observations are
available is examined at various timescales and time periods to try and
isolate individual effects of each parameter. Hydrologic behaviors
include, for example, annual averages to understand the long-term water
balance dynamics, seasonal and monthly averages to identify the trends
and low-high flow periods, extended recession periods to understand
watershed baseflow characteristics, and event-based measures to analyze
the shape and timing of floods.>” Manual calibration is expected to
produce process-based (i.e. conceptually realistic) and reliable
predictions. The National Weather Service (NWS) of the United States,
for example, primarily uses a manual approach (assisted with automatic
techniques) to estimate the parameters of their lumped hydrologic
models used in operational streamflow forecasting. The manual
calibration, however, is a time- and labor-intensive process involving
many subjective decisions. Due to this subjectivity, different modelers
will most likely produce different model parameter values for the same
watershed. Another difficulty in manual calibration is the ever-increasing
complexity of watershed models. As more parameters are added, it
becomes more difficult to estimate them accurately; parameter
interaction and compensating effects on the modeled variables make it
difficult to estimate individual parameters. Note that Bayesian methods
(see Sec. 3.6) provide a general framework for explicit use of expert
knowledge/belief in the form of priors. An excellent and comprehensive
discussion of manual calibration is given in three recent reviews.” >

3.2.1.2. Overview of Automated Calibration Approaches

Automated parameter identification (calibration) methods rely on an a
priori model structure, optimization algorithm, and one or more
mathematical measures of model performance (often called objective
function, criterion or measure) to estimate the model parameters using a
historical record of observed response data. The advantages of the
automated calibration approach are not difficult to enumerate. Such
methods use objective, rather than visual and subjective, measures for
performance evaluation, and exploit the power and speed of computers to



Model Calibration in Watershed Hydrology 63

efficiently and systematically search the feasible model parameter space.
Within this context, the goal has been to develop an objective strategy
for parameter estimation that provides consistent and reproducible results
independent of the user.”” A potential disadvantage is that automatic
calibration algorithms can, if not properly designed, return values of the
model parameters that are deemed to be hydrologically unrealistic. It is,
therefore, the modeler’s responsibility to examine the robustness of the
optimized parameters. A traditional approach, accepted as a minimum
requirement for “evaluation” of parameter robustness, is to compare the
modeled and observed response for an independent time period that is
not used for calibration. This can be done using a split-sample approach
and should cover a long enough time period so as to contain various
ranges of hydrologic conditions (e.g. wet and dry periods), and, if
possible, using multiple response data.”®*’

In the following sections, we discuss single- and multi-objective
model calibration strategies. Single-objective methods utilize a single
measure of closeness between the simulated and observed variables,
whereas multi-objective approaches attempt to emulate the strengths of
the manual calibration approach by simultaneously using multiple
different measures of performance.

3.3. Single-criterion Automated Calibration Methods

Traditional automated approaches to model calibration utilize a single
mathematical criterion (sometimes defined as objective function or
measure) to search for a unique “best” parameter set. An objective
function (Eq. (3.2)) can be defined as an aggregate statistical summary
quantifying the “closeness” or “goodness-of-fit” between the simulated
and observed hydrologic variable(s). The objective function largely
influences the outcome of the automated calibration procedure and,
hence, should be carefully selected based on the goal of modeling.
Traditionally, automated calibration problems seek to minimize the
discrepancy between the model predictions and observations by
minimizing the following additive simple least square (SLS) objective
function (or its variations) with respect to &:
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FSLS(B):Zei(g)Z 3.3)
i=1

Often, the square root form, such as the root mean squared error (RMSE)
criterion, is used because it has the same units as that of the variable
being estimated (e.g. streamflow discharge). An RMSE objective
function puts strong emphasis on simulating the high-flow events; to
increase the emphasis on the low flows, it can be used after performing a
log-transformation of the output variables.

The popularity of the SLS function stems from its statistical
properties; the SLS is an unbiased estimator under strong assumptions
related to the distribution of the residuals, i.e. the residuals are pair-wise
independent, have constant variance (homogeneous), and normally
distributed with a mean value of zero.”®* However, the validity of these
assumptions is questionable within a hydrologic context, as most
hydrograph simulations published to date in the literature show
significant nonstationarity of error residuals.’’

3.3.1. A Historical Perspective

A powerful optimization algorithm is a major requirement to ensure
finding parameter sets that best fit the data. Optimization algorithms
iteratively explore the response surface (a surface mapped out by the
objective function values in the parameter space) to find the “best” or
“optimum” parameter set. Automatic optimization algorithms developed
in the past to solve the nonlinear SLS optimization problem, stated in Eq.
(3.3), may be classified as local search methodologies if they are
designed to seek a systematic improvement of the objective function
using an iterative search starting from a single arbitrary initial point in
the parameter space, or as stochastic global search methods if multiple
concurrent searches from different starting points are conducted within
the parameter space. Local optimization approaches can be classified into
two categories, based on the type of search procedure employed, namely
derivative-based (gradient) and derivative-free (direct) methods.
Gradient-based methods make use of the estimates of the local
downhill direction based on the first and/or second derivative of the
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response surface with respect to each individual model parameter.’ The
simplest gradient-based algorithm is that of the steepest descent, which
searches along the first-derivative direction for iterative improvement of
the objective function. Newton-type methods, such as the Gauss-Newton
family of algorithms, are examples of second-derivative algorithms.
Gupta and Sorooshian® and Hendrickson er al.** demonstrate how
analytical or numerical derivatives can be computed for conceptual
watershed