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PREFACE

During the past four decades, computer-based mathemati-
cal models of watershed hydrology have been widely used for
a variety of applications including hydrologic forecasting,
hydrologic design, and water resources management. These
models are based on general mathematical descriptions of the
watershed processes that transform natural forcing (e.g., rain-
fall over the landscape) into response (e.g., runoff in the
rivers). The user of a watershed hydrology model must spec-
ify the model parameters before the model is able to properly
simulate the watershed behavior.

In this regard, hydrologic models are no different from
mathematical models of other physical or natural systems. If
the physical processes governing the system are well under-
stood, the values for model parameters can often be deter-
mined to a high degree of precision. In some instances, such
models gain acceptance as “physical laws,” and their param-
eters are referred to as “physical constants” (e.g., the gravita-
tional constant in Newton’s law of gravity and the gas con-
stant in the ideal gas law). In hydrology, however, the physi-
cal processes of concern are complex and not well under-
stood. Although model parameters are conceptually related to
characteristic properties of the structure of a landscape, for
example, these properties have been found to be highly vari-
able in space, and not easily measurable at the spatial and
temporal scales required by the models in use. As a result,
model parameters must be estimated for each specific appli-
cation of the model.

There are two main approaches to estimating the model
parameters. The first (a priori approach) estimates model
parameters by relying on theoretical or empirical relation-
ships that relate such parameters to observable (measurable)
characteristics of the watershed, such as soil and vegetation
properties, watershed geomorphology, topographical fea-
tures, and more. The second approach (model calibration)
adjusts model parameter values, so that the model input-out-
put (e.g., rainfall-runoff) response closely matches the
observed (measured) input-output response of the watershed
for some historical period for which data have been collected.
When adequate amounts and quality of calibration data are
available, hydrologists have typically preferred the model cal-
ibration approach, or some combination of the two.

Unfortunately, past experience has shown the profound
complexity of estimating values for hydrologic model param-

eters, either by the a priori or model calibration approaches.
Because all models are approximations of the real world,
model equations and associated parameters are idealized rep-
resentations which are not directly (unambiguously) related
to measurable watershed properties. Furthermore, there is a
variety of errors in the model structure and uncertainties in
the data used for parameter estimation, which introduce con-
siderable inaccuracy into model behavior. These factors have
made it difficult to develop reliable procedures for model
parameter estimation, and to provide suitable estimates of
uncertainties in the resulting model predictions.

During the past several decades, scientists and practitioners
have devoted considerable research effort to the model
parameter estimation problem, leading to a variety of differ-
ent approaches. In a process analogous to the proverbial blind
men studying the elephant, different perspectives and opin-
ions have arisen that are energetically debated and which do
not enjoy universal acceptance. Nonetheless, each perspec-
tive is based on a different approach to the problem and,
therefore, points to important “truths™ that call for assimila-
tion into a more complete understanding of the “beast” (the
watershed modeling problem).

Despite imperfect knowledge and understanding, scientists
recognize the progress made, and a degree of consensus has
begun to emerge. The study of the problem has been greatly
facilitated by advances in computing power, advances in
measurement technologies (including remote sensing), and
by improved mathematical and statistical theories.

Here, then, is a monograph that broadly reflects the state of
the art in the methods and philosophies for model calibration
now available from leading researchers worldwide. A broad
range of topics are discussed within the context of the fol-
lowing questions: (1) what constitutes the best estimates for
the parameters of a watershed model?; (2) what computation-
al procedures are necessary to ensure proper model calibra-
tion and meaningful evaluation of model performance?; (3)
how are calibration methods developed and applied to water-
shed models?; (4) what calibration data are needed, and how
are these data obtained and analyzed, in order to obtain reli-
able parameter values?; and (5) how can model parameters be
estimated using a combination of expert knowledge of the
model physics and a priori knowledge of land surface char-
acteristics?



The papers in the monograph are organized into seven sec-
tions: (1) Introduction, (2) Advances in Calibration
Methodologies, (3) Optimization Algorithms for Parameter
Estimation, (4) Interactive Strategies for Parameter
Estimation, (5) Automatic Strategies for Parameter
Estimation, (6) Methods for Developing a priori Parameter
Estimates, and (7) Process Representation, Parameter
Sensitivity, and Data Informativeness. The introduction by
John Schaake presents a historical perspective on watershed
model calibration, a brief overview of each chapter, and a dis-
cussion of emerging opportunities and future directions in
watershed model development and calibration. Section 2 cov-
ers a range of perspectives and philosophical approaches to
model calibration, arising from different emphases and com-
putational approaches. In some cases, similar arguments are
made, and this redundancy has been consciously retained to
reflect the consensus now emerging (due in no small measure
to improved global communication technologies). Section 3
presents a number of state-of-the-art optimization algorithms
that can be used to find optimal estimates (and uncertainty
bounds) for model parameters, when the watershed model cal-
ibration problems are posed as optimization problems. Section
4 reviews various interactive calibration procedures that incor-
porate human expert experience and knowledge, while taking
advantage of modern computational and graphical tools such
as GIS and Graphical-User-Interfaces (GUISs). Section 5 illus-
trates the applications of automatic calibration to various prac-
tical hydrological applications including rainfall-runoff mod-
eling, hydrochemical modeling and land surface modeling.
Section 6 discusses how a priori parameter estimates can con-
tribute to the fine-tuning of parameters. Finally, Section 7
addresses factors critical to the success of model calibration,
including data requirements, process representation and inter-
pretation of model parameters.

Despite more than forty years of experience with digital
watershed modeling, a book that focuses on the achievements
and advances in calibration of watershed models has yet to be
published. This monograph is intended to fill that void. It is

vi

suitable for both didactical and reference purposes, and should
prove valuable to a wide audience, including university
researchers and graduate students, practicing hydrologists, civil
and environmental engineers, and water resources managers.
We particularly hope that the materials contained herein will
motivate generations of students to bring new and broader per-
spective to the “study of the elephant,” leading to resolution of
the many problems that still command our attention.

The monograph derives from a special session, “Advances
in Calibration of Watershed Models,” held at the 2000 Fall
Meeting of the American Geophysical Union (AGU) in San
Francisco, California. The excitement generated by the pre-
sentations, discussions, and posters at this special session,
along with strong encouragement from the AGU Books
Department, led to the suggestion that the papers be compiled
into an AGU Monograph as part of the Water Science and
Application Series. It also contains invited papers by a num-
ber of leading researchers who were unable to attend the
AGU meeting.

The editors wish to acknowledge many of our colleagues
who contributed to the volume by reviewing individual chap-
ters, thereby ensuring the scientific integrity of the mono-
graph as a whole. We also gratefully acknowledge support
from our respective institutions. In particular, we appreciate
the partial support provided for editors Duan, Gupta and
Sorooshian by SAHRA (Sustainability of semi?Arid
Hydrology and Riparian Areas), under the STC Program of
the National Science Foundation, Agreement No. EAR-
9876800. Finally, we express our gratitude to our AGU acqui-
sitions editor, Allan Graubard, and AGU production editor,
Terence Mulligan, for their editorial guidance, cooperation,
and patience in publishing this volume.

Qingyun Duan
Hoshin V. Gupta
Soroosh Sorooshian
Alain N. Rousseau
Richard Turcotte



Introduction

John C. Schaake

NOAA/NWS, Hydrology Laboratory, Office of Hydrologic Development, Silver Spring, Maryland

HISTORICAL PERSPECTIVE

Conceptual hydrologic models that account for the con-
tinuous dynamics of hydrologic processes were introduced
in the early 1960’s. The Stanford Watershed Model
(Crawford and Linsley, 1962) was the first integrated
attempt to take advantage of the advent of digital comput-
ers to describe quantitatively the hydrologic processes that
take place in a watershed “within the limitations of current
understanding and the limitations of the computer”.

The limitations of our hydrologic understanding and the
limitations of the computer both have evolved since 1960’s.
Computing power is at least a billion times what it was then.
But computing still may pose practical limits for hydrologic
modeling and parameter estimation today. Hydrologic under-
standing remains limited in several ways that are scale
dependent. A great challenge in hydrology is to make predic-
tions and test hypotheses at space and time scales of practi-
cal interest. Understanding depends on: knowledge of the
physics of hydrologic processes at different scales, knowl-
edge of soils, vegetation and topographic characteristics and
knowledge of water and energy forcing that varies in time
and space. Knowledge of all of these factors is both limited
and imperfect. In the end it is not possible to resolve every
detail of every aspect of the hydrology of the “real” world.
So, effective hydrologic modeling is both the art and the sci-
ence of applying limited and imperfect understanding.

These issues were well understood by Crawford and
Linsley (1966) who wrote:

A hydrologic model is nothing more than a
collection of quantitative hydrologic concepts
that are given mathematical representations. If
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each of these concepts is a well established phys-
ical law that has an exact mathematical repre-
sentation, and if every physical component of the
watershed is present in the model, the entire
model structure would be unique and all physi-
cal processes in the watershed could be accu-
rately simulated. Prohibitive amounts of input
data would be required, far beyond practical
limitations even for small watershed plots.

Since most of the action in hydrology occurs under-
ground where it cannot be directly observed, this assess-
ment remains valid today. Nevertheless, Crawford and
Linsley’s Stanford Watershed Model was a remarkably
successful attempt to achieve an acceptable level of
complexity using physically relevant components and a
moderate number of quantitative components to repre-
sent a broad range of hydrologic behavior. A variant of
the original model, but with the addition of water quali-
ty components, is used today as EPA’s Hydrological
Simulation Program.

Since the advent of the Stanford Watershed Model, a
plethora of hydrologic models have been proposed and
many are being used for a variety of different applica-
tions. Twenty-six of the world’s most popular computer
models of watershed hydrology were documented
recently by Singh (1995). More recently Singh and
Frevert (2002a,b) put together a 2-volume book that
gives a comprehensive account of 38 mathematical mod-
els of large and small watershed hydrology not included in
Singh’s 1995 book. Some notable models that have been
widely used throughout the world include: the Tank model
(Sugawara, 1995) that was a contemporary of SWM; the
Sacramento model in the National Weather Service River
Forecast System (Burnash, 1995); the Precipitation Runoff
Modeling System (PRMS) developed by the United States
Geological Survey (Leavesley and Stannard, 1995); the HBV
model developed in Sweden (Bergstrom, 1995) and the SHE



2 INTRODUCTION

model developed in Europe (Bathurst, et al, 1995) that also
has several widely used variants.

A comprehensive review of what has happened in hydro-
logic modeling since the 1960’s was prepared by Beven
(2001). Interest in hydrologic models initially was focused on
solving practical engineering problems. Models were often
explained in terms of how they could be used. There was
much more interest in how they performed than in why.
Although engineering interest in hydrologic models contin-
ues, there also has emerged a more reflective, scientific inter-
est in hydrologic models. This has been enhanced during the
last decade by a rapidly growing collaboration of hydrolo-
gists and atmospheric scientists to develop improved repre-
sentations of the role of the land surface as a lower boundary
in weather and climate models. There is renewed interest in
hydrologic prediction for ungaged basins, and this is calling
attention to the importance of parameter estimation.

The first comprehensive attempt to intercompare different
hydrologic models was the World Meteorologic
Organization (WMO) hydrologic model intercomparison
study (WMO, 1975). Subsequently, WMO led intercompar-
ison studies of snowmelt models (WMO, 1986) and real-
time applications of hydrologic models (WMO, 1988).
Recently there has been a number of intercomparison stud-
ies of models used to represent the land surface in atmos-
pheric models (Henderson-Sellers et al., 1993).

Every conceptual model has parameters that are the coef-
ficients and exponents in the model equations. These param-
eters must be estimated for a given catchment and for each
computational segment of the model. They must be estimat-
ed cither by some relationship with physical characteristics
or by tuning the parameters so that model response approxi-
mates observed response, a process known as calibration.

The process of model calibration is quite complex
because of limitations of the models, limitations of the input
and output data, imperfect knowledge of basin characteris-
tics, mathematical structure of the models and limitations in
our ability to express quantitatively our preferences for how
best to fit the models to the data. As a result of these limita-
tions, it is not clear that a unique set of values exists for the
model parameters for a given watershed. And there is a
degree of uncertainty about which parameter values may be
“best”. When comparing model outputs to observations, a
basic question is what causes the differences. Are they
because of limitations in the model structure, limitations in
the parameter set, errors in the forcing data or errors in the
output measurements? Improvements in the calibration
process are needed to deal better with this issue.

There are two primary parts to the calibration process. The
first is to decide how to judge whether one set of parameter
values is preferred over another set. In the case of automatic

calibration this means to specify an objective function or a set
of objective functions. The second part is to find preferred
sets of parameters and possibly select one of these to apply
the model. This may be done manually, automatically using
an optimization technique or by some combination. It may
also involve a hierarchical process or other strategy to esti-
mate different parameters at different stages in the process.

In the early days of hydrologic modeling, the existing
optimization techniques would tend to converge on local
optimal solutions and would not reliably find the global
optimum. Objective functions for hydrologic model calibra-
tion are notorious for having many local optima. Therefore
it was not clear if the limitations of a given model applica-
tion to a particular watershed were due to poor calibration
or to limitations in the model or the input data. The opti-
mization part of the calibration problem, though yet to be
solved completely, was no longer a major limiting factor
with the development of the Shuffled Complex Evolution
(SCE-UA) optimization method, a highly reliable technique
at finding global optimal solutions even for difficult objec-
tive functions with many local optima (Duan et al., 1992 &
1994, Duan, this volume).

Now it is possible to focus attention much better on the most
important aspects of the model calibration process. Two
aspects of this that are receiving increased attention are analy-
sis of uncertainty and consideration of multiple objectives.
Uncertainty in models and data leads to uncertainty in model
parameters and model predictions. Bevin and Binley (1992)
proposed a method called generalized likelihood uncertainty
estimation (GLUE) that uses prior distributions of parameter
sets and a method for updating these distributions, as new cal-
ibration data become available, to make probabilistic esti-
mates of model outputs. Other recent studies of parameter
uncertainty include Kuczera (1997), Kuczera and Parent
(1998), Thiemann et al. (2001), Bates and Campbell (2001).
Bevin (2001) notes that the GLUE methodology provides one
way of recognizing the possible “equifinality” of models and
parameter sets. Bevin introduced the term equifinality to rec-
ognize there may be no single, correct set of parameter values
for a given model and that different parameter sets may give
acceptable model performance. Multi-objective approaches to
calibration that recognize there may be no single, optimal set
of model parameters, have been pioneered by Gupta et al
(1998) and Yapo et al (1997).

This book presents an interesting view of the state-of-the
art in model calibration. The contributions presented herein
are organized into the following six sections:

a) Advances in Calibration Methodologies;
b) Optimization Algorithms for Parameter Estimation;
c) Interactive Strategies for Parameter Estimation;



d) Automatic Strategies for Parameter Estimation;

e) Methods for Developing A Priori Parameter
Estimates;

f) Sensitivities of Model Calibration to Various
Factors.

ADVANCES IN CALIBRATION METHODOLOGIES

Gupta et al. (this volume, “Advances...”) offer an inter-
esting reflection on recent advances in automatic calibration
of watershed models. The goal of calibration strategies
should be to explicitly account for all of the following - a
priori model uncertainty, input, state, structure parameter
and output uncertainties, and multiple sources and types of
information, while allowing recursive processing of data as
they become available. They suggest that a multi-objective
approach offers a way forward by emulating the ability of
manual-expert calibration to employ a number of comple-
mentary ways to evaluate model performance and to extract
greater amounts of information from the data. They raise
several questions for further investigation.

Major sources of uncertainty in the modeling process are
a lack of objective approaches to evaluate model structures
and the inability of calibration approaches to distinguish
between the suitability of different parameter sets.
Therefore, Wagener et al. (this volume), propose a frame-
work for identification and evaluation of conceptual rainfall-
runoff models that is based on multi-objective performance
and a novel dynamic identifiability analysis framework
(DYNIA). They illustrate their approach with an application
to a catchment located in the south of England and propose
several areas of possible application to the modeling process.

Understanding the nature of data and model errors should
be an essential part of the calibration process. Kavetski, et
al. (this volume) discuss shortcomings in existing calibra-
tion methodologies and outline a Bayesian Approach to
Total Error Analysis (BATEA) framework that integrates
model and data uncertainty representations into the calibra-
tion process. They propose that distinguishing the various
sources of error will improve our understanding of uncer-
tainty in both parameter values and model predictions.

Freer et al. (this volume) apply the Generalized
Likelihood Uncertainty Estimation (GLUE) approach to
assess the changing dynamics of a hydrologic model
applied to data from the 41-ha Panola Mountain Research
Watershed, Georgia. They conclude that there needs to be a
more thoughtful approach to specification of performance
measures and that further development of the model to bet-
ter represent effects of seasonality is also required.

Seibert and McDonnell (this volume) suggest that new
progress in watershed modeling may be possible by comple-
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menting traditional hard data measures used in model cali-
bration with qualitative process understanding that exists for
most small research catchments. Their idea is to include soft
data in automatic calibration procedures using a multi-crite-
ria approach as a way to mimic hydrologic reasoning that is
done implicitly in manual calibration approaches. They pres-
ent a framework to use soft data from the experimentalist
through fuzzy measures of model simulation and parameter
value acceptability. They illustrate their ideas for the Maimai
research catchment in New Zealand.

OPTIMIZATION ALGORITHMS FOR
PARAMETER ESTIMATION

Recent progress in developing robust, global optimization
techniques is reviewed by Duan (this volume). Three glob-
al optimization methods commonly used in watershed
model calibration: simulated annealing; genetic algorithm
and shuffled complex evolution are presented in detail. The
relationship between these and earlier classical local search
methods is discussed.

Improvements to the original SCE optimization algorithm
have led to development of the Shuffled Complex Evolution
Metropolis (SCEM-UA) algorithm (Vrugt et al., this vol-
ume). Two enhancements have been made that prevent the
search from becoming mired in a small domain of attraction.
It is demonstrated that the new algorithm is more efficient
that alternative approaches to accomplish the same objective.

Calibration of basins that only recently are gaged and
therefore have only limited historical data or basins where
land use may be changing might best be done with a recur-
sive algorithm. Misirli ez al. (this volume) present a Bayesian
Recursive Estimation (BaRE) algorithm that considers uncer-
tainty associated with model structure, parameters, states and
the input and output measurements. Comparisons to batch
calibration using the SCE-UA algorithm show that BaRE is a
powerful on-line, adaptive calibration tool.

Model calibration using a single objective function does
not adequately measure the ways in which a model fails to
match important characteristics of the observed data. Gupta
et al. (this volume, “Multiple...”) present the MOCOM-UA
algorithm as an effective and efficient methodology for
solving the multi-objective optimization problem and illus-
trate this in a simple hydrologic model calibration study.

INTERACTIVE STRATEGIES FOR
PARAMETER ESTIMATION

The National Weather Service (NWS) uses hydrologic
models as an integral part of its river and flood forecasting
system. Experience with calibration of many basins
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throughout the United States has led to development of a
comprehensive interactive calibration strategy now being
used by NWS River Forecast Centers presented by Smith et
al. (this volume). Data analysis techniques, calibration pro-
cedures and future enhancements to the calibration process
are discussed.

A multi-step automatic scheme (MACS) that emulates the
thought processes of expert-manual calibration of the
Sacramento model is described by Hogue et al. (this vol-
ume). Different objective functions are used at different
steps in the process. Application to three river basins in dif-
ferent climate regimes demonstrates improved quality cali-
brations comparable to the existing River Forecast Center
and other automatic calibrations. This method offers a reli-
able, time-saving approach to obtain quality calibrations.

An approach to estimate parameters by assigning each
parameter to one of several objectives is discussed by
Turcotte et al. (this volume). Parameters affecting objec-
tives characterized by long time scales are calibrated first
while those characterized by short time scales are calibrat-
ed last. Adjustments to parameters estimated earlier are
considered by repeating the process until satisfactory per-
formance is attained. Objectives to minimize errors and
stratify parameter values pertain to: (i) prolonged summer
drought recessions, (ii) annual and monthly flow volumes,
(iii) summer and fall high flows, (iv) high flow synchro-
nization, (v) winter recessions and (vi) spring runoff from
snowmelt.

A case study of a fully distributed hydrologic model cali-
brated with a systematic manual adjustment of parameters
for the Illinois and Blue river basins in Oklahoma is present-
ed by Vieux and Moreda (this volume). An ordered physics
based parameter adjustment (OPPA) procedure is used in
which parameters are associated with criteria for their esti-
mation and the order of estimation considers the role played
by each parameter and its sensitivity to other parameters in
the model.

AUTOMATIC STRATEGIES FOR
PARAMETER ESTIMATION

A new hybrid multi-criteria calibration approach that
combines the strengths of automatic and manual calibra-
tion methods is presented by Boyle et al. (this volume).
The new approach is used to explore the benefits of dif-
ferent levels of spatial and vertical representation of
important watershed hydrologic variables. Suggestions are
made for further research using this approach to investi-
gate simultaneously the effects of spatial resolution and
vertical structural complexity on model performance and
parameter calibration.

An approach allowing calibration of hydrologic models
over a range of time scales using wavelet analysis is pre-
sented by Parada et al. (this volume). The multi-resolution
approach can be applied in a similar way as the single-scale
approach to different objective functions. It is applied to a
sub-humid basin in northern California where it was found
that the multi- resolution approach was superior to the sin-
gle-scale approach and was less sensitive to the representa-
tiveness of the period selected for calibration. Suggestions
for choice of optimization criteria also are offered.

The MOCOM-UA multi-objective approach was used
by Meixner et al. (this volume) together with sensitivity
analyses to investigate parameter estimates, model struc-
ture and natural processes using the Alpine Hydrochemical
Model (AHM) of the Emerald Lake watershed. The sensi-
tivity analysis was used to develop four sets of criteria for
MOCOM-UA. Improved estimates of several hydrologic
and biochemical process parameters were made and a flaw
was found in the current representation of mineral weath-
ering in the AHM. Also, some conflicts were found
between the kinds of conclusions that might be drawn
from sensitivity and calibration analyses.

The relationship between parameter values and the abil-
ity of a land surface model to simulate surface heat fluxes
as well as water and energy state variables is discussed by
Bastidas et al. (this volume). The potential is explored for
using remotely sensed ground surface temperatures and
surface soil moisture to bound the parameters of land sur-
face models and thereby to improve the ability to simulate
surface heat fluxes to the atmosphere. Although both the
surface state variables and the surface heat fluxes could be
simulated accurately, different parameter sets were
required to do this, raising questions about the adequacy of
the model structure and how to interpret the relationship
between observations and model state variables.

METHODS FOR DEVELOPING
A PRIORI PARAMETER ESTIMATES

When neighboring basins are calibrated independently
there may be far more spatial variability in the calibrated
parameters than might seem reasonable relative to the vari-
ability of basin characteristics. Koren et al. (this volume)
developed an objective estimation procedure that uses a pri-
ori parameter estimates to initialize the calibration process,
to provide limits to constrain the feasible parameter space
for basins being calibrated, and to transfer calibrated param-
eters to ungaged basins. Tests involving Sacramento model
applications to a number of headwater watersheds in the
Ohio river basin suggest that soil derived parameters can
improve the spatial and physical consistency of estimated



parameters while maintaining hydrologic performance of
both gaged an ungaged watersheds.

The USGS has been developing an integrated modeling
framework that can be used to assess objective parameter
estimation methodologies and process conceptualizations.
Leavesley et al. (this volume) present methods and results
from initial testing of the USGS Modular Modeling System
(MMS) for three major snowmelt regions of the western
United States. The study is concerned with estimation of
parameters for distributed models, the application of a pri-
ori information and the role of calibration in the parameter
estimation process. The chapter includes a comprehensive
evaluation of the results and the performance of various
parts of the MMS. The ability to identify sources of error,
such as model, data and parameter are needed to provide an
objective assessment of estimation methodologies and
model coneptualizations.

SENSITIVITIES OF MODEL CALIBRATION
TO VARIOUS FACTORS

An interesting review of issues important in the develop-
ment of hydrologic models, estimation of model parameters
and applications of models is given by Burges (this vol-
ume). This review is motivated by the author’s extensive
hydrologic research experience and its relationship to
hydrologic modeling. A wide range of topics needing atten-
tion are suggested, including need for more and better meas-
urements and a need to establish “natural laboratories” with
nested measurements.

Calibration and validation model results were analyzed
for 37 sets of conceptual rainfall runoff model experiments
by Gan and Biftu (this volume). These experiments were
from five different models applied to five different catch-
ments from wet, semi-wet and dry climates. Generally more
dependable results were obtained for wet catchments.
Model performance was found to depend more on model
structure and on data quality than on model complexity or
data length. Because parameter estimates are data depend-
ent, adequate data are needed for estimation. Although
hydrologic processes in dry catchments are more complex
than in wet, good quality hydrologic data can support
hydrologic modeling of dry catchments.

Quantification of nutrient loads from nonpoint sources is
investigated by Baginska and Milne-Home (this volume)
using the Annualized Agricultural NonPoint Source
(AnnAGNPS) model for a small rural watershed in New
South Wales, Australia. Even though all of the model inputs
can be measured in the field, calibration of model parame-
ters improves the results and helps to understand uncertain-
ties and sensitivities. Interdependence of model parameters
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was found to complicate the calibration process. Particular
attention is needed during the verification process to assure
that simulated flow volumes match observed so that flow
volume inconsistencies are not transformed and amplified
in subsequent water quality simulations.

Land use changes over a period of years may lead to sig-
nificant changes in flow peaks, shorter times to peak flows,
changes in recession characteristics, etc. These hydrologic
changes may have important societal effects. Loaiciga (this
volume) discusses the relevance of hydrologic model cali-
bration within the context of forensic hydrology, a branch of
hydrology that supports legal investigations and that deals
with the study of flood events with the objective of deter-
mining the probable causes and sources of human-induced
contributions to flood damages.

REFLECTIONS ON
THE FUTURE OF MODEL CALIBRATION

Calibration methodologies must extract as much informa-
tion as possible from available data. Often, the only available
measured, endogenous, variable is streamflow. Jakeman and
Hornberger (1993) argued that only very limited model com-
plexity involving few model parameters is appropriate if the
only source of data for model calibration is streamflow.
Since this usually is the case, improved diagnostic tools are
needed to extract more information from both the input forc-
ing data and streamflow data. This would also improve our
understanding of how the climatic variability of the forcing
is modified by catchments to control the climatic variability
of the streamflow.

Several contributions to this volume use multi-objective
techniques, sometimes associating subsets of parameters
with different objectives. If we had improved diagnostic
tools they could be used to better understand how different
model structures and parameter values function together to
approximate the behavior of real catchments. Improved
diagnostic tools might also be used to develop improved
approaches to multi-objective calibration.

There has been an exponentially growing recent interest in
distributed hydrologic modeling that has been fueled by
growing availability of GIS-related information. The distinc-
tion between lumped and distributed hydrologic models is
simply whether the catchment is represented by a single,
lumped hydrologic element or a set of spatially distributed
elements. In any case, the smallest element of all distributed
models is a lumped model. If there are enough distributed
elements the size of the smallest area may be small enough
that models of point physical processes may be reasonable
representations of local hydrologic processes. Nevertheless,
a great challenge is to estimate the parameters of distributed
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models. Although there may be a wealth of GIS data to help
establish model parameters, there is also a great lack of data
about the detailed physical characterization of the sub-sur-
face where most hydrologic processes occur. This means that
detailed, distributed, “physically based” models can be
improved through calibration of at least some model param-
eters. Practical application of all hydrologic models require
data related to how physical processes work to calibrate key
model parameters. While distributed hydrologic models may
better represent some aspects of the physical processes in a
catchment and offer a priori methods to estimate model
parameters using GIS data, they also present a great chal-
lenge for model calibration procedures and for improved
diagnostic tools to use limited streamflow data.

A key theme of a few authors is to find additional sources
of endogenous measurements, even qualitative information,
and then develop ways to use these in the calibration process.
It was illustrated that this can lead not only to improved
parameter estimates but to better understanding of limita-
tions of our models because different sets of parameter val-
ues may be needed to match different sets of observed data.
Although some special measurements may only be available
for brief periods during special research projects, others may
become available routinely, especially from satellite remote
sensing. To use additional measurements, more attention is
needed to the relationship between measured variables and
related model variables. Such relationships may be very
complex and may only be possible to define empirically. If
so, should additional parameters in such relationships be cal-
ibrated together with the original model parameters?

Several chapters note that measurement errors have sig-
nificant effects on the calibration process and propose strate-
gies to deal with this. Improved understanding of how meas-
urement errors lead to uncertainty in both parameters and
predictions requires improved knowledge of measurement
errors and methods to estimate properties of measurement
errors. Most existing methods to account for uncertainty do
not explicitly distinguish between different sources of uncer-
tainty. More attention is needed to model all of the sources of
uncertainty explicitly and to estimate how this leads to uncer-
tainty in model parameters and model predictions. It might be
interesting to consider how a model would respond to an
ensemble of equally likely traces of forcing variables that
might be repeated for an ensemble of equally likely parame-
ter sets. Could such ensemble approaches assist in various
aspects of the modeling process?

More attention is needed to deal with the fact that every
model is an imperfect representation of a real catchment. The
goal of the calibration process is to somehow “fit” the model
to the real catchment. The best approach to the fitting
process depends on how the model will be used. For exam-

ple, a model might be used to make probabilistic predictions
about the occurrence of one or more endogenous variables.
Or it might be used to make an “optimal” estimate of the
endogenous variable at various times in the past or future.
Modeling approaches designed to produce optimal estimates
may not be the preferred approaches to make probabilistic
predictions, although they may be related.

Some of the implications of imperfect models are that
parameter values do not have exact physical meaning and
that calibrated parameter values are partly an artifact of the
model structure. Changing only a part of the model structure
could lead to changes in all of the resulting calibrated param-
eter values. This does not mean that parameter values have
no physical basis. Indeed there may be some relationship
between parameter values and physical or climatological
catchment characteristics that could be derived empirically
using data from many catchments.

Finally, a key step in improved hydrologic modeling is to
have good a priori estimates of model parameters and a pri-
ori estimates of the uncertainty in these parameter estimates.
This is important to apply models to ungaged or poorly
gaged areas, to apply distributed models to well gaged areas
and to constrain the calibration process. An international
Model Parameter Estimation Experiment (MOPEX) is being
conducted to develop improved a priori parameter estimates
and procedures for relating model parameters to physical and
climatological basin characteristics (Schaake et al., 2001).
Data sets from hundreds of basins in the United States have
been compiled and hundreds more from throughout the
world are being sought. These data sets include model forc-
ing and model output measurements as well as basin charac-
teristics data. Many investigators from the international
hydrologic community are beginning to apply the concepts
presented in this book to these data, both to improve
approaches to model calibration and to develop improved
approaches to a priori parameter estimation.
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There is an urgent need to develop reliable automatic methods for identification
of watershed models. The goal of such research should be to develop strategies that
explicitly account for all of the following— a priori model uncertainty, input, state,
structure, parameter and output uncertainties, and multiple sources and types of
information, while allowing recursive processing of data as they become available,
and providing quantified (perhaps probabilistic) estimates of model output uncer-
tainty. The “Turing Test” of such a strategy would be its ability to provide reliable
model performance that is indistinguishable from, or demonstrably superior to
what can be obtained by an expert hydrologist. Traditional Automatic methods
based on techniques of non-linear regression fail in this regard. Major weakness
include their underlying assumption that the model structure is correct, inability to
handle various sources of uncertainty, dependence on a single aggregate measure
of model performance, and emphasis on identifying a unique optimal parameter
set. The multiple-criteria approach offers a way forward by emulating the ability
of Manual-Expert calibration to employ a number of complementary ways of eval-
uating model performance, thereby compensating for various kinds of model and
data errors, and extracting greater amounts of information from the data. The out-
come is a set of models that are constrained (by the data) to be structurally and
functionally consistent with available qualitative and quantitative information and
which simulate, in an uncertain way, the observed behavior of the watershed. This
chapter explores the historical development of current perspectives on calibration
and raises questions for further investigation.

1. INTRODUCTION
1.1. Conceptual Watershed Models

A watershed model is a conceptual-numerical representa-
tion of the dominant processes controlling the transforma-
tion of precipitation over a watershed into streamflow in the
river channel. Such models are commonly designed to com-
pute streamflow at the watershed outlet, but a number of
models now also attempt to compute the flow at various
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interior locations. The reasons for wanting to do this vary,
ranging from the construction of flood frequency curves for
engineering design, to the simulation of the potential
impacts of land use change or climate change, to operational
real-time flood forecasting. Our own research, conducted
primarily at the University of Arizona, has focused on the
Sacramento Soil Moisture Accounting Model (SAC-SMA,
see Figure 1) developed by Burnash et al. [1973; Bumash,
1995] in the 1970’s and extensively used by the US National
Weather Service (NWS) for flood forecasting at over 4000
forecast points throughout the United States [Ingram, 1996;
Smith et al., this volume] (Note: the model is also widely
used by other hydrologic agencies throughout the world).
Since the 1960’s a variety of “different” conceptual water-
shed models have been developed, differing somewhat in the
particular details of their design and equations used, but
arguably similar to the diagram shown in Figure 1 in terms of
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their overall structure. Examples of such models are the
Stanford series of watershed models [Crawford and Linsley,
1966], the Boughton Model [Boughton, 1965], and the
Xinanjiang Model [Zhao et al., 1980], to name just a few. The
above-mentioned models are generally considered to be
lumped parameter models because they were historically
designed to represent and be applied at an aggregate (water-
shed or sub-watershed) scale. Recently, with the advent of
more powerful computers and access to distributed data at rel-
atively fine scales, a number of distributed parameter water-
shed models have been developed, including the MIKE-SHE
model [Refsgaard and Storm, 1995], TOPMODEL [Beven
and Kirby, 1976; 1979], KINEROS [Smith et al., 1995], HBV
[Bergstrom, 1995], and IHDM [Calver and Wood, 1995], to
name just a few. The latter models attempt (in varying ways) to
represent the spatial heterogeneity of the inputs, states, water-
shed properties and outputs at the sub-watershed scale.

In this paper, we shall focus our attention almost exclu-
sively on the issue of model calibration for lumped param-
eter watershed models, hereafter simply called watershed
models. Further, we shall refer mainly to the research con-
ducted by our own group at the University of Arizona over
the past two decades with some reference to the work of
others; other chapters of this monograph are well represen-
tative of the important contributions made by eminent
researchers throughout the world.

1.2. The Problem of Model Identification
Watershed models, such as the SAC-SMA, are (for the

most part) based on the assumption that the dominant
hydrologic processes controlling the transformation from
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Figure 1. Conceptual diagram of SAC-SMA model.

precipitation (over a watershed) to runoff (at the watershed
outlet) are structurally similar for all (most) watersheds of
interest, and that the same (similar) model structure can be
used at a wide variety of locations throughout the world sim-
ply by adjusting the values of the model parameters so that
the model-simulated precipitation-runoff response is similar
to the observed response of the watershed in question. As
mentioned before, lumped watershed models are designed to
represent the aggregate (watershed or sub-watershed) hydro-
logic response of the watershed (or some sub-region within
it), and hence the model structure and parameters are “effec-
tive” conceptual representations of spatially and temporally
heterogeneous watershed properties.

This assumption of similar watershed structure and
behavior works quite well for applications such as engi-
neering design and flood forecasting concerned with
streamflow estimates at the watershed outlet. This is
because physical watersheds are themselves functional
integrators of the sub-watershed hydrologic processes,
channeling the precipitation distributed over the basin
through a relatively small watershed outlet. However, the
effective (watershed scale, lumped, and time-invariant)
model representation of the watershed structure and param-
eters (soil and vegetation properties) makes them difficult,
if not impossible, to specify by means of direct observa-
tions conducted in the field. This is because many of these
properties are not easily observable and measurable, and/or
because the available measurement technologies are inca-
pable of providing appropriate measurements at the correct
(watershed aggregate) scale.

The general problem of model identification [Gupta and
Sorooshian, 1985b] therefore involves the selection of
appropriate structures for the various model components
and specification of values for the parameters of those
model components, such that the resulting model provides
a sufficiently accurate (depending on the application) sim-
ulation/prediction of watershed response. Historically, due
primarily to computational limitations, it has been common
to choose a particular model structure (such as the SAC-
SMA) based on the recommendations of other people, or
one’s own experience (e.g., James and Burges, [1982],
offer guidance on hydrologic model selection). The specif-
ic identification problem, therefore, has been the simpler
issue of selecting values for the model parameters, given
the fixed model structure [Gupta and Sorooshian, 1985b].

1.3. The Process of Parameter Estimation
Unfortunately, the problem of parameter estimation has

not proved to be simple. Many (if not all) of the parameters
are effective quantities that cannot, in practice, be meas-



ured in the field, and must therefore be estimated by indi-
rect means. The typical way to achieve this is to try and
adjust the parameter values by various means (described
below) so that the input-output (precipitation-runoff)
behavior of the model approximates, as closely and consis-
tently as possible, the observed response of the watershed
over some historical period of time for which precipitation,
streamflow, and other relevant measured data are available
(see Figure 2). The process by which parameters are esti-
mated in this way has come to be called model calibration.
A model calibrated by such means can be used for the sim-
ulation or prediction of events outside the historical record
used for model calibration, if it can be reasonably assumed
that the physical characteristics of the watershed and the
hydrologic/climatic conditions remain similar.

The manual process of model calibration typically pro-
ceeds via three steps [Boyle et al., 2000]:

Step 1. The hydrologist examines the data that are avail-
able about the watershed characteristics and develops crude
a priori estimates (guesses) of the range of likely values for
each of the parameters. Boyle et al. [2000] refer to this as
Level Zero estimates. For example, the NWS may look at the
range of parameter values from a number of similar water-
sheds in the same region to develop Level Zero estimates.
This process involves little or no use of historical precipita-
tion-runoff data. In the absence of any other sources of infor-
mation, the Level Zero range of parameter estimates can be
defined conservatively, based on the maximum plausible
ranges for the parameters based on physical reasoning.

Step 2. More refined (Level One) ranges for some of the
parameter estimates are computed by identifying and ana-
lyzing the characteristics of specific segments of the
observed streamflow hydrograph that are thought to be pre-
dominantly controlled by a specific parameter (or sub-set of

Figure 2. Strategy used for model calibration.
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parameters) in isolation from the effects of other parame-
ters. For example, the estimate of the baseflow rate param-
eter (that represents the average rate at which the ground-
water drains into the river) can be refined by analyzing the
mean slopes of the extended recession segments of the
hydrograph. The multi-dimensional region of the parameter
space bounded by the Level One upper and lower ranges
for the parameters is called the feasible parameter space.

Step 3. The model is used to simulate the input-output
response of the watershed using a carefully chosen repre-
sentative period of historical data (called calibration data)
and one (or more) representative parameter sets selected
from within the feasible parameter space that was estimat-
ed via steps one and two. The simulated and observed out-
put responses (streamflow hydrographs) are then com-
pared (as described below) and an incremental, trial-and-
error process of parameter adjustments is attempted (with-
in the feasible parameter space) to get the simulated
response to approach more closely the observed watershed
response. This step has, in practice, proven to be quite dif-
ficult to carry out in a reliable and consistent manner,
because:

a) there are typically a large number of parameters
that can be adjusted (the SAC-SMA has 15),

b) these parameters usually have either similar or
compensating (interacting) effects on different
portions of the modeled hydrograph,

c) there is no uniquely unambiguous way of evaluat-
ing the closeness of the simulated and observed
streamflow hydrograph time series, and

d) the input data, model conceptualization, and out-
put data are all to some extent imperfect (contain
errors or uncertainties).
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The resulting model, with this further refined region of
parameter values, which we call Level Two estimates, is then
typically evaluated for consistency (and possible violations
of modeling assumptions) by testing it over one or more
independent (i.e., not used for calibration) periods of histor-
ical data to establish some degree of confidence that the cali-
brated model will continue to provide consistent and reason-
able simulations when used in practice. This final step is often
called model verification or validation, although we prefer the
more accurate term model evaluation. For more details of the
subtleties of model verification/evaluation, please refer to the
work of authors such as Klemes [1986a; 1986b] and Yapo et
al. [1996], among others.

1.4. Level Two Parameter Estimation

Let us state quite explicitly that we do not consider
model identification to be a process of “fitting the model to
the data”. The process of model identification consists of a
series of steps in which the initial (large) uncertainty in the
model structures and associated parameter estimates is pro-
gressively reduced in such a way that the model is con-
strained to be structurally and functionally (behaviorally)
consistent with the available qualitative (descriptive) and
quantitative (numerical) information about the watershed.
Any selected model will be, at best, a structural and func-
tional approximation to the true (unknown) watershed
structure and function. Hence, it will be impossible to
reduce the model uncertainty to zero, even if the input and
output data were to be perfectly observed. The best we can
achieve is some minimal representative set of models
(structures & parameter values) that closely and consistent-
ly approximates, in an (unavoidably) uncertain way, the
observed behavior of the watershed.

The methods for model identification described below
will refer primarily to estimation of the model parameters
under the assumption that a specific model structural form
(set of equations) has been selected. However, with enough
computational power, these methods are also in principle
generally applicable to the more general problem of simul-
taneous structure and parameter estimation [see Boyle,
2001; Boyle et al., this volume].

In general, two general approaches to Level Two parame-
ter estimation have evolved since the early 1970s. One, the
Manual-Expert approach, relies on the judgement and expert-
ise of a trained and experienced hydrologist (see Section III
of this volume). The other, the Automatic approach, employs
the power, ability to follow systematic programmed rules,
and speed (machine intelligence or computer power) of a dig-
ital computer. In either of these two approaches, the process
of obtaining Level Two parameter estimates requires:

a) an estimate of the approximate parameter region to
be searched (feasible parameter space),

b) a strategy for evaluating the “closeness” between
the modeled and historically observed watershed
responses, and

¢) a strategy (procedure) for making parameter
adjustments (within the search region) that bring
the simulated responses closer (as defined by (b))
to the observed responses.

In both approaches, the Level Zero and Level One pro-
cedures can be used to estimate the feasible parameter
space. In Manual-Expert calibration the closeness of the
simulated and observed hydrographs (i.e. model perform-
ance) is evaluated primarily by subjective visual inspection
(usually supported by a number of statistical “goodness-of-
fit” measures) and the parameter adjustments are based on
expert guesses. In contrast, most strategies for Automatic
calibration have (till recently) used a single explicitly
defined measure of closeness (most commonly an aggre-
gate goodness-of fit statistic such as the mean squared error
over the simulation period) and the parameter adjustments
are made by an optimization algorithm. Traditional auto-
matic calibration strategies, have therefore, strongly bor-
rowed from the techniques of non-linear regression.

1.5. The Turing Test of Model Calibration

Table 1 compares the advantages and disadvantages of
the Manual-Expert and Automatic approaches. For lumped
watershed models having 15 or fewer parameters, a care-
fully executed Manual-Expert approach can give superior
results, but at the expense of considerable time and energy.
In contrast, the traditional Automatic approach is both fast
and relatively simple to apply, but somehow lacks some of
the sophistication of the Manual-Expert approach and
tends to give relatively “poor” parameter estimates and
less “consistent” model performance. We have observed,
over the past two decades, that NWS hydrologists respon-
sible for making critical flood forecast decisions are
unwilling, for a variety of reasons, to rely on models cali-
brated using traditional automatic calibration procedures.
It has become apparent, therefore, that improvements to
the traditional automatic calibration procedures are neces-
sary, and that the test of these improved procedures should
be their ability to pass inspection by a team of expert
hydrologists. Our goal, therefore, is to develop calibration
procedures that result in parameter estimates and model
performance that are essentially indistinguishable from
(comparable to or better than) those obtained by a highly
trained expert. We think of this as the equivalent “Turing
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Table 1. Comparative features of Manual-Expert and Automatic calibration.

Manual Calibration

Automatic Calibration

User Knowledge and Expertise
Subjective (realistic)

Complicated and highly labor intensive
Time Consuming

Excellent Results

Speed and power of computer
Objective (statistics)
Computer Intensive

Time Saving

Results may not be acceptable

Test” of model calibration. (The test was originally posed
by Turing [1950], in the context of machine intelligence. He
classified an artificial system as “intelligent”, if its response
to questions cannot be distinguished from that of an intelli-
gent human being.). The Turing test analogy was first pro-
posed to us in 2000 at the Federal Interagency Hydrologic
Modeling Conference in Tucson, Arizona, by a hydrologist
whose name we, unfortunately, cannot remember.

2. ADVANCES IN AUTOMATIC MODEL
IDENTIFICATION METHODS

2.1. The Need for Improved Automatic Methods

Although the Manual-Expert approach to watershed model
calibration can give very good results when performed by an
experienced hydrologist with considerable calibration skill and
knowledge about the watershed, there is an urgent need to
develop fast and reliable computer-based methods. In particu-
lar, the NWS has over 4000 forecast points in the U.S.A. for
which the SAC-SMA model (and its future versions) must be
calibrated within the next few years [Ingram, 1996]. This
number severely taxes the capabilities of the existing limited
number of NWS hydrologists and forecasters trained in cali-
bration skills. Further, it may take several hundred hours or
more of training time to bring a novice model calibrator up to
a reasonable level of skill [Mike Smith, NWS Office of
Hydrology, Personal Communication, 1999]. The magnitude
of the problem is growing rapidly with the expanding number
of forecast points. Another, and perhaps more important rea-
son, is that the availability of spatially distributed information
(NEXRAD radar-based precipitation data) is now encourag-
ing the use of semi-lumped and distributed watershed model
representations, having much larger numbers of parameters
than can be practically handled using the Manual-Expert
approach.

2.2. Historical Background
Research conducted during the past two and a half

decades has revealed that the traditional Automatic calibra-
tion methods suffer from a number of serious conceptual

and practical weaknesses. An overarching problem is that
the approach is based on classical non-linear regression the-
ory, which operates under the central assumption that the
available model structure is true, and therefore seeks to
identify a unique “optimal” (unbiased, minimum variance)
set of parameter estimates. In practice, it has proved diffi-
cult to identify, with confidence, unique parameter esti-
mates that optimize any of the wide variety of objective
functions that have been tested by numerous researchers
[Gupta et al., 1998]. Until the early 1990s the available
optimization procedures could not even be relied upon to
find the actual global optimum of an objective function.
Any parameter estimate obtained in this way was found to
be very sensitive to the choice of the objective function and
the data set used for calibration [Gupta et al., 1998;
Sorooshian et al., 1993].

One early response to these problems was to seek a rigor-
ous statistical footing for the parameter estimation problem.
Sorooshian and Dracup [1980] pointed out that the output
measurement data (streamflows) have measurement errors
that can be considered to be temporally auto-correlated and
heteroscedastic (non-constant variance) and demonstrated
that the use of objective functions derived using Maximum
Likelihood theory reduces the sensitivity of the estimated
parameters to such errors. The Heteroscedastic Maximum
Likelihood Estimator they proposed (HMLE, see
Appendix), based on the form of the rating curve common-
ly used in the US for deriving streamflow volumes from
depth measurements, directly countered the previously held
wisdom that objective functions should provide greater
weight to peak flow measurements. In parallel work,
Kuczera [1988] (see also Kavetski et al., this volume) posed
the identification problem in the context of Bayesian statis-
tical theory with similar results, thereby also demonstrating
the value of accounting for the measurement error proper-
ties of the data, while showing how statistical confidence
bounds for the parameter estimates could be estimated.
Based on their work, it has since become common to apply
a power transformation [Box and Cox, 1964]. We use the
following version of the transformation:

Q=[(q+t1)4-1]/2 0
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with values of 4 ~ 0.3-0.5 applied to the observed and simulat-
ed streamflows q, thereby helping to stabilize the error variance,
resulting in more stable and consistent parameter estimates.

A second response was to study how the structural parame-
terization of the model might contribute to difficulties in
parameter identification. Gupta and Sorooshian, [1983]
showed that the representation of percolation in the SAC-
SMA model could lead to severe interaction among the model
parameters, contributing significantly to an ill-posed identifi-
cation problem. They showed that the problem can be partial-
ly alleviated, but not entirely resolved, by a judicious repara-
meterization of the model. The results serve to highlight the
necessary care that must be applied during model design.

A third early response was to explore the role played by the
data selected for model calibration. Sorooshian et al. [1983]
and Gupta and Sorooshian [1985b] showed that the type and
quality of data is more critical than the amount of data used
for model calibration. They pointed out that it is more impor-
tant that the calibration data contain a wide variety of hydro-
logic behaviors from dry to wet conditions, than that the data
focus on historical flooding periods (see also Crawford and
Linsley, [1966]). For example, theoretical analysis was used
to show that it is the number of times the capacity of a model
tank component exceeds and drops below its critical thresh-
old value that controls the identifiability of that component
parameter, not how long the tank remains in overflow mode
[Gupta and Sorooshian, 1985a]. Numerous students in
Hydrologic Modeling classes at the University of Arizona
have since empirically verified this fact, which was not pre-
viously obvious. Gupta and Sorooshian [1985b] showed the-
oretically and empirically that the marginal benefit of addi-
tional measurement data having similar information context
diminishes as the reciprocal of the square root of the length
of the data set, suggesting that in the absence of new infor-
mation content, no more than three years of daily data should
be necessary for model calibration. Yapo et al. [1996] how-
ever, conducted a more comprehensive empirical study for
the SAC-SMA model using several different objective func-
tions and 40 years of data for the Leaf River, Mississippi,
concluding that approximately eight years of daily calibra-
tion data are necessary to ensure minimal sensitivity to the
period of record used in model identification. This number is
consistent with the longstanding claim by NWS hydrologists
that approximately 11 years of data should be used to cali-
brate the SAC-SMA.

The fourth area that was extensively investigated was the
choice of method for exploration of the objective function
response surface in search of the “optimal” parameter val-
ues. It was well known in the Systems Theory (ST) and
Operations Research (OR) literature that efficient optimiza-
tion could be carried out using gradient-based optimization

methods such as the Gauss-Newton family of algorithms.
However, because it was perceived that the threshold struc-
tures common to watershed models made the derivation of
derivatives difficult, early attempts at Automatic Calibration
used direct-local-search methods such as the Pattern Search
method of Hooke and Jeeves [1961], the Rotating Directions
method of Rosenbrock [1960], and the Downhill Simplex
method of Nelder and Mead [1965]. Johnston and Pilgrim
[1976] published a seminal paper showing that automatic
search of the objective function (using such methods) gave
widely differing “optimal” parameter estimates, when initi-
ated at different initial guesses. In more than two years of
extensive investigation, they were unable to confidently
claim that they had discovered the optimum to their water-
shed model calibration problem. Ibbitt [1970] tested eight
different optimization strategies on the Stanford Watershed
Model IV [Crawford and Linsley, 1966] and was unable to
find a reliable method for finding the global solution.
Various researchers investigated this problem on different
models with similar findings. To make possible the use of
more powerful optimization strategies, Gupta and
Sorooshian [1985a] investigated the question of derivative
computations and showed that watershed model derivatives
can indeed be easily derived even for threshold structures
(for any watershed model). However, tests by Gupta and
Sorooshian [1985a] and Hendrickson et al. [1988] achieved
no benefit by the application of Gauss-Newton methods to
the watershed calibration problem.

The attention then began to shift to the use of global search
methods, which were still in the infancy of their development
in the fields of ST and OR. Brazil and Krajewski [1987] test-
ed the use of the Adaptive Random Search (ARS) strategy
for finding good initial guesses for the calibration of the
SAC-SMA model, followed by application of the Pattern-
Search direct-local-search method, with encouraging results.
However, Armour [1990] and Weinig [1991] conducted an
exhaustive investigation of the ARS method and found it to
be both inefficient and incapable of identifying the region of
the known global optimum of a watershed model problem
with a reasonable degree of confidence.

It was not until the arrival of adequate computational
resources in the early 1990’s that a comprehensive diagno-
sis of the true nature and difficulty of the watershed model
optimization problem could be achieved. Duan et al. [1992]
conducted an exhaustive computer based evaluation of the
structure of the objective function response surface for a
typical watershed model, and reported the existence of
numerous small “local optima” nested within the several
larger “regions of attraction” (Figure 3). Their research
finally explained the reasons for convergence problems
reported by previous studies (Table 2). It also made clear



that for any optimization strategy to be suitable for calibra-
tion of watershed models, it must have the ability to avoid
being trapped by unpredictable numbers of minor optima
en route to the global solution, while being insensitive to
the initial guess. These insights led to the development of
the Shuffled Complex Evolution (SCE-UA) optimization
algorithm, with global convergence properties [Duan et al.,
1992; Duan et al., 1993; Sorooshian et al., 1993].

The strength and reliability (efficiency and effectiveness)
of the SCE-UA algorithm have since been independently
tested and proven by numerous researchers and the algo-
rithm is now extensively used world-wide [e.g. Sorooshain
et al.,, 1993; Gan and Biftu 1996; Luce and Cundy, 1994;
Tanakamaru, 1995; Kuczera, 1997; Franchini et al., 1998,
Hogue et al., 2000]. The SCE-UA has also been used in
related areas such as subsurface hydrology, soil erosion,
remote sensing and land surface modeling [Mahani et al.,
2000; Contractor and Jenson, 2000, Scott et al., 2000;
Nijssen et al., 2001; Walker et al., 2001].

The SCE-UA has been generally found to be robust, effec-
tive and efficient. A number of researchers have explored
possible modifications to the algorithm [e.g., Wang et al.,
2001; Santos et al., 1999]. Yapo et al. [1997] extended the
SCE-UA to a multi-objective framework [see Gupta et al.,
this volume “Multiple ...”]. For further discussion of the
SCE-UA and other effective global search algorithms, see
Duan [this volume].

Figure 3. Three-parameter subspace of a simple conceptual water-
shed model (SIXPAR), showing locations of multiple local optima
(dark dots).
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2.3. Current Perspectives

The availability of the SCE-UA algorithm helped to reduce
the confusion regarding causes of poor calibration perform-
ance. One can now have confidence that the global optima of
an objective function are found. The analysis that led to the
development of the SCE-UA algorithm also revealed that the
optimization problem itself is poorly posed. Regardless of the
objective function, the response surface contains numerous
very similar solutions (in terms of objective function value) at
widely differing locations in the parameter space. Therefore,
in spite of our confidence in the optimization tools now at our
disposal, uncertainty in the calibrated parameter estimates
still remains very large. Further, the actual locations of these
globally optimal solutions are highly sensitive to the choice
of objective function (i.e., to the hypothesized structure of the
noise in the input-output data).

There have emerged at least three responses to this situa-
tion. One response has been to argue that the phenomenon
is evidence of a condition named equifinality [Beven and
Binley, 1992] in which the available information is insuffi-
cient to distinguish between a number of alternative models
(including different parameter sets for a given model struc-
ture), and therefore one should retain all such models as
being plausible until evidence to the contrary become avail-
able. This line of reasoning has been further developed to
argue that the concept of calibration is itself suspect and that
we should instead focus on strategies that translate the
uncertainty in our ability to select a specific model into
uncertainty bounds on the model predictions. Beven and
Binley [1992] [see also Freer et al., 1996; Franks and
Beven, 1997] promote a strategy for this called the
Generalized Likelihood Uncertainty Estimation (GLUE)
method (see Freer et al., this volume).

A second response has been to suggest that the “equifi-
nality” phenomenon is evidence of models that are too com-
plex in relation to the information content of the data avail-
able for model development and calibration. This line of
reasoning has encouraged the exploration of various data-
based-mechanistic modeling approaches which seek to pro-
vide strategies for developing hybrid metric-conceptual
watershed models with only as much complexity as can be
supported by the available data (using rigorous statistical
testing). Examples of these approaches are proposed by
Jakeman and Hornberger [1993], Wheater et al. [1993], and
Young et al. [1996]. Models developed in this way typical-
ly consist of a non-linear component (that partitions the pre-
cipitation into precipitation excess, additions to soil mois-
ture, and evapotranspiration), followed by a linear routing
component (that allows for both fast and slow rates of
drainage from the watershed). Proponents of these
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Table 2. Response surface characteristics that complicate the optimization problem in watershed models.

Characteristic

Reason for Complication

Regions of attraction
Minor local optima
Roughness
Sensitivity

Shape

More than one main convergence region

Many small "pits" in each region

Rough response surface with discontinuous derivatives

Poor and varying sensitivity of optimum, and nonlinear parameter interaction
Nonconvex response surface with long curved ridges

approaches have argued that the evidence suggests that
lumped watershed input-output data can only support mod-
els having approximately five parameters [Jakeman and
Hornberger, 1993].

Our own response (at the University of Arizona) has
been to suggest that the so-called problems of equifinality
and extreme parameter interdependence (leading to claims
of model over-complexity) are largely consequences of a
weakness in the design of the model identification problem
itself. In support of this assertion, we note that the tradi-
tional automatic calibration strategy relies on the use of a
single aggregate measure (such as the RMSE or HMLE
objective functions) to evaluate model performance (good-
ness), and that there can be several quite different model
simulated hydrographs (associated with different model
structures or sets of parameter values) that give essentially
equivalent values for the objective function (Figure 4).
Therefore similar values for an aggregate objective func-
tion are not necessarily evidence of similar model behavior
(i.e. equifinality). In fact the lack of ability of a single
objective function to distinguish between different model
behaviors is clear evidence that the traditional calibration
strategy is unable to extract all the information available in
the data.

In support of our assertion, we note that the hydrologists
at the NWS consider a major strength of the Manual-Expert
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calibration approach to lie in its use of a wide variety of
subjective ways of evaluating model performance. In par-
ticular, they pay careful attention to a number of specific
visual (local) characteristics of the hydrograph during
storm periods (e.g., the slope of the rising limb, volume of
runoff, and magnitude and timing of the peak flow), and
during inter-storm periods (e.g., the rates at which the
hydrograph recedes during the early quick recession, and
the later slow recession). To supplement the visual analysis
of local hydrograph characteristics, they also examine a
number of overall (global) hydrograph behaviors, summa-
rized for the entire calibration period using a variety of sta-
tistical measures (e.g., the total error variance and bias,
monthly bias, and flow biases in various flow regimes).
During Manual-Expert calibration, the hydrologist tries to
get the model to obtain a suitable compromise in matching
all of the visual hydrograph characteristics as closely as
possible, while achieving acceptable values for the summa-
Ty statistics.

We contend, therefore, that the weaknesses in the model
calibration/evaluation procedures at our disposal must be
resolved before confident conclusions can be drawn regard-
ing the overly-complex nature of watershed models or
the inability to discriminate between alternative model
hypotheses. One way to do that is to adopt a multiple-criteria
perspective.

12|
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Figure 4. Multiple hydrograph simulations generated using the SAC-SMA model, having similar RMSE val-
ues (observed values indicated by circles, and simulated values indicated by solid lines).



3. THE MULTIPLE CRITERIA APPROACH
3.1. The Problem of Model Structural Errors

We mentioned above that during Manual-Expert calibra-
tion, the hydrologist tries to adjust the parameters of the
model so as to obtain a suitable compromise in matching (as
closely as possible) several different local aspects of visual fit
between the simulated and observed hydrographs, while
achieving acceptable values for the global summary statistics.
The reason the hydrologist must seek such a compromise is,
that the task of simultaneously reproducing all of these local
and global behaviors of the observed watershed response is
significantly complicated by inadequacies in the model for-
mulation (model errors) and the errors in the input-output
data. However, even if data errors could be ignored (or treat-
ed using statistical techniques such as Maximum Likelihood),
the model structural errors make it impossible to match the
observed hydrograph without having to trade-off the ability to
match one or more hydrograph behaviors against the
others.

The strength of the Manual-Expert calibration approach
lies, therefore, in the ability of the hydrologist to make judi-
cious decisions regarding the relative importance of different
kinds of model (and data) errors and to select one or more
parameter sets that provide some appropriate compromise
among the aforementioned different measures of model per-
formance. On the face of it, this process of balancing objec-
tives might seem to pose a serious difficulty to the hydrolo-
gist. In fact, however, each of the competing targets has the
effect of constraining the parameter space in different ways so
that, although the space of suitable parameter solutions for
each objective might be large, the “acceptable region” con-
sisting of the intersection of solution spaces is much more
tightly constrained (Figure 5). An important consequence is
that the “set of acceptable parameters” is less likely to contain
solutions that result in unbalanced model performance, so that
forecast performance tends to be more reliable. Further, the
calibration results are less likely to be overly sensitive to the
choice of any individual measure of model performance.

3.2. The Multiple-Criteria Optimization Approach

Referring back to the “Turing Test” of model calibration, it
becomes apparent that if an automatic calibration procedure is
to pass inspection by a team of Experts, it must be capable of
somehow emulating or improving upon the Manual-Expert
procedures mentioned above. The Expert is, of course,
attempting to optimize a number of subjective and objective
“measures” of model performance. Therefore, in a series of
papers, Gupta et al. [1998], Yapo et al. [1998] and Boyle et al.
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[2000] have proposed that this process be formalized by
replacing the subjective visual evaluation of local hydrograph
behaviors by objective criteria that measure the goodness-of-
fit for each of those behaviors.

Drawing upon multiple-criteria methods from the field of
economic analysis, Gupta et al. [1998] proposed that the
watershed model parameter estimation problem be reformu-
lated as a multiple-criteria optimization problem which seeks,
instead of a single unique solution, a Pareto-set of trade-off
solutions (see Gupta et al., this volume, “Multiple ...”)

Consider a model having the p-dimensional parameter vec-
tor #={4,, ..., 8, } which is to be calibrated using time series
observations (0; (1), t=ta; ,..., tb,, j=1, ... k) collected from
times za, through #b; on & different response variables. The dif-
ferent responses represent the different model outputs, e.g.,
sensible heat flux, latent heat flux, ground heat flux, runoff,
etc. To measure the distance between the model-simulated
responses Z; and the observations O,, separate criteria f;(6) for
each model response are defined. The criteria and their math-
ematical form depend on the goals of the users. It is common
practice to use a measure of residual variance such as the root
mean square error. For a discussion of this, see Gupta et al.
[1998]. The multi-criteria model calibration problem can then
be formally stated as the optimization problem:

Minimize F(6) = {f}(6), ....f; (6)} subject to 8 C ©

where the goal is to find the values for # within the feasible
set © that simultaneously minimize all of the k criteria.
The multi-objective minimization problem does not, in
general, have a unique solution. Due to errors in the model
structure (and other possible sources), it is not usually possible
to find a single point & at which all the criteria have their min-
ima. It is common to have a set of solutions with the property
that moving from one solution to another results in the
improvement of one criterion while causing deterioration in
another. A case with two parameters (¢ ;, & ,) and two-criteria
response functions {f;, f,} is illustrated in Figure 6. In Figure

6,
Figure 5. Intersection of solution spaces.
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6a the feasible parameter space @ is shown, and the corre-
sponding projection of the parameter space into the function
space (shaded area) is shown in Figure 6b. Criterion f; is min-
imized at point &, and criterion £, is minimized at point 4. The
thick line indicates the set P of multi-criteria minimizing
points to the function {f;, f,}. If yEP and S¢P are points
selected arbitrarily, then every point y is superior to every
point J in a multi-criteria sense because each point has the
property that f{) < f{9), for j = 1,2. However, it is not possi-
ble to find another point *& P such that y*is superior to y;
instead y* will be superior to y for one criterion but inferior for
at least one other criterion. The set P of solutions is variously
called the frade-off set, non-inferior set, non-dominated set,
efficient set or Pareto set. Here, we call it the Pareto set.
Because the solution of the multiple-criteria optimization
problem is not unique, but consists of a Pareto region of the
parameter space, classical optimization algorithms (includ-
ing the SCE-UA) that seek a single point in the parameter
space are not well suited. Yapo et al. [1998] therefore adapt-
ed the population-based global search strategies of the SCE-
UA to handle multiple-criteria and developed the Multiple-
Objective Complex Optimization Method (MOCOM-UA)
that converges to an approximation of the Pareto solution set.
To implement the automatic multiple-criteria approach so
that it emulates the Manual-Expert calibration of watershed
models, one must select a set of objective (mathematical cri-
teria) that formally represent the subjective visual methods

(a) Parameter Space

Parameter 97

Parameter 0 :

by which various local hydrograph behaviors are evaluated.
Boyle et al. [2000; 2001] therefore proposed the use of three
“local” criteria (see also Boyle [2001], and Boyle et al., [this
volume]), one each to represent the errors in matching of the
rising limb of the hydrograph (precipitation driven
response), the early recession (quick, non-driven relaxation
response), and the late recession (slow, non-driven relax-
ation response) (Note the correspondence of this proposal
and the three model components identified by the data-
based-mechanistic approach mentioned earlier — nonlinear
precipitation partitioning, quick recession and slow reces-
sion). They further proposed the use of two additional glob-
al criteria, the overall error variance and overall error bias,
to further constrain the solution set.

The result of a watershed model calibration using multi-
ple-criteria and the MOCOM-UA optimization algorithm is
a discrete set of possible parameter sets that represent trade-
offs between different optimal ways of constraining the
model to be consistent with the observed data. This comput-
erized approach is (in principle) superior to the Manual-
Expert approach, because it quickly searches and rejects
“bad regions” of the entire parameter space (as defined by
the criteria) and identifies the limited *“good regions” of the
parameter space for which the model is consistent with the
data [Figure 7a]. The hydrologist is then left with the rela-
tively minor task of selecting a final “solution” from the
sample of Pareto-optimal solutions. This last step allows for

(b) Criterion Space

7y

Figure 6. Example showing the Pareto Solution set for a two-parameter problem (6,,0,) and two criteria (f;,f,): (a) fea-
sible parameter space and (b) criterion space. Point & minimizes f;, and point 4 minimizes f,. The thick line indicates
the Pareto set P of multi-criteria minimizing points to the function {f;,f,}; y €P is superior to any d¢P.



the application of additional criteria that were not included in
the automated approach, or simply for the selection of a solu-
tion that satisfies one’s own personal preference. However,
even if a single solution is to be selected, the Pareto-solution
set can be used to generate a Pareto-ensemble of simulated
hydrographs, displayed as a Trade-off-uncertainty region on
the hydrograph plots (Figure 7b), which shows the uncer-
tainty in the model simulations due to different possible ways
of trading-off the model (and data) errors.

The use of Pareto parameter sets to represent model struc-
tural uncertainty and Pareto-ensemble simulations to repre-
sent model prediction uncertainty provides useful new ways
for evaluating models and their performance. For example,
Figure 7b shows that by allowing trade-offs between different
aspects of model performance, the calibrated watershed
model tends to provide biased under-estimates of the hydro-
graph recession suggesting structural problems with the
model. Further, because better (more accurate) models would
have smaller model errors, they would be expected to result
in both smaller Pareto solution sets and smaller values for the
objective functions. To illustrate this, Figure 8 (a & b) shows
that the more complex SAC-SMA model provides a better
(more accurate and less uncertain) representation of the Leaf
River hydrograph when compared to the simpler HyMod
model. Figure 9 illustrates how the multiple-criteria analysis
also has the potential to reveal varied strengths among mod-

1

GUPTAETAL. 19

els. Models A and B are Pareto-equivalent in the sense that
each is better (worse) than the other with regard to one of the
criteria, while both are Pareto-superior to model C.

Boyle et al [2000, 2001] have tested their automatic multi-
ple-criteria (AMC) approach on several watershed data sets
and compared the results with traditional single-criteria cali-
bration using SCE-UA and with Manual-Expert calibrations
conducted by NWS hydrologists. The AMC approach was
found to provide better solutions than the traditional automat-
ic approach when applied to a lumped calibration of the Leaf
River watershed [Boyle et al., 2000]. In a comparison with
NWS Manual-Expert calibrations, the AMC provided superi-
or solutions when applied to a more complex semi-lumped
(multiple sub-watershed) calibration for the Blue River water-
shed [Boyle et al., 2001]. They have also demonstrated that
AMC provides a quick and powerful tool for evaluating and
comparing alternative model structures and components
[Boyle et al., 2001, Boyle et al., this volume].

In the past few years, several other researchers have also
developed and tested various formulations of the multiple-
criteria approach for watershed calibration and have report-
ed good results [see Beldring, 2002; Franks et al., 1999;
Hogue et al., 2000; Madsen, 2000; Madsen et al., 2002;
Seibert, 2000; Sen et al.,, 2001; Wagener et al., 2001c,
among others]. Also, a robust multiple-criteria sensitivity
analysis procedure has been developed by Bastidas et al.
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Figure 7. a) Normalized parameters for Pareto Solutions obtained with the automatic multi-criteria approach.
b) Hydrograph range associated with the Pareto solution set in logarithmic scale. Observed values indicated by solid dots.
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[1999] based on extensions of the Regional Sensitivity
Analysis (RSA) procedure of Spear and Hornberger [1980].
Finally, it should be mentioned that applications of the mul-
tiple-criteria approach to hydro-chemistry models [Meixner
et al., 1999; 2000] and to water-energy-carbon balance land-
surface models [Bastidas et al., 1999; Gupta et al., 1999;
Leplastrier, 2001; Pitman et al., 2001, Zeng et al., 2001] are
also being developed and explored. For further discussion
and applications of the multiple-criteria philosophy see
Wagener et al. [this volume], Boyle et al. [this volume],
Meixner et al. [this volume], Bastidas et al., [this volume],
and Hogue et al., [this volume].

4. LOOKING TOWARDS THE FUTURE
4.1. Emerging Model Structures

Two technological developments are now exerting a major
influence on the development of watershed modeling and
calibration procedures. The first is, of course, the ever-
increasing pace of desktop computational power. The second
is the availability of distributed data, driven primarily by the
boom in radar and satellite based remote sensing. In particu-
lar, watershed modeling in the USA is now being strongly
influenced by the interest in using NEXRAD Stage IV radar
precipitation data that are available at 4x4 km resolution
every 60 minutes for much of the country. This has promot-
ed greater interest in the development of semi-lumped- and
distributed-parameter watershed models. For example, the
NWS is sponsoring the Distributed Model Intercomparison
Project (DMIP) to encourage a community wide dialog on
this topic, with a view to influencing the next generation of
flood forecast models for the USA [Smith et al., 1999]. A
related project, the Model Parameter Estimation eXperiment
(MOPEX) is seeking to encourage community collaboration
on the issue of how to parameterize distributed models, par-
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ticularly using distributed soils and vegetation data, for
regions where precipitation-runoff data may not be readily
available for calibration [Schaake et al., 1998]. In this
regard, Koren et al. [2000] (see also Koren et al., this vol-
ume) have proposed a procedure, based on the use of soil
data, for computing approximate sub-watershed scale esti-
mates of the parameters of the SAC-SMA (thereby allowing
the SAC-SMA to be applied in semi-lumped mode).

A number of modeling toolboxes are beginning to
become available, with a view to facilitating the use of
appropriate (different) model components based on the
unique hydrology of a place. For example, the Modular
Modeling System [Leavesley et al., 1996; Leavesley et al.,
this volume] developed by the USGS provides a sophisti-
cated drag-and-drop environment to make model develop-
ment relatively simple, along with integrated tools for
parameter estimation via both a priori methods (using dis-
tributed soils and vegetation data sets) and automatic cali-
bration (the most recent version under testing now includes
both the SCE-UA and MOCOM-UA algorithms).

A simultaneous counter-move is also underway, in which
some researchers (influenced by the databased-mechanistic
movement and philosophy of equifinality) are investigating
methods for developing simpler watershed models, which
are only as functionally complex as can be supported by the
hydrologic data available. For example, Young et al. [1997]
and Young and Beven [1994], show that accurate, hydro-
logically consistent, but simply structured conceptual
watershed models suitable for streamflow forecasting can
be developed using precipitation and runoff data. Wheater
etal. [1993] and Wagener et al. [2001a] are investigating the
simplest possible conceptual model structures that are able
to provide accurate streamflow predictions for UK water-
sheds, while having well determined (low uncertainty)
parameter estimates, so that rules for regionalization (i.e.,
extrapolating model structures and parameter values to
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Figure 8. Comparison of SAC-SMA (black points) and simpler HYMOD (gray points) models in objective function space.
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Figure 9. Multi-criteria objective space for three pareto sets (A, B,
and C) in two dimensions (F; and F,).

ungaged watersheds) might be developed. The Rainfall Runoff
Modeling Toolbox (RRMT) and the Monte Carlo Analysis
Toolbox (MCAT) being developed at Imperial College,
London, are designed to facilitate parsimonious lumped water-
shed models with a high level of parameter identifiability
[Wagener et al. 2001a,b; Wagener et al., this volume].

Finally, there is an increasing interest in the development of
models that compute multiple types of interacting fluxes.
These include hydro-chemical models such as the Alpine
Hydrochemical Model [Bales et al., 1993; Wolford and Bales,
1996; Wolford et al., 1996; Meixner, 1999; Meixner et al.,
2000] and the Birkenes Model [De Grosbois et al., 1988;
Hooper et al., 1988; etc] and hydro-meteorology models
which describe the interdependence of water, energy, and var-
ious environmental chemicals (such as carbon) [Dickinson et
al., 1998; Liang et al., 1994; Mitchell et al., 1999; Sellers et
al., 1996]. These ever more complex descriptions of the
hydrologic environment will continue to demand evolution-
ary developments in model identification technology.

4.2. Methods for Model Identification

On the issue of parameter estimation strategies, there is
currently a tension between the school that suggests that if a
watershed model is constructed to be structurally consistent
with the kinds of (distributed) data now available, then little
or no calibration (i.e. parameter adjustments using input-out-
put data) should be necessary [e.g., Leavesley et al., 1996],
and the view (which we ourselves subscribe to) that useful
models are conceptual simplifications of reality and therefore
the need for some degree of calibration will likely still remain
for the foreseeable future. Also, the concept of “calibration”
has been questioned by proponents of the philosophy of equi-
finality (in particular the GLUE strategy). They suggest that
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we should put the notion of calibration aside, and instead
focus on the problem of identifying all models (structures and
parameter sets) that cannot be rejected by the input-output
and other watershed data at our disposal, and on translating
this uncertainty into probabilistic streamflow forecasts.

There is no fundamental inconsistency between the equi-
finality view and our own notion of model calibration as
discussed here. If calibration is viewed as a progressive
process of reducing the uncertainty regarding which model
structures and parameter sets are consistent with the avail-
able data, then the end result is a family of plausible models
(not a single one), which can (and should) be used to gener-
ate uncertain streamflow forecasts. In support of this, Vrugt
et al. [this volume] have recently developed the Shuffled
Complex Evolution Metropolis optimization algorithm
(SCEM-UA; a modified version of the SCE-UA method)
that converges to a stationary approximation of the posteri-
or distribution of the parameter values. The SCEM-UA
therefore provides both an estimate of the mode of the pos-
terior parameter distribution (the traditional “best™ param-
eter set) and a sample set of parameter values describing
the probabilistic representation of remaining parameter
uncertainty. This posterior description of parameter
(model) uncertainty is used to produce probabilistic model
forecasts (most likely forecast and 95% confidence inter-
vals at each time step). The method does not exclude the
use of multiple model structures, although this has not yet
been explicitly demonstrated. Our view on calibration is
also reflected in the BaRE algorithm for Bayesian
Recursive Estimation of watershed model parameters
which begins with a family of plausible models (in princi-
ple various structures and their feasible parameter spaces
can be included) and seeks to reduce progressively the
model and hence the forecast uncertainty through stepwise
recursive (in time) processing of the input-output data as
they become available [Theimann et al., 2001]. For further
discussion of the BaRE approach, see Misirli et al., [this
volume].

4.3. Two Important Issues That Need Addressing

While both the GLUE and the BaRE strategies are (in dif-
fering ways) rooted in Bayesian mathematics, neither has
succeeded in providing a complete description of the model
identification problem. To be comprehensive, future strate-
gies for model identification should seek to account explic-
itly for all of the following sources of uncertainty:

a) input uncertainty (observation error)
b) state uncertainty
c) structural uncertainty,
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d) parameter uncertainty, and
e) output uncertainty (observation error)

which could (we think) be treated within a Bayesian frame-
work (something for ambitious graduate students to think
about!).

A related (and perhaps more interesting) issue that also
remains to be addressed, is how to resolve the Bayesian
uncertainty framework, which is based on the computation
of a single aggregate measure of model performance with
the multiple-criteria philosophy which argues for multiple
non-commensurable measures of model performance to
enhance identifiability. One strategy that contributes
towards ways to address this dilemma is the DYNIA
(Dynamic Identifiability Analysis) method [Wagener and
Wheater, 2001; Wagener et al., 2001c; and Wagener et al.
this volume] which combines the multiple-criteria approach
with a recursive strategy for identifying data periods of high
information content (A feature of the DYNIA method is its
ability to detect violations of the assumption that the param-
eter values are constant with respect to time). A goal of
future model identification research should be to develop a
strategy that:

a) allows for descriptions of a priori model uncertainty

b) explicitly incorporates reasonable descriptions
of input, state, structure, parameter and output
uncertainties

¢) incorporates multiple sources and types of information

d) permits recursive processing of data as they become
available, and

e) provides probabilistic estimates of the model outputs
(e.g., “most likely” values and 95% confidence
intervals).

5. SUMMARY

Watershed models are conceptual-numerical descriptions
of the dominant hydrologic processes occurring in a water-
shed. Since the 1960’s there has been a progressive evolu-
tion of watershed model structures ranging from lumped to
semi-lumped, distributed and now multi-flux descriptions.
In each case, application of the model to a specific water-
shed required that estimates for the model parameters be
provided. The general problem of model identification
involves the selection of appropriate structures for the vari-
ous components of the model and specification of the val-
ues of the parameters for those components, such that the
resulting model provides a sufficiently accurate simula-
tion/prediction of the watershed response.

The problem of model identification (both structure and

parameter values) has proved to be difficult. In most cases a
single model structure is selected and various strategies are
employed to adjust the parameter values so that the modeled
input-output response approximates, as closely as possible,
the observed response of the watershed for some historical
period of data. Parameter estimation proceeds through three
stages (Levels Zero, One, and Two) that progressively
reduce the initial uncertainty in the parameter values. The
resulting model is then evaluated for consistency and accu-
racy using an independent period of data.

Model identification is a process that seeks to constrain a
model to be structurally and functionally consistent with
the available qualitative and quantitative information about
the watershed. Because there are many sources of uncer-
tainty, including data error and conceptual model error, the
best possible outcome of model identification is some min-
imal set of models (structures and parameter values) that
closely and consistently approximate, in an uncertain way,
the observed behavior of the watershed. The two main
strategies for parameter estimation are the Manual-Expert
approach and the Automatic approach. While the Manual-
Expert approach relies on the subjective judgement of a
trained hydrologist, the Automatic approach has tradition-
ally been based on techniques of non-linear regression.

Hydrologists responsible for calibrating the SAC-SMA
model of the NWS have eschewed the traditional Automatic
approach in favor of the Manual-Expert approach, because
they find the latter to provide more accurate and consistent
model calibrations. However, there is an urgent need to
develop reliable Automatic calibration methods because of
the large number of watersheds that must be calibrated for
flood forecasting purposes, and because the Manual-Expert
procedures may be unable to handle the increasing com-
plexity of emerging models.

A major problem with traditional Automatic calibration
methods is their underlying assumption that the available
model structure is correct, leading to the elusive goal of
finding a unique optimal parameter set. Although global
optimization algorithms, such as the SCE-UA, allow us to
find the global optimum of an objective function with a high
degree of confidence, research has indicated that there are
typically large regions of the feasible parameter space for
which the objective function values are very similar. There
have been at least three responses to this finding. One is that
this phenomenon is evidence of equifinality among models,
a condition in which the available data is insufficient to dis-
tinguish between competing models. Another is that the
phenomenon is evidence of models that are too complex in
relation to the information content of the data, leading to the
contention that watershed input-output data can typically
only support models with approximately five parameters.



While issues of equifinality and over-complexity exist,
these phenomena result partly as a consequence of inherent
weaknesses in the design of the model identification prob-
lem. One major weakness lies in the dependence of the
identification process on a single aggregate measure of
model performance that is unlikely to constitute a rigorous
test from which differences in model performance can be
inferred. In contrast, the Manual-Expert calibration
approach uses a number of complementary, although sub-
jective, ways of evaluating model performance. This allows
the hydrologist to compensate for various kinds of model
and data errors, and to extract greater amounts of informa-
tion from the data.

We contend that it is necessary to resolve the deficiencies
of the automatic approach, before jumping to the conclu-
sions of equifinality and/or over-complexity, and that single
criteria identification methods are fundamentally inade-
quate for the identification of hydrologic models. The mul-
tiple-criteria approach offers a way to improve the power of
the Automatic approach, by emulating the procedures used
in Manual-Expert calibration. The approach identifies a
Pareto-region of the parameter space, which represents the
trade-offs that can be made between different “optimal”
ways of constraining the model to be consistent with the
data in the presence of model and data error. By using the
Pareto-solution set one can generate a Pareto-ensemble of
simulated outputs, so that the uncertainty in the model sim-
ulations due to different ways of trading-off the model and
data errors can be examined. This provides new and useful
ways to evaluate competing models and their performance.
Numerous researchers have demonstrated the value of the
multiple-criteria approach for watershed modeling, and
extensions to multiple-flux, hydro-chemical, and hydro-
meteorological models have also been explored.

The relentless pace of technological development is pro-
moting increasing interest in models that provide spatially
distributed predictions of multiple interdependent fluxes
(including water, energy and various chemical substances).
These more complex descriptions of the hydrologic envi-
ronment will, no doubt, continue to demand evolutionary
developments in model identification technology. While
there have been suggestions that the increasing availability
of various kinds of spatially distributed data will soon obvi-
ate the need for calibration technologies, it is our view that
the need for model calibration methods remains. Further,
there is a growing need for procedures that provide reliable
estimates of the confidence in the model forecasts.

The goal of future model identification research should be
to develop a strategy that allows for descriptions of a priori
model uncertainty, explicitly incorporates descriptions of
input, state, structure, parameter and output uncertainties,
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incorporates multiple sources and types of information, per-
mits recursive processing of data as they become available,
and provides probabilistic estimates of the model outputs.
The outcome of this strategy should be able to pass the
“Turing Test” of model identification; i.e., model perform-
ance that is either indistinguishable, or demonstrably supe-
rior to what can be obtained by a highly trained expert.

6. SOME CLOSING COMMENTS AND
CONIJECTURES

We close with five comments and conjectures that build
on our earlier work [Gupta, 2001].

1. All model identification problems are inherently
multi-criteria in nature. Every modeling assump-
tion implies a criterion that could (in principle) be
testable. It is self-evident, therefore that we should
be careful to acknowledge and carefully examine
all assumptions.

2. Itis not clear that identification methods based on
traditional statistical approaches are powerful
enough to facilitate extraction of all relevant infor-
mation from hydrologic data, particularly as model
complexity continues to grow. Is it really useful to
strive for model residuals that have the properties
of being “homogeneous, uncorrelated, and inde-
pendently identically distributed”, and that
“belong to a Gaussian distribution?”

3. We will be unable to establish confidence in the
emerging generation of sophisticated watershed
models if our model identification procedures are
weak. Nor can we make inferences about the
“information content of the data”, or “amount of
supportable model complexity”, by using a single
aggregate measure of model performance.

4. The observation by some researchers that only
model structures having approximately five
parameters can be confidently estimated from
hydrologic input-output data is an artifact of the
single criteria strategy rooted in traditional regres-
sion theory. We conjecture that a single aggregate
measure of model performance only has the
“power” to identify approximately 3 to 5 parame-
ters of a conceptual dynamic model. We suggest
that the number of criteria (N,,) necessary to iden-
tify a model having N,,, parameters must satisfy
the condition N < N, , and that a rule of thumb
may be N ~ Ny, / 5 This is supported by Boyle
et al., [2000] who obtained good results using three
criteria for the 15 parameter SAC-SMA model.
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5. There is no “best” way to select the criteria for a
multiple-criteria analysis. The selected criteria
should measure different, complementary, attrib-
utes of system behavior. It is likely that there may
be several functionally equivalent ways to define
these. When setting up a model identification prob-
lem with multiple criteria there can be interde-
pendence among criteria (in a fashion dual to the
problem of interdependence among parameters).
More insight into this issue is needed.

As always, we invite open discussion and collaboration
on these and related issues. It is through the free and unfet-
tered exchange of ideas that rapid progress is accomplished.
We have had the good fortune to collaborate with numerous
researchers from around the world, and for those opportuni-
ties we are extremely grateful.

APPENDIX

The HMLE estimator is the maximum likelihood, mini-
mum variance, asymptotically unbiased estimator when the
errors in the output data are Gaussian, zero mean, uncorre-
lated and have variance related to the magnitude of the out-
put (streamflows). Nonstationary variance errors are
believed to be common in streamflow data. The HMLE is
related to the SLS (Simple Least Squares): it reduces to the
SLS function in the special case when the streamflow meas-
urement errors have equal variance. The HMLE estimator
has the form:

(A1)

1
B, A n n
[T
=1
Where &; = q; obs — () is the model residual at time t;

G obs and q,(6) are observed and simulated flows, respective-
ly; w,is the weight assigned to time t, computed as:
wy = f 24-1) (A2)

Where f, = q, ¢, is the expected true flow at time t, n is the
number of data points, and 4 is the unknown transformation
parameter which stabilizes the variance. The expected flow
G 1rue 1S approximated using either g, s or gy(6) [Sorooshian
et al., 1983]. Fulton [1982] showed that the estimator can

become unstable when q,(0) is used to approximate f; and
recommends using q, ., While this is the recommended pro-

cedure at present, it should be noted that use of q, s will
cause some degree of bias in the estimate of 4 [Gupta, 1984].

The HMLE is solved in two stages. First, given a set of
model parameters, the residuals of the model are obtained.
Next, an estimate of A must be obtained; Sorooshian [1978]
showed that this could be done by solving the implicit
expression A.3 to obtain an estimate of the parameter 4,
using an interative numerical procedure:

[im(ft).iwteﬂ]—m[iwt In(f,) °€2t] -

(A3)

The value of 4 is substituted into egs. A.1 and A.2 to com-
pute the value of the HMLE function. Duan [1991] devised
an equivalent, but more stable procedure, for estimating, by
rearranging eq. A.3, as follows:

R= R—"’ -1=0 (A4)
R,
where R;= 2 w, €% (A.5)
=1
R, =2wt82mt (A.6)
=1
a, = _ln({f) (A7)
a
(A.8)

es=2Y ()

With this arrangement of terms, the HMLE function value
can be computed as:

1R,

_ n
HMLE = exl;|2(/1 - 1)ay |

The revised procedure for estimating A and computing
HMLE, given g, ., and g{®), is as follows:
a) Select f; = g, op; OF g P) OF (@ Gyops + B G P)),
wherea+f=1a,20;t=12,..,n
b) Compute a,, using eq. A.8, and &, (for t = 1,2,...n)
using eq. (A.7)
¢) Use an iterative procedure (e.g. Golden Section, or
Fibonacci Method) to estimate 4 such that the R =
0 in eq. (A.4). If the procedure requires an initial

(A9)



value, use A = 1.
d) Compute HMLE using eq. (A.9).
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Conceptual modeling requires the identification of a suitable model structure
and, within a chosen structure, the estimation of parameter values (and, ideally,
their uncertainty) through calibration against observed data. A lack of objective
approaches to evaluate model structures and the inability of calibration proce-
dures to distinguish between the suitability of different parameter sets are major
sources of uncertainty in current modeling procedures. This is further complicat-
ed by the increasing awareness of model structural inadequacies. A framework for
the identification and evaluation of conceptual rainfall-runoff models is present-
ed, based on multi-objective performance and identifiability approaches, and a
novel dynamic identifiability analysis (DYNIA) method which results in an
improved use of available information. The multi-objective approach is mainly
used to analyze the performance and identifiability of competing models and
model structures, while the DYNIA allows periods of high information content
for specific parameters to be identified and model structures to be evaluated
with respect to failure of individual components. The framework is applied to a
watershed located in the South of England.

1. INTRODUCTION

Many if not most rainfall-runoff model structures currently
used can be classified as conceptual. This classification is based
on two criteria: (1) the structure of these models is specified prior
to any modelling being undertaken, and (2) (at least some of) the
model parameters do not have a direct physical interpretation, in
the sense of being independently measurable, and have to be esti-
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mated through calibration against observed data [Wheater et al.,
1993]. Calibration is a process of parameter adjustment (auto-
matic or manual), until observed and calculated output time-
series show a sufficiently high degree of similarity.

Conceptual rainfall-runoff (CRR) model structures com-
monly aggregate, in space and time, the hydrological
processes occurring in a watershed (also called catchment),
into a number of key responses represented by storage com-
ponents (state variables) and their interactions (fluxes). The
model parameters describe aspects such as the size of those
storage components, the location of outlets, the distribution
of storage volumes etc. Conceptual parameters, therefore,
usually refer to a collection of aggregated processes and
they may cover a large number of sub-processes that cannot
be represented separately or explicitly [Van Straten and
Keesman, 1991]. The underlying assumption however is
that these parameters are, even if not measurable properties,
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at least constants and representative of inherent properties
of the natural system [Bard, 1974, p.11].

The modeller’s task is the identification of an appropriate
CRR model (or models) for a specific case, i.e. a given
modelling objective, watershed characteristics and data set.
A model is defined in this context as a specific parameter set
within a selected model structure. Experience shows that
this identification is a difficult task. Various parameter sets,
often widely distributed within the feasible parameter space
[e.g. Duan et al., 1992; Freer et al., 1996], and sometimes
even different conceptualisations of the watershed system
[e.g. Pifiol et al., 1997; Uhlenbrock et al., 1999], may yield
equally good results in terms of a predefined objective func-
tion. This ambiguity has serious impacts on parameter and
predictive uncertainty [e.g. Beven and Binley, 1992], and
therefore limits the applicability of CRR models, e.g. for the
simulation of land-use or climate-change scenarios, or for
regionalisation studies [Wheater et al., 1993].

Initially it was thought that this problem would disappear
with improved automatic search algorithms, capable of
locating the global optimum on the response surface [e.g.
Duan et al., 1992]. However, even though powerful global
optimisation algorithms are available today, single-objective
calibration procedures still fail to completely replace manu-
al calibration. One reason for this is that the resulting hydro-
graphs are often perceived to be inferior to those produced
through manual calibration from the hydrologist’s point of
view [e.g. Gupta et al., 1998; Boyle et al., 2000]. It has been
suggested that this is due to the fundamental problem that
single-objective automatic calibration is not sophisticated
enough to replicate the several performance criteria implicit-
ly or explicitly used by the hydrologist in manual calibration.
This problem is increased by indications that, due to struc-
tural inadequacies, one parameter set might not be enough to
adequately describe all response modes of a hydrological
system. Therefore, there is a strong argument that the process
of identification of dynamic, conceptual models has to be
rethought [Gupta et al., 1998; Gupta, 2000].

Three reactions to this problem of ambiguity of system
description can be found in the hydrological literature. The
first is the increased use of parsimonious model structures
[e.g. Jakeman and Hornberger, 1993; Young et al., 1996;
Wagener et al., 2001b], i.e. structures only containing those
parameters, and therefore model components, that can be
identified from the observed system output. However, the
increase in identifiability is bought at the price of a decrease
in the number of processes described separately by the
model. There is therefore a danger of building a model
(structure) which is too simplistic for the anticipated pur-
pose. Such a model (structure) can be unreliable outside the
range of watershed conditions, i.e. climate and land-use, on

which it was calibrated, due to the restriction to ‘justifiable’
components [Kuczera and Mroczkowski, 1998]. It is also
particularly important that the data used has a high infor-
mation content in order to ensure that the main response
modes are excited during calibration [Gupta and
Sorooshian, 1985, Yapo et al., 1996].

The second reaction is the search for calibration methods
which make better use of the information contained in the
available data time-series, e.g. streamflow and/or ground-
water levels. Various research efforts have shown that the
amount of information retrieved using a single objective
function is sufficient to identify only between three and five
parameters [e.g. Beven, 1989; Jakeman and Hornberger,
1993; Gupta, 2000]. Most CRR model structures contain a
larger number. More information can become available
through the definition of multiple objective functions to
increase the discriminative power of the calibration proce-
dure [e.g. Gupta et al., 1998; Gupta, 2000]. These measures
can either retrieve different types of information from a sin-
gle time-series, e.g. streamflow [e.g. Wheater et al., 1986;
Gupta et al., 1998; Dunne, 1999; Boyle et al., 2000;
Wagener et al., 2001a], or describe the performance of indi-
vidual models with respect to different measured variables,
e.g. groundwater levels [e.g. Kuczera and Mroczkowski,
1998; Seibert, 2000], saturated areas [Franks et al., 1998],
or measurements of streamflow salinity [Mroczkowski et al.,
1997; Kuczera and Mroczkowski, 1998]. However, the use-
fulness of additional data can depend on the adequacy of the
model structure investigated. Lamb et al. [1998] found that
the use of groundwater levels from one or only a few meas-
urement points as additional output variable(s) helped to
reduce the parameter uncertainty of Topmodel [Beven et al.,
1995]. The use of many (>100) groundwater measurement
points however, leads to an increase in prediction uncer-
tainty indicating structural problems in the model. Seibert
and McDonnell [this volume] show in a different approach
how the parameter space can be constrained when soft data,
i.e. qualitative knowledge of the watershed behaviour, is
included in the calibration process. The soft data in their
case included information, derived through experimental
work, about the contribution of new water to runoff and the
restriction of parameter ranges to a desirable range. The
result is a more realistic model, which will however yield
sub-optimal performances with respect to many specific
objective functions, in their case the Nash-Sutcliffe effi-
ciency measure [Nash and Sutcliffe, 1970]. Chappell et al.
[1998] give another example of how expert knowledge of
internal catchment dynamics (e.g. saturated areas) can be
used to constrain the parameter space.

Thirdly, some researchers abandoned the idea of a
uniquely identifiable model in favour of the identification of



a model population [e.g. van Straten and Keesman, 1991;
Beven and Binley, 1992; Gupta et al., 1998]. This can for
example be a population of models with varying degrees of
(some sort of) likelihood to be representative of the water-
shed at hand, the idea behind the Generalized Likelihood
Uncertainty Estimation (GLUE) approach [Freer et al., this
volume]. Or an approach based on the recognition that the
calibration of a rainfall-runoff model is inherently a multi-
objective problem, resulting in a population of non-domi-
nated parameter sets [Goldberg, 1989, p.201] in the pres-
ence of model structural inadequacies [Gupta et al., 1998].

Here, we seek to increase the amount of information made
available from an output time-series and to guide the identi-
fication of parsimonious model structures, consistent with a
given model application as explained below. We use multi-
objective approaches to performance and identifiability
analysis and a novel dynamic identifiability analysis
(DYNIA) method for assumption testing. These can be inte-
grated into a framework for model identification and evalu-
ation. An application example at the end of this chapter
shows the use of the framework for a specific case.

2. IDENTIFICATION OF CONCEPTUAL
RAINFALL-RUNOFF MODELS

The purpose of identifiability analysis in CRR modelling
is to find (the) model structure(s) and corresponding param-
eter set(s) which are representative of the watershed under
investigation, while considering aspects such as modelling
objectives and available data. This identifiability analysis
can be split into two stages: model structure selection and
parameter estimation, which can, however, not be treated as
completely separate [Sorooshian and Gupta, 1985] (in order
to evaluate model structures fully, one has to analyse their
performance and behaviour which requires some form of
parameter estimation).

Traditional modelling procedures commonly contain,
amongst others, an additional third step [e.g Anderson and
Burt, 1985]. This is a validation or verification step often
used to show that the selected model really is the correct rep-
resentation of the watershed under investigation. This results
in the following three steps as part of a longer procedure:

(1) Selection or development of a model structure, and
subsequently computer code, to represent the concep-
tualisation of the hydrologic system which the hydrol-
ogist has established in his or her mind for the water-
shed under study.

(2) Calibration of the selected model structure, i.e. esti-
mation of the ‘best’ parameter set(s) with respect to
one or more (often combined) criteria.
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(3) Validation or verification of this model by (success-
fully) applying it to a data set not used in the calibra-
tion stage.

It is important to stress that the original meanings of the
words validation and verification are different. Verification
is the stronger statement, meaning to establish the truth,
while validation means to establish legitimacy [Oreskes et
al., 1994]. In the context of hydrological modelling, these
terms are often used synonymously, describing a step to jus-
tify that the chosen model is an acceptable representation of
the real system. An in-depth discussion on this topic can be
found in Oreskes et al. [1994].

These three steps are similar to the logic of induction
often used in science. This idea of induction is founded on
the underlying assumption that a general statement can be
inferred from the results of observations or experiments
[Popper, 2000, p.27]. It includes the assumption that a
hypothesis, e.g. a chosen model structure, can be shown to
be correct, i.e. a hypothesis can be validated or verified,
through supporting evidence. The steps taken in this tradi-
tional scientific method are [for example modified from
Magee, 1977, p. 56]:

(1) Observation and experiment;

(2) inductive generalization, i.e. a new hypothesis;

(3) attempted verification of hypothesis, i.e. proof or
disproof of hypothesis;

(4) knowledge.

However, the logical error in this approach is, (as Magee
[1977, p. 20] derives from statements by the philosopher
Hume), that no number of singular observation statements,
however large, could logically entail an unrestrictedly gen-
eral statement. In rainfall-runoff modelling this is equivalent
to the statement that, however often a model is capable of
reproducing the response of a particular watershed, it can
never be concluded that the true model has been found. It
could for example be that future measurements will capture
more extreme events, exciting a response not captured by
earlier data and therefore not included in the model.
Similarly, Popper concluded that no theory or hypothesis
could ever be taken as the final truth. It can only be said that
it is corroborated by every observation so far, and yields bet-
ter predictions than any known alternative. It will however,
always remain replaceable by a better theory or turn out to
be false at a later stage [Popper, 2000, p.33].

The idea that a model can be verified (verus, meaning true
in Latin [Oreskes et al., 1994)) is therefore ill-founded and
alternative modelling frameworks have to be found. One
such alternative approach was suggested by Popper [2000].
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He realised that, while no number of correctly predicted
observations can lead to the conclusion that a hypothesis is
correct, a single unexplained observation can lead to the fal-
sification of the hypothesis. Hence he replaced the frame-
work of verification with a framework of falsification,
allowing the testing of a hypothesis.

This framework of falsification as suggested by Popper can
be outlined as follows [modified from Magee, 1977, p.56]:

(1) The initial problem or question, often resulting from
the fact that an existing hypothesis has failed;

(2) one (or more) proposed new hypothesis(es);

(3) deduction of testable propositions from the new
hypothesis;

(4) attempted falsification of the new hypothesis by test-
ing the propositions;

(5) preference established between competing hypotheses.

The procedure is repeated as soon as the new hypothesis
fails. It is thus possible to search for the truth, but it is not
possible to know when the truth has been found, a problem
which has to be reflected in any scientific method.

Additionally, Beven [2000, p.304] pointed out that it is
very likely, at least with the current generation of CRR
models, that every model will fail to reproduce some of the
behaviour of a watershed at some stage. However, even if
one knows that the model is inadequate, one often has to use
it due to the lack of alternatives. And for many cases, the use
of this inadequate model will be sufficient for the selected
purpose. Or as Wilfried Trotter put it more generally: In sci-
ence the primary duty of ideas is to be useful and interest-
ing even more than to be ‘true’ [Beveridge, 1957, p. 411.

How this general idea of hypothesis falsification can be
put into a framework for CRR modelling is described
below.

2.1. Identification of Model Structures

A large number of CRR modelling structures is currently
available. These differ, for example, in the degree of detail
described, the manner in which processes are conceptu-
alised, requirements for input and output data, and possible
spatial and temporal resolution. Despite these differences, a
number of model structures may appear equally possible for
a specific study, and the selection process usually amounts
to a subjective decision by the modeller, since objective
decision criteria are often lacking [Mroczkowski et al.,
1997]. It is therefore important to deduce testable proposi-
tions with respect to the assumptions underlying the model
structure, i.e. about the hypothesis of how the watershed
works, and to find measures of evaluation that give some

objective guidance as to whether a selected structure is suit-
able or not. However, Uhlenbrock et al. [1999] have shown
that it is difficult to achieve this using single-objective
Monte-Carlo-based calibration approaches. They were able
to derive good performances with respect to the prediction
of streamflow, from sensible, as well as incorrect conceptu-
alisations of a watershed. Mroczkowski et al. [1997]
encountered similar problems when trying to falsify one of
two possible model structures, including and excluding a
groundwater discharge zone respectively, to represent two
paired watersheds in Westemn Australia. This was impossi-
ble for both watersheds when only streamflow data was
used. The additional use of stream chloride and groundwa-
ter level measurements allowed at least for the falsification
of one of the model structures in case of the second water-
shed which had undergone considerable land-use changes.

Testable propositions about a specific model structure can
be either related to the performance of the model or its com-
ponents, or they can be related to its proper functioning.

A test of performance is the assessment whether or not the
model structure is capable of sufficiently reproducing the
observed behaviour of the natural system, considering the
given quality of data. However, an overall measure of per-
formance, aggregating the residuals over the calibration
period, and therefore usually a number of response modes,
hides information about how well different model compo-
nents perform. It can be shown that the use of multiple-
objectives for single-output models, measuring the model’s
performance during different response modes, can give
more detailed information and allows the modeller to link
model performance to individual model components [e.g.
Boyle et al., 2001; Wagener et al., 2001a]. Additional infor-
mation will also be available in cases where the model pro-
duces other measurable output variables, e.g. groundwater
levels or hydro-chemical variables, as mentioned earlier.

Evaluation of the proper functioning of the model means
questioning the assumptions underlying the model’s struc-
ture, such as: Do the model components really represent the
response modes they are intended to represent? And is the
model structure capable of reproducing the different domi-
nant modes of behaviour of the watershed with a single
parameter set? A model structure is usually a combination
of different hypotheses of the working of the natural system.
If those hypotheses are to be individually testable, they
should be related to individual model components and not
just to the model structure as a whole [Beck, 1987; Beck et
al., 1993].

One, already mentioned, underlying assumption of concep-
tual modelling is the consideration of model parameters as
constant in time, at least as long as for example no changes in
the watershed occur that would alter the hydrological



response, such as land-use changes. Different researchers
[e.g. Beck, 1985; 1987; Gupta et al., 1998; Boyle et al., 2000;
Wagener et al., 2001a] have shown that this assumption can
be tested, and that the failure of a model structure to simulate
different response modes with a single parameter set suggests
inadequacies in the functioning of the model.

Beck used the Extended Kalman Filter (EKF) extensive-
ly to recursively estimate model parameters and to utilize
the occurrence of parameter deviation as an indicator of
model structural failure [e.g. Beck, 1985; 1987; Stigter et
al., 1997]. For example, in the identification of a model of
organic waste degradation in a river, changes in optimum
parameter values in time from one location in the parameter
space to another were identified [Beck, 1985]. Beck con-
cluded from this observation that the model hypothesis had
failed, i.e. the parameters were changing to compensate for one
or more missing aspect(s) in the model structure. The subse-
quent step is to draw inference from the type of failure to devel-
op an improved hypothesis of the model structure. However,
there are limitations to the EKF approach. Beck concluded
with respect to the use of the EKF for hypothesis testing that
the performance of the EKF is not as robust as would be desir-
able and, inter alia, is heavily compromised by the need to
make more or less arbitrary assumptions about the sources of
uncertainty affecting the identification problem [Beck, 1987].

A trade-off in the capability to simulate different response
modes can occur, as shown by Boyle et al. [2000] for the
example for a popular complex rainfall-runoff model
(Sacramento with 13 calibrated parameters [Smith et al.,
this volume]), thus it was not possible to reproduce (slow)
recession periods and the remaining system response modes
simultaneously. Their multi-objective analysis suggests that
the cause for this problem is mainly an inadequate repre-
sentation of the upper soil zone processes.

There are therefore ideas to address the problem of model
structure identification in a more objective way. However,
they are not without weaknesses, as the Beck statement
about the use of EKF showed earlier in the text. These need
to be addressed to derive more suitable approaches.

2.2. Identification of Parameters

The second stage in the model identification process is
the estimation of a suitable parameter set, usually referred to
as calibration of the model structure. In this process, the
parameters of a model structure are adjusted until the
observed system output and the model output show accept-
able levels of agreement. Manual calibration does this in a
trial-and-error procedure, often using a number of different
measures of performance and visual inspection of the
hydrograph [e.g. Gupta et al., 1998; Smith et al., this vol-
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ume]. It can yield good results and is often a good way to
learn about the model, but it can be time consuming,
requires extensive experience with a specific model struc-
ture and an objective analysis of parameter uncertainty is
not possible. Traditional single-objective automatic calibra-
tion on the other hand is fast and objective, but will produce
results which reflect the choice of objective function and
may therefore not be acceptable to hydrologists concerned
with a number of aspects of performance [Boyle et al.,
2000]. In particular the aggregation of the model residuals
into an objective function leads to the neglect and loss of
information about individual response modes, and can result
in a biased performance, fitting a specific aspect of the
hydrograph at the expense of another. It also leads to prob-
lems with the identification of those parameters associated
with response modes which do not significantly influence
the selected objective function [Wagener et al., 2001a].
Selecting, for example, an objective function which puts
more emphasis on fitting peak flows, e.g. the Nash-Sutcliffe
efficiency value [Nash and Sutcliffe, 1970], due to its use of
squared residual values [Legates and McCabe, 1999], will
often not allow for the identification of parameters related
to the slow response of a watershed [e.g. Dunne, 1999].

An example to demonstrate this problem is briefly pre-
sented. It uses a simple model structure consisting of a
Penman two-layer soil moisture accounting component
[Penman, 1949] to produce effective rainfall and a linear
routing component using two conceptual reservoirs in paral-
lel to transform it into streamflow. A comparison of hydro-
graphs produced by different parameter sets within the
selected structure, which yield similar objective function
values, shows that these hydrographs can be visually differ-
ent. Figure 1 shows a hundred days extract of six years of
daily streamflow data, where the observed time-series (black
line) is plotted with seven different realisations (grey lines),
i.e. using the same model structure, but different parameter
sets. The objective function used during calibration is the
well known Root Mean Squared Error (RMSE). Each of the
models presented yields a RMSE of 0.60mm/d when the
complete calibration period (6 years) is considered.
However, the hydrographs produced are clearly visually dif-
ferent. The added dotty plots of the two residence times of
the (linear) routing component show that while the quick
flow residence time, k(quick) is very well identified, the
slow flow residence time, k(slow), is not. This is consistent
with the observation that the main difference between the
hydrographs can be observed during low flow periods. This
effect is due to the use of squared residuals when calculating
the RMSE.

This result demonstrates that traditional single-o