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There are three components of error in the ability of land-atmosphere models (e.g., 

BATS, SiB, etc.) to simulate/predict observed land-surface state variables and output fluxes 

(e.g. AE, H, Tg, Q, etc.). The first is caused by model structural error associated with 

simplifications and/or inadequacies in the functional representations of underlying physical 

processes. The second component is measurement error associated with the input and output 

data. The third is caused by error in specification of the values of the model parameters. 

Automatic parameter tuning (model calibration) methods allow minimizing of the parameter 

error, thereby obtaining an estimate of the remaining error components. This work describes 

an automatic multi-criteria approach and its use to tune all 27 parameters of the BATS model 

using data measured in the field. The parameters were adjusted to simultaneously optimize 

the ability of the model to reproduce observed values of several output fluxes and/or state 

variables (e.g., latent heat flux, sensible heat flux, ground temperature, etc.). The results 

indicate that not only does the procedure result in conceptually reasonable and consistent 

parameter estimates, but the calibrated model is able to provide significant improvement in 

performance (33% or more reduction in error) over the "un-calibrated" model (i.e., using the 

BATS default parameter values for the associated region). Substantial improvements of this 

kind can have important implications for studies that seek to evaluate alternative model 

structures or to regionalize parameters. To reduce the dimensionality of the optimization 

problem a multi-criteria extension of the Regionalized Sensitivity Analysis (RSA) has been 

developed. 
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C H A P T E R  O N E  

INTRODUCTION 

1.1 HYDROLOGIC MODEL CALIBRATION (PARAMETER ESTIMATION) 

Hydrologic modeling is a fundamental tool in the study of hydrology. The reliance 

on this tool is increasing as hydrologists endeavor to examine large-scale phenomena, predict 

the hydrologic effects of climate variability, and/or examine land-surface-atmosphere 

hydrologic and energetic interactions. It is generally recognized that the validity of model 

simulations can be no better than model assumptions, and no more reliable than model 

inputs, initial conditions, and parameter values. Field measurements, prior information, and 

calibration are three techniques used in parameter estimation. With the availability of remote-

sensing technology, the use of measurements is gaining importance. However, practical 

experience indicates that virtually all models will continue to require calibration of at least 

some parameters. 

The problem of obtaining reliable parameter estimates through calibration is 

addressed in the present work. It is recognized that improving calibration techniques will not 

solve all of our hydrologic modeling problems. However, in most situations, there will be 

considerable value in being able to improve our estimates of the preferred parameter values 

(or region of the parameter space) for a given model given some observational data. If 

preferred parameters (within the constraints of the available data) can be identified, then 

there will be a clearer understanding of the uncertainties in the subsequent model 

simulations. 
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The work performed in Dr. Sorooshian's research group has provided deeper insights 

into the nature of the calibration problem, and the general understanding is that the classical 

approach to model calibration has been taken as far as it can go. Currently available 

calibration strategies have proved to be poorly suited to the task of calibrating conceptual 

hydrologic models in general and appear to be woefully inadequate in the face of the 

emerging generation of land-surface hydrologic models. In fact, some authors have expressed 

the idea that the field of modeling is in grave danger of becoming sterile unless new ideas 

are introduced /"C/arfce, 1994; Gupta et ai, 1998]. The following points are relevant: 

(a) First of all, it has become clear that current calibration strategies are unsuccessful at 

identifying preferred parameter sets, even for simple lumped conceptual hydrologic 

models. A great many researchers, from Johnston and Pilgrim [1976] and others in 

the I970's to Hendrickson et ai [1988], Gan and Barges [1990 a,b], Sorooshian et 

al. [1993], Freer and Beven [1996], and Kuczera [1997], most recently, have 

reported that they are unable to locate a global optimum; several parameter sets 

produce similar values of the objective function. Additionally, Gan and Burges 

[1990] have shown that parameter estimates can be dependent on the climate 

represented by a particular sequence of calibration data. On one hand, these results 

are disturbing because they call into question model reliability and adequacy, and 

thus the model's ability to perform outside the range of conditions found in the 

calibration data. On the other hand, it is not necessarily surprising that several 

parameterizations can lead to roughly equivalent values for specific output fluxes. 
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e.g., it is not difficult to imagine two physically different watersheds that produce 

roughly similar hydrologic fluxes at the watershed outlet. 

(b) Second, research into hydrologic model development and calibration has indicated 

that current single criterion calibration strategies do not properly exploit the 

information about the parameters available in the data, thereby leading to erroneous 

conclusions about the identifiability of certain parameters or model structural 

elements (e.g., Sorooshian and Dracup [1980]; Sorooshian [ 1981]; Sorooshian et 

ai [1982], [1983]; James and Biirges [1982]; Sefe and Boughton [1982]; Lemmer 

and Rao [1983]; Kuczera [1983 a,b]; Ibbit and Hutchinson [1984]; Sorooshian and 

Gupta [1983]; Sorooshian et al. [1993]; Kirchner et al. [1996]; Gupta et al. 

[1998]). 

(c) Third, and most important, is the fact that a great deal of the current focus in 

hydrology is on the emerging generation of models designed to represent the 

hydrologic and energetic interactions between the land-surface and atmosphere. 

While traditional hydrologic models are typically characterized by a single output 

flux (streamflow at the watershed outlet), the new land-surface representations have 

multiple output fluxes and large numbers of parameters. 

The calibration of the new generation of hydrologic models poses several challenges 

and opportunities. In particular, it is clear that the calibration problem must be posed in a 

multi-objective framework, given that there are multiple streams of non-commensurable 

observed data to be compared to simulated variables. Examples of such data streams 

potentially include runoff hydrographs at multiple sites, surface soil moisture values. 



17 

groundwater levels, water chemistry, latent and sensible heat fluxes, evapotranspiration 

estimates, etc. In addition, such models typically have large numbers of parameters. While 

some of these parameters can be specified using field data and prior information, the inability 

to readily measure hydrologic properties at the model scale ensures that many key parameters 

will actually require adjustment through calibration. 

When calibration is attempted, it becomes apparent that, because of imperfections in 

the model, there is no single optimal parameter vector which will give the best fit of all of 

the output fluxes to the observed data. For example, if data are available for two output 

fluxes, one being hydrologic flux and the other being an energy flux, adjustment of the 

model parameters within some regions may improve fitting of the hydrologic flux to the 

observational data while making the fit to the energy flux worse, and vice versa. A limited 

amount of attention to the inherent multi-objective nature of the model calibration problem 

can be found in the literature, e.g., Leavesly et al. [1983]; Brazil [1988]; Edwards and Haan 

[1988 a,b]; Knopman and Voss [1989]; Van and Haan [ 1991 a,b]. For example, Brazil 

[1988] used uniform random search to generate large numbers of points in the feasible 

parameter space of the SAC-SMA watershed model of the National Weather Service River 

Forecast System [Bumash et ai, 1973; Peck, 1976; Brazil and Hiidlow, 1981 ]. Comparing 

these points in terms of several objective functions, he reported that a sizeable non-inferior 

region of the parameter space exists for which different objectives indicate good performance 

of the model. Knopman and Voss [1989] used multi-objective programming for sampling 

design and model discrimination for a groundwater solute transport problem. Again, they 

essentially applied a uniform sampling approach to search the feasible parameter space for 
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solutions that were then compared to each other to eliminate inferior solutions. Yan and 

Haan [1991 a,b] conducted an actual multi-objective calibration of the PRMS [Leavesley 

etaL, 1983] using a method of multiple objective programming based on Bayesian statistical 

theory and showed that the calibration results were superior to those obtained using the 

classical single-objective approach. 

1.2 STATEMENT OF THE PROBLEM 

The classical approach to model calibration needs serious review. It is clear that 

currently available calibration strategies are poorly suited to the task of calibrating conceptual 

hydrologic models in general and are inadequate in the face of the emerging generation of 

land-surface hydrologic models. The philosophy behind the attempts to locate unique model 

parameters is flawed. In particular, the following issues need recognition and attention: 

(a) There is no generally recognized successful calibration framework for models with 

multiple output streams and large numbers of parameters. 

(b) Current single-criterion approaches do not properly exploit the information available 

in the data and are unable to identify a preferred solution, especially when the 

parameter space dimension is moderate (5-15) to large (>15). 

(c) The problem of model identification and calibration is inherently multi-objective. 

The application of statistical single-criterion techniques for model tltting is, to some 

extent, an attempt to bypass the difficulties inherent in multi-objective approaches. 

(d) There is a real need to be able to judge the reliability of a model, not as some overall 

approximate measure, but in terms of each model prediction. 
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1.3 RESEARCH TO BE UNDERTAKEN 

When the problems involved in model calibration are examined, it becomes apparent 

that there is no objective way in which a unique model solution can be obtained. Consider 

the fact that, with a given model structure, there may be approximate upper and lower bounds 

on the parameters and a set of calibration data. The upper and lower bounds define the a 

priori uncertainty in the model parameters, associated with which there is an implicit 

uncertainty in the model output fluxes (Figure 1.1). The calibration problem can be stated 

as the problem of reducing the parameter uncertainty in order to minimize the uncertainty 

and error in the matching of the output fluxes to the observational data. Certainly, due to 

errors in the input and output data, it is clear that an exact match to the data will not be 

possible. However, more relevant is the fact that model inadequacies are the major reason 

that the data cannot be matched perfectly. In fact, a sizeable (although reduced) region of the 

parameter space exists for which model outputs seem to match different portions of the 

observed data, imperfectly, but equally well. Within this region of the parameter space, it is 

difficult to objectively distinguish one point as being superior to another /"Soroo^/iia/i et al., 

1993], When the model has several output fluxes, no point in this reduced parameter space 

is able to match all the fluxes better than any other point; movement from one point to 

another causes the match of one flux to improve, while the match of another flux 

deteriorates. 

These observations and arguments indicate that the best solution that one can obtain 

using objective procedures is not a unique model, but is a model set, typically specifiable as 

a region of reduced uncertainty in the parameter estimate space. This model set defines the 
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Figure 1.1. Output flux uncertainties corresponding to initial and reduced parameter uncertainties. 
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non-distinguishable solution set in which it is not possible to objectively select a specific 

model (parameter location) as being superior to any other model (parameter location), due 

to uncertainties in the model structure and errors and uncertainties in the data. The resulting 

model uncertainty translates into an uncertainty in the model predictions (the model is 

capable of, at best, indicating the range in which the field observation will be observed). 

With this recognition, it becomes clear that objective calibration methods which can 

identify the region of reduced parameter uncertainty are required. In particular, when the 

model has multiple output fluxes, the problem becomes one of minimizing the multiple 

objectives associated with matching these fluxes. In this general context, the region of the 

non-distinguishable solution set (region of reduced parameter uncertainty) can be technically 

referred to as the non-inferior model set [Zadeh, J973; Haimes et ai, 1975; Szidarovsky et 

ai, 1986]. While classical multi-objective procedures available in the literature focus 

specifically on identifying specific solutions within the non-inferior region, a major thrust 

of this work will be to identify an estimate of the entire non-inferior region. 

Identification of the non-inferior set provides the model user with the entire set of 

feasible model solutions (parameter and output fluxes) that are consistent with the available 

data. This serves three main purposes: 

(a) It clearly demonstrates the inherent uncertainty in the ability of the model to match 

the observed process. 

(b) The size and properties of this model set and the sizes and properties of the 

uncertainty in the model predictions are the characteristics that define the adequacy 

or inadequacy of the model; analysis of these features will provide insight into the 
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manner in which the model needs to be improved and into the confidence that can be 

ascribed to model predictions. 

(c) It facilitates the generation and comparison of several plausible model forecasts or 

simulations, and (through an exploration of the feasible solutions) the subjective 

identification of a user-preferred solution. 

The new calibration procedure will result in better use of models, and the resulting 

model forecasts and simulations will consist of range estimates indicating upper and lower 

limits and most probable values. In addition, the user will be able to identify a specific 

typical model (parameter set) for forecasting or simulating single "likely" values of the fluxes 

and variables of interest. In all these cases, graphical visualization techniques will be 

required, not only to display the decision variables, but also to facilitate the subjective 

procedure inherent in choosing a reduced model set (possibly a single model) from the non-

inferior model set. 

1.4 OBJECTIVES 

The primary objective of this research is to develop, test, and implement a sound 

strategy for systematic calibration of complex hydrologic models with multiple output 

streams and large number of parameters, thereby enhancing the ability of these models to 

produce satisfactory hydrologic simulations. The strategy will include the use of a multi-

objective optimization methodology, implementation of appropriate graphical visualization 

methods, and procedures to guide selection of specific solutions. Specific objectives are as 

follows. 
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(1) Explore innovative ways of using multi-criteria and data subsets in identifying 

preferred solutions for complex models with large numbers of parameters. 

(2) On test cases, determine if a satisfactory and reliable estimate of the non-inferior 

solution space can be identified from which a preferred parameter estimate can be 

selected. 

(3) Gain insights into the roles that data error, model error, and parameter interaction 

play in modifying the non-inferior solution space. 

(4) Determine, for test cases, if preferred solutions can be reliably, effectively, and 

efficiently obtained through a systematic computer-based methodology. 

(5) Compare the proposed calibration strategy with existing strategies. 

1.5 METHODS 

For the purpose of this research, it shall be assumed that (a) the mathematical 

structure of the model is essentially predetermined and fixed, (b) physically realistic upper 

and lower bounds on each of the model parameters can be specified a priori - this defines the 

feasible parameter space, and (c) the purpose of model calibration is to first estimate the 

non-dominated model set (parameter set) and then to select a reduced model set. The 

calibration process begins, therefore, with a model uncertainty completely defined by the 

parameter uncertainty, which is the entire feasible space. This parameter uncertainty is 

reflected in the model outputs as ranges of possible values (Figure l.l). 

The goal of the calibration process is to efficiently extract the information contained 

in the calibration data, rendering a reduction in the model uncertainty. The information 

extraction process should result in the identification of a smaller parameter region (contained 
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within the feasible parameter space). The more informative the calibration data, the smaller 

the reduced parameter space is expected to be, resulting in a smaller range of possible values 

on each model forecast. 

For the case of multiple-output fluxes considered here, the matching of each output 

flux in the calibration data set constitutes a separate objective. A more classical approach 

will be to assign these separate objectives different weights and them lump them by adding 

them together; a single-objective function is obtained to which classical optimization 

techniques can be applied. For example, in the Simple Least Squares (SLS) approach, the 

output flux residuals are squared, given appropriate weights (often chosen subjectively), and 

then added together. This and similar approaches are appropriate only if the uncertainties in 

the model errors (as distinct from the data measurement error) are known a priori, and strictly 

speaking are only valid if the model error can be described as stochastic. Because there is no 

way of knowing what relative uncertainty is present in each model output flux, the classical 

approach is founded on shaky ground, particularly if the model uncertainty is comparable or 

larger than the data uncertainty. 

In the multi-objective approach proposed here, the purpose of calibration is to 

determine the reduced parameter set (corresponding to a "minimal" residual set) for which 

no single objective (error in matching a flux) can be improved (by selecting different 

parameter values within the reduced set) without a deterioration in one or more of the other 

objectives. The reduced parameter set identified in this manner is the non-inferior solution 

set and represents the minimal solution that can be obtained given the data and an entirely 

objective approach. 
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1.6 MODEL AND DATA 

This research will focus on the calibration of Soil Vegetation Atmosphere Transfer 

Schemes (SVATS) currently being developed for coupling with global circulation models. 

In particular, it has been decided to use the BATS model [Dickinson et ai, 1993] in its 

current off-line version available through the web site (www.atmo.arizona.edu/bats). The 

main reason for that is that BATS has been used previously within the research group and 

that it is being developed at the Department of Atmospheric Sciences of the University of 

Arizona. 

Two data sets will be used. The first one is a set of 20-minute interval data for the 

period May 1993-April 1994, obtained from a Tucson site. This set of data contains 

information on sensible heat flux, latent heat flux, and soil temperature. Additionally, results 

from a manual calibration of the BATS model using this particular set are available [Unland 

etai, 1996]; these results may be used for purposes of comparison. The second set of data 

correspond to an ARM-CART site E13 in Oklahoma. The time interval is 30 minutes, and 

the period is April 1995-August 1995. This set contains information on sensible heat flux, 

latent heat flux, soil temperature, and soil moisture content. 

1.7 SIGNIFICANCE 

In terms of general scientific knowledge, the present research will result in insights 

into problems of calibration of complex, multi-output models, particularly in the areas of 

parameter reliability, parameter identifiability and uniqueness. Moreover, this research will 

apply some innovative techniques to the problem of model calibration. 

http://www.atmo.arizona.edu/bats
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The study is focused on the S VATS models being developed to interface the sciences 

of hydrology, biology, atmospheric physics, and climatology. These models all share the 

common feature of large numbers of parameters and multiple-output fluxes which can be 

compared to observational data. As more data become available through remote sensing and 

other sources, the need for a proper framework for identification and calibration of these 

models will continue to grow. This research is expected to lay a foundation that can be used 

to properly address the calibration problem in such a framework. 

1.8 ORGANIZATION 

This dissertation is organized into six chapters as follows: 

Chapter Two presents a succinct review of the multi-objective approach, and how it 

can be applied to the calibration of multiple-output hydrometeorological models. New 

procedures for model evaluation and/or intercomparison within the multi-objective 

framework are outlined. 

In Chapter Three, the BATS model and the data sets used are described in detail. The 

inability of the model to simultaneously track the heat fluxes and the state variables is shown. 

Chapter Four introduces a sensitivity analysis method that takes into account the 

multi-objective nature of the problem and applies it to the BATS model. 

In Chapter Five, multi-objective methods are applied to the calibration of the BATS 

model. The ability of the procedure for identifying parameter sets that yield better results is 

shown. Issues of complementarity of information and error decomposition are addressed. 

Finally, in Chapter Six, the conclusions of this research are given, and directions for 

future extensions of this work are suggested. 
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C H A P T E R  T W O  

MULTI-OBJECTIVE CALIBRATION 

A succinct review of the multi-objective approach and how it can be applied to the 

calibration of complex, multiple-output hydrometeorological models are presented in this 

chapter. In particular, new procedures for model evaluation and/or model intercomparison 

within the multi-objective framework are outlined. Issues related to the choice of objective 

functions and the complementarity of information content are addressed. Several measures 

for evaluating and comparing the performance of sets of solutions are introduced. Finally, 

recommendations on how to improve the Multi-Objective Complex (MOCOM-UA) 

algorithm are presented. 

2.1 INTRODUCTION 

In two relatively recent articles. Beck et al. [1993] and Beck [1994], quoted Mac 

Farlane's [1990] presentation of the three elements of knowledge according to the 

American philosopher Lewis as: 

(i) the given data; 

(ii) a set of concepts; and 

(iii) acts which interpret data in terms of concepts. 

The problem of system identification (the derivation of a model whose behavior has 

the closest possible resemblance to the behavior of the actual system) is covered by the third 

of the elements. 
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In general, with observations of the state of the system sampled discretely in time, the 

model of a hydro-meteorological system can be represented by 

y(^t) =/(x,«,0;r^) + e(r^) + Ti(r^) (2.1) 

where x is the vector of state variables (such as temperature in different soil layers), a is a 

vector of measured input disturbances (precipitation, solar radiation, wind velocities, and so 

on), j; is a vector of output responses (for example, heat fluxes, surface and ground water 

runoff, etc), ^ is a vector of model parameters (for instance, hydraulic conductivity, soil 

porosity, leaf area index, fraction of vegetation cover, etc.), e is a vector of output 

observation errors (measurement error), 7 is a vector of model errors (errors due to the 

improper representation of the reality by the model),/is a vector of nonlinear functions, and 

tf. is the k!'' discrete instant in time. Usually, the e and tj error terms are not distinguished 

separately and are lumped into one single error-term e. This lumping introduces, implicitly, 

the hypothesis that the model conceptualization is able to actually match reality. This 

assumption is invariably incorrect. 

It is not the objective of the current work to address the issues of evaluation of 

constituent hypotheses and the identification of the model structure - Lewis' element (ii). 

Thus, the set of concepts (or model conceptualization) is assumed to be correct. This work 

will rather concentrate on the following : (a) issues of parameter estimation and analysis of 

the identifiability of the model (model calibration); (b) which part of the system behavior 

can be adequately simulated; (c) which part of the model outcome matches system behavior, 

i.e., statistical checks on the degree of adequacy and reliability of the model /as defined by 
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Scholten and Van der Tool, 1994]; (d) evaluation of the model performance; and (e) 

devising ways for objective comparison of different conceptualizations or modeling systems. 

2.2 LITERATURE REVIEW 

During the past two decades, a great deal of research has been devoted to the 

development of automated (computer-based) methods for the estimation of hydrologic model 

parameters by fitting to historical data. Gupta et al. [1998] noted that the research has 

focused primarily on four issues: (1) development of specialized techniques for handling the 

kinds of errors present in the measured data, (2) search for an optimization strategy that can 

reliably solve the parameter estimation problem, (3) determination of the appropriate quantity 

and most informative kind of data, and (4) efficient representation of the uncertainty of the 

calibrated model (structure and parameters) and translation of that uncertainty into 

uncertainty in the model response. Research into techniques for accounting for data error has 

led to the development of maximum likelihood functions for measuring the "closeness" of 

the model and the data [e.g., Sorooshian andDracup, 1980; Sorooshian, 1981; Sorooshian 

et al., 1982, 1983; James and Burges, 1982; among others]. Research into optimization 

methods has led to the use of population-evolution-based search strategies; in this regard, the 

Shuffled Complex Evolution (SCE-UA) global optimization algorithm [Duan et al., 1992, 

1993, 1994; Sorooshian et al., / 993/has proved to be consistent, effective, and efficient in 

locating the globally optimal model parameters of a hydrologic model [see also Luce and 

Cundy, 1994; Gan and Biftu, 1996; Tanakamaru, 1995; Tanakamaru and Surges, 1996; 

Kuczera, 1997; among others]. Research into data requirements has led to the understanding 

that the informativeness of the data is far more important than the amount used for model 
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calibration/"e.g., ^Mcz^ra, 1982; SorooshianetaL, 1983; Gupta andSorooshian, 1985; Yapo 

etal., 1996a, among others]. Finally, research into representation of model uncertainty has 

led to practical procedures for rigorous statistical analysis of model parameter uncertainty 

[e.g.. Spear and Homberger, J980; Jones, 1983; Kuczera, 1988; Beven and Binley, 1992; 

Freer etal., 1996; Franks and Beven, 1997; Franks et ai, 1998, among others]. 

SVATS models differ from classical hydrologic watershed models in that they are 

concerned with both water and energy balance, are driven by multiple input variables (e.g., 

precipitation, short and long wave radiation, wind speed, air temperature, humidity, etc.), and 

predict the evolution of several observable state variables and output fluxes (e.g., latent heat, 

sensible heat, soil skin temperature, surface soil moisture, runoff, etc.). Such models often 

have a large number of parameters that must be specified; e.g., the Biosphere Atmosphere 

Transfer Scheme (BATS) model [Dickinson etal., 1993] has 27 parameters to be estimated, 

including 16 related to vegetation properties, eight related to soil properties, and three initial 

moisture conditions. While the parameterizations of SVATS models have been designed 

with the intent of possibly estimating reasonable values for the parameters from measurable 

characteristics of the land surface, recent studies such as the PILPS 2c workshop 

[Lettenmaier et ai, 1996] have demonstrated that even simple manual (subjective) 

adjustment of some model parameters can result in significant improvements in model 

performance. It should be noted that, as long as the performance of a SVATS model remains 

dependent on subjective human expertise for the specification of its parameters, it remains 

difficult to conduct a clearly objective evaluation of the relative merits of alternative 
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parameterizations. It is relevant, therefore, to explore the utility (objectivity and speed) of 

automated methods in improving the parameter estimation used by SVATS models. 

A framework for extending the knowledge and experience related to calibration of 

single-output hydrologic models to the emerging generation of multi-input-output hydrologic 

models such as SVATS has recently been presented by Gupta et al. [1998]. This multi-

objective methodology has been applied successfully to the calibration of a watershed model 

used for flood forecasting by the Hydrologic Research Laboratory of the US National 

Weather Service [Gupta et al., 1998; Yapo et al., 1997], and in a simple way to a 4DDA soil 

moisture assimilation model [Houser, 1996; Houser et al., 1998], In the present work the 

methodology is extended and applied to the calibration of the BATS model using data from 

a Tucson site and from an ARM-CART site with a forcing meteorological data span of one 

year and five months, respectively. 

2.2.1 Applications of Multi-Objectives in Hydrologic Model Calibration. 

The goal of the calibration process is to efficiently extract the information contained 

in the calibration data, rendering a reduction in the model uncertainty. The information 

extraction process should result in the identification of a smaller parameter region (contained 

within the feasible parameter space). The more the information contained in the calibration 

data, the smaller the reduced parameter space is expected to be, resulting in a smaller range 

of possible values on each model forecast. Note, however, that, in the limit, the size of the 

reduced parameter space will only approach a unique "point" if there is simultaneously an 

absence of model structural error (model is perfect) and the measured data are free of 

systematic biases; in the usual case, the reduced parameter space will remain of finite size. 
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It has been argued that, in general, hydrological models are overparameterized. 

Therefore, only a limited subset of the parameters can be identified by means of optimization 

procedures [Beck et al.,1993; Beck, 1994, Seven, 1989: Jakeman and Homberger, 1993; 

among others]. In other words, it is suggested that several parameter sets can yield very 

similar results in terms of the objective function value. This is what is called "equifinality" 

by Beven and Binley[l992], "equally probable parameter sets" by van Straten and Keesman 

[I99I], and "acceptable sets" by Klepper et al. [1991]. The arguments are based on the 

probabilistic representation of parameter uncertainty. However, the works based on multi-

criteria argue that significant improvements in the optimized parameter sets can be achieved 

by using additional information for calibration and/or validation /for example, De Grosbois, 

1988; Yan and Haan, 1991; MroczJcowski et al., 1997] or by exploiting the data in better 

ways. This, as stated in Gupta et al. [1998], raises the issue of complementarity of 

information, i.e., in order to improve the identification of the optimal parameter sets, it is 

necessary to identify objective functions that are somehow independent. In other words, it 

is necessary to provide information that complements the information from another 

objective, hence increasing the difficulties of the problem many-fold. Thus, in the multi-

criteria framework, the concern is not only with parameter interdependence but with criteria 

interdependence as well. 

The use of multiple objectives is not new within the context of hydrologic modeling 

and hydrologic model calibration. In general, the approach has been to establish several 

different criteria and then perform a multi-objective optimization [e.g. Emsellem and de 

Marsiiy, 1971; Neiiman, 1973; Yan and Haan, 1991a,b; Yapo et al., 1997; Gupta et al.. 
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1998; among others] or perform a single-objective optimization and then use additional 

observed fluxes and/or state variables to verify the result [Kuczera, I983a,b: De Grosbois 

etal., 1988; Hooperetal. 1988; Woolhiser etal., 1990; Ambroise etai, 1995; Mrocdcowski 

etai, 1997J. 

2.3 MULTI-OBJECTIVE EVALUATION OF SVATS MODELS 

Consider a system S for which a SVAT model ^ is to be identified. Assume that 

the mathematical structure of the model is essentially predetermined and fixed and that 

physically realistic upper and lower bounds on each of the model parameters can be specified 

a priori (thereby defining the feasible parameter space - i.e., the initial uncertainty in the 

parameters). Assume also that measurement data on several of the system states and/or 

output fluxes (say D' through may be available which can be used to help evaluate the 

performance of the model. The goal of model calibration now becomes that of finding 

values for the model parameters 6 so that the model-simulated fluxes match all k of these 

(non-commensurable) measurement data of state variables and/or fluxes as closely as 

possible. The following development follows Gupta et al. [1998]. Construct the extended 

data vector D = (D' £) V and let y{ 6) = {y^( 6) / represent the corresponding 

vectors of estimated model output fluxes generated using the parameter values 6. The 

difference between the model-simulated fluxes and the measurement data can be represented 

by E{d) = G(y(0)) - G(D) = fe'(0). e^(0)], where the function G allows for various user-

selected linear or non-linear transformations (such as log, power, weighting, max, min, 

median, mean, etc.). The goal, therefore, is to find values for the parameters 6 so that E is, 

in some sense, made as close to "zero" as possible. The standard approach is to define some 
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measure L of the "length" of vector E and to then attempt to find the values of the model 

parameters d that minimize L. However, given that the individual vector components &) 

are not directly commensurable (i.e., each represents the model's ability to simultaneously 

match a different model state variable or output flux), there is no unambiguously "correct" 

(objective) way in which to minimize the "length" of the error E(6). In fact, because the 

model will, in general, be unable to simultaneously match all aspects of observed system 

behavior, there generally will be several feasible solutions - each of them reflects a different 

trade-off in the matching of the various aspects of observed behavior. 

Formally, the problem can be posed as a multi-objective optimization problem: 

min F(0) = min {/'•'(0),...,/-'(0),...,/''"(0),...,/^''"(0)> (2.2) 
iv.r./.0 w.r.t.Q 

where m several different norms can be ascribed to every flux simultaneously in an attempt 

to extract additional information from a single signal. In die present work, though, only one 

norm is considered, i.e., m = I. The solution to this problem consists of a "Pareto 

Optimum", P( G), set of solutions in the feasible parameter space which defines the minimum 

parameter uncertainty that can be achieved without stating a subjective relative preference 

for the minimizing of one specific component of F( 6) at the expense of another. The 

definition of this Pareto set is that any member ^ of the set has the properties: (1) For all 

non-members there exists at least one member ^ such that F( dj is strictly less than F( dj), 

and (2) it is not possible to find dj within the Pareto set such that F(dj) is strictly less than 

F( dj) (i.e., by "strictly less" it is meant f( 0j) <f( 0) for all ̂  = /,..., k). 

The multi-objective formulation results, therefore, in the partitioning of the feasible 

parameter space into "good" solutions (Pareto solutions) and "bad" solutions. In the absence 
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solutions as being objectively better than any of the other "good" solutions (i.e., there is no 

uniquely "best" solution). Further, every member ^ of the Pareto set will match some 

characteristics of the system behavior better than every other member of the Pareto set, but 

the trade-off will be that some other characteristics of the system behavior will not be as 

well-matched. A powerful advantage of this approach is that it includes the "best" solution 

for each error component of the vector F, e.g., the classical single objective optimum value 

for each separate function is an element of the Pareto set. 

2.4 MULTI-OBJECTIVE OPTIMIZATION 

In the previous section it was established that the "natural" way to approach the 

problem of SVATS model evaluation is by using multi-criteria methods. This leads to the 

issue of how to actually solve the problem posed in Equation (2.2), the problem of multi-

objective optimization. 

The field of optimization theory has studied the multi-objective optimization problem 

quite extensively [for example, Goicoechea etal., 1982; Haimes etciL, /975]. The following 

review follows Yapo et al. [1997] and Gupta et al. [1998]. Because the Pareto set seldom 

consists of a finite number of solutions, most multi-objective techniques attempt to identify 

a countable number of distinct solutions distributed within the Pareto region. The classical 

methods for obtaining such solutions can be categorized as a posteriori methods, a priori 

methods, and interactive methods. Examples of a posteriori methods (also called generating 

techniques) include the weighting method [Zadeh, 1963], the e-constraining method 

[Marglin, 1967], and the goal attainment method [Gembicki, 1974]. Examples of a priori 
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methods include the goal programming and the compromise programming methods [Zeleny, 

1974J. Examples of interactive techniques include the surrogate worth trade-off method 

[Haimes et ai, J975J and the trade-off development method (TRADE) [Goicoechea etal., 

1976]. Presentations and discussions of these methods and others can be found in textbooks 

[Goicoechea et ciL, 1982; Szidarovsky et ai, 1986] and in review papers [Hipel, 1992; 

Szidarovsky and Szenteleki, 1987; Yapoetal., 1992; Hendricks et ai, 1992]. 

Although the classical approach is seemingly simple to implement, it carries a heavy 

price: for each discrete Pareto solution, a complete single-objective optimization problem 

must be solved. If as in Sorooshian et al. [1993], each single-objective optimization run 

requires as many as 5,000-10,000 function evaluations, there is a potential prospect of half-a-

million to a million function evaluations. 

2.4.1 The MOCOM-UA Algorithm 

The method, entitled multi-objective complex evolution (MOCOM-UA), is a general 

purpose global multi-objective optimization algorithm that provides an effective and efficient 

estimate of the Pareto solution space with only a single optimization run and does not require 

subjective weighting of the objectives. MOCOM-UA is based on an extension of the SCE-

UA population evolution method reported by Duan etal. [1993]. A detailed description and 

explanation of the method are given by Yapo et al. [1997a,b]. 

In brief, the MOCOM-UA method involves the initial selection of a "population" of 

p points distributed randomly throughout the 5-dimensionaI feasible parameter space S. In 

the absence of prior information about the location of the Pareto optimum, a uniform 

sampling distribution is used. For each point, the multi-objective vector E(6) is computed. 
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and the population is raniced and sorted using a Pareto-ranking procedure suggested by 

Goldberg [1989}. Simplexes of s+1 points are then selected from the population according 

to a robust rank-based selection method [Whitley, 1989]. A multi-objective extension of the 

downhill simplex method is used to evolve each simplex in a multi-objective improvement 

direction. Iterative application of the ranking and evolution procedures causes the entire 

population to converge towards the Pareto optimum. The procedure terminates automatically 

when all points in the population become non-dominated. The final population provides a 

fairly uniform approximation of the Pareto solution space P(S). 

2.4.2 Observations about MOCOM 

In the course of the present research, it has been found that the MOCOM algorithm 

has a tendency to lump or cluster the Pareto solutions in a region around the compromise 

solution, without covering the entire extension of the Pareto set. This "lumpiness" of the 

solutions is a drawback of the algorithm itself and not of the multi-objective procedure as 

such. Details about how this was established and the implications will be presented in 

Chapter 5. 

Initially running the MOCOM algorithm to find several sets of a smaller number of 

Pareto solutions (complexes) and then restarting it after joining the different solutions into 

one significantly speeds up the finding of the total number of solutions (i.e., total number of 

solutions = number of complexes x number of points in complex). This suggests that the 

approach existing in the Shuffled Complex Evolution (SCE-UA) algorithm could be used 

to improve the current multi-objective algorithm. 
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2.5 CHOICE OF OBJECTIVE FUNCTIONS FOR SVATS 

The implementation of the procedure outlined above requires the specification of a 

set of relatively unrelated objective functions F ("unrelated" in the sense that they measure 

different aspects of the differences between the observed data D and the model simulations 

y(d)) that extract the useful information contained in the data and transform it into estimates 

of the parameter set. In the systems theoretic sense, useful "information" can be viewed as 

that which enables one to test a hypothesis. There are two important issues to be considered 

here. 

First, it should be noted that the hypothesis to be tested is always a subjective 

consequence of the interaction between the context of the problem and what the modeler 

considers to be important. In the context of SVATS modeling, the modeler must determine 

the important characteristics of the modeled behavior to be reproduced by the calibrated 

model and what constitutes an effective measure of that behavior. For example, during 

manual calibration, the modeler may examine the values of several, if not all, of the fluxes 

computed by the model. It might well be the case that two different fluxes provide redundant 

information. Another consideration could be the temporal scale at which the objective 

function is computed; for instance, yearly values of latent heat or the absolute temperature 

minimum over a year or the average monthly streamflow. This is important because a model 

could perform well on an annual or monthly basis but still be unable to match the high-

frequency fluctuations (daily and/or hourly) of the observed variables. The final outcome of 

manual calibration is a result of attempting to strike a balance in optimizing (minimizing or 

maximizing, as appropriate) all of these measures. The hypothesis is that it is possible to find 
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values for the model parameters that can achieve acceptable values of the measures under 

consideration. 

Second and equally important is the fact that a hypothesis typically involves several 

underlying assumptions that must be tested as part of the hypothesis testing procedure. In the 

context of hydrological modeling, this might involve a rigorous analysis of the residuals to 

verify that they belong to some a priori assumed distribution, are unbiased, are homogeneous, 

and have non-systematic components. For example when applying the maximum likelihood 

theory to the calibration of a SVATS model the hypothesis might be that it is possible to find 

a set of parameters such that the variance of the residuals can be minimized and belong to 

some distribution, typically having zero mean and insignificant autocorrelation. When 

optimizing on different fluxes, several different measures can be ascribed to the different 

observed fluxes. Hence, the number of objectives can be significantly higher than the number 

of observed fluxes. 

In the context of the present work, only the root mean square error will be used as the 

objective function ascribed to each of the observed series. 

2.6 MULTI-CRITERIA MODEL EVALUATION AND COMPARISON OF SVATS 

The problem of critical evaluation and comparison of competing models, while by 

no means trivial, is made easier in the case of models with multiple-output fluxes, such as 

SVATS, because the model performance can be evaluated against several points of reference. 

Multi-objective procedures are a very powerful tool in model evaluation and 

comparison. Note that if a model is to be deemed "better" in a particular case study, it must 

simultaneously provide superior matching to all the observable fluxes. If improvement in 
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matching of one flux can only be obtained at the expense of another, then the competing 

models must be deemed "equivalent" in the multi-objective sense. Therefore, having 

calibrated several models using the same data set, the function trade-off curves for each 

model can be plotted on the same graph to establish an objective comparative evaluation of 

the different models. Figure 2.1 illustrates a hypothetical case in which three models are 

being compared for their abilities to simultaneously match evapotranspiration (function Fe) 

and streamflow (function Fq). In this example, model M, is generally better able to match 

streamflow (indicated by smaller Fq), but model M, is generally better able to match 

evapotranspiration (indicated by smaller Fe). Further, there is an overlapping region where 

both M| and Mj can give similar performance. However, both M, and M, are clearly supe

rior to model M, with regard to matching Fe and Fq. 

2.6.1 Model Performance Measures 

So far, it has been established that, when using a multi-objective procedure, a set of 

solutions is obtained. However, as mentioned in section 2.5, some of the different objectives 

might contain non-complementary information. Because that will not necessarily be known 

prior to carrying out the optimization procedure several different sets of Pareto solutions may 

be obtained by using different combinations of objectives and/or different number of 

objectives. Therefore, some kind of measure is needed that will allow intercomparison of the 

model performance obtained with the different sets of Pareto solutions. The use of several 

new measures to discern among them is proposed. 



Figure 2.1 Multi-objective procedure for model performance comparison 
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Trackine (T) 

This measure is a modification of the Nash-Sutcliffe efficiency and, as the name 

indicates, aims at giving a numerical value to how well the set of solutions obtained by using 

the Pareto set of parameters is tracking the observed data. The formulation of the measure 

is the following: 

\ r = I - ^ N-==̂ == (2.3) 

5 = .v, - U,) 

where N is the total number of observed points, .v, is an observed value,x is the mean of the 

observed values, and Lx.) is a measure of central tendency of the set of solutions for the /''' 

step (e.g., median, mean, middle point, etc.). T € ] -«>, 1 ]. In general, a value less than 0.5 

will mean that the model performance is not good. A perfect matching between the central 

tendency measure used and the observed data will have a value of 1. 

Inclusion (I) 

This measure shows how well the set of solutions is able to include the set of 

observations or how well the set of solutions is bracketing the observed values. The 

numerical definition is the following; 

J _ Number of points included ^2 4) 
N 

I 6 [0,1 ] with the value of I meaning that the set of solutions brackets the entire set 

of observations, and the value of 0 meaning that the model is unable to bracket the observed 

behavior. 
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Precision (P) 

This measure describes the average difference between the maximum and minimum 

values of the set of solutions normalized by the range of the observed values. As the name 

indicates, it attempts to measure the precision of the set of solutions. 

— -X 1 w V '*niax /.mm / 
P = 1 - — (2.5) 

,r - X max mm 
In general, P e ] -0°, 1 ] although a value of 0 is representative of an average width 

bigger than the amplitude of the observations. A value of / means that the set of solutions 

has collapsed into a single line. A combination of 7 = / and P = I means perfect matching 

of the observed behavior. 

TIP Index 

There is a degree of interdependency between the measures proposed here. For 

example, an increase in P will generally lead to a decrease in I. On the other hand, a very 

high value of / can be coupled with a low value of P. High values of P and / and a low value 

of T is not a possible situation. In general, a value below 0.5 for any of the measures is 

undesirable. Figure 2.2 shows the possible extreme combinations of the measures. 

A single index can be developed that is helpful in the choice of the preferred solution. 

T I P  = { [ /  +  ( !  -  I ) T ] P Y ' -  (2.6) 

This index has a multiplicative property, which allows it to be considered as an index 

of desirability functions [Hendricks et ai, 1992], i.e., a low value of one of the functions 

leads to a low value of the index hence ascribing a bad score or desirability value for the 

particular set of solutions. 
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Figure 2.2. Possible combinations of the TIP measures 
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2.8 CONCLUSIONS AND RECOMMENDATIONS 

The problem of parameter estimation for hydrometeorological models involves the 

use of field measurements, prior information, and manual and automated calibration. With 

the increasing complexity of the physically based land-surface parameterizations, the use of 

more and better field measurements for specifying model parameters has gained in 

importance and attention. The more complex models have parameters that are apparently 

measurable, such as hydraulic conductivity. However, because the measurement values are 

dependent on the specific technique used, and because of the spatial lumping required by 

such models, the hydraulic conductivity measured at a point, or even the average of many 

point measurements, may not be the appropriate value for use in the models. On the other 

hand, for optimal performance, different parameterizations (e.g., different SVATS models) 

may need to use different values for the same physical parameter. Therefore, even a 

parameter with a " physical name" may devolve to an artificial parameter, and hence the need 

for calibration. 

The problem of model identification and calibration is inherently multi-objective, 

particularly in the case of SVATS models which have several outputs to be matched 

simultaneously. It is clear, therefore, that it is not possible to identify or obtain a unique 

solution to the calibration problem. Rather, the best that one can obtain using objective 

procedures is a model set, specifiable as a region of the parameter space. In the context of 

multiple measures of model performance, this model set defines the Pareto solution set 

(which is also a minimal estimate of the parameter uncertainty) in which it is not possible to 

objectively select a specific parameter set (model) as being superior to any other parameter 
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set (model). This Pareto solution translates into a trade-off range in the model predictions. 

The size and properties of this model set and the sizes and properties of the trade-off range 

in the model predictions will help in the evaluation of the adequacy or inadequacy of the 

model. The additional sources of information that are incorporated into the model 

identification by using multi-objective techniques allow for a better way of identifying 

difficulties associated with the model structure. 

In this chapter, it has been shown that the multi-objective approach provides a 

sensible way to the problem of model evaluation and/or intercomparison between different 

modeling systems. Several measures for evaluating the performance of a set of solutions as 

a whole have been introduced. These measures can be used independently or combined into 

a single index for the choice of a preferred single solution. 

The use of the multiple complex approach, similar to that of the Shuffled Complex 

Evolution (SCE-UA) algorithm, is suggested as a way for speeding the convergence, toward 

a Pareto front, of the current MOCOM-UA algorithm. The MOCOM set of solutions tends 

to cluster near the compromise solution. This is a drawback of the optimization algorithm 

and not of the multi-objective procedure. 

Several issues that arose in the process of developing the current research are 

important and were not pursued in detail. These include (1) the proper manner for selecting 

the set of measures of model performance; (2) the sensitivity of the results to the number of 

measures and the amount of data; and (3) the extension of the multi-objective theory to 

account for stochastic uncertainties in the observation data, thereby providing more than a 

minimal estimate of model uncertainty. These issues remain as topics for future research. 
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C H A P T E R  T H R E E  

LAND SURFACE MODELING 

[n this chapter, a general description of what is known as land-surface modeling is 

presented. In particular, a widely referenced model named BATS is described and applied 

to a semi-arid Tucson site and to a site located in the GCIP area of study (ARM-CART site 

E13). The performance of the BATS model is contrasted with a series of very frequent obser

vations lasting several months. It is shown that the performance of the model is not adequate 

because it fails to track simultaneously, the heat fluxes and the state variables, from which 

these fluxes are computed. 

3.1 INTRODUCTION 

Climate modeling attempts to simulate the present climate and to predict future 

changes to climate. Numerical modeling is recognized as the only method with the potential 

to predict climate reliably [Watterston, 1993]. A climate system consists of the atmosphere, 

ocean, land surface, cryosphere and biosphere. All these components and their interactions 

need to be considered, and even today some of them are not explicitly considered in the 

models used. Climate modeling can be loosely separated into two aspects: "dynamics", 

which is focused on atmospheric motion, and "physics" which includes radiation, surface 

processes, and the hydrological cycle. 

Land-surface processes determine the environment for vegetation growth, natural and 

cultivated, the water resources, and therefore sources and sinks of various atmospheric 

chemicals that affect climate. In the climate system, land acts as the lower boundary for 
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approximately 30% of the atmosphere and, from a practical viewpoint, land is the most 

important component of the climate system. The human race needs to understand how 

climate will affect the availability of water resources, agriculture, and forestry in order to 

plan for sustainable development. 

Land behavior is very different from that of the oceans. When wet, the land can 

exchange water with the atmosphere more rapidly than the oceans because of greater surface 

roughness; but when dry, it provides no water to the atmosphere. The relatively low heat 

capacity of the land surface causes the thermal conditions to be more responsive to the net 

radiation, and temperatures can vary by 10 "C or more over the diurnal cycle. The fraction 

of solar radiation reflected (albedo) varies with the surface cover, and the albedo is different 

for different wavelengths (low for visible and relatively high for the near infrared). Extreme 

heterogeneity is another important characteristic of the land surface. 

Precipitation is the primary source of water to the land surface. Soils store some 

water, but eventually, precipitation must be balanced by evapotranspiration and runoff. In the 

short-term, catchment storage is the difference between precipitation and evapotranspiration 

plus runoff. Processes affecting runoff influence evapotranspiration and vice versa. 

During winter, at temperate and high latitudes, additional processes become 

important. Snow accumulates and acts as a heat insulator, constraining the exchange between 

atmosphere and soil. It also increases the surface albedo, and thus the reflection of solar 

radiation delays spring warming and the associated processes of evapotranspiration and 

runoff. This last effect can be considerably weakened by the vegetation. Seasonally or 

permanently frozen soil impedes the flow of water into the soil. 
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The apparent importance of land-surface disturbances to regional, if not global, 

climate has led to explicit inclusion of the role of vegetation and soils into climate models 

[Henderson-Sellers and Dickinson, 1993]. These new schemes generalize the aerodynamic 

transfer formulations to allow for the presence of multiple surfaces: canopy layer(s) and soil 

layer(s). Additional resistances are calculated on the basis of the structure and the 

biophysiology of the canopies. These new schemes are now referred to as soil-vegetation 

atmosphere transfer schemes, or SVATS. 

3.2 BIOSPHERE ATMOSPHERE TRANSFER SCHEME (BATS) 

BATS [Dickinson, et at., 1993] is among the most frequently referenced SVATS 

models and the offline version BATS l.e, downloadable from the official BATS web site 

(www.atmo.arizona.edu/bats), is the one that will be used throughout the present work. 

BATS constitutes a parameterization of the current understanding of the 

ecohydrological processes at the scale of individual (50-1000 m) plots of vegetation. It uses 

separate components to simulate various radiative and hydrological phenomena of the land-

surface geography. The processes incorporated are those associated with the exchange of 

solar and long-wave radiation, water input as rain, snow, and dew, water loss as runoff, and 

the surface transfer of momentum and sensible and latent heat exchanges. A pictorial 

representation of the processes involved is presented in Figure 3.1. Inputs (or forcings) are 

given in blue. They are: temperature, specific humidity, precipitation (rain or snow), 

pressure, and long- and short-wave radiation. Red is used to represent the outputs from the 

model which include long-wave radiation, sensible heat, runoff, and moisture fluxes. Yellow 

is used for the state variables, temperature, and water content. Black and white are for some 

http://www.atmo.arizona.edu/bats
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geometric characteristics of the considered volume. Green is used to represent the internal 

processes involved. 

BATS includes a global land-surface classification of 18 cover types (12 vegetation 

and six non-vegetation). Each land-cover classification is characterized via 16 different 

parameters. BATS considers 12 global soil types, each defined by eight parameters 

representing the hydraulic and thermal properties of the soil, and eight soil color types, each 

having four basic albedos. A detailed enumeration of the parameters is presented later on in 

Table 3.1. 

BATS assumes that each computational element (grid cell) is small enough to receive 

spatially uniform atmospheric forcing (inputs). It recognizes the importance of the hydrologic 

processes at the subgrid scale by representing six hydrometeorological components and their 

interactions within each grid cell: three layers of soil, a canopy air phase, a canopy leaf-stem 

phase, and a snow-covered portion. 

The soil zone consists of three embedded soil layers with a common top surface and 

different thicknesses. The upper layer, the root zone layer, and the deep layer are all 

composed of the same uniform soil type but have different state variables. The land surface 

is divided into a canopy-covered portion (c^) and a bare soil portion ( / - <3^). This parameter 

varies seasonally as a function of the root zone soil temperature. The vegetated portion 

associated with each cover type consists of two components: a leaf-stem phase and an 

enveloping canopy air phase. The leaf-stem phase is subdivided into a dry fraction, covered 

by stomata, that will transpire, and a fraction caused by dew or intercepted water that will 

evaporate. The separate canopy air phase represents the "local" meteorological environment 
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with its own temperature, humidity, and wind speed, ail different from those of the outside 

atmosphere. The sensible and latent heat fluxes from the leaf-stem phase or from the soil 

under the canopy can only be released through the canopy air phase. During a snow season, 

the areal fractions of bare soil and canopy portions covered by snow are treated as a 

combined snow component. 

Summarizing, BATS represents each grid cell with six components, each having two 

state variables - temperature and water content. Two of these variables are not independent 

according to the following assumptions: (1) the temperature of the soil layer is constant, and 

(2) when present, snow cover has the same temperature as the upper soil layer. Based on this 

formulation, BATS consists of 10 water-energy conservation equations to solve for the 10 

independent state variables for each cell. 

3.3 MODELING USING BATS 

SVATS models are originally designed to be used within the framework of a GCM 

model, which provides the necessary atmospheric forcing inputs. However, it is possible to 

use these models in an offline fashion by supplying the necessary inputs from measurements 

obtained in hydrometeorological stations. 

As stated in Chapter I, the general goal of the present work is to develop procedures 

that will allow a meaningful calibration of SVATS models taking into account the high-

frequency flux variations which are observed at short time scales. For this purpose it is 

necessary to look for locations that have observations that include all the required 

atmospheric forcings and several, if not all, energy and water fluxes as well as several state 

variables. Two of such locations are the ARM-CART area, covering the border of the states 
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of Oklahoma and Kansas, and a site near Tucson. They were chosen for reasons that will be 

explained in the following sections. 

3.3.1 Tucson Data Set 

A set of data collected at a Tucson site was available [Unland et ai, 1996J and was 

chosen for use in this research because the Department of Hydrology and Water Resources 

is involved in several research efforts concerning the semi-arid environments making the data 

readily available. This particular set of data (see Figure 3.2) covers the period May 1993-

April 1994. The time interval between observations is 20 minutes. The observations include 

values for the net radiation, incoming radiation, air temperature, precipitation, specific 

humidity, and wind speed. The required value of atmospheric pressure was not recorded. For 

this reason, a constant value of 91.29 kPa based on the average air pressure measured at the 

nearby Tucson International Airport corrected for the elevation difference was used [Unland 

etai, 1996]. 

The set of data also contains observations of sensible heat (H), latent heat (AE), and 

ground temperature (TJ. These observed values can be used for comparison with modeled 

values. The flux measurements were obtained using an eddy correlation method for the 

period July 19-August 9, 1993, and a Bowen ratio method for the period August 10, 1993-

March 26, 1994. Unland et al. [1996] reported a problem with the reliability of the Bowen 

ratio system when the observed values of latent heat are small. The supplied data file has 

flagged values, indicating that for one reason or another they are of dubious quality. 

Consequently, the flagged values were not considered in this research. This leaves 5219 
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Figure 3.2. Tucson Site. BATS input data. 
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values that can be used for model output comparison. Note that the data plotted in Figure 3.3 

include only the non-flagged values. 

It should be noted that there is an initial period of about two months that has 

atmospheric forcings but does not have values for fluxes. It was decided to keep this period 

and to use it for model "spin up", thereby diminishing the influence of the initial conditions. 

3.3.2 ARM-CART Data Set 

The Atmospheric Radiation Measurement - Cloud and Radiation Testbeds (ARM-

CART) project is located on an area that covers parts of the states of Kansas and Oklahoma. 

The project covers a wide area within the Southern Great Plains GCIP study area. The spatial 

coverage of the project will allow, in the near future, to carry studies regarding the possible 

variation of model parameters over an area. For this reason it was decided to use a data set 

from the ARM-CART central location (El3) in this research study. 

The data set was downloaded from the ARM-CART ftp site. It covers the period 

April 1, 1995-August25, 1995, with a sampling interval of 30 minutes (see Figure 3.4). The 

observed forcing values are: net radiation, surface temperature, atmospheric pressure, 

relative humidity, wind velocity, and precipitation. The specific humidity, an input required 

by the model, is computed internally in the model as a function of pressure and relative 

humidity. The net long-wave radiation is also computed internally using the following 

formula: 

IRl = Tf + (1 -ay)r;) - emsK^J^ (3.1) 
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Figure 3.3 Tucson Site. Measured Ruxes. 
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where is the Stefan-Boltzman constant, 7} is the computed foliage temperature, is the 

computed bare ground temperature, T, is the observed air temperature, and ems is the 

atmospheric emissivity computed according to the following empirical formulation: 

ems = 0.61 + 0.05 
7.6o a 

• a[m"s 

10^ 0.622 

where is the atmospheric pressure, and is the specific humidity. The values used in the 

computation are those of the previous time step. 

The downloaded data contained many gaps and some obvious errors. Because an 

uninterrupted time series of inputs is required by the model to run, interpolations were 

carried out, taking into account the daily cycle and the occurrence of precipitation. Often the 

data gaps lasted two to three hours and for these cases a simple linear interpolation was used 

to fill in the data. On one occasion a gap of three days occurred and in this case data from 

a nearby site (El5) were used to fill the series. 

The observed data series that can be compared with the simulated values include 

sensible and latent heat, ground temperature, and soil moisture (see Figure 3.5). Because of 

the reported poor reliability of Bowen ratio systems when the value of the ratio is close to 

one, the measurements were discarded when (1 - p) e [-0.25, 0.25]. The resulting 

number of points available for comparison is 4237. 

3.3.3 BATS Default Parameter Runs 

As mentioned in Section 3.2, the choice of land cover, soil texture, and soil color 

automatically assigns the 24 parameters required by the model (see Table 3.1). Those 
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automatically assigned parameters are called "default parameters" in the present work. The 

default parameter values associated with the locations used in this work are listed in Table 

3.1. The model-calculated outputs obtained when default parameters are used are referred to 

here as "the default runs". 

The values for the initial water content in the soil layers were obtained by optimizing 

the compromise solution using the Shuffled Complex Evolution (SCE) algorithm [Duan et 

ciL 1992J. 

Note that the wilting point parameter (xmowil) is not a true parameter because it is 

computed as a function of the hydraulic conductivity (xmohyd) and the minimum soil suction 

(xmosuc). In addition, the ratio of the field capacity to the saturated water content (xmofc) 

is only used when the land cover is assigned to be of class 10. Although xmowil and xmofc 

are not used, they are still referred to as parameters, at least in name, because they are 

considered as such in the BATS description [Dickinson etal., 1993]. 

An analysis of the performance of the BATS model with default parameters for the 

Tucson site is presented in Figures 3.6 and 3.7. Figure 3.6a depicts the default parameter 

values plotted within a normalized range which represents the full range of possible variation 

for each parameter (taken independently) for all possible locations on Earth. The gray-

shadowed area delineates the acceptable range of variation of the parameters for the Tucson 

area defined by W. J. Shuttleworth and Z. L. Yang [personal communication, 1998]. In 

particular, notice the restriction imposed on the maximum leaf area index (xla) which is well 

below the default value of BATS for semi-arid environments. Figures 3.6b and 3.6c present 

the root mean square error of matching between the observed and simulated output fluxes. 
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Table 3.1 

wHiiftw description (umOs] 

Parameters associated with vegetation (18 cover types) 

1 vegc 0.10 0.40 0.80 Vegetation Cover 
2 seasf 0.10 0.00 0.60 Difference between vegc and fractional cover at 269 K 
3 rough 0.10 0.12 0.06 Aerodynamic roughness length [m] 
4 displa 0.00 0.90 0.00 Displacement height [m| 
5 rsmin 200.0 6.0 200.0 Minimum stomatal resistance [s/m] 
6 xia 6.00 1.00 6.00 Maximum leaf area index 
7 xiaiO 0.50 1.00 0.50 Minimum leaf area index 
8 sai 2.00 2.00 0.50 Stem area index 
9 sqrtdi 5.00 5.00 5.00 Inverse sqrt of leaf dimension [mm'^-0.5] 
10 fc 0.02 0.02 0.02 Light dependence of stomatal resistance [mVwj 
(1 depuv O.IO O.IO 0.10 Depth of top soil layer [m ] 
12 deprv 1.00 1.00 1.00 Depth of root zone layer [m| 
13 deptv 10.00 3.00 10.00 Depth of total zone layer [m] 
14 albvgs 0.17 0.17 0.08 Vegetation albedo for short wave < 0.7 microns 
15 albvgl 0.34 0.34 0.28 Vegetation albedo for long wave > 0.7 microns 
16 rootf 0.80 0.30 0.30 Ratio of roots in upper layer to roots in root layer 

Parameters associated with soil texture (12 textures) 

17 xmopor 0.57 0.57 0.45 Porosity 
18 xmosuc 200 200 200 Minimum soil suction [mm| 
19 xmohyd 0.0022 0.0022 0.0089 Maximum hydraulic conductivity [mm/sj 
20 xmowil 0.455 0.4550 0.3000 Water content at which permanent wilting point occurs 
21 xmofc 0.794 0.794 0.653 Ratio of Held capacity to saturated water content 
22 bee 8.40 5.00 5.50 Clapp and Horaberger "b" parameter 
23 skrat 0.85 0.85 1.10 Ratio of soil thermal conductivity to that of loam 

Parameter associated with soil color (8 colors) 

24 solour I 0.10| 0.10| 0.10|Soil aJbedo for different coloured soiis 

Initial conditions 

25 ssw 0.10 0.10 0.03 Surface zone water content [m|* 
26 rsw 0.43 0.43 0.45 Root zone water content [m|* 
27 tsw 2.04 2.04 0.45 Total zone water content [m]* 

* obtained using compromise optimization 
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i.e., sensible heat (54.9 w/m^), latent heat (53.7 w/m^), and ground temperature (5.69 °K). 

This single three-dimensional point is projected onto two dimensions. Figure 3.6c, and 

transformed into a single line in Figure 3.6b. The advantage of the latter representation is 

that the values of the error for every single flux can be easily visualized, independently of the 

dimensionality of the problem. Figure 3.7 plots the time series for a selected 10-day period 

of the year 1993 (julian day 235-245). The period was selected because there was 

precipitation on days 237 and 238. The inability of the default parameters to track the 

observed values is clear. While the model is underestimating the sensible heat flux, it is 

overestimating the latent heat for the same period. The temperature tracking is also incorrect. 

On the right hand side of the same Figure, the scatter plots observed vs. computed values are 

presented for all 5219 points. A great deal of scatter is present for the latent heat values, 

which is reflected in a lower correlation coefficient. The scatter for the ground temperature 

reveals some hysteretic behavior that seems to result, from an inability to match the observed 

dynamic behavior. 

Figures 3.8 and 3.9 are similar to Figures 3.6 and 3.7 but plot the results for the 

ARM-CART site E13 during a selected lO-day period of the year 1995. The ability of the 

model to track the fluxes is better than that at the Tucson site. The RMSE for the sensible 

heat is 58.69 w/m^ very similar to that of the Tucson site. The correlation coefficient is 

smaller, and the general tendency is to overestimate H. The default model performance for 

the latent heat is significantly better than at the Tucson site, although the RMSE value is 

within similar range. The latent heat scatter plot reflects a high correlation coefficient with 

a tendency to underestimate the high values and overestimate the low ones. The model again 
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Figure 3.9 Armcart Site E13. Time series using BATS default parameter set. 
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shows inability to track the ground temperature, alt ough the RMSE is about 50% of that 

of the Tucson data. The inability of the model to track the soil moisture is obvious. 

It is of interest to note that the observed values of the model state variables, i.e., soil 

temperature and soil moisture for the present case, do not necessarily correspond to the state 

variables of the model. The meaning of these state variables is model-dependent, although 

the names suggest that they in fact represent a real physical variable. This issue is very 

relevant because of the usual approach of online updating (4DDA) of the state variables. This 

approach does not guarantee that the next forecasts are going to be more reliable and may 

mask serious structural problems of the model. 

3.4 CONCLUSIONS 

The importance of studying land-surface atmosphere fluxes derives from the human 

dependence on the processes that occur over the continental surface. Because of this, the 

scientific community has developed a new class of models (parameterizations) known as soil 

vegetation atmosphere transfer schemes. These new models are designed to be included into 

the global circulation models, or climate prediction models, and have already helped to 

produce better simulations. 

The issue of "validation" or, better said, performance "evaluation" of the models, is 

the problem of ensuring that the accuracy of a model is sufficient for a particular task. As 

shown here, the usual approach of ascribing parameter values based on "look-up" tables or 

literature review may yield poor results, particularly in matching high-frequency variations 

observed in the data. It seems reasonable that incorporation of added complexity into a model 

representation is only justifiable if it helps the model to improve its predictions of the higher 
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frequency fluctuations. Very simple models can achieve high levels of accuracy when 

compared with time-averaged or cumulative values [Koster, 1997]. 

BATS, being one of the more widely used SVATS, as well as one of the more 

complex representations of land surface available, is not able to reproduce both the fluxes and 

the state variables from which these fluxes are computed. This problem has an explanation 

that consists of two parts. First, as with any model, the parameterization (i.e., model structure) 

has errors. This is unavoidable, though improvements are always possible and, in fact, the 

BATS structure is constantly under improvement. Second, part of the error arises due to 

improper values being assigned to the model parameters. In the present work, an attempt will 

be made to find procedures that will allow reduction of the latter error in an automatic fashion. 

Such automation is a very important part of the task faced. The high number of parameters 

involved (BATS has 25 parameters to be estimated) makes it impossible to carry out the 

procedure manually because the degree of interaction between parameters is high. Other 

schemes have an even higher number of parameters. By reducing the error due to parameter 

specification, it should then be possible to conduct a proper investigation into model structural 

errors in a manner not complicated by poor parameter values. As will be shown later, by using 

the procedures developed here, significantly better performances can be achieved even 

without improvements in the model structure. 

The high number of parameters to be identified introduces added difficulty, even for 

automated procedures. Therefore, it is advisable to reduce the dimensionality of the parameter 

estimation problem. One way to achieve this is to perform a sensitivity analysis prior to the 
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optimization [Homberger et ai, 1985J. A procedure that introduces multi-criteria into the 

sensitivity analysis is presented in the next chapter. 
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C H A P T E R  F O U R  

SENSITIVITY ANALYSIS 

This chapter reviews several sensitivity analysis methods and describes them as 

applied to SVATS models. It also introduces a new method, named Multi-Objective 

Generalized Sensitivity Analysis (MOGSA), that takes into account the multi-objective 

nature of the problem with an application to the Biosphere Atmosphere Transfer Scheme 

(BATS), using two different data sets. Concluding remarks contrast the methods described 

and make recommendations for further research. 

4.1 INTRODUCTION 

Sensitivity analysis is concerned primarily with the question of how model outputs 

are affected by variations in the values of the model components (e.g., model parameters, 

initial conditions, etc), and renders useful information in situations where these components 

are incompletely known or subject to changes or misspecifications (e.g., in the context of 

model calibration, design, and optimization). A central issue in sensitivity analysis is the 

ranking of the importance of the individual model components by assessing their 

contribution to the sensitivity of the model outputs. 

Sensitivity is the rate of change in one factor with respect to change in another factor. 

[McCuen and Snyder, 1986]. Although such a definition is vague in terms of the factors 

involved, nonetheless it implies a quotient of two differentials. 

The main goal of the sensitivity analysis in the present research is to establish model 

sensitive parameters, i.e, globally identifiable parameters, with the purpose of reducing the 
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dimensionality of the optimization problem [Homberger et al., 1985]. "A model M 

parameterized by 0is globally identifiable if, and only if, different parameter values ofM 

give rise to different model output vectorsIn a similar manner, "a model structure is 

identifiable at ^ if and only if there exists an open neighborhood of ^ in which it is 

identifiable" [Sorooshian and Gupta, 1985; Sorooshian, 1985J. 

The optimization problem at hand is by nature multi-objecive. SVATS models 

produce different outputs and/or state variables whose values can be compared with field 

observations. Therefore, a procedure that introduces this multi-objective nature into the 

sensitivity analysis is needed. In the present chapter a new procedure is introduced that takes 

into account the multi-objective nature of the problem and allows for identification of 

sensitive parameters using this paradigm. 

4.2 LITERATURE REVIEW 

In this section, the concepts and mathematical theory of some of the existing methods 

to perform sensitivity analysis are introduced. The methods chosen for discussion are those 

that have been previously applied in the context of hydrological, environmental, and/or land-

surface models. These are: the classical "one factor at a time" approach, the 2"** order 

analysis, the factorial design, the Fourier amplitude sensitivity test, and the regionalized 

sensitivity analysis. The main idea of all the "new" methods is to try to assess the effects of 

iteraction and/or covariance between parameters and to quantify the contribution of a 

particular parameter or subset of parameters to the global variation of the model outputs. All 

of them have been applied within a single-objective framework. 
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4.2.1 Methods Review 

4.2.1.1 Sensitivity Equation {"one factor at a time") 

The general definition of sensitivity can be expressed in mathematical form by 

considering a Taylor series expansion of the explicit function: 

Y =/(0,,0, 0„) (4.1) 

The factor Y is often a model output or the output of one component of a model. The change 

in factor Y resulting from change in factor 0/ is given by: 

ay„ 1 a-K , 
/(0. + A0., 0,. .) - i'n + — A0. + ^A0; + ... (4.2) 

' ' " 80. ' 21 gQ~ 

in which YQ is the value of Y at some specified level of each If the nonlinear terms are 

small in comparison with the linear terms. Equation (4.2) reduces to: 

/(0, » Ae„9.,,.,) = . ̂A0, (4.3) 

thus: 

Ar„ = /(9,- - d0,-,8,,,,) - r„ = ^Ae, (4.4) 

Equation (4.4) is usually referred as the linearized sensitivity equation. It measures 

the change in factor Y that results from change in factor ^ . The linearized sensitivity 

equation can be extended to the case where more than one parameter is changed 

simultaneously. The general definition of sensitivity is derived from Equations (4.1) and 

(4.4): 

/(9,- » A9,-,0, ) -/(0,,9, 9,) 
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Equation (4.5) represents the so-called one factor at a time method, where only one 

factor is perturbed while the others are kept constant. This approach has often been viewed 

as the scientific method of experimentation [Daniel, 1976] and several such experiments, 

applied to SVATS models, have been reported in the literature [Wilson et al., 1987a,b; 

Pitman, 1994; Gao et ai, 1996]. The potential weakness of perturbing a single factor is that 

it does not consider the effects of factor interaction, and has long been realized [Daniel, 

1976; Henderson-Sellers, 1992; Henderson-Sellers and Henderson-Sellers, 1994; Collins 

andAvissar, 1994], 

4.2.1.2 Second Order Approach 

Sorooshian and Arfi [1982], and Sorooshian and Gupta [1985] developed a local 

sensitivity analysis technique to establish how well a parameter set is identified after a search 

or optimization procedure has been completed, i.e., a single set of parameters O* has been 

identified as the best parameter set. Thus, a function FO) needs to be considered for 

minimization (maximization): 

F(0) = K(0)] (4.6) 

where g is a selected error function. 

A second-order Taylor series approximation of F( &) in the vicinity of &: 

F(0) = F(0') + (VF(0-))^ A0 + -!-A0^ H' A0 (4.7) 
2 

where VF( 0) and H' are respectively, the gradient (column vector) and the Hessian of F( 0) 

evaluated at &. Because 0'' is an approximation to the minimum of F, H* is assumed to be 

a positive definite matrix. A quadratic fit in the vicinity of & is used to approximate both 

VF{0) and H\ This requires at least (m+l)(m+2) points and their corresponding function 
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values for m parameters (351 points for m=25). Tiiis quadratic fit represents a hyperellipsoid 

that allows the introduction of several measures of sensitivity and interaction between 

parameters in a two at a time basis. The details can be found in the original references. 

4.2.1.3 Factorial Method 

The factorial method has been developed to estimate the effects not only of a single 

factor (main effect) but also the effect of possible interactions between factors. This method 

has been employed in industrial statistics for many years [see textbooks by Chatfield, 1978; 

Daniel, 1976; Srivastava, 1990J. Several trials are made at every possible combination of 

all factors perturbed simultaneously, usually to one, two, or sometimes three or more possible 

values, called levels. Hence, for an ^-factor, two-level experiment, 2" experimental runs are 

required. The details of the runs in terms of the levels for each factor are described in a so-

called design matrix often using '+1' to indicate the high level and 1' for the low level; 

each row corresponds to one run. For example, the design matrix for two factors is: 

^ 1 + 1  + l  
H, ' 

Design Matrix = 

a; 

1 

1 +I 

(4.8) 

where H, and H,' are 2x2 Hadamard matrices, i.e., square matrices whose elements are -1 and 

+ l such that the sum of the products of the elements in any two distinct rows of H is zero. 

For notational simplicity, the ones are usually dropped. 

The design matrix is extended to a square matrix, called the calculation matrix, (f^,), 

in which the additional columns represent the multi-factor interactions and which 

includes one column representing the mean (//^f/./^)- The calculation matrices are easily 
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obtained by performing the Kronecker product of the Hi matrix recursively, with the 

subindex of H corresponding to the number of factors considered [Srivastava, 1990], i.e., 

for two factors, we have: 

H, = = 

+ + + + 

+ — + — 

+ + - -

+ - -

(4.9) 

for three factors we have the 8x8 Hadamard matrix: 

ff, = //, (8) //, <8) //, = //, O H, (4.10) 

The set of effects £, are then the n factors contributing to the n-dimensionai response surface 

given by the equation: 

Y = YiE.) i=\ n (4.11) 

There are several algorithms for evaluating the magnitude of all the effects. Daniel 

[1976] fully described Yates' algorithm. Another method is given in Box et al. [1978] as 

follows. If the value derived from the i'" numerical experiment (run i) is V, and the matrix of 

signs is denoted by S,y = HK, then the effect Ej for the j"' factor is given by : 

t j  t  

r̂-
( = 1  

(4.12) 

where n is the total number of experimental runs undertaken and P is the number of plus 

signs in the column, n for the first column and n/2 for all others. Therefore, for a two-factor 

experiment, the value E, gives the average, £, and Ej are the magnitudes of the main factor 

ef-fects, and E^ is the effect due to the two factor interaction. If the number of factors m = 

i, the corresponding vector of factorial effects will be (0), (I), (2), (12), (3), (13), (23), (123), 
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where 0 stands for the average, the double digits for two-factor interaction and the triple 

digits for three factor interaction. For m = 4, we have 2"* (=/6) contributions, out of which 

the first 2' elements are the same as those occurring in the corresponding vector. The 

remaining 2^ elements involve, in order: (4), (14), (24), (124), (34), (134), (234), (1234). 

The use of a complete factorial experiment allows the evaluation of all the interaction 

effects. However, when a large number of independent factors are being investigated 

simultaneously, such a complete factorial experiment is very costly in terms of the number 

of runs needed. It is generally found that interactions between a large number of factors are 

less likely to be important, such that, for all intents and purposes, such high-order 

interactions can be safely ignored. This is analogous to neglecting higher-order terms in the 

Taylor expansion [Box and Wilson, 1951, as quoted by Daniel, 1976, p. 34]. Consequently, 

fractional factorial experiments are often used. 

For example, a complete factorial experiment for six factors requires, 2^ = 64 runs. 

This identifies all the effects, the mean, the main six effects (effects from variation in a single 

factor), 15 two-factor interactions, 20 three-factor interactions, 15 four-factor interactions, 

six five-factor interactions and one six-factor interaction. A quarter factorial experiment with 

16 runs might be more cost-effective. In such fractional factorial experiments there is a loss 

of information about higher-order interactions. For example, in the quarter factorial design 

considered above for six factors (termed a 2^^ experiment), a total of 16 effects can be 

identified. These are likely to be the average, the main six effects and nine out of the 15 two-

factor interactions. If specific higher-order interactions are anticipated, these could be 

substituted for the lower-order interactions. Details on how to obtain the calculation matrices 
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for such experiments are presented in Henderson-Sellers and Henderson-Sellers [1993J from 

a methodology entirely described in Box et al. [1978J. 

Factorial experimentation is a valid means of examining sensitivity only if the factors 

are uncorrelated [Henderson-Sellers, 1992]. For a model with 25 parameters or factors, 2^ 

= 33,554,432 runs are needed for the complete two-level factorial experiment, and hence a 

complete description of the interactions involved in such a model parameterization. The 

number of required runs can be reduced by using a fractional factorial experiment with the 

obvious drawback of discarding the effects of several interactions among factors. 

4.2.1.4 Fourier Amplitude Sensitivity Test (FAST) 

This method was developed by Cukier et al. [1973, 1975, 1978] and provides 

information on model sensitivity to individual parameters (^) The model parameters are 

varied simultaneously within the feasible space following their given probability density 

function (i.e, certain values are chosen more often). All the parameters are assumed to be 

independent and vary with different frequency, which determines the number of times that 

the complete feasible space is traversed. With each parameter oscillating at a different 

characteristic frequency, different sets of parameters are obtained (6}-) for each model run 

(j) with every set used only once. The mean and variance that characterize the output 

variability, due to the parameter oscillation, are calculated. Fourier analysis of each output 

for all model runs is used to separate the response of the model to the oscillation of particular 

parameters. Summation of the Fourier coefficients corresponding to a particular parameter 

frequency and its harmonics determines the contribution of that input parameter to the model 

output variances. The relative contribution of the parameters is normalized to the total 
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variance; partial variances are obtained that show the sensitivity of the model output to the 

variation of individual parameters in terms of a percentage. 

The contributions of the parameter frequencies and their harmonics do not account 

for the total variance of the model outputs. The Fourier coefficients corresponding to linear 

combinations of more than one parameter frequency account for the remaining variance and 

reflect the effect of the combined influences of two or more parameters. 

One of the main requirements of the method is the independence among parameters. 

This requirement is usually difficult to fulfill and, therefore, the partial variances, or 

measures of sensitivity, are dependent on the covariances between parameters. These 

covariances are usually not known; they are model (parameterization scheme) dependent and 

to include them in the analysis requires an a priori knowledge of the covariance structure or 

a heavy computational effort to estimate it. Because all parameters are varied independently, 

it is possible that unrealistic combinations of surface parameter values may be chosen. 

Extrapolating from Cukier etal. [1978], approximately 6000 model runs or function 

evaluations are required by the method to perform a sensitivity analysis of a model with 25 

parameters. For a better understanding of the method, a detailed mathematical formulation 

following Uliasz [1988] is presented in Appendix 1. 

4.2.1.5 Regional Sensitivity Analysis (RSA) 

Originally proposed by Homberger and Spear [Spear and Homberger, 1980; 

Homberger and Spear, 1981 ] under the name Generalized Sensitivity Analysis (GSA) to 

evaluate the relative importance of individual parameters in determining model performance, 

it has now come to be called regional sensitivity analysis. 
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The methodology starts by defining what is called the problem behavior. The 

behavior might be ascribed to an observed value of a state variable [Spear and Homberger, 

1980] or, as has been done lately, to a particular objective function value [Homberger et ai, 

1985; Beven and Binley, 1992; Chang and Delleur, 1992; Spear et al., 1994; Ohte and 

Bales, 1995; Franks etai, 1997]. Thus any model response can be classified as manifesting 

the behavior, B (good solutions), or not the behavior, B (bad solutions). Because only the 

parameter vector, 6^, differs from one simulation run to another, it is possible to conduct a 

series of runs to accumulate two sets of parameter vectors, those which gave rise to the 

behavior, {S), and those which did not {0). The degree of difference between those two 

parameter sets forms the basis for conclusions regarding the importance of particular 

elements of the parameter set. The algorithm is summarized in the flowchart presented in 

Figure 4.1. 

The basic underlying idea is whether the a priori parameter distributions separate 

under the behavioral classification. If an individual distribution does not separate, f(6) = 

f(d/B) = f(0/BJ' it is argued that the parameter ^ taken alone does not have an effect on the 

occurrence or non-occurrence of the behavior. That is, the behavior is insensitive to ^ over 

the multidimensional region of the parameter space. However, this condition is necessary but 

not sufficient for insensitivity [Spear and Homberger, 1980], 

The cumulative distributions are simpler to compute and they are used instead for 

establishing, via the Kolmogorov-Smimov two-sample test, whether the two distributions 

are actually different. This particular test is based on the statistic: 

<n,,. = 
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Figure 4.1 Flow chart of RSA method 
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where S„ and S„ are the sample distribution functions corresponding to F( ̂ /B) and F( O^/E) 

for n behaviors and m non-behaviors. The statistic represents the maximum distance between 

these two curves and can be associated with a particular significance level or probability 

value, which in turn allows for the parameter sensitivity ranking. These significance levels 

are somewhat arbitrary because the d„ „ value is a function of the sample size, although it will 

converge to a constant value as the sample size increases. 

The sensitivity results pertain only to the multidimensional region of parameter space 

defined by the limits of the a priori distributions. The alteration of even a single distribution, 

i.e., hypercube limits for a single parameter, may influence the ranking of many other 

elements [Spear and Homberger, 1980], 

According to Beck [1987], the most attractive feature of this approach is its 

simplicity and flexibility, and he suggested that any refinement of the crude binary 

classification procedure may be counterproductive, because is a step towards complication. 

As the main disadvantage, he mentioned that the interpretation of the multi-variate a 

posteriori distribution will have to be restricted to the properties of, at most, the univariate 

and bivariate marginal distributions, i.e, sensitivity to multi-parameter interaction will be 

very difficult to analyze as the number of parameters increases. The interaction between 

parameters is indirectly introduced because the runs are performed for different set of 

parameters, i.e., all the parameters are varied simultaneously. 

The RS A approach has given rise to a variety of different approaches to the problem 

of model calibration, e.g.. Generalized Likelihood Uncertainty Estimator (GLUE) technique 

[Beven and Binley, 1992], Monte Carlo set membership estimation method [Keesman, 
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1989, 1990; Van Straten and Keesman, 799/7, and prediction uncertainty method/"^T/epper 

et ai, 1991]. 

Apart from the expected convergence of the Kolmogorov-Smimov statistic towards 

an asymptotic limit, nothing is mentioned about the minimal sample size, i.e., the number 

of required runs for establishing the sensitivities in a robust manner. 

4.2.2 Review of the Application of Sensitivity Analysis to Soil Vegetation Atmosphere 

Transfer Schemes 

All of the above listed methods, except for the 2"** order approximation, have been 

applied to the sensitivity analysis of different SVATS. The "one at a time approach" has 

been used in most of the studies, for example, Wilson et al. [I987a,b], Pitman [1994], Gao 

et al. [1996]; the factorial method was applied by Henderson-Sellers [1992], Lettenmaier 

et al., [1996]; the FAST approach has been used by Collins and Avissar [1994]; and the 

RSA methodology was used by Franks etal. [1997]. 

A common feature for most of the applications is that the tests were aimed, not only 

at finding the influence of the model parameters, but also at how this influence varies under 

different climate or atmospheric forcing conditions. Usually the set of data for the 

atmospheric forcings is artificial, i.e., a series of average values with a prescribed variation 

range is assumed to be defined for different environments [e.g., Henderson-Sellers, 1992; 

Pitman, 1994; Gao et al., 1996], and a very limited set of initial values ( two or three) have 

been considered, or a spin-up of the model has been run to justify the neglect of the initial 

conditions. Gao etal., [1996], however, have found that some of the initial conditions may 

have a long time influence, and that the spin up procedure does not necessary justify 
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neglecting the influence of such conditions. The model outputs used to establish the 

sensitivity of the different parameters have also been considered in a separate fashion, one 

flux or objective at a time, as average or cumulative values over different time spans 

(monthly or yearly), for example, the total evapotranspiration, the total runoff, and the 

minimum upper-layer soil temperature achieved at any time step during a year [Henderson-

Sellers, I992J\ mean annual heat fluxes, ground temperature, and soil moisture [Pitman, 

1994J; sum over 12 months of the monthly runoff, sum over months of the absolute values 

of the differences between soil moisture and porosity for perturbed and nominal parameters 

[Lettenmaieretal, 1996]; annual average variation of model responses, /Gao, etal., 1996J. 

To the knowledge of the writer only Franks et al. [1997] use real data, collected at 30 

minute intervals, to carry out the sensitivity analysis; albeit the time span of the data set is 

limited to 10 days and only the latent heat flux is considered. 

Another issue is the fact that the independence between parameters, which is a 

requirement for all the methods except the RSA, has never been guaranteed, although several 

arguments have been put forward to justify the violation of this basic requirement. Collins 

and Avissar [1994], for instance, claimed that most of the variation of surface energy fluxes 

is described by the variation of one or two parameters, and that the combinations of more 

than one parameter have little influence; hence the inclusion of covariances between the 

parameters is unnecessary. Henderson-Sellers [1992] said that the relationship between 

parameters does not go beyond the "grossest" sense of all relating to the surface geography. 

In general, latent and sensible heat are found to be sensitive to the same parameters, 

with some differences depending on the atmospheric forcing. It is of interest to note that 
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several of the studies refer to BATS, the same model used in the present research, and that 

their results can conflict with each other. For example, Lettenmaier et al. [1996J reported 

high sensitivities to the Clapp and Homberger parameter B, while Gao et al. [1996] and 

Henderson-Sellers [1992J did not mention it as an important sensitive parameter. One 

parameter that seems to be important for different S VATS formulations is that related to the 

stomatal resistance. 

4.3 MULTI-OBJECTIVE GENERALIZED SENSITIVITY ANALYSIS (MOGSA) 

4.3.1 Introduction 

All of the above-described methods have been applied and work for a single 

objective. The multi-objective nature of the problem, which is particularly obvious in the 

case of S VATS, has been disregarded. For this reason, a new methodology that attempts to 

include the "natural" multi-objective approach into the problem of global sensitivity of the 

SVATS formulations is developed and applied to the BATS model with two different sets 

of observed data. The methodology in question is an extension of the Regional Sensitivity 

Analysis (RSA), described in Section 4.2.1.5, because of die RSA's conceptual simplicity 

and the simplicity when defining the discerning threshold value in a multi-objective way. The 

methodology has been named Multi-Objective Generalized Sensitivity Analysis (MOGSA), 

and a flowchart is presented in Figure 4.2. 

MOGSA extends the RSA methodology by introducing Pareto ranking {Goldberg, 

1989] (see next section for a definition) into the selection of the discriminatory threshold 

between behavioral and non-behavioral categories; hence, it uses additional information to 

overcome the drawbacks of the original method. To minimize the dependence on the 
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sampling procedure, bootstrapping [Efron, 1979a,b] has been incorporated into the algorithm 

and, for robustness, the median of the K-S statistic is used as the indicator for sensitivity at 

a particular significance level. The minimum required sample size is established by 

successively increasing the sample size until the number of sensitive parameters stabilizes. 

The BATS model, as well as the data sets used for the present exercise, have been 

described in Sections 3.2 and 3.3. The data set collected at a Tucson site for the period May 

1993-April 1994, at 20-minute intervals has been used for the development of the procedure 

[Unland et ai, 1996]. Table 4.1 presents the names and description of all 24 BATS 

parameters and their range of values according to the model description [Dickinson et ai, 

1993]. The three initial conditions considered in the sensitivity analysis are also presented. 

A color coding has been assigned to the different parameters. Green is for vegetation 

parameters, light green is for the vegetation parameters that are related to the seasonal 

variation of both vegetation cover and leaf area index, and yellow is for the parameters that, 

although assigned by BATS to the type of vegetation cover, are in fact related to the soil. 

Brown designates soil-related parameters, while light blue designates the parameter 

associated with the moisture content induced change of soil color, and blue is for the initial 

water content of the different soil layers. 

4.3.2 MOGSA Development. 

4.3.2.1 Threshold Choice. 

The RSA methodology and has been already applied to multi-objective problems 

within the framework of hydrochemical models [Chang and Delleur, 1991; Ohte and Bales, 

1995]. However, these researches attempted to reduce the multi-objective problem of 



Table 4.1 
Parameters considered in BATS sensitivity analysis 

descr̂ ĵ ot̂ un̂ ] 

Parameters associated with vegetation (18 vegetation types) 

[0.0-0.95] Vegetation Cover 
[0.0 - 0.60] Difference between vegc and fi^ctional cover at 269 K 
[ 0.0024 - l.O] Aerodynamic roughness length [m] 
[0.0-5.0] Displacement height [m] 
[5. - 200.] Minimum stomatal resistance [s/m| 
[0.0 - 6.0] Maximum leaf area index 
[0.0 - 5.0] Minimum leaf area index 
[0.5 -4.0] Stem area index 
[5.0 - 10.0] Inverse sqrt of leaf dimension [mm'^-0.51 
[0.02 - 0.06] Light dependence of stomatal resistance [nt^/wj 
[0.05 - 0.5] Depth of top soil layer [m] 
[0.5 - 2.0] * Depth of root zone layer [m] 
[ 5.0 - lO.O] * Depth of total zone layer [m] 
[0.04 - 0.20] * Vegetation albedo for short wave < 0.7 microns 
[0.18-0.40] Vegetation albedo fcM- long wave > 0.7 microns 
[0.30 - 0.90] Ratio of roots in upper layer to roots in root layer 

Parameters associated with soil texture (12 textures ) 

17 [0.33-0.66] Porosity 
18 [ 30. - 200.] Minimum soil suction [nun] 
19 [0.0008 - 0.01] Maximum hydraulic conductivity [mm/sj 
20 [0.088 - 0.542] Water content at which permanent wilting point occurs 
21 [0.404 - 0.866] Ratio of field capacity to saturated water content 
22 [3.5 - 10.8] Clapp and Homberger "b" parameter 
23 [0.7-1.7] Rado of soil thermal conductivity to that of loam 

Parameter associated with soil color (8 colors ) 

24 [solour I [0.05-0.12] Soil albedo for different coloured soils 

Initial conditions 

[0.1 depuv -depuv] 
[0.1 deprv -deprv] 
[0.1 deptv-deptv] 

Surface zone water content [cm] 
Root zone water content [cm) 
Total zone water content [cm] 

Interval limits assumed. Not from BATS 
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matching different chemical concentrations into a single objective one via compromise 

programming. This is achieved by using a new single objective F created through a 

weighting procedure, thus: 
M yi,(n ffd) _ ) 

F = y (4.29) 

^max J mm 
:ih where M is the number of objectives considered, w is the weight, and/is the value of the i' 

objective function. 

The problem with this approach is that it is dependent on the assumed weight values 

and on the units of each objective function even after the normalization has been carried out. 

In any case, in a true multi-objective approach, a Pareto set is needed. This can be obtained 

by generating numerous sets of weight combinations, i.e., by increasing the number of 

required computations to perform a complete analysis. 

The Pareto rank, provides a way of avoiding these conflicts. It is not scale-dependent, 

it naturally incorporates the multi-objective nature of the problem, and it provides a multi-

objective way of choosing a discerning criterion between "good" and "bad" solutions, i.e., 

behavioral and non-behavioral, respectively. The Pareto ranks are established as follows: the 

non-dominated points are identified and assigned the rank "one". These points are set aside 

(temporarily removed from the population) and the non-dominated points identified in the 

remaining population are assigned rank "two". The process is repeated until every point has 

been assigned a rank. This sorting procedure essentially assigns equivalent rankings to all 

points that lie on the same Pareto frontier. In a population of n individuals, the assigned ranks 

are 1,2, 3, ...., where ^ n. The smallest ranked points are closest to the Pareto 

optimal set, while the largest-ranked points are the furthest from it. 
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Figures 4.3 and 4.4 highlight different Pareto ranks for 20,000 Monte Carlo 

simulations performed using the BATS model in a standalone fashion with atmospheric 

forcings from the above mentioned Tucson and ARM-CART sites. The 20,000 sets are 

sampled from a hypercube defined by the feasible values of the different parameters. All the 

possible surface coverages and soil textures are considered for the definition of the 

hypercube. The plots are two-dimensional projections of the three-dimensional space for the 

Tucson site and four-dimensional space for the ARM-CART site. The Pareto rank one points 

are highlighted as crosses, and other significant ranks are highlighted with different colors. 

All 20,000 points are represented in yellow. The better results are located towards the 

origin of the graphs. It is clear that discerning between behavioral and non-behavioral 

solutions can be carried out using the Pareto rank concept. For purposes of comparison, the 

BATS default parameter results are presented in the plots as the large black dots. In Figure 

4.3 the large magenta point represents the result of the manual calibration carried out by 

Unlcind et al. [1996], The Monte Carlo simulations, although random, are constrained in 

such a way as to preserve the physical constraints. For example, the initial water content of 

a particular soil layer cannot be larger than the depth of the layer, or the minimum leaf area 

index must be smaller than the maximum. 

MOGSA uses the Pareto rank as the discerning criterion and, consequently, it is able 

to incorporate as many objectives as needed in a manner that is independent of the numerical 

values of the objective functions; and it also takes into account the truly multi-objective 

nature of the problem. 
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4.3.2.2 Sampling Procedure 

MOGS A and its ancestor RS A are based on a Monte Carlo approach, i.e., a number 

of randomly cliosen parameter sets are sampled from the feasible parameter space. The 

parameters are sampled from uniform distributions, but other distributions based on a priori 

information could be used if available. Possible covariation between parameters could also 

be included but, in general, this kind of knowledge will be lacking. The latter is not of much 

relevance if the final goal of reducing the dimensionality of the optimization problem is kept 

in sight. The interactions or covariances of several parameters can be properly included in 

the optimization procedure by adding constraints to the feasible parameter space. 

It has been suggested [McKay et al. , 1979] that the use of the latin hypercube 

sampling technique is more efficient that the pure random sampling. In fact, the latin 

hypercube sampling technique was tested within the MOGS A framework but was found to 

yield similar results to those of the pure random sampling. However, it had the additional 

drawback that the bootstrapping resampling (added to the final version of the algorithm) is 

not properly justified when the latin hypercube sampling technique is used. This is because, 

in the latin hypercube sampling technique, a parameter value within a particular interval must 

be sampled only once. It will be shown later that the bootstrapping will, in fact, play a role 

by reducing the actual number of runs required to achieve a robust result. 

4.3.2.3 Sensitivity Threshold 

The Kolmogorov-Smimov (K-S) statistic was used in deciding whether the sets of 

parameters resulting from thresholding come from the same distribution. The K-S statistic 

can be found for a particular significance level or probability, this probability value being 
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associated witii the actual probability of the two distributions coming from the same 

population. Therefore, the higher the probability value, the less likely the two distributions 

are different, and the less sensitive is the corresponding parameter of the distributions in 

question. This allows us to rank the level of sensitivity of the parameters. A significance 

level of 5% is considered the level for sensitivity. When the significance level is below 1%, 

the parameters are considered highly sensitive. The computer code that implements the 

procedure is flexible and allows the choice of the significance level as desired. 

4.3.2.4 Computer Implementation 

Figure 4.2 presents a flowchart describing the algorithmic procedure used within 

MOGSA as implemented in a computer code. When determining the sensitivity to a single 

objective, the approach implemented in the computer code is to use a quantile of the 

particuiar objective function value as the threshold value. In general, the code is flexible. 

It allows for an unlimited number of objectives, and the analysis is performed for the sample 

size of choice with a specified number of bootstraps. Subset sampling is allowed, and a set 

of ten different threshold values can be analyzed within a single computer run. The computer 

code is model independent and only requires a data file that contains the objective function 

values and the parameter set for each model run. The data file must be transformed into 

binary form to allow for the random resampling involved in the bootstrapping procedure. 

4.3.2.5 Minimum Required Sample Size 

Parameter sensitivity varies with sample size. The effect of the sample size can be 

seen in Figure 4.5. The influence of varying the sample size from 500 to 15,000 on the 

number of sensitive parameters is presented in this figure. The red bars correspond to the 
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more sensitive parameters, i.e., those with K-S probability values smaller than 0.01. The 

cyan bars correspond to the parameters with a K-S probability value between 0.01 and 0.05, 

while white bars correspond to the insensitive parameters, those with K-S probability values 

higher than 0.05. The number of sensitive parameters increases from eight to 20 if the 

significance level is 0.01 (looi). and from 12 to 22 if the significance level is 0.05 (lo.os)-

Figure 4.6 shows the variation of both indices, lo.oi and I005. with the sample size. The curves 

show a steep increase at the beginning, which flattens out as the sample size increases. 

Eventually, and mainly as a result of the random variations, all the parameters will appear 

to be sensitive. Bearing in mind the main goal of the procedure, i.e., reducing the 

dimensionality of an optimization problem, it might be argued that the start of the flattening 

coincides with the minimum sample size required to establish the sensitive parameters. 

From the point of view of the RSA methodology, the sensitivity of the parameters 

also will depend on the particular sample drawn from the feasible parameter space. This issue 

led to the introduction of the bootstrapping procedure because, according to Efron [ I979a,b], 

resampling with substitution (also known as bootstrapping) can be considered a good 

approximation to using the entire population. This approach has been proven very useful, 

especially when looking for a distribution of statistics that do not a priori have a known 

distribution, for example, the median. The suggested number of resamplings (or bootstraps) 

that must be executed to get a reliable and robust estimate of a particular statistic is between 

50 and 200 [Mooney and Duval, 1993]. The median is used instead of the mean because it 

is a very robust statistic [Rousseeuw., I99I] and because it better identifies the sensitive 

parameters with a smaller sample size. See Figures 4.7 and 4.8, where the indices Iqoi and 



25 

20 

Dependence of Mean Index on Number of points In the sample. Global sensitivity. t = 20 min 

—— 

* 4 "  
"i' il 'JT 

r 
/ 

• 

"i' il 'JT 

r 
/ 

• 
r 

/ 
1 

s » 15 
0 
s 
1 10 

5 

0 

25 

20 

9 15 
o 
X 
0) 
? 10 

500000 2000 3000 5000 10000 15000 
N of points in sample 

Dependence of Mean Index on Number of points in the sample. Global sensitivity. t = 20 mIn 
"!—I ! r T" 

riri*TTT*rri 

I I I * ' '  
1 I t I ' 

_l •> -1 - rank 5 
rank 10 
rank 15 
rank 20 

5001000 2000 3000 5000 10000 
N of points In sample 

Figure 4.6 Tucson site data. No bootstraps. Number of BATS sensitive parameters using the mean of the K-S value. 

15000 



Dependence of Mean Index on Number of points in the sample. Global sensitivity. t = 20 min 
25 

20 

15 

10 

5 

0 
15000 50a000 2000 3000 5000 10000 

N of points in sample 

Dependence of Mean Index on Number of points in the sample. Global sensitivity. t s 20 min 
25 

20 

15 

10 
rank 5 
rank 10 
rank 15 
rank 20 

5 

0 
5001000 2000 3000 5000 10000 15000 

N of points in sample 

Figure 4.7 Tucson site data. 200 bootstraps. Number of BATS sensitive parameters using the mean of the K-S value. 



25 

20 

S 15 
o 
X 
0 
•g 10 

Dependence of Median Index on Number of points in the sample. Global sensitivity. t = 20 min 
-|—I 1— T T 

y 

§ I 
f I 

^ I : 

: i 

J-L 

- - t 1 I 111! ', . , I *1 MM' 
^ffgrrffl li', LL', » . » • — I — . — • — ' "v: "1.' s 'J 1^1* •!» — 

_L X J-
50a000 2000 3000 5000 10000 15000 

N of points in sample 

Dependence of Median Index on Number of points in the sample. Global sensitivity. t = 20 min 

rank 5 
rank 10 
rank 15 
rank 20 

5001000 2000 3000 5000 10000 
N of points in sample 

Figure 4.8 Tucson site data. 200 bootstraps. Number of BATS sensitive parameters using the median of the K-S value. 

15000 



99 

Iq 05 plotted for the mean and the median of the K-S probability value after 200 bootstraps. 

For a significance level of 0.05, 16 parameters are identified as sensitive with a sample size 

of 750 when the median is used, in contrast with a sample size of 2,000 when the mean for 

a Pareto rank of 10 is used as the threshold. Similar behavior of the indices is observed for 

the 0.01 significance level. 

The sensitive parameters also depend on the particular sample drawn from the 

population. Figure 4.9 shows the change in the number of sensitive parameters for 20 

different samples of size 750 with 200 bootstraps. The actual change from sample to sample 

is small, and on average the number of sensitive parameters is 16. The variation is 

significantly higher when bootstrapping is not used. 

As mentioned before, Mooney and Duval [1993J recommended the use of 50 to 200 

bootstraps to obtain a reliable estimate of a statistic, in this case, the median. The results for 

50 and 200 bootstraps for 20 different samples of size 750 were compared, and only minor 

differences were found; only a small change in the K-S probability value was observed, while 

the parameters designated as sensitive remained the same. A subset of the test for five 

different samples is presented in Figure 4.10 where, again, the non-white bars represent 

sensitive parameters. 

In practice, the minimum number of required runs (or sample size) can be established 

by sequentially adding rans into the sample until the number of sensitive parameters 

stabilizes, or a curve similar to those presented in Figures 4.6,4.7, and 4.8 flattens out. For 

the data set collected at the Tucson site, the minimum sample size was around 750 with 16 

sensitive parameters for a significance level of 0.05. This minimum sample size is not only 
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model dependent but also data dependent, e.g., for a data set collected at a different location, 

ARM-CART site EI3, the minimum sample size is 3,000 with 15 sensitive parameters for 

a significance level of 0.05, as shown in Figure 4.11. 

4.4 APPLICATION OF THE MOGSA METHODOLOGY TO THE BATS MODEL 

The MOGSA methodology was applied to the BATS model using the two data sets 

collected at a Tucson site and at the ARM-CART site El3. Both data sets are described in 

Section 3.3. 

Using the procedure described in Section 4.3.2.5, the algorithm identified a minimum 

sample size of 750 for the Tucson data and a minimum sample size of 3,000 for the ARM-

CART data. For this particular application, the Pareto rank 10 was chosen as the threshold 

value for the following two reasons: (a) it achieves a higher number of sensitive parameters 

with a smaller sample size (for both the mean and the median of the K-S probability value 

for both sensitivity thresholds 0.01 and 0.05); and (b) mainly because it yields stable results 

regardless of sample sizes (see Figures 4.6,4.7, and 4.8). Figure 4.12 presents the results of 

the MOGSA sensitivity analysis for the Tucson site, and Figure 4.13 does so for the ARM-

CART site E13. The upper part of each subplot shows the "global" sensitivity of the model, 

i.e, the sensitivity obtained using the Pareto ranking as threshold. The lower part of the 

subplots shows the sensitivity of the model to the observed outputs or objectives 

individually; for consistency, the quantiles used for the threshold are those corresponding to 

the number of points that are behavioral for the Pareto rank threshold. In general, the longer 

the bar, the more sensitive the parameter. 
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In Figures 4.12 and 4.13, the upper subplot shows the results for the 16 vegetation 

parameters defined in BATS, while the lower subplot shows the results for the eight soil 

parameters and the initial conditions. It should be noted that the parameter xmowil, i.e., 

wilting point, is not really a parameter because it depends on the xmosuc and xmohyd 

parameters, as explained in Section 3.3.3. The parameter jcmo/c is not used within the model 

but was included as a parameter because it is considered as such in the model description 

[Dickinson et ai, 1993J. 

For the Tucson site, in the global sense, the most sensitive parameters are the 

vegetation cover fraction (vegc), roughness (rough), minimum stomatal resistance {rsmin), 

depth of the upper soil layer (depiiv), depth of the root layer (deprv), soil porosity (xmopor), 

soil suction (xtnosiic), hydraulic conductivity {xmohyd), Clapp and Homberger B {bee), the 

soil heat conductivity {skrat), the initial water content of the upper soil layer (jjvv'), and the 

initial water content of the total soil layer {tsw). Also sensitive (but at a slightly lesser level) 

are the displacement height {displa), leaf area index {xla), wilting point {xmowit), and albedo 

change for a wet soil {soloiir), for a total of 16 for the index. In general, the same 

parameters are sensitive to the three individual objectives but with certain differences. The 

roughness length is sensitive to both the sensible and latent heat, but not sensitive to the 

ground temperature, while the depths of the upper and root soil layers are very sensitive to 

the sensible and latent heat flux, but not really sensitive to the ground temperature. Porosity 

does not appear to be sensitive to the sensible and latent heat fluxes but is very sensitive to 

the ground temperature. The soil thermal conductivity is very sensitive to the ground 

temperature, but not to the heat fluxes. These different sensitivities to the different observed 
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fluxes are consistent with the model formulation and the underlying physics of the interface. 

The slight sensitivity (below threshold) for the xmofc parameter which, as mentioned earlier, 

is not used in the simulations, can be explained as being due to random variations, while the 

fact that it does not show as being sensitive argues for the appropriateness of the procedure. 

The lack of sensitivity to the seasonal variation of the vegetation cover and the leaf area 

index is also encouraging, because one should not expect sensitivity to these parameters in 

the semi-arid environment existing in and around the Tucson area. 

Table 4.2 ranks the sensitivity of the parameters both globally and individually for 

the Tucson site. Note that six of the eight most sensitive parameters are related to the soil 

storages and texture. These results agree with Gao et al. [1996]; Wilson et al. [1987a,b]; 

Lettenmaier et al. [1996]; however, they do not agree with the findings of Henderson-Sellers 

[ 1 9 9 2 ] ,  r e g a r d i n g  t h e  m o d e l  s e n s i t i v i t y  t o  t h e  l i g h t  d e p e n d e n c e  o f  s t o m a t a l  r e s i s t a n c e  ( f c )  

and the albedos {albvgs, albvgl), albeit this was for a different environment, namely the 

Amazon forest. 

For the ARM-CART site, the number of globally sensitive parameters is the same as 

for the Tucson site, i.e., 16, but they are different parameters. It should be mentioned that, 

for this particular data set, the observed fluxes and state variables are latent heat, sensible 

heat, ground temperature, and upper layer soil moisture. The results for the minimum 

required sample size of 3,000 runs are presented in Figure 4.13. The most sensitive 

parameters are fractional vegetation cover (yegc), seasonal variation of the vegetation cover 

(seasf), minimum stomatal resistance {rsmin), leaf area index {xla), seasonal variation of the 

leaf area index (xlaiO), depths of the upper {depuv) and root (deprv) zones, distribution of 



Table 4.2 
BATS Sensitivity Analysis. Parameter Sensitivity Ranking. Tucson Site. 

Rank Global Sensible Heat Latent Heat Gmd. Temp. Rank 
K-Sprob 1 Param. K-Sprob 1 Param. K-Sprob 1 Param. K-Sprob 1 Param. 
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roots between upper and root zone (rootf), Clapp and Homberger parameter B {bee), and 

initial water content of the upper layer {ssw). Slightly less sensitive are the soil parameters 

porosity {xmopor), suction (xmosuc), hydraulic conductivity (xmohyd), wilting point 

(xmowil) which, as previously stated, has a functional relationship with the previous two 

parameters, the heat conductivity (skrat), and the initial water content of the root layer irsw). 

In contrast with the Tucson site, sensitivity to the seasonal variation of the vegetation 

cover seasf and xlaiO is revealed, and this is easily understandable, considering that the 

period covered by the data is from April to August, and that the vegetation surrounding the 

area is irrigated crop. The roughness length {rough), although very sensitive to the heat 

fluxes and the soil temperature, is not sensitive to the soil moisture, and globally it is 

considered non- sensitive. As before, stomatal resistance {rsmin) is sensitive to the fluxes, 

but not as much to the state variables (ground temperature and soil moisture). There remains 

no sensitivity to albedo and to the total soil depth. Table 4.3 ranks the sensitivity of the 

parameters for the ARM-CART site. Note that five of the eight most sensitive parameters 

are related to vegetation properties, as opposed to the soil related parameters for the Tucson 

site. 

Table 4.4 combines Tables 4.2 and 4.3 to allow for a better contrast between the 

results. Note that the vegetation related roughness length {rough) is the most sensitive 

parameter for the Tucson site but is the least sensitive for the ARM-CART site. 

Table 4.5 shows in red the parameters considered highly sensitive, in yellow the 

moderately sensitive, and in white the non-sensitive. The discerning criterion applied is the 

Kolmogorov-Smimov probability. A value bigger than 0.05 means the parameter is 
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BATS Sensitivity Analysis. Parameter Sensitivity Ranking. ARM-CART Site E13 

Rank Global Sensible Heat Latent Heat Gmd. Temp. Soil Moisture Rank 
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Table 4.5 
BATS Sensitivity Analysis. High, medium and low sensitivity parameters 

Tucson Site ARM-CART Site 
Param. Global (Sen. Heat |Lat. Heat iGmd.Tem. Global (Sen. Heat iLat. Heat (Gmd.Tem. (Soil Mois. 

vegc 
seasf 
rough 
displa 
rsmin 
xia 
xlaiO 

sai 
sqrtdi 
fc 
depuv 
deprv 
deptv 
aibvgs 
albvgl 
rootf 
xmopor 
xmosuc 
xmohyd 
bee 
skrat 
solour 
ssw 
rsw 
tsw 

0.1931 0.282 0.185 

o!oi^ 
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O M f  
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03^ 
0.0951 

0.069 
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0.130 

0.054 0.032 0.035 
0.183 0.015 0.063 
0.162 0.274 0.273 
0.078 0.204 
•• 0.080 

0.112 0.159 0.190 0.207 
0.154 0.247 0.217 0.265 
0.109 0.133 0.228 0.310 

0.210 

0.125 
0.109 0.043 
0.147 0.099 
0.047 0.137 
0.365 0.103 

0.047 0.114 
0.143 0.168 
0.052 0.060 

0.248 
0.319 
0.302 
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insensitive. A value between 0.01 and 0.05 is considered as medium sensitivity. A highly 

sensitive parameter has a value of the K-S probability less than 0.01. In general, because 

the table is another way of representing the information contained in Figures 4.12 and 4.13, 

the same comments apply. 

Table 4.6 presents in green the parameters that are highly and moderately sensitive 

in both areas. They include, in the global sense, all the soil texture related parameters, the 

upper soil depths, the stomatal resistance (rsmin), the maximum leaf area index (xlai), the 

vegetation cover (vegc), and the initial water content of the top soil layer (j^vv). The total 

number of sensitive parameters in both sites is 12. The non-sensitive parameters in both sites 

are presented in cyan. They include the vegetation albedos (albvgl, albvgs), the stem area 

index isai), the dimension of the leaf {sqrtdi), the light dependence of the stomatal resistance 

ifc), and the depth of the total soil layer (deptv). The red, yellow, and white colors 

correspond to those in Table 4.5 and are the parameters that are "site sensitive". 

4.5 SUMMARY AND CONCLUSIONS 

In the present chapter, several methods used for the sensitivity analysis of SVATS 

models are succinctly presented. All of the methods rely on the assumption of independence 

between parameters, but none of them guarantees this very important hypothesis. Different 

arguments are put forward to justify this violation. Mainly, it is said that there is lack of 

knowledge about the covariations, or that the covariations are so limited that the 

independence hypothesis is justified. Of all the methods, the best suited to establish the 

individual contribution of the different parameters is the Fourier Amplitude Sensitivity Test 

(FAST). The factorial method may be the best suited to study the joint effect of different 



Table 4.6 
BATS Sensitivity Analysis. Site Sensitivity. 

Param. 
Global Sensible Heat Latent Heat Ground Temperature 

Param. Tucson 1 ArmCart Tucson 1 ArmCart Tucson 1 ArmCart Tucson 1 ArmCart 

vegc 
seasf 
rough 
displa 
rsmin 
xia 
xlaiO 

sqrtdi 
fc 
depuv 
deprv 
deptv 
albvgs 
albvgl 
rootf 
xmopor 
xmosuc 
xmohyd 
bee 
skrat 
solour 
ssw 
rsw 
tsw 
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parameters. However, it requires an a priori experimental design that implies also an a priori 

knowledge of the possible important interactions. Both methods work on a single-objective 

basis. The Monte Carlo based Regional Sensitivity Analysis (RSA) has the advantage of the 

conceptual simplicity and easy implementation. At the same time, it also allows for the 

ranking of sensitive parameters. The multi-objective extension of RSA, Multi-Objective 

Generalized Sensitivity Analysis, developed in the present research, while keeping the 

advantages of simplicity, easy implementation, and ranking of sensitivity has, as its main 

advantage, the fact that it is the only method that takes into account the truly muiti-objective 

nature of the problem and has established a procedure for determining the minimum sample 

size required. The main disadvantage of the MOGSA methodology lies in the subjective 

choice of the threshold value for discerning between behavioral and non-behavioral sets. This 

disadvantage is to some extent overcome in the computer implementation by allowing the 

analysis of several thresholds in a single computer run. 

The results of the application of the MOGSA methodology to the BATS model with 

forcing data from a Tucson site and from the ARM-CART site El3 show results that are 

consistent with other studies; the results also show the ability of the method to discard as 

non-sensitive, parameters that are actually non-sensitive in the computer model 

implementation. The seasonal effect of the vegetation cycle is apparent at the ARM-CART 

site, while the parameters that control this cycle are not sensitive in the semi-arid 

environment of Tucson. The sensitivity of the parameters is linked to the forcing atmospheric 

inputs into the SVATS model, i.e., different environments have different sensitive 

parameters. 
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Apart from the study of Franks etal. [1997], to our knowledge, this is the only study 

that has performed the sensitivity analysis with a real time series of forcing data with short 

time intervals. The amount of data used in the present study is more than an order of 

magnitude larger than that used in the Franks et al. [1997] study and, unlike that study, 

several fluxes are considered simultaneously, not just the latent heat. 

The goal of developing a sensitivity analysis technique was to try to reduce the 

dimensionality of the multi-objective optimization problem. It is believed, and confidently 

so, that the goal has been achieved in an efficient and simple way. A numerical value that 

allows the ranking of the sensitive parameters within a multi-objective framework has been 

established. At the same time, because simultaneous variation of the entire parameter set is 

allowed, the interactions between parameters are implicitly taken into account. The 

development of the method constitutes one of the main contributions of the present work. 

This study has not addressed the heterogenous areal distribution of the heat fluxes as 

well as the changes in sensitivity with the temporal scale. This problem is of increasing 

interest and may be a logical next step. 
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C H A P T E R  F I V E  

CASE STUDY: BIOSPHERE ATMOSPHERE TRANSFER SCHEME 

MULTI-OBJECTIVE CALIBRATION 

In the present chapter, multi-objective procedures are applied to the calibration of the 

Biosphere Atmosphere Transfer Scheme (BATS) using data sets from two different 

locations. The complementarity of information contained in different time series, from the 

same location, is explored. The performance of the MOCOM-UA optimization algorithm 

is evaluated. Concluding remarks about the use of multi-objective procedures as applied to 

the SVATS calibration and the optimization algorithm performance also are presented. The 

chapter ends with recommendations for further research. 

5.1 INTRODUCTION AND SCOPE 

As stated in the previous chapters; hydrometeorological models must be calibrated 

to be useful for the solution of practical problems. Here, calibration means the process of 

identification of a set of parameters that enable the model to match the behavior of the 

systems it represents, with reduced uncertainty. In some cases, the model parameters can be 

determined through direct measurements of the real systems. However, most of the time, the 

model parameters are merely conceptual representations of "physical" quantities, and the 

values must be determined through optimization. 

Calibration procedures have not been traditionally applied to SVATS models. There 

are only two publications which this author is aware of where the concept of automatic 

calibration was used [Sellers et aL, 1989; Franks and Beven, 1997]. The main limitation 
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of these studies, besides the length of the data series used (less than a month), is that only one 

criterion is used for matching the system behavior. In addition, one of the most distinctive 

features of the current research is the fact that the parameters are (more realistically) 

estimated from several months of data. Because of the multiple-output nature of the SVATS 

models, the multi-criteria approach is the sensible way to approach the problem of their 

calibration. Not only can the multi-criteria procedure attempt to match simultaneously the 

different observed series, but several different objective functions or measures could be 

applied to the different observed series. One question immediately apparent is the one related 

to the complementarity of information. In other words, can time series corresponding to 

different observed values provide additional information that will reduce the uncertainty of 

the estimated parameter values? This very important issue leads to the following questions: 

How many series should actually be considered for the optimization procedure? How many 

of them provide the same kind of information? What happens when a series is left out of the 

optimization procedure? How does this affect the uncertainty in the estimated parameters? 

Another area of interest is the one about how much performance improvement can 

be achieved by means of calibration. How much of the error the model has in matching the 

observed series can be ascribed to a wrongful parameter specification? How much of the 

error is due to an improper structure and/or physics of the model? How much of the error is 

due to uncertainty in the observations? 

The final area of interest is related to the performance of the optimization algorithm 

(MOCOM-UA). Is it capable of identifying the entire optimal region, i.e., how effective is 

it? How efficient is it? Are there any ways to improve the effectiveness and efficiency of 



119 

the algorithm? 

The present exercise attempts to deal with all these questions, as they apply to the 

SVATS models. In fact, most of the questions listed here have arisen as a result of the 

current investigation. 

5.2 DATA 

As described in Chapter 3, two sets of data, one from a Tucson site [Unland et al., 

1996] and another from the ARM-CART site E13 are used in the present work. The Tucson 

site data cover the period May 1993-April 1994. The time interval between observations is 

20 minutes. In addition to the required atmospheric forcing inputs, the data set contains 

observations of sensible heat (H), latent heat (AE), and ground temperature (TJ. These 

observations are used for comparison with the modeled ones. The ARM-CART data cover 

the period April 1995-August 1995, with a time interval between observations of 30 minutes. 

The observed series that are used for contrasting with the simulated values include sensible 

and latent heat, ground temperature, and soil moisture (SJ. A detailed description of both 

data sets is provided in Sections 3.3.1 and 3.3.2. 

5.3 PARAMETER IDENTIFICATION 

5.3.1 Default Parameter Sets 

The problem of model calibration is the problem of determining an optimal parameter 

set that makes the model match the system behavior with the smallest error. Traditionally, 

within the SVATS community, the parameter set has been established by using look-up 

tables that are based on the type of vegetation cover and on the soil texture. Within the 

context of the present work, the parameter set determined in such a way is called a default 
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parameter set. A default parameter set is prescribed for each location, and both are described 

in detail in Section 3.3.3. The results obtained by using the default parameter sets are called 

default runs and are used as comparison benchmarks. Again, see Section 3.3.3 for details. 

The purpose of this entire exercise is to identify parameter sets whose error functions are less 

than the ones obtained by using the default parameters. It also will be of interest to try to 

identify how much of the total error can be ascribed to erroneous parameter specification. 

5.3.2 Reasonable Parameter Bounds 

The different SVATS claim that the parameterization has physical meaning and 

consequently there is a degree of interdependence within parameter subsets. If the 

parameters are varied independently, it is possible that unrealistic combinations of surface 

parameter values may be chosen while carrying out an optimization procedure. At this point, 

it is worth quoting Collins and Avissar [1994J, "It is difficult to create a set of parameter 

values that does not describe any existing land surface". However, for a particular location, 

it is possible to define a range of "reasonable" values for every parameter. These reasonable 

ranges do not necessarily agree with the default parameter values (see Section 3.3.3). Table 

5.1 presents the range of reasonable values for the Tucson and ARM-CART locations 

provided by W. J. Shuttleworth and Z. L. Yang [personal communication, 1998]. 

The reasonable bounds for the parameter values could be introduced as constraints 

into the optimization procedure. The purpose of that would be to ensure that the parameter 

values obtained this way are within the reasonable bounds. However, these bounds were not 

imposed in the present work for several reasons. The most important one was to check 

whether the procedure itself can yield "reasonable" values. Obviously, by enforcing the 
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TaUe5.1 
ReasooaMe iiounds for BATS parameter values 

Parameters associated with vegetation ( 18 cover types) 

1 vegc 0.10-0.70 0.40-0.95 Vegetation Cover 
2 seasf 0.00 - 0.60 0.00-0.80 Diflerence between vegc and ftactionai cover at 269 K 
3 rough 0.01 -0.84 0.01 -0J5 Aenxlynamic rouglmess length [m] 
4 displa 0.05- 1.50 0.05-1.50 Displacement height [m| 
5 rsmin 50.0 - 200.0 50.0 - 200.0 Minimum stomatal resistance [s/m] 
6 xia 0.05 - 3.00 0.05 - 6.00 Maximum leaf area index 
7 xlaiO 0.05 - 3.00 0.05 - 4.00 Minimum leaf area index 
8 sai 1.00-4.00 1.00-3.00 Stem area index 
9 sqrtdi 5.00- 10.00 5.00- 10.00 Inverse sqrt of leaf dimension [mm'̂ -OJ] 
10 fc 0.02 - 0.06 0.02 - 0.06 Light dependence of stomatal resistance [m'/w] 
11 depuv 0.01 -0.20 0.01-0.20 Depth of top soil layer [m] 
12 deprv 0 JO - 2.00 0.50 - 2.00 Depth of root zone layer [m] 
13 deptv 5.00 - 10.00 5.00 - lO.OO Depth of total zone layer [m] 
14 albvgs 0.10-0-20 0.10-0.20 Vegetation albedo for short wave < 0.7 microns 
15 albvgl 0.20 - 0.40 0.20 - 0.40 Vegetation albedo for long wave > 0.7 microns 
16 rootf 0.10-0.90 0.10-0.90 Ratio of roots in upper layer to roots in root layer 

Parameters associated with soil texture (12 textures ) 

17 xmopor 0.33 - 0.66 0J3-0.66 Porosity 
18 xmosuc 30.0 - 200.0 30.0 - 200.0 Minimum soil suction [mm| 
19 xmohyd 0.0008 - 0.01 0.0008 - 0.01 Maximum hydraulic conductivity [mm/s] 
20 xmowil Water content at which permanent wilting point occurs 
21 xmofc Ratio of field capacity to saturated water content 
22 bee 33 - 10.8 3.5 - 10.8 Clapp and Homberger "b" parameter 
23 skrat 0

 
1 0.7-1.7 Ratio of soil thermal conductivity to that of loam 

Parameter associated with soil color ( 8 colors ) 

I 24 Isolour I 0.05-0.12 0.05 - 0.12|Sotl albedo for different coloured soils 

Initial conditions 

25 ssw 0.0 - 0.2 0.0 - 0.2 Surface zone water content [m]* 
26 rsw o

 
b
 

b
 q

 

o
 

6
 Root zone water content [m|* 

27 tsw 0.0 - lO.O 0.0 - 10.0 Total zone water content [m]* 
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reasonable ranges, any optimization procedure is able to yield results within the supplied 

bounds. A set of values similar to the one used to define the hypercube in the sensitivity 

analysis (see Table 4.1) and the physical constraints (constraints required to guarantee that 

the initial water content values are less than the depth of the corresponding soil layers and 

that the season variability of both the vegetation cover and the leaf area index is smaller than 

the maximum value) are the only ones used throughout the present smdy. 

In the present chapter, the Figures which contain a subplot depicting the normalized 

parameter range show in a gray delimited area the reasonable bounds for the particular site. 

5.3.3 Manual Calibration 

Unland et al. [1996] not only collected the Tucson site data used here, they also 

carried out a manual calibration. In their work, they fixed 16 parameters based on some site 

measurements, and used a 20-year spin-up of the model to "discard" the effect of the 

assumed initial conditions. They optimized the following five parameters: roughness length 

(rough), zero plane displacement (displa), minimum stomatal resistance {rsmin), Clapp and 

Homberger parameter {bee}, and ratio of saturated thermal conductivity to that of the loam 

(skrat). For their optimization, they used the data aggregated at a 1-hour time step. 

The fourth column of Table 3.1 shows the values at which the manual calibration 

procedure arrived. In Figure 5.1a the cyan color represents the results obtained with the 

manual calibration procedure, and the magenta line represents the BATS default parameter 

set for the Tucson area. In both cases, the initial conditions were established by using a 

compromise optimization on all three RMSE objectives equally weighted, i.e., the 20-year 

spin-up was not used. The initial conditions were obtained in similar fashion. The same 
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Figure 5.1 Tucson site. BATS default, manual calibration, and single objective optimization 
runs, a) Parameter sets; b) and c) corresponding objective function values. Default - magen

ta; manual calibration - cyan; H - blue; XE - green; Tg - red. 
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colors (cyan and magenta) are used in Figures 5.1b (lines) and 5. Ic (squares) to present the 

values of the RMSE function obtained by using the corresponding parameter sets. Notice 

that the value obtained by the manual calibration for the minimum stomatal resistance 

(rsmin) falls outside the reasonable range, and that the manual calibration outperforms the 

BATS default parameter set only in the matching of the ground temperature. As pointed out 

before, in their work Unland et al. [1996] did not optimize the initial conditions. It is 

apparent, however, that by optimizing the initial conditions the BATS default parameter set 

gives better performance than the manually calibrated parameter set. 

Figure 5.2 presents, on the left side, a time series plot of the three observed quantities 

H, AE, and for a chosen 10-day period using the manually calibrated parameters (compare 

with Figure 3.7 for the default parameters). The red dots represent the observed values and 

the black line represents the computed ones. The right side of the Figure contains scatter 

plots of computed versus observed values for the same quantities for the entire observation 

period. Notice the tendency of the manual calibration parameter set to produce sensible heat 

values that underestimate the H values and overestimate the AE, i.e., the energy partitioning 

is not correct. With this parameter set, the model is not able to track the either. In general, 

the tracking measure, introduced in Section 2.7, is below 0.6 for the three observation sets, 

meaning that the simulations are not good. 

5.3.4 Single Objective Optimization 

In hydrology, procedures that optimize a single error function have been studied 

thoroughly during the past 20 years. A literature review on the theme was presented in 

section 2.2. 
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Figure 5.2 Tucson site. Modeled outputs and scatter plots using the manual calibration 
parameter set. 
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5.3.4.1 Tucson Site Automatic Single Objective Optimizations 

The Shuffled Complex Evolution (SCE) algorithm was used to carry out single 

objective optimizations of the RMSE error function, i.e., optimizations on sensible heat, 

latent heat, and ground temperature RMSE separately. The parameter sets obtained as a 

result are presented in Figure 5. la where the blue line corresponds to the {H}, the green line 

to the fAE}, and the red line to the {T^} optimizations respectively (the brace notation will 

be used from now on to identify the optimization procedures). Notice the significant 

difference in the values for vegetation albedos [albvgs, and albvgl) between the (TJ set and 

the {H} and {AE} sets, the same occurs for the soil suction parameter (xmosuc). The 

vegetation coverage (vegc), the roughness length (rough), the zero plane displacement 

{displa), and the minimum stomatal resistance {rsmin) have very similar values. Notice in 

particular that all three values for the minimum stomatal resistance (rsmin) have values close 

to the default and totally oppose the value from the manual calibration. 

Using the same colors { { H }  - blue, (AE} - green, and {T^ }- red) Figure 5.l.b-c 

present the RMSE values of the single optimization runs. As could be expected, using the 

default run as a benchmark, the matching of the optimized objective is significantly 

improved, while some improvements on the other two fluxes are also obtained. 

Figures 5.3, 5.4, and 5.5 are similar to Figure 5.2. They present the time series 

re s u lts for the optimizations on //, AE, and T^, respectively. The results for the {H} optimi

zation will be analyzed first (Figure 5.3). The reduction in the RMSE is of the order of 40% 

for the latent heat. The bias has been reduced to 2.5 w/m^, and the tracking index has 

increased by 36% to 0.74. Although also improved, the results for the other fluxes (AE and 
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Figure S.3 Tucson site. Modeled outputs and scatter plots. Single objective optimization 
on sensible heat. 
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Figure 5.4 Tucson site. Modeled outputs and scatter plots. Single objective optimization 
on latent heat. 
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Figure 5.5 Tucson site. Modeled outputs and scatter plots. Single objective optimization 
on ground temperature. 
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T^) are not improved by the same degree. Figure 5.4 shows that the improvement for the 

optimized series AE is of the same order as before, 40%. The scatter for the AE has been 

significantly reduced, and the tracking index has gone from -0.05 to 0.41. The latter indicates 

that the matching of the latent heat flux, even after optimization, still has some troubles. The 

explanation may lay in the fact that the data noise for this particular time series is high. By 

optimizing on AE, improvements on the other observed variables, H and T^, are also 

achieved, but to a lesser degree. The results of optimizing on are shown in Figure 5.5. The 

reduction in the RMSE is of the order of 65%. The scatter has been significantly reduced, 

bias=-0.06, and the tracking has improved to a well-behaved 0.82. However, the 

improvement in the series leads to only a marginal improvement in the AE series 

simulation. 

The fact that only marginal improvements are obtained on the fluxes that are not used 

for optimization leads to the question whether the simultaneous optimization on various 

fluxes (multi-objective optimization), may yield better results. 

It should be noted that the single-objective optimization results are members of the 

Pareto set. They represent the points where the best value for a particular objective has been 

achieved. 

5.3.4.2 ARM-CART Site Automatic Single Objective Optimization 

The data set described in Section 3.3.2 was used to perform the optimizations. The 

data has 4237 points, with observations collected every 30 minutes for sensible heat, latent 

heat, ground temperature, and soil moisture. A spin-up period of 1 month is used to reduce 

the influence of the initial conditions. As with the Tucson site data, the BATS default 
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parameter set was complemented with an equally weighted compromise optimization to 

establish the initial water content of the three soil layers. 

Figure 5.6 presents a summary of the results obtained with single-objective 

optimizations. The colors used are: magenta for the default parameter set, blue for the 

sensible heat optimization, green for the latent heat optimization, red for the ground 

temperature, and cyan for the soil moisture. Again, the BATS default parameter set and its 

associated results are used as benchmarks for comparison. 

Figure 5.6a shows the normalized plot of the parameter sets obtained after the 

corresponding single objective optimization. Similarly to Figure 5. la, the gray-shaded area 

represents the bounds of the reasonable parameter values. All the parameter sets fall within 

these bounds except the value of roughness length {rough) for the optimization, the 

displacement length {displa) (ov{H}, {AE/ and {TJ, the minimum storaatal resistance for the 

{AE}, and the stem area index {sai) for all four fluxes. It is of interest to note the opposite 

behavior of the two aerodynamic parameters {rough and displa). The values for the {SJ 

optimization are in direct contrast to those obtained with the remaining three optimizations, 

{ H } ,  ( A E } ,  a n d  { T J .  T h e  s a m e  o c c u r s  w i t h  t h e  l e a f  d i m e n s i o n  p a r a m e t e r  { s q r t d i )  f o r  t h e  { T J ,  

which is at the top bound of the range while it is at the bottom bound of the range for the 

remaining fluxes. 

Figures 5.6.b-c show the results of the optimization in terms of the RMSE error for 

the four different observed quantities. As before, subplot c is a collection of two-dimensional 

projections of the four-dimensional points obtained as a result of the SCE search procedure. 

Some of the values for the and 5^ optimizations are out of bounds and therefore are not 
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seen in Figure 5.6c. The most significant feature of the plot is the ability of the optimal 

values for {SJ and {TJ to reduce the error on the corresponding state variable but falling 

out of the plot bounds for the fluxes H and AE. Both of these parameter sets yield 

performances which are worse than the default overall. {H} and {AE} optimizations yield 

very similar results for the two fluxes, significantly reducing the error ( 28%) compared to 

the default. The error behavior in terms of the state variables is different. The sensible heat 

optimization allows for a better than default performance of the with a 20% worse 

performance on S^. The latent heat optimization, on the other hand, yields a much worse 

performance (70 - 100%) for both and 

In Figures 5.7 through 5.11, time series (for a chosen 10-day period) and scatter plots 

are presented for the default run and the four single-objective optimizations. The default run 

has a tendency for overestimating the sensible heat flux and underestimating the latent heat. 

The matching of the latent heat is much better than that of the sensible heat. That is reflected 

in the tracking measure, 0.15 for and 0.6 for AE, and the correlation coefficients, 0.761 for 

H and 0.926 for AE. The matching of the state variables and is very poor, particularly 

the moisture one. 

Optimizations { H }  (Figure 5.8) and {AE} (Figure 5.9) yield similar results for the 

fluxes. In terms of T^, the {Hj optimization gives a much better performance; the reduction 

in the RMSE compared to that of the {AE} optimization is 70%. While simulating the 5,^ 

state variable, the optimization {H} overestimates and the {AE} optimization underestimates. 

The error from {AE} is 20% larger. 

The optimizations on the state variables and 5",^ achieve very good performances 
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Figure 5.8 ARM-CART site. Modeled outputs and scatter plots. Single objective 
optimization on sensible heat. 
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Figure 5.9 ARM-CART site. Modeled outputs and scatter plots. Single objective 
optimization on latent heat. 
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Figure 5.10 ARM-CART site. Modeled outputs and scatter plots. Single objective 
optimization on ground temperature. 
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Figure 5.11 ARM-CART site. Modeled outputs and scatter plots. Single objective 
optimization on soil moisture. 
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for the optimized variable, but yield very bad performances for the fluxes. Both of them 

increase the scatter significantly while introducing a bias: overestimation for the H and 

underestimation for the AE. The matching of when optimizing on and vice versa is 

very poor. In fact the optimization (TJ completely induces an inability of tracking the S^. 

series. 

5.3.4.3 Comments on the Single Objective Optimizations 

It has been found, for both sites, that the single optimization searches render better 

results for the variable used as an objective. As a general rule, it has been found that, when 

the optimization is performed on the fluxes (H, AE), the tracking of the state variable series 

(T^, is not good and vice versa. The latter is more noticeable when the optimization is on 

the state variables. The optimization on one of the state variables gives a very poor result 

in terms of the other state variable. 

For the two locations, the results suggest that the sensible heat series contains more 

information, i.e., allows for an identification of a parameter set that yields better results for 

the other variables. 

The use of optimization procedures in the identification of the initial water content 

values has made the performance of the default parameter set better than the manual 

calibration for both heat fluxes in the Tucson site. 

The aerodynamic parameters, when matching the fluxes and the temperature, are on 

opposite sides of the range when compared with the ones obtained from the optimization on 

All of the above suggests the idea that the simultaneous optimization on different 
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series can use additional information, and hence result in a better matching overall of the 

different series. 

5.3.5 Multiple Objective Optimization 

The Multi-Objective Complex evolution (MOCOM-UA) algorithm [Yapo et ai, 

1996] has been used to carry out the multiple objective optimizations throughout the 

present work. A succinct description of the algorithm was presented in Section 2.4.1. 

The two sets of data available contain three and four sets of observations that can be 

used for comparison with modeled outputs. Therefore, several combinations can be used for 

performing the multi-objective optimizations, i.e., four objectives at a time, three objectives 

at a time, and two objectives at a time. Within the context of Section 5.3.5, all the possible 

objectives will be used for optimization, meaning three objectives for the Tucson site and 

four for the ARM-CART site. 

5.3.5.1 Tucson Site Automatic Multi-Objective Optimizations 

As stated before, the Tucson data contains three sets of observations that can be used 

for contrasting with the modeled outputs. These are: sensible heat, latent heat, and ground 

temperature. 

The purpose behind the sensitivity analysis (Chapter 4) was to try to reduce the 

dimensionality of the optimization problem, hence making it simpler to solve. After 

performing the sensitivity analysis (Section 4.4), 16 of the 27 BATS parameters were found 

to be sensitive. The light dependence of the minimum stomatal resistance (fc) was 

considered non-sensitive by a marginal value and it was decided to include it in the 

optimization procedure. It was of interest also because of the value outside the reasonable 
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bounds found by the manual calibration for the minimum stomatal resistance {rsmin). 

Because some interaction between the initial conditions can be expected, the initial water 

content of the root zone {rs\v) also was included into the optimization procedure for a total 

of 18 parameters. The results of this optimization are presented in Figures 5.12 and 5.13. 

The optimized parameters are those with their names in bold. The Pareto set found from the 

optimization is in yellow. The first thing to note is that, although 300 solutions have been 

found, all of them seem to be clustered together, and within the reasonable bounds. From 

the solution set, the individual parameter sets that yield the best results for each individual 

series are highlighted (blue is used for the best H solution, green for the best AE, and red for 

the best solution); these solutions have a behavior somewhat similar to the single objective 

solutions. In other words, the solution that gives the best performance for a particular series 

does not perform as well for the other series. All the solutions have RMSE smaller than the 

ones of the default runs in every objective (compare with Figure 5.1; for consistency, all 

similar graphs in the chapter use the same scales). Note that, as expected, the single 

objective optimizations (Figure 5.1) produce better results for the series used in the 

optimization; for example, the //// optimization has a smaller RMSE error in H than the 

multi-objective solution, with minimum RMSE on H. 

Figure 5.13 shows the time series set that corresponds to the Pareto set of parameters. 

For each series, the yellow-shaded area represents the range of variation at each time step, 

obtained by using the whole set of identified solutions. The statistics computed for each of 

the series, as well as the scatter plots, are defined for the middle point of the set, i.e., the 

middle point between the minimum and maximum of the set of solutions. The T, /, P, and 



142 

It 0.8 

S> 
c 
(0 
cr 
UJ 
CO t 
S 
(T 

> 0 ) 0 ) *  
o. > > ft 
S"  ̂ =3 o X3 03 <Q S i i l i i s l l i S S  K K K x  x d a « « S 5  

80 80 

25 25 

Sens Heat Lat Heat Gmd Temp 

UI 70 
CO 

5 60 E 4 
a 

E 4 

80 60 40 60 40 40 60 80 
Sens Heat RMSE 

40 60 80 
Sens Heat RMSE 

40 60 80 
Lat Heat RMSE 

Figure 5.12 Tucson site. Optimization on H, XE, T^ for 18 parameters, 

a) Parameter sets; b) and c) corresponding objective function values. 



143 

600 

« 400 

R = 0.952, Rmse = 40.03, Bias = -10.29, Haus. = 219.2, T = 0.67,1 = 0.24, P = 0.84, TIP = 0.80 

200 

- comp. 

240 
-200 

245 -200 0 200 400 600 

: 0.769, Rmse = 34.67, Bias = -10.24, Haus. = 305.1, T = 0.32,1 = 0.42, P = 0.91, TIP = 0.74 
600 

S 300 

t 200 

330 
I = 0.976, Rmse = 2.57, Bias = -1.10, Haus. = 

200 400 600 

7.1, T = 0.76, I = 0.30, P = 0.74, TIP = 0.79 
330 

240 
Day of the Year 

280 300 320 
Computed 

Figure 5.13 Tucson site. Modeled outputs and scatter plots. Optimization on 
H, XE, Tg for 18 parameters. 



144 

TIP indices correspond to the definitions of Section 2.6.1. 

In the previous results, only the sensitive parameters were optimized, leaving the 

remaining parameters at default values. It is of interest to know if there is any potential 

benefit of instead optimizing on all the parameters, i.e., is there any drawback to optimize 

on only the sensitive subset of parameters? 

Figures 5.14 and 5.15 show the solutions for a 1000 points three-objective 

optimization on all 25 parameters. Issues related to the number of points in the solution set 

will be considered in Section 5.7 about the MOCOM algorithm. The most striking feature 

of Figure 5.14.a is the larger spread of the solutions for the stem area index {sai), the 

dimension of the leaf {sqrtdi), the light dependence of the stomatal resistance (fc) and the 

seasonal variation of the vegetation coverage (seasf), all of which were considered non-

sensitive parameters. Intuitively, one would not expect the less-sensitive parameters to have 

as well defined an optimal region. In other words, the spread of the solution in parameter 

space gives some information about the sensitivity of the model to the particular parameter. 

In contrast with the manual calibration, there is a much well defined value for the minimum 

stomatal resistance (rsmin) closer to the BATS default value for the site. 

These results indicate that the improvement achieved by means of increasing the 

number of parameters subject to optimization is marginal; compare the values of the statistics 

shown in Figures 5.13 and 5.15. The reduction in the RMSE value for all the series is less 

than 10%, thus, it can be concluded that the sensitivity analysis is a sensible way to reduce 

the complexity of the problem. However, for the remainder of the work, only optimizations 

on all 25 parameters will be considered. 
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5.3.5.2 ARM-CART Site Automatic Multi-Objective Optimizations 

As stated before, the ARM-CART data contains four sets of observations that can be 

used for contrasting with the modeled outputs. Those are: sensible heat, latent heat, ground 

temperature, and soil moisture. 

The results obtained by simultaneously optimizing on the four available series are 

presented in Figure 5.16. Here, as before, the yellow represents the entire set of Pareto 

solutions found. The highlighted values correspond to the solutions yielding the best single 

result for each of the series; blue for H, green for AE, red for and cyan for Sw. In the 

parameter space (Figure 5.16a), it should be noted that almost the entire set of solutions is 

contained within the reasonable bounds. Only a small number of values for the displacement 

height (displa) and minimum stomatal resistance {rsmin) fall outside the suggested range. 

The parameter values for the best solutions in H and AE are very similar. On the other hand, 

the set of parameters that gives the best match for is significantly different from the 

previous ones. The same can be said for the set of parameters. The last two also differ 

between themselves. 

In objective space, the closeness of the results for the best H and AE values suggest, 

together with the closeness of the parameter sets, that the two fluxes are related. In fact, this 

assertion is reinforced by looking at Figure 4.4, where a close relationship between these two 

fluxes is observed (implications of this results will be discussed in Section 5.4.7). In 

contrast, a clear trade-off is observed between the solution for and the remaining variables 

(Figure 5.16c). 



148 

W 

& 
bll 

S c _ ^  < s 3  

i f l i j I a S o l t f ^ ^ l i i i i i J ^ l i i  M C ' O S M M S M ' e V ' O ' a a a S M M M x x A W M M S  

£ a w ? 

S> 
c 
CB 

IT 
LU CO 
2 (T 

Sens 

80 

25 

80 10 

25 

Lat Heat Gmd Temp Soil Moist 

lU 70 
CO 

2 60 C 4 

40 

80 40 60 
Sens Heat RMSE Sens Heat RMSE Sens RMSE 

OC 4 

40 60 40 60 
Lat Heat RMSE 

40 60 
Lat Heat RMSE 

2 4 
Grnd Temp RMSE 

Figure 5.16 ARM-CART site. 1000 points optimization on H,A£, T , S . 
g W 

a) Parameter sets; b) and c) corresponding objective fiinction values. Highlighted 
best solutions for every single objective 



149 

Figures 5.17 and 5.18 show the results of the four objective optimization for two 

different 10-day periods. As before, the scatter plots refer to the entire period in both Figures. 

The tracking of the latent heat is the best of the four. In the second period (Figure 5.18), 

there is a tendency to overestimate the sensible heat. The width of the simulation results in 

the second period suggest that the uncertainty is greater for that period. In general, the soil 

moisture is overestimated and has a high level of uncertainty. 

5.3.5.3 Comments on Multi-Objective Optimizations 

It has been found for the Tucson site that all the multi-objective solutions render 

better results for all the variables than the default parameter set. That is true when the 

optimization is performed on all 25 parameters or on the sensitive 18 only. While the single 

objective optimizations produce better results for the optimized variable, their performance 

is inferior for the other variables. In theory, the single solutions are part of the optimal set. 

The algorithm fails to identify the single objective optimizations as part of the Pareto set. 

That is a deficiency of the algorithm and will be discussed in more detail in section 5.6. 

For the ARM-CART site, most of the solutions from the optimal set yield better 

results than the default. As in the Tucson site, the single optimization solutions produce 

better results for the optimized variable. However, the multi-objective solutions are within 

the reasonable bounds for the parameter sets. That is not the case for the single objective 

optimizations, as noted before. 

The results suggest that the simultaneous use of several observed variables helps in 

identifying solutions that, without specifically imposed constraints, produce results which 

fall within reasonable bounds. The latter is a very important result and constitutes a strong 



150 

R = 0.730, Rmse = 49.99, Bias = -4.02, Haus. = 393.3, T = 0.27,1 = 0.39, P = 0.05, TIP = 0.69 
600 

obs. 
- comp. / 

- y 

•M m 
135 140 145 -200 0 200 400 600 

R = 0.933, Rmse = 54.64, Bias = 8.16, Haus. = 379.7, T = 0.64,1 = 0.27, P = 0.86, TIP = 0.80 

135 140 145 0 200 400 600 

R = 0.947, Rmse = 1.90, Bias = -0.47, Haus. = 4.6, T = 0.55,1 = 0.25, P = 0.78, TIP = 0.72 

300 

330 

320 

310 

300 

290 

280 

270 
135 140 145 280 300 320 

R = 0.963, Rmse = 6.87, Bias = 6.45, Haus. = 7.8, T = 0.19,1 = 0.67, P = 0.28, TIP = 0.45 

135 140 
Day of the Year 

145 0 20 40 60 80 
Computed 

Rgure5.17 ARM-CART site. Modeled outputs and scatter plots. Optimization on 

H, XE, Tg, Sw. 



151 

R = 0.730, Rmse = 49.99, Bias = -4.02, Haus. = 393.3, T = 0.27,1 = 0.39, P = 0.85, TIP = 0.69 
600 

o obs. L-

-100 

- / 

y 

•M m 
185 190 195 -200 0 200 400 600 

R = 0.933, Rmse = 54.64, Bias = 8.16, Haus. = 379.7. T = 0.64,1 = 0.27, P = 0.86, TIP = 0.80 

185 190 195 0 200 400 600 

R = 0.947. Rmse = 1.90. Bias = -0.47. Haus. = 4.6, T = 0.55, I = 0.25, P = 0.78, TIP = 0.72 

8 

185 190 195 280 300 320 

R = 0.963, Rmse = 6.87, Bias = 6.45, Haus. = 7.8, T = 0.19,1 = 0.67, P = 0.28, TIP = 0.45 

185 190 
Day of the Year 

195 0 20 40 60 80 
Computed 

Figure 5.18 ARM-CART site. Modeled outputs and scatter plots. Optimization on 

H, XE, Tg, Sw. 



152 

argument for the strengths of the multi-objective method. 

5.3.6 Picking the "Best" Solution 

As stated in Chapter 2, the use of the multi-criteria approach produces a set of 

solutions not a single solution. From the multi-criteria point of view, it is not possible to 

objectively select any solution as being superior to the others. Once this set has been 

identified, in the parameter space, it will very likely require further refinement by the use of 

subjective procedures that involve the implementation of additional assumptions. For 

example, for a specific application, the user may be willing to permit larger errors in 

matching a particular flux in order to reduce the model uncertainty (and hence forecast) range 

associated with another flux. In the extreme case, allowing the parameter uncertainty to 

reduce to zero (identifying a single parameter point in the feasible space, precision = 1), the 

model output for each flux also will reduce to a single value at each time step - a result 

similar to that obtained by the classical approach. 

To facilitate this subjective decision procedure, sophisticated graphical procedures 

are desirable. Therefore, as part of the present work, a graphical user interface has been 

developed. 

The interface starts with a button driven menu that automatically searches for the 

available optimization results and gives the user the possibility of processing the set of 

results from one optimization run at a time. The choices include plots of the normalized 

parameter space, normalized objective space, scatter plots of objectives, and time series 

plots. Every subplot has the possibility of separate printing. The plot of normalized objective 

space has the possibility of choosing a single solution and, by automatically finding the 
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correspondent parameter set and site data sets, runs the model and plots the results of the 

time series of choice and computes all the necessary statistics. The solution set time series 

plot has a zoom option that automatically matches and zooms the corresponding areas for all 

the series involved, i.e., all the plots zoom into the same region. Some of the interfaces are 

presented in Figure 5.19. 

Most of the figures of the present chapter were generated using the graphical 

interface. 

This visual aid software was developed within the MATLAB environment. The 

listings of all the routines are available from the author. 

5.4 COMPLEMENTARITY OF INFORMATION 

In Chapter 2 it was argued that the use of additional information for calibration and/or 

validation of a hydrologic model can lead to a significant improvement in the identification 

of optimal parameter sets. The evidence of the results from the previous section adds support 

to the assertion. It was also pointed out (in Chapter 2) that, in order to provide additional 

information, it is necessary to identify objective functions that are somehow independent. 

In the current work, only the issue of complementary information as provided by the 

inclusion of additional series is considered. The sole use of the RMSE function within the 

optimization procedures does not consider the possibility of getting additional information 

via formulation of different objective functions. 

During the optimization procedures, no constraints were imposed besides the physical 

ones and the general limitation on the parameter space hypercube. Constraints that would 

have represented the reasonable bounds were very easy to implement within the optimization 
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procedure. However, these types of constraint were purposely left out because, from the 

beginnings, one of the goals of the present work was to try to identify the series that provide 

the additional or complementary information. 

The optimization runs using the whole set of available information was able to 

identify solutions that are better than the default parameter set. The approach to be used to 

sort out which series do actually complement the information of one another will be to 

sequentially perform searches that do not include a particular series, i.e., optimizations on 

two and three simultaneous objectives. 

5.4.1 Tucson Site Automatic Two Objective Optimizations 

The three possible two-objective optimizations were carried out: {H, AE/, {H, TJ, 

and fAE, TJ. Figure 5.20 shows the results of these optimization runs. The solutions from 

the three objective (H, AE, TJ optimization are in yellow; the two objective optimizations 

for {H, AE} are in red; the optimizations for {H, TJ are in green; and the ones for (AE, TJ 

are in blue. In the parameter space, there is not much departure observed from the {H, AE, 

TJ solution. In fact, only the soil suction (xmosiic), the hydraulic conductivity {xmohyd), and 

the Homberger and Clapp b parameter {bee) show a significant departure from the three 

objective solution. In terms of the RMSE functions, it is obvious that the non-use of H in 

the optimization procedure (blue) leads to a significant deterioration in the matching of that 

particular series (Figures 5.20b-c). Although deterioration is also observed when AE and T^ 

are not used for optimization, the change is not as dramatic as in the case with H. The latter 

will suggest that the most important series in terms of information content is the sensible 

heat. In time series terms, the results are presented in Figures 5.21 through 5.23. The same 
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conclusions can be drawn from looking at these plots. The non inclusion of either Hot AE 

in the optimization leads to a bias in the estimation of that flux. 

5.4.2 ARM-CART Site Automatic Three-Objective Optimization. 

Two three-objective optimizations were performed: {H, Tg, SJ and {AE, Tg, S,J. The 

reason for this particular choice was the closeness between the H and AE performances. 

Figure 5.24 presents in yellow the result of the fH, AE, T^, S,J four objective optimization, 

in blue the (H, Tg, SJ, and in green the (AE, Tg, SJ. Here, it is clear that the performances 

of both three-objective searches are very close, with the performance of the (H, Tg, SJ being 

marginally better (see Figure 5.24.c). Both of the three-objective optimizations yield results 

similar to those obtained when optimizing on the four objectives. On the other hand, in 

parameter space (Figure 5.24.a), it can be seen that the displacement height parameter 

( d i s p l a )  f a l l s  o u t  o f  t h e  r e a s o n a b l e  b o u n d s  w h e n  o p t i m i z i n g  o n  { A E ,  T ^ ,  S J .  

The time series plots in Figures 5.25 and 5.26 show that die results from { H ,  T ^ ,  S J  

are better, they have smaller bias and RMSE errors than the ones from the {AE, T^, SJ set. 

The uncertainty in the S^ series is noticeable smaller. 

These arguments will suggest that it is better to use H instead of AE when optimizing 

and that only a three objective {H, T^, SJ optimization should be used. The addition of AE 

does not provide additional information for the identification of the optimal solutions set. 

5.4.3 ARM-CART Site Automatic Two-Objective Optimization. 

The MOCOM algorithm was unable to identify, after 20,(KX) function evaluations, 

the Pareto solution for the following combinations: [H, AE}, {H, and {AE, T^). This 

could be explained by the high degree of correlation existing between H and AE (see Figure 
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4.4) and because is a state variable involved in the computation of various components 

of the H and AE fluxes. 

Figure 5.27 presents the results of the {H, T^, SJ optimization (yellow), the ones 

from (H, SJ (blue), the ones from {AE, S^} (green), and the {T^. SJ (red). In general, the 

fH, T^, SJ set of solutions gives superior results (see Figure 5.26b-c). The (H, SJ and the 

{AE, SJ yield similar results for all the four series. The optimization on the state variables 

{T^, SJ, on the other hand, gives significantly inferior results for the heat fluxes and slightly 

better for the state variables. In parameter space the {T^, SJ optimization identifies values 

for the roughness length {rough) and the displacement height (displa) that are outside the 

reasonable values. 

It can be argued, therefore, that the use of an additional piece of information, in this 

case, the inclusion of H, allows for the identification of a better set of solutions. 

5.4.4 Comments 

It is of interest to note that the available series had different characteristics. The 

ground temperature and soil moisture are state variables from which the heat and water 

fluxes are derived. Hence, from the systemic point of view, two very different sources of 

information are provided. In general, the BATS model tends to perform better in the 

simulations of the heal fluxes than in the simulations of the state variables. 

At the Tucson site, the sensible heat seems to provide the most important piece of 

information for the correct energy partitioning. The significant deterioration in the model 

performance regarding this flux when it is not introduced into the optimization search leads 

to this conclusion. At the ARM-CART site, the strong relationship observed between the 
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sensible and latent heats, as well as the fact that the single objective optimization on H yields 

significantly better results for the temperature and the soil moisture than those obtained with 

the single optimization on AE (see Figure 5.6), leads to similar conclusion. This assertion 

is important because it has been obtained based solely on a "systemic" approach. No physical 

reasoning has been used for arriving at this conclusion. Based on physical reasoning, the 

same conclusion can be achieved. This speaks well about the abilities of the procedures 

used. It should be noted, however, that Sellers et al. [1989] and Gao et al. [1996], among 

others, have found that, for the rain forest environments, the latent heat is the predominant 

flux in the energy partitioning. 

The significant trade-off existing between the ground temperature and the soil 

moisture (see Figures 5.6b, 5.20b) points toward the complementarity of their information. 

The best solution for induces a very significant decrease in the ability of the model to 

match the 5,^, series. 

The use of the combined information, i.e., use of different series together, has 

enabled the optimization procedures to locate the solution sets within the reasonable bounds. 

This is very important because, as mentioned before, no constraints were imposed to enforce 

the bounds. This constitutes perhaps the most important feature of the procedure. 

The inability of the model for simultaneously matching both the fluxes and the state 

variables, at the first sight, will point toward structural deficiencies in the model. This may 

well be true, but part of the problem is related to the uncertainty or the observation error. It 

should be noted that the observation values of the soil moisture, in particular, have always 

embedded a great degree of uncertainty. How much of the error can be ascribed to the model 
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structural error and how much can be ascribed to the observation error is something that will 

be discussed in the next section. 

5.5 MODEL PERFORMANCE EVALUATION 

The topic of model performance evaluation was addressed somewhat in Section 2.6, 

where a new set of measures was introduced for this purpose. As mentioned in Section 

5.3.4.1.1, the TIP measures were computed using the middle point of the set of solutions. 

It is clear from the results of Section 5.3 that, for meaningful comparisons, only significant 

differences should be considered. In fact, when one of the measures is below 0.5, the TIP 

index is not a good indicator. It should be used with caution and is clear that better 

formulations should be sought. 

A very important question to be addressed within the context of the model 

performance evaluation is the issue of the error of the simulation. As mentioned in Chapter 

2 (Equation 2.1), the difference between the observed and the computed series is an error. 

The usual assumption is that the error has two sources: observation errors and model errors. 

The model error is the combined result of the model strucmral error and the error due to 

improper identification of the parameter set: 

error 
Total 

, model parameter 
data , • + structural + specification 
error 

(5.1) 
error error 

The identification and elimination of the latter error was one of the goals of the 

current research. The reduction of the model structural error (the total elimination of this 

error would not be feasible) is a task for the developers of the model. In this particular case. 
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the developers of the BATS model. 

The data error is related to the way the information is collected and to the 

instrumentation used. For example, it is a well-known fact that the rain gauges 

underestimate the actual amount of rainfall. An additional error is introduced due to the 

precision of the instrument. When using a model, the data error existing in the input data 

induces an error in the modeled output sequences. The observed output sequences, used for 

contrasting with the modeled outputs, also have an error. In general, the identification of 

these errors is a difficult task. One approach to try estimate the data error is the use of 

artificial neural networks (ANN) because they do not have a dependence on model structure. 

The ability of the ANN for finding the relationship between output and input series 

is well established. In fact, unless there is an error in the observations, the ANNs are capable 

of matching the output series almost perfectly. Therefore, after carrying out the training 

procedures for fitting the outputs from the inputs, the remaining error in the matching can 

be ascribed to an error in the data (input or output). A particular ANN model, named self-

organized linear output (SOLO) model, developed by Dr. Kuo-lin Hsu, was applied to the 

input and output series of both sites [Hsu, K., personal communication 1998], An estimate 

of the RMSE smaller than that of the optimization procedures was found and assumed to be 

representative of the data error. 

The equally weighted compromise solution for [ H ,  A E ,  for the Tucson site and 

the equally weighted compromise solution for [H, T^, are used as representatives of the 

optimization procedures for estimating the error due to the improper parameter specification. 

The error difference represents the possibility of improvement by enhancements in the model 
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parameterization. It is worth noticing that, for a compromise solution, the weighting 

coefficient assignment is important due to the unit dependency of the errors. Therefore, 

either a lot of weighting coefficients combinations need to be optimized or, as was done, a 

prior normalization of the error functions needs to be performed. The latter can be done only 

if there is available knowledge about the ranges of the optimal values. This is not usually 

the case and could be done only because optimization results (obtained with MOCOM) were 

already available. 

Figure 5.28 presents the results for the Tucson site. The magenta dot (Figure 5.28c) 

represents the existing total error and corresponds to the error when the default parameter set 

is used. The black dot is the compromise solution. The distance between the black dot and 

the magenta dot represents the error due to the improper parameter set. The green dot 

represents the error of the ANN fitting. As explained before, this estimates the error in the 

observation data. The distance between the green dot and the black dot represents the model 

structural error. Figure 5.29 presents similar results for the ARM-CART site. 

Table 5.2 presents the numerical values of the error estimations. The reduction in the 

total error due to the optimization procedures for the heat fluxes is between 15 and 30%. For 

the ground temperature the error reduction is on the order of 50%. The reduction in the soil 

moisture error is 70%. The BATS model structural error is therefore on the order of 30-50% 

for the fluxes, and 20-30% for the temperature. The model error for the soil moismre is 

uncertain. Generally, a high degree of error is associated with soil moisture observations. 

5.6 OBSERVATIONS ON THE MOCOM ALGORITHM 

Throughout the present chapter, the MOCOM algorithm has been used to carry out 
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Table 5.2 
BATS Model 

Root Mean Squared Error Distribution 

Series Total Data Model Param. 
(Default) (ANN) Structure Identif. 

Tucson Site 
Sensible Heat [w/m^] 51.20 20.70 14.91 35.61 

Latent Heat [w/ra^] 50.95 16.25 16.06 32.31 
Ground Temp. [K] 5.19 1.58 0.94 2.52 
Armcart Site 
Sensible Heat [w/m^] 59.00 22.86 25.67 48.53 

Latent Heat [w/m^] 61.00 22.91 29.85 52.76 
Ground Temp. [K] 2.50 0.67 0.72 1.39 
Soil Moisture [mm] 6.60 1.85 0.08 1.93 

Tucson Site 
Sensible Heat [w/m^] 100% 40% 29% 30% 

Latent Heat [w/m^] 100% 32% 32% 37% 
Ground Temp. [K] 100% 30% 18% 51% 
Armcart Site 
Sensible Heat [w/m^] 100% 39% 44% 18% 

Latent Heat [w/m^] 100% 38% 49% 14% 
Ground Temp. [K] 100% 27% 29% 44% 
Soil Moisture [mm] 100% 28% ? 1% ? 71% 
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the different multi-objective optimizations. The results show that the algorithm has some 

deficiencies that need to be fixed. 

The first deficiency, is the one concerned with the dependence of the solution on the 

number of points used as population of the complex. This dependence was described already 

in the original publication by Yapo et al. [1996], There it was shown that a population size 

of 500 points was the size needed to achieve a Pareto frontier that does not depend on the 

population size. This assertion has been confirmed within the present study. Figure 5.30 

presents results, in objective space, for the Tucson site. Three sets of solutions for different 

population sizes are presented. The blue circles correspond to a population size of 50 points, 

the green to a population size of 250, and the red to a population size of 1000. The 

movement of the solution clusters towards the origin (utopia point) reflects the improvement 

achieved by increasing the number of objectives. 

A problem with the algorithm, not detected before, has been spotted in the course 

of the present work and is related to the tendency of the algorithm to cluster the points 

around the equally weighted compromise solution. According to theory, the single objective 

optimizations are contained in the Pareto set. They are the best solutions for every separate 

objective and consequently cannot be considered inferior solutions. In Figure 5.30, they are 

represented by the stars colored as blue for the {H} optimization, green for the {AE} and red 

for the {TJ. They are located towards the edges of the region; in fact, theoretically, they 

should define the edges of the Pareto region, which seems to be the case for the 1000 points 

solution. Unless the Pareto set has a discontinuity, and there is no evidence for that, the 

Pareto front is not well-defined by the solutions obtained with the algorithm as it is now. An 
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explanation for this algorithm behavior may be that the region with the bigger probability of 

improvement is located around the compromise solution. A way to overcome this problem 

could be the introduction of some random weighting scheme so that the algorithm will tend 

to introduce solutions "equivalent" to those of the single objective solutions, i.e., solutions 

with high weighting on one objective. 

The efficiency of the algorithm deteriorates with the population size. This was already 

mentioned in Yapo et al. [1996]. In the present study, a 1000-point solution could not be 

achieved even after three days of computer time. By using a crude shuffling complex 

approach, i.e., by generating four solutions of 250 points and combining them together into 

a new, bigger complex and restarting the algorithm, the solution could be achieved, using the 

same computer in six hours time. By using this approach sequentially, a solution of 5000 

points was achieved in around 25 hours. This makes clear that the multiple complex 

approach is a modification that should be added into the algorithm to speed up the 

convergence. 

The SCE algorithm should be added into the MOCOM as a subroutine to generate 

a more general computer package capable of handling single and multiple objective 

programs. With the additional introduction of the several complexes approach, the new 

algorithm could be named Multi-Objective Shuffled Complex Evolution (MOSCE). 

5.7 SUMMARY AND CONCLUSIONS 

In the present chapter, the application of the multiple objective optimization 

procedures to the problem of SVATS model calibration has been presented. Four general 

areas have been studied: the problem of parameter identification and how the solution set 
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changes with the number of objectives, the choice of objective functions and 

complementarity of information, the problem of discrimination among the hundreds of 

different solutions and the use of comparison measures, and the performance of the 

optimization algorithm. 

The present work is one of the first where a systematic approach has been used and 

applied to solve the problem of optimal parameter set identification. The use of two sets of 

data with short time interval observations and several months of records is also one of the 

distinctive features of the present study. 

It has been proved that there is an error involved in the traditional approach of using 

look-up tables to estimate the parameter models. The use of optimization procedures in the 

parameter set identification reduces the error in the model outputs. By applying the 

automatic optimization procedures to the determination of the initial soil water content 

values, the BATS default parameter set yielded results superior to those obtained using a 

parameter set identified with a manual calibration procedure. The high level of interaction 

between parameters makes the use of manual calibration procedures almost impossible. 

The simultaneous use of several series in the optimization procedure provides 

additional information that allows a better identification of the optimal parameter sets. Even 

without enforcing constraints the parameter sets obtained, as a result of the multiple objective 

optimization, fall within reasonable bounds. As a general rule, the more the number of 

objectives used, the better the results obtained. In other words, the ability of the model for 

simultaneously matching different observation series improves with the number of series 

used in the optimization procedure. 
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The increase in the number of series used in the optimization procedures does not 

necessarily guarantee an unlimited improvement in the performance of the model. Some of 

the series may be related and do not provide complementary information. It has been found, 

for example, that for the studied locations, the latent heat and the sensible heat provide 

similar information. Tests performed with different combinations of objectives suggest that 

the information content of the sensible heat series is superior to that of the latent heat. In 

other words, the results of optimizing leaving either one of the heat flux series out yield 

similar results, with the ones obtained by including the sensible heat being superior. In fact, 

for the Tucson site, the non- inclusion of the sensible heat leads to a significant deterioration 

in the model ability to track that series. 

The BATS model does better in tracking the heat fluxes than in tracking the ground 

temperature and soil moisture (state variables). A significant trade-off was observed in the 

matching of the state variables, i.e., an improvement in the temperature tracking involves a 

deterioration in the tracking of the soil moisture. This is a clear signal that the two series 

provide complementary information and both should be included in the optimization 

procedure. The use of the soil moisture does produce an improvement in the tracking of the 

latent heat as well. 

The sensitivity analysis procedure developed in the previous chapter (MOGSA) did 

in fact allow for the reduction in the dimensionality of the problem. The results obtained by 

optimizing on the reduced set of 18 parameters were marginally inferior to those obtained 

by optimizing on the entire set of 25 parameters. The use of this approach could be more 

cost- effective when calibrating a model with a higher number of parameters, not an 
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uncommon situation within the SVATS; the SIB2 model, for instance, has 45 parameters. 

The default parameter set model error was reduced by 30%, on average, by using the 

automatic optimization procedures. This finding is of importance for the comparison of 

different models. A fair comparison is possible only if the best solutions from different 

models are compared. Only the elimination of the improper parameter identification induced 

error allows for the comparison of the model structural error. 

An argument can be developed as to whether it is wise to try to fit the model to the 

observed fluxes. Perhaps it makes more sense to fit the model to the Bowen ratio series and 

the ground heat fluxes, because those are the values that are actually observed in the 

experimental stations that use Bowen ration systems. The heat fluxes are derived quantities. 

In fact, most of the observation data sets available are collected using Bowen ratio systems 

(for further discussion of this issue, see Chapter 6). 

The measures of model performance introduced in Chapter 2 were tested. They 

provide useful information regarding the quality of the whole solution set time series 

behavior. The fact that only significant differences are meaningful suggests that this is an 

area for further research. 

Regarding the MOCOM algorithm, a tendency for clustering the solutions has been 

found. The introduction of a random weighting of the objectives was suggested for a better 

identification of the edges of the Pareto region. A crude strategy of multiple complexes was 

tested and proved to enhance the efficiency of the algorithm. 

A set of visual aids driven by graphical user interfaces has been developed to tackle 

the problem of a single solution choice and for comparison among different optimization 
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options results. 

There eire some issues that should be considered but were left out of the present work. 

Those issues are related to the high-frequency variations of the time series used. It seems 

reasonable to think that an important part of the high-frequency fluctuations of the output 

series must be related to the same fluctuations in the input series. It will be of interest to 

remove these components in order to establish the real contribution of the model parameter 

set identification. Information of this type can be considered complementary and is a very 

intriguing topic for future research. Perhaps it will even be possible to establish scales at 

which different parameters could be identified. 
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C H A P T E R  S I X  

CONCLUSIONS AND FUTURE RESEARCH 

6.1 SUMMARY 

The purpose of the present research was to seek out strategies for solving the task of 

calibrating the new kind of hydrometeorological models known as Soil Vegetation 

Atmosphere Transfer Schemes (SVATS). The first step was to recognize that a successful 

calibration framework for this type of model could not be the traditional single-criterion 

approaches because they do not properly exploit the information available in the data. The 

SVATS models produce several output streams; multi-criteria methods are therefore the 

natural approach to the problem. The present work is one of the first where a systematic 

approach has been used and applied to solve the problem of optimal parameter set 

identification and the first in applying multi-criteria methods to the specific problem of land-

surface modeling. The use of two sets of data with short-time interval observations and 

several months of records is also one of the distinctive features of the present study. 

The use of the multi-criteria approach implies that there is not a single or unique 

solution to the calibration problem. Rather, the best that one can obtain using multi-objective 

procedures is a model set, specifiable as a region of the parameter space. In the context of 

multiple measures of model performance, this model set defines the Pareto solution set 

(which is also a minimal estimate of the parameter uncertainty) in which it is not possible to 

objectively select a specific parameter set (model) as being superior to any other parameter 

set (model). This Pareto solution translates into a trade-off range in the model predictions. 
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The size and properties of this model set and the sizes and properties of the trade-off range 

in the model predictions help in the evaluation of the adequacy or inadequacy of the model. 

The additional sources of information that are incorporated into the model identification by 

using multi-objective techniques allow for a better way of identifying difficulties associated 

with the model structure. 

Within the specific context of the calibration/optimization problem, four general 

areas have been studied: the problem of parameter identification and how the solution set 

changes with the number of objectives, the choice of objective functions and 

complementarity of information, the problem of discrimination among the hundreds of 

different solutions and the use of comparison measures, and the performance of the 

optimization algorithm. 

6.2 CONCLUSIONS 

The present work has led to the following conclusions: 

- It has been shown that the multi-objective approach provides a sensible way to the 

problem of model evaluation and/or intercomparison between different modeling 

systems. 

- The usual approach of ascribing parameter values based on "look-up" tables or 

literature review may yield poor results, particularly in matching high-frequency 

variations observed in the data. 

- The high number of parameters to be identified introduces a certain degree of added 

difficulty into the calibration problem, even for automated procedures, because of the 

high levels of interactions among the different parameters. 
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To reduce the dimensionality of the parameter estimation problem, and hence 

simplify it, a procedure that introduces multiple criteria into the sensitivity analysis 

was developed. The procedure is an extension of the Regionalized Sensitivity 

Analysis (RSA), and was named Multi-Objective Generalized Sensitivity Analysis 

(MOGSA). 

MOGSA retains the RSA's advantages of simplicity, easy implementation, and 

ranking of sensitivity, but its main advantage is the fact that it takes into account the 

truly multi-objective nature of the problem and has established a procedure for 

determining the minimum sample size required. 

The main disadvantage of the MOGSA methodology lies in the subjective choice of 

the threshold value for discerning between behavioral and non-behavioral sets. This 

disadvantage is minimized in the computer implementation by allowing the analysis 

of several thresholds in a single computer run. 

The application of the MOGSA methodology to the BATS model using the Tucson 

data identified, in the multi-objective sense, 12 parameters as highly sensitive, four 

as moderately sensitive, and nine as non-sensitive. For the ARM-CART site 13 

parameters were of high sensitivity, two of medium, and 10 of low or non-sensitivity. 

The most interesting difference between the Tucson and the ARM-CART sites is the 

non-sensitivity of the parameters related to vegetation seasonal variation at the 

Tucson site. 
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At the two sites, the non-sensitivity of the albedos both in the visible and near-

infrared ranges somehow contradicts the usual findings of most of the previous 

sensitivity studies but agrees with the one by Collins and Avissar [1994]. 

The sensitivity analysis procedure (MOGSA) developed did in fact allow for the 

reduction in the dimensionality of the problem. 

The results obtained by optimizing on the reduced set of 18 parameters were 

marginally inferior to those obtained by optimizing on the entire set of 25 parameters. 

The use of sensitivity analysis for reducing the dimensionality of the optimization 

problem could be more cost effective when the calibrating a model with a higher 

number of parameters, a not uncommon situation within the SVATS; the SIB2 

model, for instance, has 45 parameters. 

The simultaneous use of several series in the optimization procedure provides 

additional information that allows a better identification of the optimal parameter 

sets. 

Even without enforcing constraints, the parameter sets obtained via multiple-

objective optimization fall within reasonable bounds as opposed to the single-

objective optimizations, where the identified parameter sets fall outside the 

reasonable bounds. 

As a general rule, the more objectives used, the better the results obtained. In other 

words, the ability of the model to simultaneously match different observation series 

improves with the number of series used in the optimization procedure. 
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The increase in the number of series used in the optimization procedures does not 

necessarily guarantee an unlimited improvement in the performance of the model. 

Some of the series may be related and do not provide complementary information. 

It has been found, for example, that for the studied locations, the latent heat and the 

sensible heat provide similar information. 

Tests performed with different combinations of objectives suggest that the 

information content of the sensible heat series is superior to that of the latent heat. 

In other words, the results of optimizing while omitting either one of the heat flux 

series yield similar results, with the ones obtained by including the sensible heat 

being superior. 

A significant trade-off was observed in the matching of the state variables. That is a 

clear signal that the two series provide complementary information and both should 

be included in the optimization procedure. The use of the soil moisture does produce 

an improvement in the tracking of the latent heat as well. 

The BATS model does better in tracking the heat fluxes than in tracking the ground 

temperature and soil moisture (state variables). 

The default parameter set model error was reduced by 30%, on average, by using the 

automatic optimization procedures. This finding is of importance for the comparison 

of different models. A fair comparison is possible only if the best solutions from 

different models are compared. Only the elimination of the improper parameter 

identification-induced error allows for the comparison of the model stmctural error. 
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- Regarding the MOCOM algorithm, a tendency for clustering the solutions has been 

found. The introduction of a random weighting of the objectives was suggested for 

a better identification of the edges of the Pareto region. A crude strategy of multiple 

complexes was tested and proved to enhance the efficiency of the algorithm. 

- A set of visual aids driven by graphical user interfaces has been developed to tackle 

the problem of a single-solution choice and for comparison among different 

optimization options results. 

6.3 RECOMMENDATIONS FOR FURTHER RESEARCH 

The issue of complementarity of information and the choice of the appropriate 

objective functions is a very important one. Throughout the present study, only the RMSE 

objective function was used for optimization purposes. Gupta etal. [1998], have shown that 

different objective functions can extract additional information from a single-observation 

series. Mathematically, the problem of using different objective functions together with 

different observation series was posed in Equation (2.2), and does not require changes in 

terms of the optimization algorithm. However, this simultaneous use should be investigated, 

because it surely will lead to the extraction of additional information. Perhaps even the 

sensible and latent heat will be found to give complementary information. 

There are some other issues that should be considered but were left out of the present 

work. Those issues are related to the high-frequency variations of the time series used. It 

seems reasonable to think that an important part of the high-frequency fluctuations of the 

output series must be related to the same fluctuations in the input series. It will be of interest 

to remove these components in order to establish the real contribution of the model 
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parameter set identification. Information of this type can be considered complementary and 

is a very intriguing topic for future research. Perhaps it will even be possible to establish 

scales at which different parameters could be identified. 

Several measures for evaluating the performance of a set of solutions as a whole have 

been introduced in the present work. These measures, although useful, do not provide a good 

differentiation among different multi-objective solutions, unless the differences are 

significant. An attempt should be made to develop more sensitive measures, although this 

is not entirely a hydrological field, being more related to systems science. 

Considering that most of the available information about the energy fluxes is obtained 

from Bowen ratio systems and that in these systems what is measured is actually the ground 

heat flux and the Bowen ratio, it makes sense to try to fit the models to these particular series 

instead of to the heat fluxes. The heat fluxes are derived quantities according to the 

following relationship: 

XE = ^P = — (6.1) 
1 + P ^ A.£ 

Another rationale behind this suggestion is the observed inability of the BATS model to 

adequately simulate the energy partitioning into latent and sensible heat fluxes. Perhaps this 

problem could be overcome by using the proposed approach. 

By using areally distributed information (ARM-CART area, for example), perhaps 

it might be possible to address the problem of identification of representative areal 
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parameters. This approach should be contrasted with the aggregation approaches used to 

date. 

There exists global information for soil types and vegetation covers according to the 

BATS classification, and surely according to other classifications. By combining this 

Information, using GIS packages, it will be possible to identify the viable biomes or 

ecosystems. Sensitivity analysis and optimizations could be carried out for these ecosystems 

in order to improve the default parameter sets all over the globe. 

On-line estimation of parameters when the models are running in a coupled mode 

is another issue for study. The use of bayesian recursive approaches could be a possible way 

to go. 

Finally, regarding the optimization algorithm MOCOM, the problem with the 

dumpiness of the solutions should be addressed. This dumpiness is somehow related to the 

solution dependence on the number of points used. The use of a randomly chosen weighting 

scheme could provide improvements. The concept of complex shuffling should be added. 

The crude use of this concept in the present work has shown that the approach will be of 

great help in improving the efficiency of the algorithm. 
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A P P E N D I X  O N E  

FAST MATHEMATICAL FORMULATION 

This formulation follows Uliasz, [1988], 

Consider again the general mathematical model 

Y=f(e) (Ai.i) 

where© = (0,, / = 1, ... ,mHs the vector of parameters, Y  =  i y j ,  j  =  1 nHsthe 

vector of model outputs and f is the operator acting on 0. The ensemble mean for the model 

output Yj is given by 

<v; =  / . . .  f y / e  e j p ( e ,  e j  (ai.2) 

where p is the m-dimensional probability density function for 9. The idea is to transform 

the above /n-dimensional integral into a o/ie-dimensional over a search variable s : 
T 

(v.) = lim—/'.v[9,(j),...,0,„(^)] ds (Al.3) 
r— IT 

by assigning a frequency to each parameter ^ through the transformation : 

0. = G- [sin(o).j)], i = (A1.4) 

These integrals are equal if the following assumptions are satisfied: 

i the parameters d, independent, i.e. 
/n 

= np,(9, ) (AI.5) 
1 = 1 

ii the frequencies ty, are incommensurate, i.e. 
m 

5^ y.o). = 0, (A 1.6) 
1 = 1 

iii the functions G, are chosen so that the arc length 

d s  « V i  (A1.7) 
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The transformation functions (A1.4) describe a search curve that samples the 

parameter space in a manner consistent with the statistics expressed by , . . . , ). 

Specifying one value for the search variable s specifies the values of . As 5 varies 

from - <» to + <» all possible ^ values are obtained via equation (A 1.4). Using an 

incommensurate frequency set the search curve would be infinitely long and would pass 

arbitrarily close to every point in the feasible parameter space. In practice, however, an 

integer rather than an incommensurate frequency set must be used so that only a finite period 

is needed for integration over s. This introduces two types of error; 

(i) the search curve is no longer space filling, i.e., the search curve cannot sample the 

entire parameter space. 

(ii) the fundamental harmonics used to describe the parameter set }will have 

harmonics that interfere with one another. 

These errors resulting in differences between the integrals (A 1.2) and (A1.3) can be 

made as arbitrarily small as needed by a proper choice of the integer frequency set. 

If all (Oi are integers, all ^ become periodic over the interval {-k , 7z\. The model 

output Vy is therefore also periodic and can thus be Fourier analyzed to obtain their Fourier 

coefficients 

cos(ks) ds, k = 0,1,2 

^ j'3'y[0,(^),.--,9;„(^)] siniks) ds, k = 1,2,3,... (A1.9) 

>r(j) = -t- 2 ^i^A^^cosks + B^^sinks^ (ALIO) (ALIO) 
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If these frequencies were incommensurate the Fourier coefficients and 

would be affected only by the variation in the/* parameter and not by variations in any other 

parameter. These coefficients are then interpreted as sensitivity measures of the model output 

corresponding to the input. It has been shown that {(9yj /ddf.} [Cukieret al. 1973], 

Using Parseval's theorem the mean value ( yj) and the variance of the model 

output yj can be written in terms of the Fourier coefficients 

U) 

we can wnte 

therefore 

( y P  -  . l E  { A ' f f  - (Sl-'f 

(Al.ll) 

(A1.12) 

o; = <>•/> - (y/ = 2 («"'f <A1.13) 

The total variance does not identify the contributions of individual parameters so 

partial variances are introduced. The partial variance of the parameter ^ is obtained by 

selecting the Fourier coefficients corresponding to the fundamental frequency ty, and its 

harmonics - pco^, p - 1,2,....). These coefficients express the contribution of the i''* 

parameter variation into the total variance af of the model output: 

p = I 

The partial variance Cja is obtained by normalizing the sensitivity measure aj/-, to the 

total variance: 

C,7, » 4' "7 (A1.I5) 

Computer implementation of the method requires evaluation of the Fourier 

coefficients and and choice of the parameter frequencies ojj and transformation 
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functions G,. Algorithms designed to perform these tasks fulfilling all the requirements are 

presented in Cukier, et. al [1978], and a computer implementation is described in Uliasz, 

[1988J. 
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A P P E N D I X  2  

DEFINITION OF CRITERIA 

Besides the T, I, P, and TIP criteria, introduced in Chapter 2, the following criteria 

were used as performance measures 

Correlation coefficient (R) 

n 

E - ^\,bs 
R = ^ (A2.1) 

•̂ ohx cnmp 

where: ,v, is the value at the /''* time step, is the standard deviation of x, and n is the number 

of observations. 

Bias 

1 ' - — 51! ~ )• (A2.2) ^ obs comp't n , = i 

Root Mean Square Error (RMSE) 

RMSE = , 
N n /=i 

Hausdorff Norm (Hans) 

The next definitions follow Marron and Tsybakov [1995J and are provided on a two 

dimensional space (x,y). 
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The set G is defined as: 

G = {ix,y):x€[a,b], y = Ax)}czm'- (A2.4) 

the distance from a point to a set is defined as: 

diix,y),G) = inf l|(.r,y) - {x',y')\U (A2.5) 
(.v'.y')6G 

that is, the shortest distance fi-om the given point (x, y) to any point in the closed set G, where 

II . 11, denotes the usual euclidean distance. Distances from the points in a set G, (observed) 

to a set G, (computed) can then be combined into the set of distances 

DiG^,G^) = {</((x,}'),G,):(,v,y)eG,} (A2.6) 

these distances are then combined to give the Hausdorff distance as; 

Haus - max{sup(D{G^,G^)),sup(D{G2,G^))\ (A2.7) 
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