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ABSTRACT 

The level of spatial and vertical detail of important hydrologic processes within a 

watershed that needs to be represented by a conceptual rainfall-runofi' (CRR) model in 

order to accurately simulate the streamflow is not well understood. The paucity of high-

resolution hydrologic information in the past guided the direction of model development 

to more accurately represent processes directly related to the vertical movement of 

moisture within the watershed rather than the spatial variability of these processes. As a 

result, many of the CRR models currently available are so complex (vertically), that 

expert knowledge of the model and watershed system is required to successfully estimate 

values for model parameters using manual methods. Automatic parameter estimation 

procedures, developed to reduce the time and effort required with manual methods, do 

not provide parameter estimates and hydrograph simulations that are considered 

acceptable by the hydrologists responsible for operational forecasting. Newly available, 

high-resolution hydrologic information may provide insight to the spatial variability of 

important rainfall-runoff processes. However, effective and efGcient methods to 

incorporate the data into the current modeling strategies need to be developed. 

This work describes a new hybrid multicriteria caUbration approach that combines 

the strength of automatic and manual cahbration methods. The new approach was used 

to investigate the benefits of different levels of spatial and vertical representation of 

important watershed hydrologic variables with conceptual rainfall runoff models. 
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CHAPTER ONE 

INTRODUCTION AND SCOPE 

1.1 INTRODUCTION 

Conceptual rainfall-runoff (CRR) models have become widely used for 

streamflow forecasting as the demand for timely and accurate forecasts has increases. 

The level of spatial and vertical detail of important hydrologic processes within a 

watershed that needs to be represented by a CRR model in order to accurately simulate 

the streamflow, however, is not well understood. The desire to improve model 

performance has lead to the development of CRR models with highly elaborate functional 

structures to represent the real watershed system as accurately as possible. This has 

resulted in a mismatch between model complexity, problem complexity, and the needs 

and abilities of the user. 

The hydrologic modeling problem can be partitioned into three main components; 

hydrologic model structure, hydrologic data, and parameter estimation procedures (see 

Table LI). Successful development and application of any hydrologic model requires 

careful consideration of each component and its relevance to the overall modeling 

problem. In the next section, the important aspects of each component of the hydrologic 

modeling problem are described in the context of the development and application of 

CRR models. 
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Table 1.1: Hydrologic modeling problem overview 

Hydrologic Data Parameter Estimation Hydrologic Model 
Precipitation Consistency Spatial Complexity 
Soils Properties Performance a) Excess 
Vegetation b) Routing 
DEM Behaviors c) Parameters 
Energy Forcings 
Streamflow Measures Vertical Complexity 
a) Outlet Procedures a) Infiltration 
b) Interior b) Storage 

c)PET 
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1.2 BACKGROUND AND LITERATURE REVIEW 

1.2.1 Hydrologic Models 

Conceptual rainfall-runoff (CRR) models provide an approximate, lumped 

description of the dominant sub-watershed scale processes that contribute to the overall 

watershed scale hydrologic response of the watershed system. In their most basic form, 

CRR models transform rainfall into runoff with two main components, precipitation 

excess generation and flow routing. Precipitation excess is generated as a function of the 

vertical movement of moisture (precipitation, evaporation, transpiration, and losses to the 

system) into and out of the watershed. The flow routing component involves the 

movement of the excess precipitation over the land surface and along stream and channel 

networks to the outlet of the watershed. 

The variability of the excess generation process within the watershed is related to 

the level of spatial variability of the soil properties, vegetation type, and precipitation 

rates throughout the watershed. Li the past, high-resolution information describing these 

characteristics was not readily available. As a result, performance improvements of CRR 

models were primarily focused on improving the representation of processes directly 

related to the vertical movement of moisture within the watershed rather than the spatial 

variability of these processes. 

The level of vertical detail describing the movement of moisture through the soil 

(vertical model structure complexity) can vary significantly among different CRR 

models. The Antecedent Precipitation Index method (Linsley et al., 1949; Sittner et al.. 



1969) is an example of a simple CRR model in which an antecedent soil moisture index 

is combined with a set of linear equations to estimate runoff firom storm precipitation. 

Examples of CRR models with complex vertical structures include the Stanford 

Watershed Model (Crawford, 1966), the Sacramento Soil Moisture Accounting (SAC-

SMA) Model (Bumash et al., 1973), the KINEROS model (Woolhiser et al., 1990), and 

TOPMODEL (Seven and Kirkby, 1979). These models all use large numbers of 

parameters and complex relationships to represent the vertical movement of moisture 

through the soil. 

In general one might expect that the more detail or complexity included in the 

structure of the model, the better the representation of the real watershed behavior 

(streamflow). A number of studies have compared the performance of simple versus 

complex models [Naef, 1981; Loague and Freeze, 1985; Wilcox et al, 1990; Mayeux, 

1995; Michaud and Sorooshian, 1994; Refsgaard and Knudesn (1996); among others]. 

Results from these studies have generally suggested that performance of simple models 

are approximately as accurate as complex models. The development and application of 

complex models, however, continues despite the results of these studies. 

Several researchers have recognized the importance of selecting a model with a 

level of complexity that is appropriate for a given problem [Wheater et al. 1986, Beck et 

al,, 1990; Jakeman and Homberger, 1993; Grayson and Chiew, 1994; among others]. 

Jakeman and Homberger (1993) explored the constraints that observed data place on the 

allowable complexity of rainfall-runoff models. They used time series techniques to 

determine how many parameters are appropriate to describe the relationship between 
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precipitation and streamflow for several watersheds of various sizes using available 

precipitation, air temperature and streamflow data. Their results suggest that the 

information content in a rainfall-runofT record is sufGcient to support models of only very 

limited complexity. 

1.2.2 Hydrologic Data 

In the past, areal averaged inputs to the model, such as precipitation and potential 

evapotranspiration, have been estimated from point measurements made at gauges within 

or near the watershed. Remotely sensed, high-resolution, hydrologic data are now 

becoming available in the United States through a variety of different sources. The NWS 

Next Generation Radar system (NEXRAD) stage m product offers gridded precipitation 

estimates spatially averaged over 4 km by 4 km grid cells and temporally averaged over 1 

hour. Other high-resolution hydrologic information such as topographic, vegetation, and 

soils characteristics are widely available from digital databases (e.g., USGS 3-arc second 

digital elevation models, state soils geographic (STATSGO) 1-km gridded soils data 

[U.S. Department of Agriculture, 1994], U.S. Forest Service 1-km gridded vegetation 

type and density data [U.S. Department of Agriculture, 1992], and USGS 1-km gridded 

land use/land cover data [Anderson et al., 1997]). The incorporation of these high-

resolution data sets, ui particular, the NEXRAD stage EI data, into cunent modeling 

procedures is considered highly desirable by hydrologists. The development of efficient 

and effective methods for doing so is an active area of research. 
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A simple method to incorporate the high-resolution data into the modeling 

process is to average the information over the entire area of the watershed and proceed 

with the current lumped model application. The main advantage of this approach is that 

the existing modeling structure does not need to be modified to use the new data. The 

main disadvantage is clearly the loss of the spatial distribution of information as well as 

the potential for further modeling improvement and understanding. Another, strategy is 

the "semi-distributed" approach in which the watershed is partitioned into a network of 

hydrologic units based on the spatial variability of the precipitation. The main 

disadvantage of this strategy is the increase in model complexity and parameters parallel 

to the increase in partitioning. For complex, highly parameterized models, as the number 

of hydrologic units is increased, the calibration procedure quicidy becomes intractable. 

Further, many of the parameters may not be supported (identifiable) by the information 

contained within the observed data, remotely sensed or otherwise. 

Regardless of the model application procedure, successful estimation of model 

parameters will be limited by the information content and length of the high-resolution 

data sets. While it is generally accepted that the high-resolution data sets contain more 

spatial information than point measurements, it is not clear that the short period of time 

for which these data sets are available is adequate to estimate model parameters with 

current calibration procedures. The residts of previous studies (Yapo et al., 1998) 

indicate that, with current automatic calibration procedures, approximately eight years of 

streamflow and precipitation data are required to adequately parameterize the SAC-SMA 

model in lumped applications. An additional 8 years of historical data is recommended 
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for model evaluation. However, the length of NEXRAD stage III data sets for most 

locations in the United States is less than 6 years. 

Additional information available in long-term gauge precipitation and streamflow 

data may help to identify certain model parameters, thus reducing the negative effect of 

the short NEXRAD stage m data records. Studies of the mean areal precipitation 

estimates derived from NEXRAD versus those obtained from precipitation gauge 

networks have revealed differences between the long term accumulations, individual 

storm totals, and the timing of the events (Finnerty and Johnson, 1997). The impact of 

these differences on model parameterization is not fully understood and is the subject of 

current research efforts. 

1.2.3 Parameter Estimation 

Model parameter estimation (calibration) involves the selection of values for the 

parameters so that the model matches the behavior of the watershed system as closely as 

possible. CRR models are often difGcult to calibrate due to the large number of 

parameters and complex relationships. For example, the SAC-SMA model has 17 

parameters whose values must be specified. While a few of these parameters might be 

estimated by relating them to observable characteristics of the watershed, most are 

abstract conceptual representations of non-measurable watershed characteristics that must 

be estimated through a calibration procedure. 

Cahbration approaches generally involve two components; (I) evaluation of the 

"closeness" between the model outputs and the corresponding measurement data, and (2) 



adjustment of the values of the parameters to improve the closeness. The important 

characteristics of any calibration approach are consistency (the results should be 

repeatable) and performance (the approach should find the optimal solution(s) in an 

efficient manner) - the approach should provide the user with an "optimal" solution(s) 

irrespective of the data, model, or user's ability. 

Manual calibration is the approach most widely used to calibrate hydrologic 

models. In this approach, the "closeness" is typically evaluated in terms of several 

measures, and a semi-intuitive trial-and-error process is used to perform the parameter 

adjustment. Usually, the exact number and nature of these measures is not specified 

clearly. While some aspects of "closeness" may be evaluated in terms of objective 

measures (i.e., one or more mathematical criteria), most are in fact evaluated subjectively 

based on visual comparison of the model outputs and the data. Although the performance 

evaluation and parameter adjustment procedures are usually influenced by guidelmes 

established through previous experiences of model calibration, the actual sequence of 

parameter adjustments will vary from person to person based on their experience and 

training, their understanding of the model structure, the properties of the data, and the 

characteristics of the watershed system. 

The NWS has developed a sophisticated, highly interactive manual procedure to 

estimate parameter values for the SAC-SMA model [Anderson, 1997]. This process has 

been developed and refined over the years to result in excellent model calibrations. 

However, the process is complicated, difficult to leam, and highly labor-intensive, 

requiring a substantial commitment of human resources. As a result, the expertise 
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acquired by one individual through extensive hands-on training and experience with a 

specific model is not easily transferred to another person (or another model). 

Over the past two and a half decades, much research has been devoted to the 

development of automatic methods for model calibration that take advantage of the speed 

and power of digital computers. Such methods seek to be objective and relatively easy to 

implement. However, the model calibrations provided by such methods do not tend to 

provide parameter estimates and hydrograph simulations that are considered acceptable 

by the hydrologists responsible for operational forecasting and have therefore not entered 

into widespread use. Gupta et al. [1998] acknowledged some of the more serious 

limitations with the classical automatic approach and presented a more general 

multicriteria framework for model calibration that recognizes the multiobjective nature of 

the problem. Yapo et al. [1998] developed the MOCOM-UA algorithm, an effective and 

efficient methodology for solving the multiobjective global optimization problem. The 

new multicriteria framework provides an opportunity to reexamine the methods in which 

automatic calibration procedures evaluate the "closeness" between the model outputs and 

the conesponding measurement data. 

Traditional automated calibration methods rely on mathematical measures to 

compare the computed output to the observed data. These mathematical measures are 

primarily based on the computation of the differences, or errors, between the model 

output value and the observed value at each time step. The errors are then aggregated 

over a large range of hydrologic behaviors to estimate an "overall" measure of model 

performance. This aspect of the automatic approach is significantly different than the 
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manual approach and potentially the primary reason for generating solutions that are not 

considered desirable by experts. In addition, the use of overall measures provides little, if 

any, information to the user about the performance of specific structural components of 

the model, potentially hindering future improvements of the model structure. 

1.3 STATEMENT OF THE PROBLEM 

The current approach to development and application of hydrologic models for 

the purposes of streamflow forecasting is in need of serious review. The level of spatial 

and vertical detail of important hydrologic processes within a watershed that needs to be 

represented by a hydrologic model in order to accurately simulate the streamflow is not 

well understood. It is clear, however, that there is a mismatch between model structural 

complexity, hydrologic problem complexity, and the needs and abilities of the user. 

Specifically, the following issues need examination and investigation; 

i) The paucity of high-resolution hydrologic information in the past guided the 

direction of model development to more accurately represent processes 

directly related to the vertical movement of moisture within the watershed 

rather than the spatial variability of these processes. 

ii) Many of the CRR models currently available are so complex (vertically), that 

expert knowledge of the model and watershed system is required to 

successfully estimate values for model parameters using manual methods. 
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iii) Automatic parameter estimation procedures, developed to reduce the time and 

effort required with manual methods, do not provide parameter estimates and 

hydrograph simulations that are considered acceptable by the hydrologists 

responsible for operational forecasting. 

iv) Newly available, high-resolution hydrologic information may provide insight 

to the spatial variability of important rainfall-runoff processes. However, 

effective and efiGcient methods to incorporate the data into the current 

modeling strategies need to be developed. 

v) A redistribution of model structural complexity may be necessary to 

accurately reflect the vertical and spatial complexity of the watershed system. 

1.4 RESEARCH TO BE UNDERTAKEN 

1.4.1 Objectives 

The primary objective of this work is to develop and test a strategy to improve the 

calibration of CRR models that combines the strengths of manual and automated 

approaches. This strategy will facilitate the investigation of parsimonious model 

structures that balance the level of spatial and vertical model complexity with the 

information available in the data, and the needs and abilities of the user. Specific 

objectives are as follows: 
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1. Develop a new "hybrid" approach to model calibration that combines the 

strengths of existing manual and automatic multicriteria methods. 

ii. Demonstrate the power of the approach by means of a case study using the 

SAC-SMA model. 

iii. Compare the results obtained with the new approach to those obtained with 

existing manual and single-criteria automatic approaches. 

iv. Use the approach to investigate the performance improvements associated 

with spatial variability of the excess generation process through a variety of 

different semi-distributed applications of the SAC-SMA model using high-

resolution hydrologic data. 

v. Use the approach to investigate the performance improvements associated 

with different levels of vertical detail describing the movement of moisture 

through the soil. 

1.4.2 Methods 

In this work, a thorough analysis of current manual and automatic calibration 

approaches performed. From this analysis, a hybrid approach that combines the strengths 

of each is developed and tested. A multi-criteria formulation is used to "model" the 

evaluation techniques and strategies used in manual calibration and the resulting 

optimization problem is solved by means of a computerized algorithm. The new 

approach provides a stronger test of model performance than methods that use a single 

overall statistic to aggregate model errors over a large range of hydrologic behaviors. 
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The power of the new approach is illustrated by means of case study using the SAC-SMA 

model in a lumped application. 

The new approach is also used to provide an assessment of the potential 

improvements in CRR model performance that can be achieved by semi-distributed 

modeling of a watershed using high-resolution remotely sensed hydrologic information. 

Specifically, performance comparisons are made within an automated multi-criteria 

calibration framework to evaluate the benefit of "spatial distribution" of the model input 

(precipitation), structural components (soil moisture and streamflow routing 

computations), and surface characteristics (parameters). A comparison of these results is 

made with those obtained through manual calibration. 

Finally, the new approach is used to investigate the value of different levels of 

vertical detail in the model structure to describe the movement of moisture through the 

soil. To accomplish this, a variety of different model structures are constructed with 

different combinations of important excess generation components (e.g., interception 

storage, tension storage, firee storage, percolation, etc.). Each model configuration is 

calibrated using the new hybrid approach and evaluated in terms of multiple behavioral 

measures. 

1.4.3 Model and Data 

This research focuses on applications of the SAC-SMA model for the purposes of 

streamflow forecasting. In particular, a research version of the C language source code, 

maintained by the Department of Hydrology and Water Resources at the University of 
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Arizona, is used in all of the SAC-SMA model applications described within this 

document. In addition, a simple hydrologic model, HYMOD [Boyle et al. 1997; 

Wagener et al., 2001], is used to investigate the value of different levels of vertical detail 

describing the movement of moisture through the soil. HYMOD consists of a variety of 

different excess generation (interception storage, tension storage, &ee storage, etc.), 

percolation, and streamflow routing functions that can be put together in different 

combinations to describe the different hydrologic behaviors of the watershed system. 

Two data sets are used in this work. The first is the historical data &om the Leaf 

BUver watershed (1950 km^) located north of Collins, Mississippi. Forty consecutive 

years of data (WY 1948-88) are available for this watershed, representing a wide variety 

of hydrologic conditions. The Leaf River data have been used extensively in previous 

studies [e.g., Brazil and Hudlow, 1981; Sorooshian and Gupta, 1983]. The second data 

set is for the Blue River watershed located in southern Oklahoma near Blue, Oklahoma. 

A NEXEIAD stage m precipitation data set for the Blue River watershed is available for 

the period 1 June 1993 to 30 April 1999. The NEXRAD product offers gridded 

precipitation estimates, spatially averaged over 4 km by 4 km grid cells and temporally 

averaged over 1 hour. For the same time period, hourly estimates of instantaneous 

discharge are available from a USGS surface-water discharge station. NWS-derived 

hourly values of Potential Evapotranspiration (PET) based on the atlas of NOAA Free 

Water Evaporation [NOAA, 1982] are also available. It should be noted that the PET 

values vary seasonally but not aimually (i.e., an estimate of PET for one year has been 

made and is repeated for each year of record). Soil property information from the USDA 
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State Soil Geographic Database (STATSGO) are available as well as a digital elevation 

model (DEM) of the Blue River watershed created by the staff at the NWS hydrology lab 

&om 30 meter elevation data. The Blue River data set is used in Chapter 3 to explore the 

value of representing spatial variability of important rainfall-runoff processes. 

1.5 ORGANIZATION 

This dissertation is organized into five chapters as follows: 

Chapter two presents an analysis of the similarities and differences between the 

automatic and manual approaches to calibration and proposes a new "hybrid" approach 

that combines the strengths of each. In Chapter three, the approach is used to provide an 

assessment of the potential improvements in rainfall-runoff model performance that can 

be achieved by semi-distributed modeling of a watershed using radar-based (NEXRAD) 

remotely sensed precipitation data. The relative benefits of spatially distributing the 

model input (precipitation), structural components (soil moisture and streamflow 

routing), and surface characteristics (parameters) are examined. In Chapter four, the 

approach is used to investigate the performance improvements associated with different 

levels of vertical detail describing the movement of moisture through the soil. Finally, in 

Chapter five, the conclusions of this research are given and directions for future 

extensions of this work are suggested. 
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1.6 PUBUCATION OF RESEARCH 

The automatic multi-criteria approach described in Chapter 2 has been published 

in a professional journal [Boyle et al., 2000]. A manuscript describing the semi-

distributed modeling study presented in Chapter 3 is in press [Boyle, et al., 2001]. A 

manuscript describing the investigation of the performance improvements associated with 

different levels of vertical detail describing the movement of moisture through the soil 

presented in Chapter 4 is in preparation. This manuscript will be submitted to an 

appropriate professional journal in the near future. Finally, an initial model complexity 

study (results not specifically presented in this dissertation) conducted in collaboration 

with researchers from the Department of Civil and Environmental Engineering, Imperial 

College, London, UK is currently in press [Wagener, et al., 2001]. 
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CHAPTER TWO 

COMBINING THE STRENGTHS OF AUTOMATIC 

AND MANUAL METHODS 

2.1 INTRODUCTION AND SCOPE 

Conceptual Rainfall-Runo£f (CRR) models have become widely used for flood 

forecasting as the demand for timely and accurate forecasts has increased. Such models 

provide an approximate, lumped description of the dominant subwatershed scale 

processes that contribute to the overall watershed scale hydrologic response of the 

system. Most operational CRR models have on the order of 10 or more parameters, 

whose values must be selected so that the modeled response to rainfall closely simulates 

the actual behavior of the watershed of interest. For example, the SACramento Soil 

Moisture Accounting (SAC-SMA) model [Bumash et al., 1973] is used by the National 

Weather Service (NWS) for flood forecasting throughout the United States (Figure 2.1). 

The model has 17 parameters whose values must be specified (Table 2.1). While a few 

of these parameters might be estimated by relating them to observable characteristics of 

the watershed, most are abstract conceptual representations of non-measurable watershed 

characteristics that must be estimated through a calibration procedure. 

The NWS has developed a sophisticated, highly interactive manual procedure to 

estimate parameter values for the SAC-SMA model [Anderson, 1997]. This process has 

been developed and refined over the years to result in excellent model calibrations. 
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Figure 2.1 National Weather Service Sacramento Soil Moisture Accounting Model 
(SAC-SMA). 



Table 2.1: Parameters and state variables of the S AC-SMA model 

Level Two 

Multiple Criteria Single Criterion 
LOG-

Parameter Level Zero Level One Range "Best" RMSE RMSE 

(a) Maximum Capacity Thresholds 
UZTWM 1.0 . 150,0 . 20.8 96.3 58.0 lO.l 127.6 
UZFWM 1.0 - 150.0 - 26.9 - 49J 45.8 31.2 21.0 
LZTWM 1.0 - 500.0 - 196.5 250.3 247.5 257.7 210.0 
LZFPM 1.0 . 1,000.0 120.0 - 140.0 122.4 128J 124.4 120.0 120.1 
LZFSM 1.0 - 1,000.0 40.0 - 60.0 40.0 - 40.9 40.5 40.1 40.1 
ADtMP 0.0 - 0.4 - 0.38 - 0.40 0.40 0.37 0.28 

(b) Recession Parameters 
UZK O.I . 0.5 - 0.13 - OJI 0.18 0.19 0.34 
LZPK 0.0001 - 0.025 0.006 - 0.01 0.006 - 0.008 0.006 0.010 0.007 
LZSK 0.01 - 0.25 0.15 - 0.20 0.17 0.19 0.18 0.20 0.15 

(c) Percolation and Other Parameters 
ZPERC 1.0 . 250.0 204.6 250.0 230.2 249.2 247.5 
REXP 0.0 - 5.0 - 2.5 3.8 3.2 2.5 3.5 
PCTIM 0.0 • O.I 0.0 - 0.02 0.0033 - 0.0088 0.005 0.00002 0.0178 
PFREE 0.0 - 0.6 - 0.002 - 0.13 0.04 0.0002 0.25 

(d) Parameten Not Optimized 
RIVA 0.00 
SIDE 0.00 
RSERV 0.30 
PXMLT I.OO 

(e) State Variables 
UZTWC 
UZFWC 
LZTWC 
LZFPC 
LZFSC 
ADIMC 
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However, the process is complicated, difficult to learn, and highly labor-intensive, 

requiring a substantial commitment of human resources. As a result, the expertise 

acquired by one individual through extensive hands-on training and experience with a 

specific model is not easily transferred to another person (or another model). 

Over the past two and a half decades, much research has been devoted to the 

development of automatic methods for model calibration that take advantage of the speed 

and power of digital computers. Such methods seek to be objective and relatively easy to 

unplement. However, the model calibrations provided by such methods do not tend to 

provide parameter estimates and hydrograph simulations that are considered acceptable 

by the hydrologists responsible for operational forecasting. As a result, automatic 

methods have not yet entered into widespread use. 

In this chapter, an analysis of the similarities and differences between the manual 

and automatic approaches to hydrologic model caUbration is performed and a hybrid 

approach that combines the strengths of each is proposed. The approach "models" the 

evaluation techniques and strategies used in manual calibration by using several objective 

measures to reflect different observable characteristics of watershed behavior. The 

resulting optimization problem is posed within the multi-criterion framework presented 

by Gupta et al. [1998] and solved by means of a computerized optimization algorithm 

[Yapo et al., 1998; Bastidas et al., 1999]. The following sections describe and discuss the 

rationale for this methodology and illustrate the power of the approach through a case 

study using the SAC-SMA model. 
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2.2 STRATEGIES FOR PARAMETER ESTIMATION 

2.2.1 Three Level Classification Scheme 

Model parameter estimation involves the selection of values for the parameters so 

that the model matches the behavior of the watershed system as closely as possible. For 

the purpose of this discussion, we shall classify the parameter estimation process into 

three levels of increasing sophistication. 

In Level Zero, approximate ranges for the parameter estimates are specified by 

examining lookup tables or by borrowing values from similar watersheds that have been 

previously calibrated. Note that these ranges reflect our uncertainty in the values of the 

parameters and might be termed prior estimates, in the sense that they are not conditioned 

on any input-output time series data collected for the watershed of interest. If a point 

estimate is desired, it can be selected from within this range. This approach is often 

applied in the case of ungaged watersheds or when historical data records are insufficient 

for the application of Level One and Two calibration techniques (see below). It is also 

used typically with complex "physics-based" models whose parameters are intended to 

represent measurable physical quantities (e.g., distributed hydrologic models such as 

SHE and land-surface energy and water balance models such as BATS). 

Levels One and Two involve the use of progressively more sophisticated 

procedures for refining the parameter estimates by the use of information available in 

input-output time series data collected for the watershed of interest. They might, 

therefore, be termed posterior estimates. In Level One, the parameter ranges are refined 
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by identifying periods in the output time series where the effects of individual parameters 

(or small group of parameters) are relatively dominant and can therefore be isolated. A 

defining characteristic of Level One is that the effects of parameter interactions are 

essentially ignored. Such procedures are commonly described in introductory level 

textbooks on hydrology [e.g., see Chapter 7 of Linsley et al., 1982]. The U.S. National 

Weather Service follows an explicit set of procedures and guidelines for Level One 

refinement of individual parameters (discussed fiirther in Section 2.2.2). 

Finally, Level Two consists of fiirther refinement (narrowing) of the parameter 

ranges by means of a detailed analysis of parameter interactions and model performance 

tradeoffs. This is the most difficult step in the parameter estimation process, because it 

requires a great deal of understanding of the model and typically involves complex 

decisions that weigh the multiple effects of adjusting several parameters at a time. 

2.2.2 Approaches to Calibration 

The methods employed in both Levels One and Two involve two components: (a) 

evaluation of the "closeness" between the model outputs and the corresponding 

measurement data, and (b) adjustment of the values of the parameters to improve the 

closeness. Manual (sometimes called expert) and automatic calibration techniques can be 

compared and contrasted in terms of how each of these components is implemented. 

Manual Calibration 

Manual calibration is the approach most widely used to calibrate hydrologic 

models, hi this approach, the "closeness" is typically evaluated in terms of several (more 
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than three!) measures, and a semi-intuitive trial-and-error process is used to perform the 

parameter adjustment. Usually, the exact number and nature of these measures is not 

specified clearly. While some aspects of "closeness" may be evaluated in terms of 

objective measures (i.e., one or more mathematical criteria), most are in fact evaluated 

subjectively based on visual comparison of the model outputs and the data. Although the 

performance evaluation and parameter adjustment procedures are usually influenced by 

guidelines established through previous experiences of model calibration, the actual 

sequence of parameter adjustments will vary from person to person based on their 

experience and training, their understanding of the model strucmre, the properties of the 

data, and the characteristics of the watershed system. In the following discussion, 

references are made mainly to the parameter estimation procedures used by the NWS 

during manual calibration of the SAC-SMA flood forecast model. 

The manual calibration process employed by the NWS begins with Level Zero 

parameter estimates obtained (primarily) by examining the range of parameter values for 

previously calibrated watersheds in the local forecast group (a group of neighboring 

watersheds having similar geology, hydrology, and climatology). Next, a systematic 

sequence of steps is followed to develop Level One parameter estimates by examination 

of the hydrometeorological data base for the watershed [Peck, 1976]. Periods in the 

observed time series data are identified where specific hydrologic processes are dominant 

(e.g., baseflow, interflow, surface flow, evaporation, transpiration, abstraction, 

infiltration, etc). For each of these periods, the closeness of the model and the data is 

evaluated visually, and values for the relevant parameters are estimated by heuristic 
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methods. As a trivial example, periods dominated by baseflow are used to estimate the 

baseflow recession rate parameter of the model (for each period) as the slope of the log of 

the hydrograph time series (Figure 12). The range of recession values identified over all 

the relevant periods then represents the new (refined) uncertainty in the value of the 

baseflow recession parameter; a point estimate is typically computed by averaging the 

values. For the SAC-SMA model, Peck [1976] h'sted 5 parameters (Izfpm, Izpk, Izfsm, 

Izsk, and pctim) for which Level One estimates can be easily obtained &om the observed 

hydrograph and precipitation data. Level One estimates for another 6 parameters (Iztwm, 

uztwm, uzk, ssout, uzfwm, and p&ee) are considered possible but more difficult to obtain 

from the data. The estimates for the remaining 6 parameters (sarva, zperc, rexp, side, 

adimp, and rserv) cannot be refined by Level One procedures. 

A graphical user interface called the Interactive Calibration Program (TCP) [NWS, 

1997] was developed by the NWS to facilitate the identification of different 

hydrometeorologic periods within the data for Level One analysis. The ICP program will 

also be an integral part of the new Advanced Hydrologic Prediction System (AHPS) 

initiative recently funded by Congress starting Fiscal year 2000. However, the ICP code 

also enables more detailed empirical and statistical analyses of the observed data, state 

values, and outputs simulated by the model and is, therefore, the primary tool used to 

obtain Level Two parameter estimates via manual calibration. The interactive graphical 

display allows the user to visually observe the impact of parameter adjustments on the 

internal behavior of the model (state variables) and on the "closeness" of the model-

simulated streamflows to the observed hydrograph. 



36 

to' 
Rain 

'Omm(OJ 
•Noi-OiMn Quick (Q  ̂

 ̂ * ONon-OflvmSkwCQ,) 

i 
i 

"<•"00 . % 
ion 

10 20 30 
Time (days) 

Figure 2.2 Partitioning of the observed hydrograph into three components: QD, QQ, 
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The complex effects of parameter interactions on the model responses make Level 

Two calibration a difScult process, requiring training and a great deal of practice to 

master. The hydrologist must simultaneously evaluate a number of subjective and 

objective criteria while iteratively adjusting the parameter values, some of which 

influence the overall behavior of the model while others have a significant impact only 

during certain special hydrologic events. While there are experts skilled at manual 

methods for Level Two parameter estimation, the procedures they use are not explicitly 

defined (some very general guidelines can be found in the ICP manual [NWS, 1997]). 

A comprehensive understanding of the model, the real watershed system, and the 

data is required to produce consistent and reliable results with manual calibration. 

Unfortunately, this knowledge is not easily transferred from person to person or model to 

model and must come from extensive hands-on training and experience with the specific 

model. Even when performed by an expert, the process is highly labor-intensive and 

requires a substantial commitment of human resources. Manual calibration of the SAC-

SMA model to a single watershed may require several hundred hours of effort. Further, 

the subjectivity of the evaluation procedure and the complex trade-offs in the model's 

abilities make it very likely that many different solutions (sets of parameter values) may 

seem to produce equally "good" results. The NWS conducts several workshops annually 

to train hydrologists in caUbration procedures for their models. Development of the skills 

needed to conduct a competent cahbration for the SAC-SMA model can require several 

months of practice [Michael Smith, Hydrologic Research Lab, NWS personal 

communication, 1999]. 
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Automatic Calibration 

Automatic calibration procedures for hydrologic models have been under 

development for at least three and a half decades, with the degree of sophistication 

generally paralleling the increases in computing power. The goal has been to develop an 

objective strategy for parameter estimation that provides consistent performance by 

eliminating the kinds of subjective human judgements involved in the manual approach. 

In the classical approach, borrowed from systems and operations research theory, the 

"closeness" is typically evaluated in terms of a single objective measure (a mathematical 

criterion) of the overall difference between the simulated and observed hydrographs, and 

the parameter adjustment is performed using an optimization algorithm. Considerable 

research has been devoted to trying to identify a "best" criterion [e.g., Sorooshian and 

Dracup, 1980; James and Burges, 1982; Kuczera I983a,b; among others] and the "best" 

optimization algorithms [Brazil and Krajewski, 1987; Brazil, 1988; Wang, 1991; Duan et 

al., 1992, 1993; Sorooshian et al., 1993; among others]. Recent work has suggested that 

automatic calibration procedures also can be extended to handle multiple criteria [Gupta 

et al., 1998, 1999; Yapo etal., 1998]. 

In the automatic approach, the performance evaluation and parameter adjustment 

procedures are objective in the sense that they establish explicit rules by which the actual 

sequence of parameter adjustments is made. The power of the procedure, therefore, 

depends on how well it has been designed to reflect the factors important to a successful 

calibration, and much effort has been devoted to establishing what those factors are. The 

following discussion is based primarily on experiences with the development and testing 
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of automatic parameter estimation procedures for the SAC-SMA flood forecast model. In 

this discussion, the classical single-criterion method and the new multi-criteria approach 

are explicitly distinguished. 

In general, implementation of an automatic calibration process requires the user to 

specify a region of the parameter space which is considered to contain feasible values for 

the parameters; this is given typically as upper and lower bounds on each parameter. It is 

common practice for these bounds to be established via the Level Zero and Level One 

parameter estimation procedures described above for manual calibration. The single-

criterion and multi-criteria automatic calibration methods, therefore, differ only in their 

approach to Level Two calibration. 

The single-criterion approach searches the feasible parameter space for a single 

point that optimizes the mathematical criterion selected to measure the closeness of the 

model output and the data. The 0PT3 automatic calibration code used by the NWS 

allows the user to select from among several choices for the criterion and the 

optimization algorithm. In general, the criterion most commonly used in the literature 

has been the root mean squared error (RMSE) evaluated on either the streamflows or the 

log of the streamflows; 

(2.1) 



where zis either the simulated streamflow or log-streamflow, and z"'*® is the 

corresponding observed value. Of the several optimization algorithms that have been 

tested, the SCE-UA method has generally proved to be both robust and efficient [e.g., 

Duan et al, 1992; Gan and Biftu, 1996; Kuzcera, 1997; Thyer et al., 1999], 

It has been suggested that, although the single-criterion automatic approach is 

able to provide good parameter estimates, it can also "degenerate into pure curve-fitting 

and produce a set of parameters that fit the calibration reasonably well, but are 

hydrologically unrealistic" [Peck, 1976]. For this reason, and because automatic 

approaches require some mathematical background and familiarization with more 

complicated computational tools, the approach has not become popular for routine 

calibration of hydrologic models. It is not difficult to see that the approach has both a 

major strength and a major weakness. Its strength is its use of a robust optimization 

procedure to rapidly make successful parameter adjustments in the presence of strong 

parameter interaction. Its weakness, however, is its "complete dependency on one error 

fimction" [Peck, 1976]. 

The main problem with the single-criterion automatic approach is that the 

criterion must be chosen carefully to measure the difference between the simulated and 

observed hydrographs in a manner that does not place undue emphasis on matching one 

aspect of the hydrograph at the expense of another. While an expert can give due 

consideration to this fact in the course of manual cah'bration, the selection of a single 

criterion before initiating the process of calibration can predispose the automatic 

procedure towards an inappropriate (even hydrologically unrealistic) solution. For 
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example, it has been the experience of researches at the University of Arizona that use of 

the RMSE criterion evaluated on the streamflows tends to overemphasize fitting of the 

flood peaks and leads to strongly biased simulations of the recessions (and hence 

incorrect tracking of soil-moisture storages). 

The multi-criteria approach addresses this problem through a two-step process, hi 

the first step, an automatic search of the feasible parameter space is used to find the set of 

solutions (the so-called "Pareto optimal" region) which simultaneously optimizes several 

user-selected criteria that measure different aspects of the closeness of the model output 

and the data. This quickly results in several viable solutions, reflecting the range of 

different ways in which the hydrograph can be simulated with different kinds of 

"minimal" error [Yapo et al., 1997; Gupta et al., 1998]. In the second step, the solutions 

having unacceptable trade-offs in fitting of the different parts of the hydrograph are 

rejected, and additional criteria (both objective and subjective) are employed to narrow 

the solution space. The major objective of this paper is to demonstrate how the two-step 

multi-criteria automatic approach can be used to develop a hybrid strategy that combines 

the strengths of the manual and automatic calibration, resulting in efflcient, yet 

acceptable, estimates for the parameters of a conceptual hydrologic model. 

2.3 COMBINING THE STRENGTHS OF MANUAL AND AUTOMATIC 

CALIBRATION 

Manual caUbration uses a subjective process of visual inspection and comparison 

of the model output and the observed data to implicitly evaluate (measure) the ability of 
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the model to simulate specific aspects of the hydrologic behavior. Examples of these 

behaviors include the magnitude and timing of the peak flows and the shapes of the rising 

and falling limbs of the hydrograph. In addition, statistical criteria such as monthly and 

seasonal biases are typically used to provide an objective evaluation of the overall (long-

term) behavior of the model, hi principle, it could be said that the hydrologists doing 

manual calibration keep track of a number of different "criteria", most of which are not 

explicitly defined, while adjusting the model parameters. This allows them to balance the 

trade-offs in the ability of the model to simulate various aspects of the hydrograph (i.e., to 

consider the characteristics of the model structural error) with recognition of any 

potential errors in the observed data. Emulation of this process via automatic calibration 

requires the use of explicit mathematical criteria to approximate (model) the implicit 

measures used in the manual approach. This development involves identification of 

several characteristic features of the observed streamflow hydrograph, each representing 

a distinct (preferably unique) aspect of the behavior of the watershed. The "closeness" of 

the model output to the observed data for each of these features is measured objectively 

by means of a mathematical criterion. 

There have been several recent reports on the exploration of hybrid 

methodologies that emulate manual procedures through stepwise application of 

optimization techniques. Sugawara et al. (1984) used a rule-based procedure to identify 

subperiods in the simulated hydrograph for automated adjustment of parameter subgroups 

of the Tank model. Brazil (1988) used an interactive procedure to perform Level One 

estimates of parameter values of the SAC-SMA model, followed by automated global 
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random search and iterative parameter optimization steps. A post-simulation multi-

criteria evaluation (based on up to 10 criteria) was used to obtain Level Two parameter 

estimates. Harlin (1991) and later Zhang and Lindstrom (1997) developed automated 

approaches that emulate the manual calibration procedures for the HVB model 

(Bergstrom, 1976). Their procedures involve partitioning the runoff time series into 

several subperiods associated with specific, dominant hydrologic processes (e.g., rain 

flood, snowmelt flood, and baseflow). Each subperiod is used to calibrate a different 

parameter (or subgroup). An iterative automated procedure cycles through the different 

periods to search for an "optimal" parameter set 

While the previous methods have been shown to be effective, they avoid dealing 

explicitly with the effects of interactions among the model parameters, and in particular 

provide little insight into the performance trade-offs associated with model structiural 

errors. In addition, they are largely model-dependent and must be adapted for use with 

different hydrologic models. The automatic multi-criteria calibration strategy, however, 

provides a more versatile approach to emulating the evaluation procedures used in the 

manual approach to Level Two calibration, while taking advantage of the power and 

efflciency of an optimization algorithm to search the parameter space, hi this approach, a 

multi-criteria optimization problem is defined in terms of simultaneous minimization of 

all the model performance criteria representing the "closeness" of the model output to the 

observed streamflow hydrograph. A multi-criteria optimization methodology, such as the 

Multi-Objective COMplex evolution (MOCOM-UA) algorithm [Yapo et al., 1998], is 

used to search for the Pareto solution space containing the "good" solutions to the 
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problem. Finally, one or more "acceptable" parameter estimates are selected from within 

the Pareto solution space by rejecting solutions with unacceptable trade-o£fs and/or poor 

overall (long-term) statistical characteristics (e.g., annual, monthly, and flow group 

biases). 

The MOCOM-UA is a general purpose global multi-objective optimization 

algorithm that provides an effective and efficient estimate of the Pareto space with a 

single optimization run and is based on an extension of the SCE-UA population evolution 

method [Duan et al., 1993]. A detailed description and explanation of the method are 

given in Yapo et al. [1997, 1998] and so will not be repeated here. In brief, the 

MOCOM-UA method involves the initial selection of a population of p points distributed 

randomly throughout the s-dimensional feasible parameter space. 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 F is computed, and the population is 

ranked and sorted using a Parteo-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 toward the Pareto optimum. The procedure 

terminates automatically when all points in the population become nondominated. 

Experiments conducted using standard synthetic multi-objective test problems have 
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shown that the final population provides a fairly uniform approximation of the Pareto 

solution space [Yapo et al,, 1997,1998]." 

In this chapter, an automated multi-criteria scheme that emulates the manual 

approach with a simple two-step procedure is investigated. In the first step, the 

hydrograph is partitioned into three components based on the reasonable assumption that 

the behavior of the watershed is inherently different during periods "driven" by rainfall 

and periods without rain. Further, the periods immediately following the cessation of 

rainfall and dominated by interflow can be distinguished fi-om the later periods that are 

dominated by baseflow. The streamflow hydrograph can, therefore, be partitioned into 

three components (Figure 2.2), which we call "driven" (QD), "non-driven-quick" (QQ), 

and "non-driven-slow" (QS). The time steps corresponding to each of these components 

are identified through an analysis of the precipitation data and the time of concentration 

for the watershed. The time steps with non-zero rainfalls, lagged by the time of 

concentration for the watershed, are classified as driven. Of the remaining (non-driven) 

time steps, those with streamfiows lower than a certain threshold value (e.g., mean of the 

logarithms of the flows) are classified as non-driven-slow, and the rest are classified as 

non-driven-quick. In this chapter, a simple empirical method is used for partitioning the 

non-driven flows; note that there are a wide range of different techniques based on 

physical reasoning [e.g., Rutledge, 1993; Nathan and McMahon, 1990; among others] 

available for base flow separation that could be used to improve the partitioning of the 

non-driven component. For each of the components, the closeness between the model 

outputs and the corresponding observed values is estimated separately with one or more 
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statistical criteria. Finally, MOCOM-UA is used to search for the Pareto solution space 

containing the "good" solutions to the problem. 

In the second step, one or more "acceptable" parameter estimates are selected 

from within the Pareto solution space by rejecting solutions with unacceptable trade-offs 

and/or poor overall (long-term) statistical characteristics (e.g., annual, monthly, and flow 

group biases). This approach is illustrated in the next section with a case study involving 

parameter estimation for the SAC-SMA model. 

2.4 CASE STUDY 

2.4.1 Introduction 

bi this study, the multi-criteria approach outlined above was used to estimate 

values for the parameters of the SAC-SMA flood forecast model using historical data 

from the Leaf River watershed (1950 km^) located north of Collins, Mississippi. Forty 

consecutive years of data (WY 1948-88) are available for this watershed, representing a 

wide variety of hydrologic conditions. The details of the SAC-SMA model and the Leaf 

River data have been discussed previously in the literature [e.g., Buraash et al., 1973; 

Peck, 1976; Brazil and Hudlow, 1981; Sorooshian and Gupta, 1983; etc.]. The Level Zero 

and Level One estimates of parameter uncertainty (Table 2.1), the unit hydrograph 

ordinates, and potential evapotranspiration demand curve for this watershed have been 

determined previously by Brazil [1988]. Of the 17 model parameters, only 13 are usually 
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estimated via Level Two parameter estimation procedures. An 11-year period (WY 

1952-1962 inclusive) was selected to be used for this purpose. 

2.4.2 Level Two Parameter Estimation 

As described above, the hydrograph was partitioned into three components -

driven (QD), non-driven-quick (QQ), and non-driven-slow (QS). For each of the 

components, the simulation error was measured using the RMSE statistic, resulting in 

three evaluation criteria, designated as FD (driven), FQ (non-driven quick), and FS (non-

driven slow) respectively. The Pareto optimal solution space for the three criteria was 

estimated using the MOCOM-UA multi-criteria optimization algorithm [Yapo et al., 

1997]; the algorithm used 15,533 trials and approximately 1 hour of computer time (on a 

Sun workstation) to converge to a set of500 Pareto optimal solutions. 

The resuhs of the multi-criteria automatic calibration run are shown in Figures 2.3 and 

2.4. Figures 2.3a-c present two-dimensional projections of the three-criterion trade-off 

surface represented by the 500 Pareto optimal parameter sets (indicated by the light gray 

dots). These figures clearly illustrate the inabili^ of the model to simultaneously match 

all three aspects of the hydrograph. For example. Figure 2.3b indicates a smoothly 

varying trade-off between the models' ability to match the driven (QD) and the non-

driven-slow (QS) portions of the hydrograph (similarly see Figure 2.3c). Figure 2.3a, 

however, shows that the FD and FQ criteria are very highly correlated, indicating that 

these two portions of the hydrograph contain very similar information about the 

parameters of this model, and that one of these criteria can be considered to be redundant 
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in this case study. As a result, equivalent solutions can be expected (for this model 

structure and data set) using only two criteria, either a combination of FD and FQ with 

FS, or FD with FS, or FQ with FS. The behavior of the model within FD and FQ is 

strongly influenced by the shape of the unit hydrograph, which was fixed (not optimized) 

in this case study. Optimization of the unit hydrograph shape, or replacement and 

optimization of a different routing model, may increase the models ability to fit the FD 

and FQ components and, as a result, reduce some of the correlation. Note also that the 

solutions corresponding to the best fits to the QD, QQ, and QS portions of the 

hydrograph (i.e., solutions corresponding to minimal FD, FQ and FS) correspond to the 

extreme points of the set of light gray dots on each plot. 

Figures 2.3a-c also reveal that the trade-offs in fitting the three hydrograph 

components are quite significant. For example, the RMSE error in fitting the slow-flow 

component QS increases fi:om 2.5 cms to 4 cms as the RMSE error in fitting the driven 

(rising limb) component QD decreases firom 25 cms to 22 cms. The l.S cms variation in 

QS error is a fairly large fraction (33%) of the average slow-flow level (4.5 cms), while 

the 3 cms variation in QD error is only 9% of the average rising limb flow level (35 cms). 

The normalized parameter plot presented in Figure 2.3d shows the variability in 

the parameter values for the 500 Pareto optimal solutions (indicated by the light gray 

lines). Each line across the graph represents one of the parameter sets. The maximum 

range for each parameter is the parameter uncertainty remaining after the Level One 

analysis (Table 2.1). Notice that the parameter uncertainty has been reduced significantly 
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Figure 2.3 Pareto solutions obtained with the automatic multi-criteria approach to 
calibrate the SAC-SMA model: (a-c) two-dimensional projections of 
objective space, and (d) normalized parameter space. Marked points 
correspond to, respectively, 500 Pareto solutions (gray points), extreme 
points in RMSE and bias trade-off analysis (A and C), "best" point 
selected from trade-off analysis (B), SCE-RMSE solution (D), and SCE-
Log-RMSE solution ^). lines correspond to, respectively, 500 Pareto 
solutions (gray soUd), solution A (dashed black), solution B (solid black), 
and solution C (dash-dot black) 
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by the multi-criteria optimization, hi particular, the parameters Izfpm and Izfsm show 

virtually no sensitivity to the trade-ofif analysis, indicating that these values are very 

precisely determined, hi addition, the parameters Izpk and Izsk show only small amounts 

of variability. These results provide strong support for the claim by Peck [1976] that 

estimates for these 4 lower zone parameters (which are primarily associated with the 

shape of the slow-flow component of the hydrograph) can be easily obtained from the 

observed data (see Section 2.2.2). 

In general, there is larger variability in the estimates for pctim, uztwm, uzk, zperc, 

rexp, and pfree. These parameters are associated with partitioning of the hyetograph into 

quick-flow (overland and interflow) and infiltration (called percolation in the SAC-SMA 

model). The variability in these parameters is consistent with the intuitive notion that the 

structural error in the model is associated primarily with difficulties in correctly modeling 

the non-linear and spatially variable infiltration processes at the surface. 

Taken together, these results suggest (not surprisingly) that the lumped conceptual 

representation of lower zone recession processes in the SAC-SMA model is actually quite 

adequate, and that further attempts to improve the model would be most productive if 

focused on upper zone processes. These results also imply that the long sequences of 

systematic errors commonly observed in the slow-flow portions of the simulated 

hydrograph are caused primarily by incorrect estimation of the volume and timing of 

percolation. 

Figure 2.4a presents the results in the hydrograph space for a 100-day portion of 

the calibration period. Figure 2.4b shows the same information in the log-transformed 
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flow space so the slow-flow behavior can be clearly seen. The filled circles correspond 

to the observed data, the light-gray region corresponds to the hydrograph trade-oCf 

uncertainty associated with the 500 Pareto optimal solutions, the solid line corresponds to 

the minimal FD (driven) solution, and the dashed line corresponds to the minimal FS 

(non-driven-slow) solution. Notice that the minimal FD solution tends to fit the peaks 

better at the expense of overestimating the recessions, while the minimal FS solution fits 

the recessions better at the expense of overestimating the peaks (the minimal FQ solution 

is aUnost identical to the minimal FD solution and is not plotted). More interesting, 

however, is that the uncertainty region as a whole tends to overestimate the hydrograph 

recessions, again supporting the inference that the percolation estimates are incorrect 

(biased). 

2.4.3 Selecting a "Best" Parameter Set 

The analysis presented above illustrates how the automatic multi-criteria approach 

generates a set of Pareto optimal solutions which provide useful information about the 

characteristic behaviors of the model and its strengths and limitations. However, to use 

the model for on-line streamflow forecasting, it is desirable to select a single 

representative parameter set that provides an acceptable trade-ofif in fitting of the 

different parts of the hydrograph. For this purpose, we draw again on the standard 

methods employed in manual calibration by NWS hydrologists. Two important 

considerations are that the long-term bias of the model simulations is as close to zero as 

possible (i.e., the model preserves the observed water balance) and the overall residual 

variance is relatively small. A third important consideration is that the bias by flow level 
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also tends to be close to zero. Figure 2.5 shows a bi-criterion plot of the overall ll-year 

percent bias against residual variance for the 500 potential solutions generated by the 

multi-criteria optimization run. The pattern of the points clearly indicates a trade-off 

between the bias and variance - the points with minimal variance tend to have strong 

positive bias, whereas the points having close to zero bias have somewhat larger error 

variances. This plot shows that the classical approach, which uses a single overall RMSE 

criterion for model calibration, may give small error variances but at the expense of 

significant model bias (leading to parameter estimates that "fit the data" but are 

unacceptable to manual calibration experts). Lindstrom (1997) also acknowledged this 

fact and proposed a single-criterion approach to correct tor it based on a weighted 

combination of variance and bias measures. 

Figure 2.5 also shows that only 24 of the original 500 points fall on the Pareto 

frontier (i.e., these 24 points are superior to the remaining 476 points in a multi-criteria 

sense). The three points marked A, B, and C are of special interest ~ A and C represent 

the extreme points in the trade-off analysis, while B has the smallest overall bias 

(essentially zero). Figure 2.6 shows the percent bias by flow group for each of the 500 

solutions, with points A, B, and C highlighted. Notice that the minimum variance point 

C (dash-dot line) tends to severely overestimate the low and medium flow portions of the 

hydrograph, while point A (dashed line) tends to underestimate the low flow region. 

However, point B (solid line) seems to be relatively balanced across the fiiU range of 

flows. Based on this analysis, the point B would be selected as the parameter set to be 

used for streamflow forecasting. 
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Figure 2.5 Trade-off analysis of 500 Pareto solutions evaluated over entire calibration 
period. Marked points correspond to, respectively, 24 Pareto frontier 
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The relative locations of the points A, B, and C in the original multi-criteria (FD, 

FQ, FS) space are shown in Figure 2.3. Points A and C fall near opposite ends of the 

trade-off surface. However, point B, selected to have minimal overall bias, seems to 

represent a reasonable compromise between matching of the three criteria (FD(B) = 22.7, 

FQ(B) = 25.6, FS(B) = 2.9). For completeness, Figure 2.3d shows the relative position of 

the three points in the parameter space. 

2.4.4 Comparison with Conventional Single-Criterion Calibration 

To demonstrate the advantages of the Level Two multi-criteria approach, we 

show a comparison with the results obtained by conventional single-criterion automatic 

calibration (e.g., Sorooshian and Gupta, 1993). The SAC-SMA model was calibrated by 

separately fitting to the RMSE criterion and the Log-RMSE criterion (RMSE evaluated 

after log-transformation of the flows) using the SCE-UA global optimization algorithm 

(Duan et al., 1993). The SCE-RMSE and SCE-Log-RMSE calibration results have been 

plotted as points D (plus symbol) and E (square symbol), respectively, in Figures 2.3,2.5, 

and 2.6 for easy comparison with the multi-criteria results. From Figures 2.3a-c and 

Figure 2.6, we see (as expected) that the SCE-RMSE solution is biased towards fitting the 

high flow portions of the hydrograph (particularly the non-driven-quick (FQ) portion) at 

the expense of poor fitting of the non-driven-slow portion, while the SCE-Log-RMSE 

solution is biased towards fitting the low-flow portions of the hydrograph at the expense 

of poor fitting of the driven and non-driven-quick portions. In general. Figures 2.3, 2.5, 

and 2.6 show that the SCE-RMSE Q)oint D) parameter values are similar (and provide 



similar performance) to those for point C (Pareto set solution having minimum overall 

variance) and tend to provide hydrographs with larger overall bias. 

To verify the consistency and reliability of the results, the performance of the 

multi-criteria estimate B and the single-criterion estimates D and E were evaluated over a 

36 water-year period of the available data. Table 2.2 shows that the overall percent bias 

and variance statistics for the parameter estimates change (increase) in a similar way 

from calibration to evaluation period. However, the multi-criteria estimate B provides 

smaller overall bias. Figure 2.7 shows the percent bias and variance statistics broken out 

for each of the 36 individual water years. The three columns show the statistics plotted 

against the mean annual flow (as a measure of "wemess") for the three parameter sets B 

(Figure 2.7a-b), D (Figure 2.7c-d), and E (Figure 2.7e-£). Figure 2.8 shows the frequency 

plots for each statistic. On the average, the percent bias for wet years tends to be similar 

for all three parameter sets, while the percent bias for dry and average years tends to be 

larger (more positively biased) for the single-criterion estimate D (Figures 2.7a-c). This 

difference in the statistical tendencies can be seen clearly in the percent bias frequency 

plot (Figure 2.8). Further, the annual RMSE statistic tends to increase with annual 

wetness for all three parameter sets (Figures 2.7d-e), but the statistical tendency is similar 

(on average) for the B and D parameter sets and significantly better than the E parameter 

set. hi general, we can conclude that the multi-criteria estimate B provides statistically 

similar distributions of annual error variance as estimate D but with smaller overall bias. 



Table 2.2; Overall statistics for selected parameter sets 

%i 
Calibration 

ias 
Evaluation 

RMS 
Calibration 

E 
Evaluation 

Multi-Criteria (B) 
Single Criterion (D) 
Single Criterion (E) 

-0.05 
8.9 
6.1 

6.5 
14.4 
11.7 

19.2 
18.0 
22.5 

19.7 
18.8 
24.6 
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2.4.5 Comments about "Equifinality" 

It has been suggested (e.g., see Beven and Binley, 1992) that many models are 

overparameterized resulting in "equifinality" of model performance associated with 

widely different values for the model parameters (where we understand equifinality to 

mean essentially indistinguishable model behaviors). Figure 2.9 shows a frequency plot 

of the overall calibration period RMSE for all 500 parameter estimates belonging to the 

Pareto solution set. The plot shows that about 90% of the points have very similar 

overall RMSE values, seemingly supporting the argument for equifinality. However, 

Figures 2.3a-c clearly show that these same points do not appear to be similar when 

examined in terms of their abilities to simulate different portions of the hydrograph, 

clearly indicating that the points cannot be considered to be equifinal. 

It can be argued, therefore, that any single overall statistic, which aggregates 

model performance errors over a large range of hydrologic behaviors, is a relatively weak 

test of model performance. One cannot, therefore, conclude equifinality by recourse to 

such a test. Furthermore, one should be particularly careful not to infer erroneous 

conclusions about parameter identifiability without recourse to examination of a number 

of different measures, each emphasizing a different important aspect of model behavior. 

2.5. CONCLUSIONS 

There is an increase in the level of effort involved in obtaining progressively more 

refined estimates for the parameters of hydrologic models. Level Two parameter 

estimates (that account for parameter interactions and model performance trade-offs) are 
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particularly difficult to obtain by manual methods, requiring extensive training as well as 

considerable experience with the specific model. This expertise is difficult to transfer 

from person to person and model to model. 

This chapter explores the relationship between the manual and automatic procedures 

for model calibration and presents a two-step automatic multi-criteria approach for 

obtaining Level Two parameter estimates. The approach combines the strengths of 

manual and automatic methods by emulating the evaluation techniques and strategies 

used in manual calibration. By solving the resulting multi-criteria optimization problem 

with a computerized global search procedure algorithm, the time and effort required to 

estimate the parameter range representing the trade-offs in the performance of the model 

are dramatically reduced. As a result, the attention of the hydrologist can be redirected 

from the tedious effort of manually searching for the "good" region to the more 

productive task of evaluating solutions from within the region found with the use of the 

automatic search algorithm. Finally, a simple strategy, modeled on manual procedures, is 

suggested as an aid to the hydrologist in analysis and elimination of the solutions within 

the trade-off range. 

A case study using the SAC-SMA model was used to demonstrate the performance 

of the new approach. The results indicate that parameter sets selected from within the 

Pareto region tend to provide consistent and reliable model forecasts. Further, the 

properties of the Pareto region provide information useful for evaluating the limitations 

of the various components of the watershed model, thereby pointing towards potential 

structural improvements. The approach provides a stronger test of model performance 
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than methods that use a single overall statistic to aggregate model errors over a large 

range of hydrologic behaviors. 
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CHAPTER THREE 

INCORPORATING SPATIAL INFORMATION 

3.1 INTRODUCTION, MOTIVATION, AND SCOPE 

Conceptual Rainfall-Runoff (CRR) models are often difficult to calibrate due to 

the large number of functional parameters and complex relationships. Systematic manual 

calibration techniques such as those developed by the U.S. National Weather Service 

(NWS) for calibration of the Sacramento Soil Moisture Accounting (SAC-SMA) model 

can result in good model calibrations but are complicated and highly labor-intensive. 

Traditional automatic calibration procedures take advantage of the speed and power of 

digital computers, while being objective and relatively easy to implement. However, 

they do not provide parameter estimates and hydrograph simulations that are considered 

acceptable by the hydrologists responsible for operational forecasting and have therefore 

not entered into widespread use. Gupta et al. [1998] acknowledged some of the more 

serious limitations with the classical automatic approach and presented a more general 

multi-criteria framework for model calibration that recognizes the multi-objective nature 

of the problem. Yapo et al. [1998] developed the MOCOM-UA algorithm, an effective 

and efficient methodology for solving the multi-objective global optimization problem. 

In Chapter 2, an analysis of the similarities and differences between the automatic and 

manual calibration approaches was performed and a new hybrid multi-criteria approach 

that combines the strengths of each was developed, hi Chapter 2, it was demonstrated 

that the new approach could be used to emulate some of the important aspects of the 

manual approach pursued by an expert. Further, the approach provides information that 
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is useful for evaluating the limitations of the various structural components of the model, 

thereby pointing toward potential structural improvements. 

The majority of CRR model calibration studies have typically been concerned 

with "lumped" applications (i.e., averaging of the dominant subwatershed scale processes 

that contribute to the overall watershed scale response). However, remotely sensed, high-

resolution hydrologic information (e.g., NEXRAD Stage in precipitation data [Klazura, 

G.E., and Imy, D.A., 1993]) is now becoming widely available (at least in Europe and the 

U.S.), and hydrologists have begim to incorporate this information into their modeling 

procedures [e.g., Smith et al., 1999; Michaud and Sorooshian, 1994; Ogden and Julien, 

1993,1994; Winchell et al., 1998; Krajewski, et al., 1991; among others]. This has led to 

the development of relatively complex "fully-distributed" models that allow the user to 

construct a very detailed representation of the spatial variability of the hydrologic 

processes within the watershed (e.g., SHE [abbott et al., 1986a], among others.). The 

main premise is that the spatial detail will lead to an improved understanding of the 

watershed behavior while improving simulations. However, the degree to which the 

spatial variability of each process needs to be represented (to provide the maximum 

improvement in the simulations) is not well understood. Further, these models typically 

have a very large number of parameters for which values must be estimated, either 

through a calibration procedure or from maps of watershed properties. 

hi the case of streamflow (flood) forecasting, the primary concern is to generate 

estimates of discharge at a limited niunber of fixed points along the river channel, and 

there is typically little need for spatially detailed information about the various internal 
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states of the watershed. An attractive alternative to the lumped and fiilly distributed 

approaches is the so-called "semi-distributed" approach in which the watershed is 

conceptualized as a network of functionally distinguishable land segments (sub-

watersheds), each represented by a lumped CRR model. The runoff response from each 

segment is routed to the outlet of the watershed to compute the total watershed response. 

In this approach, the spatial variability of the hydrologic processes within the watershed 

is represented through the number and location of segments, which determine the degree 

of spatial distribution of the model input (precipitation), structural components (soil 

moisture and streamflow routing computations), and surface characteristics (parameters). 

The added complexity in going from a lumped to a semi-distributed 

representation of a watershed results in a significantly more complex model calibration 

problem. CRR models tend to use complex, highly parameterized, vertical 

representations (of the movement of moisture through the soil), and the overall number of 

parameters to be estimated for each unit can be quite large. Further, many of the 

parameters may not be supported (identifiable) by the information contained within the 

observed data, remotely sensed or otherwise [Jakeman and Homberger, 1993; Wagener et 

al., 1999; Wheater et al., 1993; among others]. As the number of hydrologic segments is 

increased, the calibration procedure (manual or automatic) can quickly become 

intractable. Operational use of semi-distributed rainfall-runoff model applications to 

produce flood forecasts has therefore been limited. 

The focus of this chapter is to provide an assessment of the potential 

improvements in rainfall-runoff model performance that can be achieved by semi-
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distributed modeling of a watershed using radar-based (NEXRAD) remotely sensed 

precipitation data. The relative benefits of spatially distributing the model input 

(precipitation), structural components (soil moisture and streamflow routing), and surface 

characteristics (parameters) are examined. The CRR model used is the NWS Sacramento 

Soil Moisture Accounting (SAC-SMA) model [Bumash et al., 1973]. The multi-criteria 

framework developed in Chapter 2 for application to lumped hydrologic models is used 

to calibrate the semi-distributed model in terms of three objective measures designed to 

reflect the different observable characteristics of watershed behavior (peak flow and 

timing, quick recession, and baseflow). Multi-criteria performance comparisons among 

the different model applications are used to evaluate the benefits of various types and 

degrees of spatial complexity. Results &om an independent NWS manual (expert) 

calibration study are used as a basis to evaluate the approach. 

This chapter is organized as follows: the background and context for the work is 

discussed in Chapter 3.2. The theoretical and practical basis for applying the multi-

criteria methodology to investigate spatially distributed modeling approach on a study 

watershed is presented in Chapter 3.3. The results of the model applications are 

presented in Chapter 3.4, and Chapter 3.5 discusses the results and future extensions of 

the study results. 

3.2 BACKGROUND 

Since the early 1990s, the NWS has been investigating methods to assess the 

benefit (improvement in streamflow forecasts) of representing the spatial variability of 
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the high-resolution precipitation, soil, and vegetation properties within the NWS 

modeling system [Smith et al., 1999, 2000]. One primary focus has been the 

incorporation of high-resolution, remotely sensed, Next Generation Radar (NEXRAD) 

Stage m precipitation data into standard NWS procedures for flood forecasting using the 

SAC-SMA model (SAC-SMA model described in Chapter 2). 

In a recent study, the NWS applied the SAC-SMA model to five different 

watersheds in both lumped and semi-distributed applications and compared the resulting 

streamflow simulations to observed data [Smith et al., 1999, 2000; Zhang et al., 2000]. 

The results indicated that for four of the watersheds characterized as having a deep soil 

layer (more than 150 cm) the accuracy of the semi-distributed simulations "did not show 

significant improvement in accuracy" when compared to the lumped simulations. 

However, the results for the remaining watershed (Blue River at Blue, OK), characterized 

as having much shallower soils, "were improved significantly" by use of the semi-

distributed model. Based on these findings, the Blue River watershed was selected for 

the studies reported in this chapter. 

3.2.1 Description of Blue River Watershed and Data 

The Blue River watershed is located in southern Oklahoma near Blue, Oklahoma 

(Figure 3.1). The watershed is a long narrow valley with a contributing area of 1227 km^ 

1999]. The United States Geological Survey (USGS) surface-water discharge station 

#07332500, Blue River near Blue, Oklahoma, is located at the outlet of the watershed and 

has been in operation since 1948. 
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Figure 3.1 Location of Blue River watershed 



A NEXRAD stage in precipitation data set for the Blue River watershed was 

obtained for the period 1 June 1993 to 30 April 1999. The NEXRAD product offers 

gridded precipitation estimates, spatially averaged over 4 km by 4 km grid cells and 

temporally averaged over I hour. For the same time period, hourly estimates of 

instantaneous discharge are available from the USGS surface-water discharge station. 

The NWS-derived hourly values of Potential Evapotranspiration (PET) are based on 

long-term average values obtained &om the atlas of NOAA Free Water Evaporation 

[NOAA, 1982], It should be noted that the PET values vary seasonally but not annually 

(i.e., an estimate of PET for one year has been made and is repeated for each year of 

record). 

The NWS created a digital elevation model (DEM) of the Blue River watershed 

&om 100 meter (cell size) elevation data. The watershed was partitioned into eight 

subwatersheds (Figure 3.1) based on an analysis of DEM stream connectivity data 

(stream channel structure), and the variability of the high-resolution soil property 

information available from the USDA State Soil Geographic Database (STATSGO) for 

the resulting subwatersheds [Victor Koren, Hydrologic Lab, NWS, personal 

communication, 2000]. The average soil depth determined from the STATSGO 

information and the contributing area of each subwatershed are listed in Table 3.1. 

Mean Areal Precipitation (MAP) values for each of the eight subwatersheds were 

estimated from the 4 x 4 km NEXRAD Stage IH hourly precipitation data. Unit 

hydrographs for each subwatershed were developed in conjunction with the DEM, using 



Table 3.1; Subwatershed attributes 

Subwatershed Contributing 
Area(km^) 

Ave. Soil Depth 
(m) 

1 153.1 1.19 
2 150.0 0.88 
3 153.1 0.83 
4 144.0 1.70 
5 162.9 1.71 
6 165.0 1.75 
7 169.9 1.75 
8 129.0 1.75 
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the methodology described by Smith et al. [1999], to route the simulated chamiel inflow 

to the outlet of the watershed. For the lumped conceptualization, the unit hydrograph was 

derived &om the subwatershed unit hydrographs. 

3.2.2 NWS Modeling Strategy 

The NWS applied the SAC-SMA model in both lumped and semi-distributed 

(eight subwatersheds) forms to the Blue River watershed. In the lumped case, the 

channel inflow was computed at each time step for the entire watershed and then routed 

to the outlet with a single unit hydrograph. In the semi-distributed case, the soil-moisture 

computations were made separately for each subwatershed, and the resulting simulated 

channel inflows were then routed independently to the outlet of the watershed and 

combined to compute the total simulated streamflow for the entire watershed. 

The NWS first used a sophisticated, highly interactive manual procedure to 

estimate values for 13 of the SAC-SMA parameters (four were set to default values) 

[Anderson, 1997] for the lumped watershed case. In this procedure, initial values for the 

calibration parameters are estimated &om analytical relationships derived by Koren et al. 

[2000] based on soil property data (STATSGO soil texture data). While these estimated 

values are not "optimum" values, they are considered (by the NWS) to be "very 

reasonable initial approximations" [Koren et al., 2000]. Next, a systematic sequence of 

steps is followed to develop parameter estimates based on an examination of the 

hydrological database (precipitation, PET, and streamflow) of the watershed. Periods in 

the observed time series data are identified where specific hydrologic processes are 



dominant (e.g., baseflow, interflow, surface flow, evaporation, transpiration, abstraction, 

infiltration, etc). For each of these periods, the closeness of the model and the data is 

evaluated visually, and values for the relevant parameters are estimated by heuristic 

methods. In the last (and most difGcult) step of the procedure, the hydrologist must deal 

with the effects of parameter interactions on the model responses by simultaneously 

evaluating a number of subjective and objective criteria while iteratively adjusting the 

parameter values so that the model matches the behavior of the watershed system as 

closely as possible. 

For the semi-distributed case, there are 104 parameters to be estimated (13 for 

each of the eight subwatersheds). For each subwatershed, irutial parameter values were 

estimated from the soils data using the analytical relationships developed by Koren et al. 

[2000]. Next, the calibration parameter values were adjusted manually while maintaining 

the ratios between the initial parameter values among the subwatersheds. Finally, a "fine 

tuning" of the parameter estimates for each subwatershed was done through a 

complicated and subjective examination of the hydrological database of the watershed 

and through consideration of the soil-moisture state and simulated hydrograph (at the 

outlet of the watershed) for each subwatershed. This step requires the hydrologist to 

search the entire simulation period for consistent deviations between the model and 

watershed behavior and to make appropriate parameter adjustments (e.g., precipitation 

events that occur primarily over a single subwatershed can be isolated and the 

corresponding parameters adjusted to improve the associated streamflow simulations). 
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Clearly, the large number of model parameters and limited number of isolated events for 

each subwatershed limit the eSectiveness of this approach. 

3.3 METHODS 

The manual cahbration conducted by the NWS was used in this study as the basis 

for an evaluation of the strengths and weaknesses of the automatic multi-criteria 

calibration approach [Gupta et al., 1998; Boyle et al., 2000]. In addition, a number of 

different model runs were conducted to investigate the benefit of different levels of 

spatial representation of model input (precipitation), structural components (soil moisture 

and streamflow routing computations), and surface characteristics (parameters) of the 

SAC-SMA model applied to the Blue River watershed. The study was designed to 

complement the NWS semi-distributed studies on the Blue River by expanding our 

understanding of the specific benefits associated with different levels of spatial 

representation of the model. 

3.3.1 Multi-criteria Parameter Estimation Methodology 

The multi-criteria approach to calibration presented in detail in Chapter 2 and by 

Boyle et al. [2000] combines the strengths of both automated and manual calibration 

methods. The approach involves the identification of several characteristic features of 

the observed streamflow hydrograph, each representing a distinct preferably unique) 

aspect of the behavior of the watershed ("driven" (QD), "non-driven-quick" (QQ), and 

"non-driven-slow" (Qs) - see Chapter 2 for detail). For each of the components, the 
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closeness between the model outputs and the corresponding observed values is estimated 

separately using the RMSE statistic, resulting in three evaluation criteria, designated as 

FD (driven), FQ (non-driven quick), and PS (non-driven slow), respectively. The Multi-

Objective COMplex evolution (MOCOM-UA) algorithm [Yapo et al., 1998; Bastidas et 

al., 1999] was used to solve the multi-criteria optimization problem. 

3.3.2 Description of this Study 

hi this study, a series of lumped and semi-distributed applications of the SAC-

SMA model to the Blue River watershed was made to investigate the improvements in 

model performance associated with various levels of spatial representation of model input 

(precipitation), structural components (soil moisture and streamflow routing 

computations), and surface characteristics (parameters). Each model application was 

designed to isolate the effects of the different levels of spatial representation in terms of 

specific desirable watershed behaviors (driven flow-'peaks and timing", non-driven 

quick flow-'quick recession" responses, and non-driven slow-"baseflow" responses). 

The calibration data set (precipitation, PET, and streamflow) used in this study was the 

same as that used in the NWS study. Model calibration and evaluation of the 

performance improvements for each application were performed using the multi-criteria 

approach described above. For each case, the Pareto optimal solution space for the three 

criteria (FD, FQ, and FS) was estimated by 500 solutions generated using the MOCOM 

algorithm. 
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Five separate cases of spatial distribution of the SAC-SMA model were 

investigated (see Table 3.2). In Case 1 (LUMP-ALL), the SAC-SMA model was applied 

in a lumped configuration precipitation P, soil moisture computations S, and streamflow 

routing computations R, were all lumped) to the Blue River watershed. This case served 

as a benchmark for performance comparisons with Cases 2-5, in which the SAC-SMA 

model was applied in varying levels of spatial distribution to the 8-subwatershed 

configuration used by the NWS. Note that, in Cases 2-4, the model parameters were 

treated as lumped (all the subwatersheds were assigned the same values of the 13 

calibration parameters - see Table 3.3) and only the spatial distribution of the model input 

and structural components was investigated. 

hi Case 2 (DIST-PS), the precipitation and soil-moisture computations were 

spatially distributed among the subwatersheds, but the routing was treated as lumped. In 

this application, soil-moisture computations were performed separately to compute 

separate channel inflow sequences for each subwatershed, but these were combined into a 

total channel inflow for the entire watershed before routing to the outlet of the watershed 

using a single unit hydrograph. hi Case 3 (DIST-PSR), the precipitation, soil-moisture 

computations, and streamflow routing computations were spatially distributed among the 

subwatersheds to assess the additional benefit of distributed routing. In this application, 

the channel inflow computed for each subwatershed was independently routed to the 

outlet of the watershed with separate unit hydrographs and then combined to estimate the 

total runoff &om the watershed, hi Case 4 (DIST-SR), the precipitation was treated as 
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Table 3.2; Table of different modeling cases 

Case# Case Name Precip. Soil moisture. Routing Params 
(P) Comp. (S) Comp. (R) 0) 

I LUMP-ALL L L L L 
2 DIST-PS D D L L 
3 DIST-PSR D D D L 
4 DIST-SR L D D L 
5 DIST-PSRe D D D D 

L = Lumped 
D = Distributed 
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Table 3.3; Parameters and state variables of the SAC-SMA model 

Multi-criteria NWS Lumped 
Parameter Description Calibration Range 

NWS Lumped 

UZTWM Upper zone tension water max. storage (mm) 1.0 - 200.0 40 
UZFWM Upper zone free water max. storage (mm) l.O - 100.0 37 
LZTWM Lower zone tension water max. storage (mm) 90 - 200.0 160 
LZFPM Lower zone free water primary max. storage (mm) 50 - 400.0 120 
LZFSM Lower zone free water supplemental max. storage (mm) 1.0 90.0 75 
ADIMP Additional impervious area (decimal fraction) 0.0 0.4 0.0 
uac Upper zone free water lateral depletion rate (day ') O.t 0.9 0.5 
LZPK Lower zone primary free water depletion rate (day*') 0.0008 0.01 0.002 
LZSK Lower zone supplemental free water depletion rate (day"') 0.01 0.2 0.03 
ZPERC Maximum percolation rate (dimensionless} 1.0 - 250.0 180 
REXP Exponent of the percolation equation (dimensionless) 1,0 3.0 1.8 
PCriM Impervious fraction of the watershed area (decimal tract.) 0,0 0.01 0.008 
PFREE Fraction of water percolating from upper zone directly to 0.0 0.6 0.04 

lower zone free water storage (decimal fhict) 
RIVA Riparian vegetation area (decimal fhict) 0.00 0.00 
SIDE Ratio of deep recharge to channel tniseflow 0.00 0.00 

(dimensionless) 
RSERV Fraction of lower zone free water not transferable to lower 0.30 0.30 

zone tension water (decimal firact.) 
PXMLT Precipitation multiplication factor (dimensionless) 1.00 1.00 
U2TWC Upper zone tension water storage content (mm) 
UZFWC Upper zone free water storage content (mm) 
LZTWC Lower zone tension water storage content (mm) 
LZFPC Lower zone free primary water storage content (mm) 
L2FSC Lower zone free secondary water storage content (mm) 
ADIMC Additional impervious area content (mm) 



lumped over the entire watershed, but the soil moisture and streamflow routing 

computations computations were spatially distributed among the subwatersheds. This 

configuration was designed to investigate the value of the spatially distributed 

precipitation through comparison with Cases 1-3. hi Case 5 (DIST-PSR6), the additional 

value of spatially distributing the watershed soil properties was investigated by allowing 

some of the model parameters to vary among the subwatersheds. The five parameters 

allowed to vary were LZTWM, REXP, UZTWM, UZFWM, AND UZK, selected based 

on the results of previous studies by the NWS [Koren et al., 2000] indicating that these 

parameters exhibit emperical relationships with different soil-property data. 

Finally, to further investigate the effects of spatial representation. Cases 2-5 were 

repeated using a smaller number of subwatersheds (i.e., the entire watershed was 

partitioned into a 3-subwatershed configuration). In this new configuration (also 

provided to us by the NWS), the original subwatersheds 1, 2, and part of 3 were 

combined to form the new subwatershed I of the 3-subwatershed configuration. 

Similarly, 4, S, and parts of 3 and 6 were combined to form the new subwatershed 2, 

while 7, 8, and part of 6 were combined to form the new subwatershed 3. The mean areal 

precipitation and PET for each of the three new subwatersheds were estimated by the 

NWS using the same methods mentioned previously. 

3.4 RESULTS 

3.4.1 NWS Manual Calibration Results 



The NWS manual calibration studies were used as benchmarks for evaluation of 

the automatic caUbration studies described above. The manual calibration results are 

shown in the multicriteria format in Figure 3.2a-c. Figures 3.2a-c present the results for 

each case using two-dimensional projections of the three-criteria solution space (NWS 

lumped case = large open square and NWS semi-distributed case = large open circle). 

Clearly, the semi-distributed application results in an improvement in the model's ability 

to simulate the observed flow in terms of FQ and FS, as compared with the lumped 

application. There is a slight decrease, however, in the model's ability to simulate the 

driven flows measured by FD. 

3.4.2 Automatic Multi-criteria Calibration Results 

a) Case I: Lumped Model 

The results of the multi-criteria automatic calibration of the lumped case (LUMP-

ALL) are also shown in Figures 3.2a-c, as a three-criteria trade-off surface represented by 

the set of 500 Pareto optimal solutions (indicated by the light-gray dots). The inability of 

the model to simultaneously match all three aspects of the hydrograph is clearly 

illustrated. For example. Figure 3.2b illustrates the smoothly varying trade-off between 

the model's ability to match the driven (QD) and the non-driven-slow (Qs) portions of the 

hydrograph (similarly see Figure 3.2c and, to a lesser extent. Figure 3.2a). 

A visual comparison of the 500 Pareto solutions with the NWS lumped solution 

(open square) in Figures 3.2a-c shows that the automatic approach provides a closer fit of 

the baseflow responses (FS) and, to a lesser extent, the quick recession responses (FQ). hi 
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Figure 3.2 Pareto solutions obtained with the automatic multi-criteria approach to 
calibrate the SAC-SMA model: (a-c) two-dimensional projections of 
objective space. Marked points correspond to, respectively, SOO Pareto 
solutions for Case 1 Gight-gray points). Case 2 (dark-gray points), and 
Case 3 (black points). NWS manual calibration results for lumped (square) 
and semi-distributed (open circle) 
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terms of the peaks and timing (FD), however, most of the 500 Pareto solutions are 

inferior to the NWS lumped solution. 

The variability in the parameter values across the 500 Pareto optimal solutions for 

the case LUMP-ALL is shown in Figure 3.3a (gray lines) using a normalized parameter 

plot. Each line across the graph represents one of the parameter sets. The maximum 

range for each parameter represents the range over which the multi-criteria calibration 

procedure was performed (see Table 3.3). Notice that the multi-criteria optimization has 

resulted in a significant reduction in the parameter range. Notice also that the seven 

parameters LZFPM, LZFSM, LZPK, LZSK, PCTIM, ZPERC, and REXP show only 

small amounts of variability while corresponding well with the NWS lumped solution 

(black line) obtained by an expert via manual calibration. The relative lack of variability 

in these parameters indicates that they are not primarily responsible for the performance 

trade-offs associated with the inability of the model to simultaneously match the three 

different components of the hydrograph (indicated by FD, FQ, and FS). Of these 

parameters, the first five (LZFPM, LZFSM, LZPBC, LZSK, and PCTIM) are considered to 

be the ones that are "most identifiable" and relatively easy to estimate via carefiil off-line 

examination of the observed hydrograph and precipitation data [Peck, 1976]. The fact 

that the automatic multi-criteria approach gives comparable values for these parameters is 

a good indication of the reasonableness of the automatic approach. Note, however, that 

the two parameters, ZPERC and REXP, which control the behavior of the percolation 

(infiltration) component of the model, are not easy to estimate directly firom the observed 

data. 
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Figure 3.3 Normalized parameters for Pareto solutions obtained with the automatic 
multi-criteria approach to calibrate the SAC-SMA model; (a) Case 1, (b) 
Case 2, and (c) Case 3 



There is, in general, larger variability in the estimates for the remaining six model 

parameters (and in particular UZTWM and U2^FWM), which are primarily related to the 

properties of the upper soil layer and control the partitioning of the hydrograph into 

different quick flow components (overland and interflow). This suggests that the model 

performance tradeoffs indicated in Figures 3.2a-c are associated primarily with 

inadequacies in the representation of the near-surface soil processes. 

b) Case 2: Distributed Input and Soil Moisture 

The results of the multi-criteria automatic calibration of Case 2 (DIST-PS) are 

shown in Figures 3.2a-c. Note that, in this case, the channel inflows for all the sub-

watersheds are lumped together and routed to the outlet using a single unit hydrograph. 

The results for the 8-subwatershed configuration did not give better results than the 3-

subwatershed configuration. Therefore, the results presented here will draw primarily 

from the results of the 3-subwatershed study. Comparison of the solutions for this case 

(dark-gray dots) with the lumped case (Case 1, LUMP-ALL, light-gray dots) indicates a 

sigm'ficant benefit to allowing the precipitation input and the soil-moisture computations 

to be distributed. In particular, the ability of the model to simulate the quick recession 

responses (FQ) and, to a lesser extent, the peaks/timing (FD) has been improved. 

However, there appears to be no additional impact on the model's ability to simulate the 

baseflow responses (FS). 

A visual comparison of the DIST-PS results with the NWS lumped solution in 

Figures 3.2a-c clearly shows that the automatic approach provides a closer fit to the 

observed data in terms of all three criteria FD, FQ, and FS. Further, comparison of the 
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DIST-PS results with the NWS semi-distributed solution shows that most of the 500 

Pareto solutions provide a better fit to the baseflow (FS) and peaks/timing (FD), while 

providing a comparable fit to the quick recession (FQ). 

The variability in the parameter values across the 500 Pareto optimal solutions for 

Case DIST-PS is shown in Figure 3.3b. Notice that the variability in the parameters has 

generally decreased when compared with Case I (LUMP-ALL). As before, the ranges 

for the seven parameters, LZFPM, LZFSM, LZPK, LZSK, PCTIM, ZPERC, and REXP, 

are close to the values for the lumped NWS solution, further supporting the notion that 

the automatic multi-criteria approach is finding appropriate values for these parameters. 

c) Case 3: Distributed Input, Soil Moisture and Routing 

The resuhs of the multi-criteria automatic calibration of Case 3 (DIST-PSR) are 

also shown in Figures 3.2a-c. In this case, the precipitation, soil-moisture computations, 

and channel routing are all treated separately for each subwatershed. Again, the results 

for the 8-subwatershed configuration did not give better results than the 3-subwatershed 

configuration, and results are therefore only presented for the latter configuration. The 

500 Pareto optimal parameter sets (black dots) show that routing the channel inflow 

independently fiom each subwatershed to the outlet of the watershed improves the 

model's ability to simulate both the quick recession responses (FQ) and the peaks/timing 

(FD). Once again, there is no additional improvement in the model's ability to simulate 

the baseflow responses (FS). A visual comparison of the 500 Pareto solutions for this 

case with the NWS lumped and semi-distributed solutions (Figures 3.2a-c) clearly shows 

that the automatically calibrated semi-distributed model DIST-PSR provides a much 



87 

Figure 3.4 Pareto solutions obtained with the automatic multi-criteria approach to 
calibrate the SAC-SMA model: (a-c) two-dimensional projections of 
objective space. Marked points correspond to, respectively, 500 Pareto 
solutions for Case 1 Gight-gray points). Case 4 (dark-gray points), and 
Case 3 (black points). NWS manual calibration results for lumped (square) 
and semi-distributed (open circle) 



better reproduction of the watershed response, in terms of all three criteria FD, FQ, and 

FS. 

The normalized parameter values for the 500 Pareto solutions are shown in Figure 

3.3c, Again, the variability in the parameters is generally less than in Case 1 (LUMP-

ALL), and the parameters LZFPM, LZFSM, LZPK, LZSK, PCTIM, ZPERC, and REXP 

are close to the lumped NWS solution. However, the variability of parameter UZTWM 

(upper zone tension water maximum capacity) significantly increased when compared 

with the results from Cases 1-2, suggesting that this parameter may need to take different 

values in each subwatershed. 

d) Case 4: Distributed Soil Moisture and Routing, but Lumped Input 

The results of the multi-criteria automatic calibration of Case 4 (DIST-SR) are 

shown in Figures 3.4a-c. In this case, the input was treated as lumped (averaged over the 

watershed), thereby simulating the lack of availability of radar-based precipitation data, 

while the model computations were run in semi-distributed mode. Only the 3-sub-

watershed case is shown. The 500 Pareto optimal parameter sets obtained for this case 

(dark-gray dots) are shown overlaid on the results fit)m Case 1 (LUMP-ALL, light-gray 

dots), and Case 3 (DIST-PSR, black dots). Note that FQ for most of the Case 4 solutions 

is improved over Case 1, but not as "good" as Case 3, indicating that spatially distributed 

routing and input (precipitation) both contribute to improvements in simulating the quick 

recession (FQ). However, the Case 4 solutions (lumped input, distributed routing) that 

provide the best match to FD (peaks/timing) are comparable to the Case 3 solutions 

(distributed input, distributed routing), indicating that the simulation of the peaks is 
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Figure 3.5 Normalized parameters for Pareto solutions obtained with the automatic 
multi-criteria approach to calibrate the SAC-SMA model for Case 5: (a) 
upper sub-watershed, (b) middle subwatershed, and (c) lower 
subwatershed 



controlled more strongly by the spatial representation of routing than by the spatial 

representation of the inputs (precipitation). 

e) Case 5: Distributed Input, Soil Moisture, Routing and Parameters 

In Case 5 (DIST-PSR0), the additional value of spatially distributing the 

watershed soil properties was investigated by allowing five of the model parameters 

(LZTWM, REXP, UZTWM, UZFWM, and UZK) to vary among the subwatersheds. 

Unexpectedly, the calibration results showed no noticeable criterion value improvements 

over the solutions obtained for the lumped parameter Case 3 (DIST-PSR). This is 

surprising, given the larger number of calibration parameters (23) compared with the 

number of calibration parameters (13) in Case 3 (DIST-PSR). Additional runs made with 

other combinations of parameters also provided no noticeable gains. However, the 

parameter plots shown in Figures 3.5a-c (each subplot represents a different 

subwatershed) indicate that the calibration has converged to significantly different values 

for the parameter UZTWM (upper zone tension water maximum capacity) in each sub-

watershed; low value for the upper sub-watershed, medium value for the middle sub-

watershed and high value for the lower subwatershed. This variability is consistent with 

results obtained under Case 3, where forcing this parameter to be lumped results in a 

large trade-off range (i.e., the parameter must take different values to fit different portions 

of the data record). Further, it seems reasonable that the increasing trend for UZTWM 

firom the upper to lower sections of the watershed is hydrologically realistic and is 

consistent with soil depth maps for the watershed. 
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3.4.3 Comparison of Automatic and Manual Hydrographs 

Examples of the simulated hydrographs for a 120-hour portion of the calibration 

period are shown in Figure 3.6. The black dots correspond to the observed data, the light-

gray region corresponds to the hydrograph trade-off uncertainty associated with the Case 

3 (DIST-PSR) multi-criteria solution, and the dashed and solid black lines correspond to 

the NWS lumped and semi-distributed results, respectively. Because the ordinates of the 

unit hydrographs were kept fixed (not dynamically adjusted) during the calibration, the 

hydrograph recessions are not well-simulated. Nevertheless, the multi-criteria solutions 

are able to reproduce the timing and magnitude of the flood peak extremely well. 

3.5 SUMMARY AND CONCLUSIONS 

The "semi-distributed" approach to modeling the spatial variability of important 

hydrologic processes is becoming popular as the availability of high-resolution 

hydrologic information continues to increase. However, the spatial detail with which this 

variability needs to be represented to provide accurate streamflow simulations is not well 

understood. Further, the increased complexity of the semi-distributed approach (and in 

particular the large number of parameters) results in a calibration problem of considerable 

difGculty. Traditional manual and automatic calibration approaches typically provide a 

single sub-optimal solution, with little or no information about the uncertainty in the 

estimated parameters or the model performance. 

The applicability of multi-criteria automatic calibration methods to the calibration 

of semi-distributed watershed models has been demonstrated in this study. The 



92 

1501 1 [ 1 1 1 r r 1 1 1 r 

Time (hours) 

Figure 3.6 Hydrograph range associated with the Pareto solution set for Case 3. The 
dots correspond to the observed streamflow data, the light-gray region 
corresponds to the SOO Pareto solutions, the dashed line corresponds to the 
NWS lumped solution, and the solid line corresponds to the NWS semi-
distributed solution 
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automatic approach was shown to be able to effectively handle the increased model 

complexity and provide parameter estimates (and hence model performance) that are 

comparable or superior to those obtained by the manual/expert approach. The improved 

results are also achieved at a considerable savings in "calibration time'-after problem 

setup, the automatic approach requires about 2 to 4 hours of computing time on a Sun 

workstation, compared with several days to weeks of person-time for the manual 

approach [M. Smith, Hydrology Laboratory, NWS, personal communication, 2000]. In 

addition, the study has demonstrated how multi-criteria methods provide a useful 

framework for the systematic investigation of appropriate model complexity. 

The study was specifically motivated by the needs of the U.S. National Weather 

Service for improved procedures for calibration of watershed models in the context of the 

Advanced Hydrologic Prediction System (AHPS) modernization initiative. In particular, 

it was designed to complement ongoing NWS studies into the development of semi-

distributed modeling strategies that exploit the increasing availability of spatial 

hydrologic information, including NEXRAD precipitation. The effectiveness and 

efBciency of the automatic approach enabled us to rapidly investigate the specific 

benefits associated with different levels of spatial representation of various model 

components, including the model input (precipitation), structural components (soil 

moisture and streamflow routing computations), and surface characteristics (parameters). 

In particular, it was found that (a) the semi-distributed model provided significant 

performance improvements over the lumped model; (b) there was a limit to the 

performance improvements associated with increasing representation of spatial 
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hydrologic variability in the model; (c) the main improvements were provided by spatial 

representation of the precipitation (inputs) and structural components (soil moisture and 

streamflow routing computations); (d) little or no improvements were provided by spatial 

representation of the soil properties (model parameters); (e) the spatial variability in 

hydrologic information contributed mainly to improved simulation of the flood peaks and 

the quick recessions; and (f) semi-distributed modeling provided no improvements in 

representation of the baseflow. These results are, of course, specific to the SAC-SMA 

model for the Blue River watershed, although conclusions a, b, and f may prove to be 

more generally applicable. 

Conclusion "d", relating to the lack of improvement in model performance when 

the model parameters are allowed to be distributed spatially, is both unexpected and 

interesting. This seems contrary to the general belief among hydrologists that the spatial 

variability in soil properties exerts a significant control on the hydrologic response of a 

watershed. For the Blue River watershed at least, our results indicate that the dominant 

control on the hydrologic response is the watershed topography-which strongly 

determines the routing characteristics and (perhaps less strongly) the spatial distribution 

of precipitation-and that the impacts of variations in the soil and vegetation properties are 

averaged out by the time the streamflow reaches the watershed outlet. Further studies to 

investigate the conditions under which the various components of hydrologic variability 

do (or do not) contribute to variations in total watershed response would provide 

significant improvements to our understanding of watershed behavior. 
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CHAPTER FOUR 

INCORPORATING VERTICAL INFORMATION 

4.1 INTRODUCTION AND SCOPE 

Conceptual rainfall-runoff (CRR) models provide an approximate, lumped 

description of the dominant sub-watershed scale processes that contribute to the overall 

watershed scale hydrologic response of the watershed system, hi their most basic form, 

CRR models transform rainfall into runoff with two main components, precipitation 

excess generation and flow routing. Precipitation excess is generated as a function of the 

vertical movement of moisture (precipitation, evaporation, transpiration, and losses to the 

system) into and out of the watershed. The vanability of the excess generation process 

within the watershed is related to the level of spatial variability of the soil properties, 

vegetation type, and precipitation rates throughout the watershed. 

In the past, high-resolution information describing the spatial variability of these 

watershed characteristics was not readily available. As a result, performance 

improvements of CRR models were primarily achieved through improvements in the 

representation of the hydrologic processes directly related to the vertical movement of 

moisture within the watershed rather than the spatial variability of these processes. The 

level of vertical detail describing the movement of moisture through the soil (vertical 

model structure complexity) that needs to be represented by a conceptual rainfall-runoff 

(CRR) model in order to accurately simulate the streamflow is not well understood. 

The degree of vertical model structure complexity can vary significantly among 

different CRR models. The Antecedent Precipitation hidex method (Linsley et al., 1949; 



Sittner et al., 1969) is an example of a simple CRR model in which an antecedent soil 

moisture index is combined with a set of linear equations to estimate runoff firom storm 

precipitation. Examples of CRR models with complex vertical structures include the 

Stanford Watershed Model (Crawford, 1966), the Sacramento Soil Moisture Accounting 

(SAC-SMA) Model (Bumash et al., 1973), the KINEROS model (Woolhiser et al., 1990), 

and TOPMODEL (Beven and Kirkby, 1979). These models all use large numbers of 

parameters and complex relationships to represent the vertical movement of moisture 

through the soil. 

In general one might expect that the more detail or complexity included in the 

structure of the model, the better the representation of the real watershed behavior 

(streamflow). A number of studies have compared the performance of simple versus 

complex models [Naef, 1981; Loague and Freeze, 1985; Wilcox et al, 1990; Michaud and 

Sorooshian, 1994; Refsgaard and Knudesn (1996); among others]. Results from these 

studies have generally suggested that the performance of simple models is approximately 

as accurate as complex models. The development and application of complex models, 

however, continues despite the results of these studies. 

Several researchers have recognized the importance of selecting a model with a 

level of complexity that is appropriate for a given problem [Wheater et al. 1986, Beck et 

al., 1990; Jakeman and Homberger, 1993; Grayson and Chiew, 1994; among others]. 

Jakeman and Homberger (1993) explored the constraints that observed data place on the 

allowable complexity of rainfall-runoff models. They used time series techniques to 

determine how many parameters are appropriate to describe the relationship between 
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precipitation and streamflow for several watersheds of various sizes using available 

precipitation, air temperature and streamflow data. Their results suggest that the 

information content in a rainfall-runoff record is sufficient to support models of only very 

limited complexity. 

In Chapter 3, the impact of "spatially distributing" the model input (precipitation), 

structural components (soil moisture and streamflow routing computations) and surface 

characteristics (parameters) was explored through lumped and semi-distributed 

applications of the SAC-SMA model. The focus of this chapter is to provide an 

assessment of the potential improvements in streamflow simulation that can be achieved 

through various levels of representation of the vertical movement of moisture through the 

watershed using CRR models in lumped applications. The relative benefits of different 

levels of vertical model structure (direct runoff, upper soil moisture storage, and the 

percolation process) are examined with a simple hydrologic model, HYMOD [Boyle et 

al. 1997; Wagener et al., 2001]. HYMOD consists of a variety of different excess 

generation (interception storage, tension storage, free storage, etc.), percolation, and 

streamflow routing functions that can be put together in different combinations to 

describe the different hydrologic behaviors of the watershed system. The multi-criteria 

firework developed by Boyle et al. [2000] (also described in detail in Chapter 2) for 

application to hydrologic models is used to calibrate each CRR model in terms of three 

objective measures designed to reflect the different observable characteristics of 

watershed behavior (peak flow and timing, quick recession, and baseflow). Multi-criteria 

performance comparisons among the different model appUcations are used to evaluate the 
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benefits of various types and degrees of vertical model complexity. Results obtained 

from a lumped application of the SAC-SMA model in Chapter 2 are used as a benchmark 

for comparison with results firom this study. 

This chapter is orgam'zed as follows: the methodology to investigate different 

levels of vertical model complexity on a study watershed is presented in Section 4.2. The 

results of the model applications are presented in Section 4.3, and Section 4.4 discusses 

the results of the study. 

4.2 METHODS 

4.2.1 Overview 

The CRR model, HYMOD [Boyle et al. 1997], was used in this study to 

investigate the value of different levels of vertical detail describing the movement of 

moisture through the soil. HYMOD consists of a variety of different excess generation 

(interception storage, tension storage, free storage, etc.), percolation, and streamflow 

routing functions that can be put together in different combinations to describe the 

different hydrologic behaviors of the watershed system. Extensive applications of 

different configurations of HYMOD were made on the Leaf River Watershed (see 

description of Leaf River Watershed in Chapter 2). The results obtained with the 

application of the SAC-SMA model on the Leaf River Watershed (described in Chapter 

2) are used as a benchmark for comparison with results obtained in this study. The study 
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was designed to expand our understanding of the specific benefits associated with 

different levels of representation of the important vertical processes in a watershed. 

4.2,2 Description of HYMOD 

The hydrologic model HYMOD [Boyle et al. 1997; Wagener et al., 2001], was 

developed to represent the basic spatial and vertical hydrologic processes within a 

watershed with a minimum number of modeling units and functional parameters. 

HYMOD has a flexible model structure (see Figure 4.1) that allows the user to assemble 

and test a variety of different excess generation (impervious area, tension and free water 

storages, etc.), percolation, and streamfiow routing functions in different combinations to 

describe the different hydrologic behaviors of the watershed system. 

The general configuration of HYMOD for the purposes of this study is shown in 

Figure 4.1. The watershed is partitioned into two areas, pervious and impervious, by 

means of a single parameter, percent impervious area (PCTM). Precipitation (rainfall) 

falling on the impervious portion of the watershed becomes direct runoff available for 

routing along with the surface runoff component, to the outlet of the watershed. 

Precipitation falling on the pervious portion of the watershed enters the upper soil 

moisture zone (UZ). The UZ consists of two components, tension water storage and free 

water storage. Tension water storage must be completely satisfied before moisture can 

move to the free water portion of the UZ. Soil moisture within the UZ tension and fiee 

water storages is available to satisfy the potential evapotranspiration (PET) demand. 
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Saturated excess is generated from the firee water storage and then combined with the 

direct runoff to estimate the quick (or surface) runoff. The surface runoff is then routed 

through a series of NUMQ linear reservoirs, each with the same recession coefficient, 

KQ, to the outlet of the watershed. Soil moisture percolates from the UZ free water 

storage to the lower soil moisture zone (LZ) free water storage. The moisture in the LZ 

free water is routed through a single linear reservoir, with recession coefficient KS, to 

estimate the slow (or baseflow) runofT at the outlet of the watershed. The quick and slow 

flows are then combined to estimate the total streamflow at the outlet of the watershed. 

4.2.3 Description of this Study 

In this study, a series of 60 different applications (or cases) of HYMOD to the 

Leaf River watershed were made to investigate the improvements in model performance 

associated with various levels of vertical detail describing the movement of moisture 

through the soil (UZ tension and free water storages, percolation process, and pervious 

area). Each model application was designed to isolate the effects of different levels of 

vertical model complexity in terms of specific desirable watershed behaviors (driven flow 

- "peaks and timing", non-driven quick flow - "quick recession" responses, and non-

driven slow - "baseflow" responses). The multi-criteria framework described in Chapter 

2 is used to calibrate each of the different applications of HYMOD in terms of the three 

objective measures driven flow (FD), non-driven quick flow (FQ), and non-driven slow 

flow (FS). For each modeling case, the Pareto optimal solution space for the three 
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criteria (FD, FQ, FS) was estimated by 500 solutions generated using the MOCOM 

algorithm. 

In Cases 1-30 and 31-60, two different functional relationships describing the UZ 

firee water storage were tested. In Cases 1-30, a simple bucket loss (BL) model (see 

Figure 4.2a) is used to generate saturated excess when the soil moisture level in the tank 

is greater than parameter FMAX. In Cases 31-60, the Moore loss (ML) model (see Figure 

4.2b), described in detail by Moore [1985 and 1999], assumes that the soil moisture 

capacity varies across the watershed and therefore the proportion of the watershed with 

saturated soils varies over time. The spatial variability of the soil moisture capacity is 

described by the following distribution function: 

where, c is the storage capacity (mm), CMAX is the maximum storage capacity in the 

watershed (mm), F(c) is the fraction of the watershed that is saturated (unit less), and 

BEXP is the degree of spatial variabiUty of the soil moisture capacity within the 

watershed (unit less). 

For each of the UZ &ee water functions, ten different functional relationships 

describing the percolation between the UZ and LZ free water storages were also tested in 

this study. The ten functions are described by the following five equations: 

PERC(t)i.z = min( contents(t), PMAX) 

PERC(t)3^ = PFRAC*contents(t) 

PERC(t)s.6 - min( PFRAC*contents(t), PMAX) 

BEXP 

Q<c{f)<CMAX 
CMAX 
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PERC(t)7^='min(BETA(l+ZETA(LZDR(t))'^. LO))*contents(t) 

PERC(t)g.,o=mm(BETA(X_FREE(t)/FMAX) (1 +ZETA(LZDR(t)f^. 

1.0) )*contents(t) 

where contents(t) is the UZ saturated excess at time t (PERC(t)i 33.7.9) or the free water 

storage at time t {PERC2.4.6.a.io\ LZDRft) is the lower zone deficiency ratio (I- contents 

of lower zone free water storage/maximum contents of LZ free water storage) at time t, 

X_FREE(t) is the UZ free water contents, FMAX is the maximum contents of UZ free 

water storage, and PMAX, PFRAC, BETA, ZETA, and REXP are calibration parameters. 

Each of these ten functions provides a um'que conceptualization of the 

relationship between the UZ and LZ free water contents and the percolation process. In 

general, the complexity of the relationships ranges from low in PERC(t)i.2 and PERQOs. 

4 to high in PERCft)?^ and PERC(t)9.io. The flmctional relationships in PERC(t) 1.2 and 

PERC(t)3^ describe the amount of UZ free water storage that can be percolated to LZ 

free water storage as a maximum amount and fraction, respectively, of the contents. 

PERC(t)s.6 describes the percolation process as a fraction of the UZ free water storage 

that can be percolated to LZ free water storage with a maximum value for a given time 

step. PERC(t)7^ and PERCfOg^io approximate the complex percolation process used in 

the SAC-SMA model. The primary difference between the latter two being that the 

function PERC(t)9.io allows the UZ free water storage contents (X_FREE(t)/FMAX) and 

the lower zone {LZDR(t)) to influence the percolation rate while PERCft)?^ is influenced 

by the lower zone (LZDR(t)). 
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Table 4.1: Table of modeling cases - simple bucket loss (BL) 

Case# Case Name UZ Free Percolation UZ Tension Impervious 
(BIVML) (I-IO) (T) ^rea. (I) 

I BL-1 BL 1 N N 
2 BL-2 BL 2 N N 
3 BL-3 BL 3 N N 
4 BL-4 BL 4 N N 
5 BL-5 BL 5 N N 
6 BL-6 BL 6 N N 
7 BL-7 BL 7 N N 
8 BL-8 BL 8 N N 
9 BL-9 BL 9 N N 
10 BL-10 BL 10 N N 
11 BL-IT BL I Y N 
12 BL-2T BL 2 Y N 
13 BL-3T BL 3 Y N 
14 BL-4T BL 4 Y N 
15 BL-5T BL 5 Y N 
16 BL-6T BL 6 Y N 
17 BL-7T BL 7 Y N 
18 BL-8T BL 8 Y N 
19 BL-9T BL 9 Y N 
20 BL-IOT BL 10 Y N 
21 BL-ITI BL 1 Y Y 
22 BL-2TI BL 2 Y Y 
23 BL-3TI BL 3 Y Y 
24 BL-4TI BL 4 Y Y 
25 BL-5TI BL 5 Y Y 
26 BL-6TI BL 6 Y Y 
27 BL-7TI BL 7 Y Y 
28 BL-8TI BL 8 Y Y 
29 BL-9TI BL 9 Y Y 
30 BL-IOTI BL 10 Y Y 

Y = Yes 
N=No 
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The influence of the UZ tension water storage and the percent impervious area of 

the watershed were also investigated. In Cases I-IO, the bucket loss representation of the 

UZ &ee water storage was combined, separately, with each of the ten percolation 

functions (see Table 4.1). In each of these cases, the size of the tension water storage 

tank and the percent impervious area of the watershed were set to zero (no UZ tension 

water storage and no impervious area in the watershed). In Cases 11-20, Cases I-IO were 

repeated with the UZ tension water storage component but no impervious area. Finally, 

in Cases 21-30, the UZ tension water storage and the impervious area components of 

HYMOD were considered. This was repeated for Cases 31-60 with the Moore loss 

representation of the UZ free water storage instead of the simple bucket loss 

representation (see Table 4.2). 

4.3 RESULTS 

4.3.1 SAC-SMA Model Results 

The results obtained in Chapter 2 with the SAC-SMA model were used as a 

benchmark for comparison with the studies described above. The ranges of the SAC-

SMA results, in terms of the three criteria FD, FQ, and FS, are shown in gray in the 

multi-criteria format in Figure 4.3a-c. 
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Table 4.2: Table of modeling cases - Moore loss (ML) 

Case# Case Name UZFree Percolation UZ Tension Impervious 
(BLML) (I-IO) (T) ^rea. (I) 

31 ML-1 ML 1 N N 
32 ML-2 ML 2 N N 
33 ML-3 ML 3 N N 
34 ML-4 ML 4 N N 
35 ML-5 ML 5 N N 
36 ML-6 ML 6 N N 
37 ML-7 ML 7 N N 
38 ML-8 ML 8 N N 
39 ML-9 ML 9 N N 
40 ML-IO ML 10 N N 
41 ML-IT ML I Y N 
42 ML-2T ML 2 Y N 
43 ML-3T ML 3 Y N 
44 ML-4T ML 4 Y N 
45 ML-5T ML 5 Y N 
46 ML-6T ML 6 Y N 
47 ML-7T ML 7 Y N 
48 ML-8T ML 8 Y N 
49 ML-9T ML 9 Y N 
50 ML-IOT ML 10 Y N 
51 ML-ITI ML 1 Y Y 
52 ML-2TI ML 2 Y Y 
53 ML-3TI ML 3 Y Y 
54 ML-4TI ML 4 Y Y 
55 ML-5TI ML 5 Y Y 
56 ML-6TI ML 6 Y Y 
57 ML-7TI ML 7 Y Y 
58 ML-8TI ML 8 Y Y 
59 ML-9TI ML 9 Y Y 
60 ML-IOTI ML 10 Y Y 

Y = Yes 
N=No 
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(a) OBJECTIVE FD 
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(b) OBJECTIVE FO 
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(c) OBJECTIVE FS 

Figure 4.3 SOO Pareto solutions obtained with the automatic multi-criteria approach 
(black dots) to calibrate Cases 1-30 using the simple bucket model: (a) 
objective function FD, (b) objective function FQ, (c) objective function 
FS. The gray shading represents the SAC-SMA results. 
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4.3.2 Bucket Loss Model Results 

General Results 

Figure 4.3a-c presents the results for Cases 1-30 (application of HYMOD using 

the simple bucket representation of the UZ firee water storage). Notice that in terms of 

the criteria FD, the results for all the Cases (except Case 10) are inferior to all of the 

solutions obtained with the SAC-SMA model. In addition, the results for many of the 

cases are inferior to all of the solutions obtained with the SAC-SMA model in terms of 

FQ. These results indicate that the model structures in Cases 1-30 are not representing 

hydrologic processes important to the simulation of the larger flows in the same way that 

the SAC-SMA model does. On the other hand, all of the thirty of the cases contain 

solutions that are superior to those obtained with the SAC-SMA model in terms of the FS 

criterion. This result indicates that the LZ representation used by each of the Cases 1-30 

may be adequate to represent the important hydrologic processes required to simulate the 

lower flows. 

Cases 1-10 

The results for Cases 1-10 (simple bucket loss representation of UZ free water 

storage with no UZ tension water storage or impervdous area) are also shown in Figures 

4.3a-c. A visual comparison of the results shows that Cases 1,3, S, and 7 are superior to 

Cases 2,4,6, and 8 in terms of both FD and FQ indicating that the model performs better 

(at least in this configuration) with the percolation source as the saturated excess rather 

than the UZ free water storage contents. Notice that the results for Cases 7 and 9 (as well 

as 17 and 19, and 27 and 29) appear to be identical for all three criteria, FD, FQ, and FS. 
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The fact that these resuhs are not unique is a consequence of combining the simple 

bucket model with percolation relation PERC(t)9.io. When the contents(t) variable is set 

to be the saturated excess (as it is in Cases 7, 9, 17, 19, 27, and 29) the only time there 

can be percolation is at times when there is saturated excess (when X_FREE(t)/FMAX= 

l.O). This effectively makes PERC(t)7.s = PERCfOg-w for all thirty of the simple bucket 

appUcations. This is not a relevant issue in Cases 31-60 since saturated excess can occur 

in the Moore loss representation mtho\xtX_FREE(t)/FMAX = 1.0. 

From visual inspection of Figure 4.3a-c it can be clearly seen that the results for 

Case 10 are superior in terms of fitting the FD and FQ criteria than the results for any 

other of the Cases. Figure 4.4a-c presents the results for Cases 9 and 10 and the SAC-

SMA model in two-dimensional projections of the three-criteria solution space. The 

SAC-SMA solutions (black dots) are clearly superior in terms of FD to most of the 

solutions in Case 10 (dark gray dots) and all of the solutions in Case 9 (light gray dots). 

Many of the solutions for Case 10, however, are at least as good as the SAC-SMA 

solutions in terms of the FQ and FS criteria (the lower values of FS criteria for Case 10 

are out of the plotting range indicating a very large trade-off between the fitting of the FD 

and FS criteria). Many of the Case 9 solutions are superior to both the SAC-SMA and 

Case 10 solutions in terms of the FS criteria. Also note that the solutions for Case 9 have 

much less trade-off in fitting the FD and FS, and FQ and FS criteria, although the fit to 

both FD and FQ is inferior compared with Case 10 and the SAC-SMA model. 

The variability in the parameter values across the 500 Pareto optimal solutions for 

Cases 9 and 10 is shown in Figures 4.Sa-b (gray lines) using a normalized parameter plot. 
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Figure 4.4 Paieto solutions obtained with the automatic multi-criteria approach to 
calibrate the HYMOD model: (a-c) two-dimensional projections of 
objective space. Marked points correspond to, respectively, 500 Pareto 
solutions for Case 9 (light-gray points), Case 10 (dark-gray points), and 
SAC-SMA model (black points) 
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Figure 4.5 Normalized parameters for Pareto solutions obtained with the automatic 
multi-criteria approach to calibrate HYMOD model for (a) Case 9, and (b) 
Case 10 
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The maximum range for each parameter represents the range over which the multi-

criteria calibration was performed. Notice that the multi-criteria optimization has 

resulted in a significant reduction of the parameter range. Notice also that ranges for the 

parameters LMAX, KS, NUMQ, KQ, and REXP for Case 9 show smaller amounts of 

variability compared to those for Case 10. The only parameter that appears to be in a 

significantly different range is FMAX (normalized value = 0.2-0.4, and 0.6-0.8 for Cases 

9 and 10, respectively). This is most likely related to the different sources of moisture 

(excess saturation and UZ fi:ee water storage) used by the two models. 

Cases 11-30 

A visual inspection of Figures 4.3a-c indicates that the addition of the tension 

water storage in Cases 11-20 has generally improved the results slightly in terms of FD 

and FQ. In addition, the differences between Cases 1,3, 5, and 7 and Cases 2,4,6, and 8, 

in terms of both FD and FQ, have been significantly reduced. Further improvement is 

made in Cases 21-30, in terms of FQ criteria, when the pervious area component is added 

to the model. In none of these cases, however, did the addition of the UZ tension water 

storage or the impervious area component substantially improve the fitting of the FS 

criterion. 

The three cases that appear to have the "best" solutions for each of the three main 

model configurations are Case 10 (Cases I-IO), Case 19 (Cases 11-20), and Case 30 

(Cases 21-30). Figures 4.6a-c present the results for Case 10 (light gray dots). Case 19 

(dark gray dots) and Case 30 (black dots) in two-dimensional projections of the three-

criteria solution space. Notice that the solutions for these cases have very little trade-off 
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Figure 4.6 Pareto solutions obtained with the automatic multi-criteria approach to 
calibrate the HYMOD model: (a-c) two-dimensional projections of 
objective space. Marked points correspond to, respectively, 500 Pareto 
solutions for Case 10 Oight-gray points). Case 19 (dark-gray points), and 
Case 30 (black points) 
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Figure 4.7 Normalized parameters for Pareto solutions obtained with the automatic 
multi-criteria approach to calibrate HYMOD model for (a) Case 10, (b) 
Case 19, and (c) Case 30 
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in terms of the FD and FQ criteria. From the figure it can clearly be seen that many of 

the solutions for Case 10 are superior to those in Cases 19 and 30. The trade-off range, 

however, is dramatically different for Cases 19 and 30 compared to that of Case 10 

(improvement is FS is possible with very little cost in terms of FD and FQ). 

The variability in the parameter values across the 500 Pareto optimal solutions for 

Cases 10,19, and 30 is shown in Figures 4.7a-c (gray lines) using a normalized parameter 

plot. The maximum range for each parameter represents the range over which the multi-

criteria caUbration was performed. Notice that the multi-criteria optimization has 

resulted in a significant reduction of the parameter range. Notice also that the parameter 

FMAX (controls the size of the UZ fi-ee water storage) is significantly reduced in Case 19 

compared to Case 10. This is appears to be directly related to the addition of the UZ 

tension water storage component. FMAX is further reduced (TMAX becomes larger) in 

Case 30 as the impervious area component is added to the model. There is not much of a 

noticeable change in the remaining parameters, except forlM^, among the three cases. 

The values for LMAX are significantly reduced in Case 30 compared with Cases 10 and 

19. This may be attributed to the model's ability to produce a significant portion of the 

driven "quick" flow with the impervious area component and, as a result, the UZ free 

water storage component's ability to produce more of the non-driven quick flow 

component. The LZ firee water storage, therefore, needs less water (lower LMAX) to 

simulate the non-driven slow flow. 
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(c) OBJECTIVE FS 

Figure 4.8 500 Pareto solutions obtained with the automatic multi-criteria approach 
(black dots) to calibrate Cases 31-60 using the Moore loss model: (a) 
objective function FD, (b) objective function FQ, (c) objective fiinction 
FS. The gray shading represents the SAC-SMA results 
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4.3.3 Moore Loss Model Results 

General Results 

Figure 4.8a-c present the results for Cases 31-60 (application of HYMOD using 

the Moore loss representation of the UZ free water storage). Notice that none of the 

cases have solutions that are able to match both the FD and FQ criteria as well as the 

SAC-SMA model. In all cases, however, at least some of the solutions (and in some 

cases many or almost all of the solutions) are superior to all of the SAC-SMA solutions in 

terms of the FS criteria. Also notice that, in general, the addition of the tension and 

impervious area components (Cases 41-SO and 51-60, respectively) actually degrade the 

model's ability to fit the FD and FQ criteria. This suggests that the Moore loss model 

may have the functionality of the tension and impervious components already 

incorporated into its structure. An exception is Case 47 (UZ tension water storage 

component), which appears to have the "best" overall fit to the three criteria. 

Comparison with Bucket and SAC-SMA Results 

Figure 4.9a-c presents the results for Cases 10 (best case for the bucket 

representation). Case 47 (best cases for the Moore loss representation), and the SAC-

SMA model in two-dimensional projections of the three-criteria solution space. The 

SAC-SMA solutions (black dots) are clearly superior (but not much) in terms of FD to 

most of the solutions in Case 47 (dark gray dots) and all of the solutions in Case 10 (light 

gray dots). Many of the solutions for Cases 47 and some of the solutions for Case 10, 

however, are at least as good as the SAC-SMA solutions in terms of the FQ criterion. 
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Figure 4.9 Pareto solutions obtained with the automatic multi-criteria approach to 
calibrate the HYMOD model: (a-c) two-dimensional projections of 
objective space. Marked points correspond to, respectively, 500 Pareto 
solutions for Case 10 light-gray points). Case 47 (^k-gray points), and 
SAC-SMA model (black points). 
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Many of the Case A1 solutions are superior to both the SAC-SMA and Case 10 solutions 

in terms of the FS criteria. 

4.4 SUMMARY AND CONCLUSIONS 

Many of the CRR models used to simulate streamflow consist of highly complex 

functional relationships to describe the movement of moisture vertically through the soil. 

These models are often very difficult to cahbrate due to the large number of parameters 

and complex relationships within the model. Further, the large number of parameters 

may limit the maimer in which newly available high-resolution (spatial) hydrologic 

information can be incorporated into the hydrologic modeling process, thereby limiting 

the actual benefit(s) of the potential added information contained within the new data. As 

a result, there is a real need to understand the specific benefits associated with increased 

representation of the movement of moisture vertically through the soil. With this new 

understanding, new models can be developed from new and existing modeling concepts, 

with parsimonious model structures that represent only those response modes that are 

identifiable within the available data. 

This chapter explores the specific improvements in streamflow simulation that 

can be achieved through various levels of vertical model structure (direct runoff, upper 

soil moisture storage, and the percolation process). This was accomplished through 

application and calibration of a CRR model, HYMOD, with a variety of different 

combinations of excess generation (interception storage, tension storage, firee storage, 

etc.), percolation, and streamflow routing fimctions. In this study, it has been 
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demonstrated how multi-criteria methods provide a useful framework for the systematic 

investigation of appropriate model complexity, b addition, the applicability of the multi-

criteria automatic calibration methods to the calibration of CRR models with increased 

model complexity has been demonstrated in this study. Manual calibration of the 

different model structures would have required a significant effort since little was known 

(no "expert" knowledge) about the behavior and performance of many of the model 

structures prior to testing. Instead, the automatic approach allowed efficient and 

"consistent" estimation of parameters (and hence model performance) with a minimal 

amount of effort (S-10 minutes for each case on a Sun workstation). 

The effectiveness and efficiency of the automatic approach allowed rapid 

investigation of the specific benefits associated with different levels of vertical model 

structural complexity, including impervious area contribution, UZ tension and free water 

storage, and percolation computations. In particular it was found that (a) none of the 

model configurations were simultaneously able to match all three criteria as well as the 

SAC-SMA model; (b) in all cases, each model had at least some solutions that were 

superior to all of the SAC-SMA model in terms of the FS criterion; (c) in general, the 

tension and impervious components improved the performance of the simple bucket 

model and decreased the performance of the Moore loss model; (d) the best model 

combination for the simple bucket and Moore loss models were able to fit the non-driven 

quick and non-driven slow flows at least as good (better for the Moore loss model in 

terms of the non-driven slow flows) as the SAC-SMA model; (e) the performance of the 

simple bucket was superior when percolation was taken from the saturated excess rather 
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than the UZ firee water storage unless UZ tension water storage and impervious area 

components were added - the Moore loss model did not exhibit an obvious preference. 

These results are specific to the model configurations tested on the Leaf River data set. 

Based on the results fi:om this study and those presented in Chapter 3, the next logical 

step would be to perform a study in which the spatial resolution and vertical structural 

complexity of the CRR model application is investigated simultaneously. 
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CHAPTER FIVE 

CONCLUSIONS AND FURTHER RESEARCH 

5.1 SUMMARY 

The primary objective of this research was to develop and test a new hybrid multi-

criteria caUbration approach that combines the strength of automatic and manual 

calibration methods. The new approach was used to investigate the benefits of different 

levels of spatial and vertical representation of important watershed hydrologic variables 

with conceptual rainfall runoff models. 

The first step was to understand the similarities and differences between the 

manual "expert" approach and the automatic "systems" approach to calibration of CRR 

models. The most important aspect of the manual approach is the consideration of 

specific aspects of the hydrologic behavior in the evaluation of the model performance 

during the parameter estimation procedure. The automatic procedures rely on objective 

mathematical measures (usually only one) in the performance evaluation and parameter 

adjustment procedures. The second step was to develop objective measures that emulate 

the manual approach by partitioning the streamflow hydrograph into three components, 

"driven" (QD), "non-driven-quick" (QQ), and "non-driven-slow" (QS), and estimating the 

closeness between the model outputs and the corresponding observed values separately 

with mathematical measures. A computer algorithm, MOCOM-UA, is used to search for 

the Pareto solution space containing the "good" solutions to the problem. 

Finally, the new approach was used in two separate studies to investigate the level 

of spatial and vertical detail of important hydrologic processes within a watershed that 



124 

needs to be represented by a conceptual rainfall-runoff (CRR) model in order to 

accurately simulate the streamflow. Results fiom each of the studies provide insights into 

the complicated relationships between model complexity, problem complexity, and 

information content of the data. Specifically the following important findings were 

made: 

" The time and effort required to estimate the parameter range representing 

the trade-offs in the performance of the model are dramatically reduced 

from the manual approach. 

• The new approach may serve as an aid to the hydrologist in analysis and 

elimination of the solutions within the trade-off range. 

" Results from the studies indicate that parameter sets selected from within 

the Pareto region tend to provide consistent and reliable model forecasts. 

• The properties of the Pareto region provide information useful for 

evaluating the limitations of the various components of the watershed 

model, thereby pointing towards potential structural improvements. 

" The new approach provides a stronger test of model performance than 

methods that use a single overall statistic to aggregate model errors over a 

large range of hydrologic behaviors. 

• Two case studies helped to demonstrate how multi-criteria methods 

provide a usefiil framework for the systematic investigation of appropriate 

spatial and vertical model complexity^. The effectiveness and efficiency of 

the automatic approach enabled rapid investigate the specific benefits 
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associated with different levels of spatial and vertical representation of 

important watershed processes. 

" The automatic approach was shown to be able to effectively handle the 

increased model complexity and provide parameter estimates (and hence 

model performance) that are comparable or superior to those obtained by 

the manual/expert approach. 

" The improved results are also achieved at a considerable savings in 

"calibration time'-after problem setup. 

5.2 RECOMMENDATIONS FOR FUTURE RESEARCH 

The issues of "which measures" and "how many measures" are appropriate for 

use in the evaluation of CRR model performance are important. In this study, three 

characteristic watershed behaviors were selected to emulate the visual inspection of the 

results performed by an "expert" in manual calibration. The use of these three simple 

measures was intended to serve as a "proof of concept" that the manual process can be 

successfully emulated with a computerized multi-criteria approach. Certainly, however, 

it is reasonable to expect that more sophisticated partitioning schemes could improve the 

approach and the results; note that there are a wide range of different techniques based on 

physical reasoning available for base flow separation that could be used to improve the 

partitioning of the non-driven component. Further investigation of different approaches 

to partitioning the observed hydrograph into the three behaviors should be performed. 
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Further e£forts to understand the sensitivity of the results to the number and type 

of criteria would also be valuable, hi this research only three criteria were used in the 

calibration procedure, however, at least two (overall RMSE and BIAS) were used to 

select from among the SOO Pareto solutions. A popular criticism, expressed by several 

reviewers, of this work is that the overall BIAS measure was not included (either in place 

of one of the three measures or in addition to the three measures) during the optimization 

portion of the approach. A reasonable response to diis criticism is that the approach was 

specifically developed to emulate the expert manual procedures developed by the NWS 

which do not rely on overall measures during the Level Two portion of the procedures 

(overall measures are only used to evaluate potential solutions determined in the Level 

Two procedure). A more philosophical response, however, is that there may not be much 

additional information gained from the use of the overall BIAS measure during the 

optimization procedure. While it is clearly desirable to have a solution with an overall 

BIAS that is very low (as close to zero as possible) it may not be possible to distinguish 

between two very different solutions that have the same value of overall BIAS (e.g., one 

that is %S0 greater and one that is %50 less than every observed flow value) and, hence, 

there may not be valuable information gained through the use of the overall BL\S 

measure during the calibration procedure. These responses, however, certainly do not put 

the issue to rest and, as a result, further investigation of the use of overall measures 

should be a focus of fiiture research. 

With respect to the number of measures that are appropriate for use in the 

evaluation of CRR model performance it is clear from the results in this study that a 
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single objective measure does not provide an adequate measure of model performance (at 

least in the cases tested in this study), hi Chapter Two it was demonstrated that the use of 

a single measure appears to support the concept of equifinaUty. However, the use of 

multiple measures (in this case three) clearly highlights the model's inability to 

simultaneously simulate different characteristics of the observed hydrograph, hence 

undermining the validity of the equifinaliQr assumption based on a single measure. 

Further, it was demonstrated that the use of a single criterion (e.g., RMSE) may 

predispose the "optimal" solution to significant bias while providing little if any 

information on the performance trade-offs of the model. Despite these findings, there is 

still much to be leamed about the number of measures needed to adequately assess the 

performance of CRR models. It would be very interesting to conduct an experiment 

aimed at developing a better understanding of the relationship between the number of 

performance measures and the information gained in terms of the performance of the 

model. 

There is an increasing awareness in the hydrologic modeling community that the 

information content in the observed data to identify model structure and associated 

parameter values is limited. On the other hand, new and innovative methods to measure 

the spatial distribution of unportant hydrologic variables are continually being developed. 

As a result, there is a need for a &amework to guide model development and application 

in a way that maximizes the use of information contained within the data while matching 

the model structure to the available data. The insight gained from the investigation of 

spatial and vertical model structural complexity in this study should be used to develop a 
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firework for development and application of parsimonious hydrologic models. This 

would require additional studies that focused simultaneously on spatial and vertical 

model complexity on a large number of watersheds under a variety of different 

hydrologic conditions. The Distributed Model Intercomparison Project (DMIP), 

proposed by the Hydrology Laboratory (HL) of the National Weather Service (NWS) is 

an excellent setting for the development of such a framework. The intent of DMIP is to 

invite the academic conununity and other researchers to help guide the NWS's distributed 

modeling research by participating in a comparison of distributed models applied to many 

different test data sets. 
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