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ABSTRACT 

In most regions of the world, and particularly in developing countries, the 

possibility and reliability of hydrologic predictions is severely limited, because 

conventional measurement networks (e.g. rain and stream gauges) are either nonexistent 

or sparsely located. This study, therefore, investigates various systems methods and 

newly available data acquisition techniques to evaluate their potential for improving 

hydrologic predictions in poorly gauged and ungauged watersheds.

Part One of this study explores the utility of satellite-remote-sensing-based rainfall 

estimates for watershed-scale hydrologic modeling at watersheds in the Southeastern U.S. 

The results indicate that satellite-based rainfall estimates may contain significant bias 

which varies with watershed size and location. This bias, of course, then propagates into 

the hydrologic model simulations. However, model performance in large basins can be 

significantly improved if short-term streamflow observations are available for model 

calibration.

Part Two of this study deals with the fact that hydrologic predictions in poorly 

gauged/ungauged watersheds rely strongly on a priori estimates of the model parameters 

derived from observable watershed characteristics. Two different investigations of the 

reliability of a priori parameter estimates for the distributed HL-DHMS model were 

conducted.  First, a multi-criteria penalty function framework was formulated to assess 

the degree of agreement between the information content (about model parameters) 

contained in the precipitation-streamflow observational data set and that given by the a 

priori parameter estimates. The calibration includes a novel approach to handling 
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spatially distributed parameters and streamflow measurement errors. The results indicated 

the existence of a significant trade-off between the ability to maintain reasonable model 

performance while maintaining the parameters close to their a priori values. The analysis 

indicates those parameters responsible for this discrepancy so that corrective measures 

can be devised. Second, a diagnostic approach to model performance assessment was 

developed based on a hierarchical conceptualization of the major functions of any 

watershed system. “Signature measures” are proposed that effectively extract the 

information about various watershed functions contained in the streamflow observations. 

Manual and automated approaches to the diagnostic model evaluation were explored and 

were found to be valuable in constraining the range of parameter sets while maintaining 

conceptual consistency of the model. 
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CHAPTER 1 

INTRODUCTION

1.1. BACKGROUND 

Hydrologic models function as important tools for improving our knowledge of 

watershed functioning (understanding), for providing critical information in support of 

sustainable management of water resources (decision making), and for prevention of 

water related natural hazards such as flooding (forecasting/prediction). The 

implementation of a hydrologic model requires the following components: 1) a model 

structure/numerical code, 2) driving data (i.e. precipitation, potential evapotranspiration) 

and 3) parameter estimates.  

Traditionally, hydrological models have been classified into three groups (1) 

empirical black box models, (2) lumped conceptual models, and (3) distributed physically 

based models. This classification is based on the degree of physical realism embedded in 

the model structures (increases from 1 to 3), which in turn affect the degree of spatial 

discretization and the number of unknown parameters to be specified.

In particular, models belonging to black box type, such as Artificial Neural 

Networks (e.g. Hsu et al., 2002), solely rely on the information contained in the input-

output data to reveal the structure of the rainfall-runoff transformation. In doing so, they 

do not explicitly consider the internal hydrologic processes responsible for this 

transformation. Models belonging to conceptual type, such as SACramento Soil Moisture

Accounting model (SAC-SMA, Burnash et al., 1973; Burnash, 1995) and HBV 
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(Bergstrom, 1995), are designed to conceptualize some aspects of the physics and basin-

scale heterogeneity of the watershed processes either empirically or at a broad abstract 

level.  Therefore these models contain conceptual parameters that are related to aggregate 

hydrologic process descriptions, which generally do not have direct physical 

interpretation. Distributed-physically based models, such as MIKE-SHE (Refsgaard and 

Storm, 1995) and KINEROS (Woolhiser et al., 1990), contain a series of partial 

differential equations describing physical principles related to conservation of mass, 

momentum (and energy). Due to physical basis of their spatially distributed structure, 

their parameters are, in principle, tied to local observable watershed physical 

characteristics (topography, soil, vegetation, geology), and hence they account for the 

spatial variability of runoff producing mechanisms. In practice, regardless of the type of 

the model, a procedure called “calibration” is required to estimate (and in the case of 

physically-based models, to refine) the model parameters that provide reasonable 

simulation/prediction performance. 

Calibration is an empirical procedure that is used to estimate model parameters 

when long-term historical measurements of input-state-output behavior of the watershed 

(including streamflow, precipitation and potential evaporation) are available. However in 

many remote parts of the world, and particularly in developing countries, the kinds of 

conventional measurement networks available in the US and Europe (e.g. rain gauges, 

stream gauges) are either sparse or non-existent, due mainly to the high costs of 

establishing and maintaining necessary infrastructure. This situation imposes a severe 

limitation on the possibility and reliability of hydrologic simulations and/or predictions in 
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these regions. Therefore, alternative techniques for hydrologic data acquisition and for 

model parameter estimation are at the heart of our endeavor towards improving 

hydrologic predictions in poorly gauged and ungauged watersheds.

The challenge of improving hydrologic predictions in poorly gauged and 

ungauged watersheds has recently been receiving the increased attention of the hydrology 

community. For example, the International Association of Hydrological Sciences (IAHS) 

has recently launched an initiative called the “Decade on Predictions in Ungauged Basins 

(PUB)”, aimed at achieving major advances in the capacity to make reliable predictions 

in ungauged basins (Sivapalan et al. 2003). The PUB science plan includes a number of 

carefully formulated research targets, including: 1) to use new data collection approaches 

for model development and improved predictions, and 2) to advance learning from the 

application of existing models through uncertainty analysis and model diagnostics. 

Another initiative focused on the difficulties involved in modeling poorly gauged and 

ungauged watersheds is called the “Model Parameter Estimation Experiment (MOPEX)” 

(Duan et al., 2006). The major science strategy of MOPEX is to test and improve existing 

parameter estimation techniques available for ungauged basins (i.e. methods for a priori 

estimation).  The approach involves comparison of a priori estimates with those 

parameters estimated via calibration in gauged basins, and the development of strategies 

for transferring parameter estimates to nearby ungauged locations. After comparing the 

experiments performed by scientist from various countries, the organizing committee of 

MOPEX concluded that the existing parameter estimation approaches used commonly in 
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poorly gauged and ungauged basins are problematic and need improvement (Duan et al., 

2006).

It is clear from the above discussion that a major problem in poorly gauged and 

ungauged basins is the lack of long-term hydrometeorologic observations and, in 

particular, the main driving force, precipitation. Recent improvements in remotely 

deployed sensors that acquire data from measurements made in the electromagnetic 

spectrum have led to the development of satellite-based retrieval algorithms providing 

precipitation estimates with global coverage. These algorithms combine the strengths of 

geostationary infrared sensors (better spatial and temporal sampling) with those of low-

orbiting microwave sensors (better accuracy). Currently these products are available at 

the space and time resolutions potentially attractive for hydrologic forecasting in poorly 

gauged and ungauged basins. Several products with these characteristics are available: 

Sorooshian et al., (2000; spatial and temporal resolution 0.25o, 6 hours); Turk and Miller 

(2005; 0.10o, 3 hours) and Joyce et al., (2004; 0.07o, 30 minutes). These products are 

being extensively evaluated in terms of inter-comparison of precipitation estimates (Adler 

et al., 2001; Ebert et al., 2006), their utility in land surface models (Gottschalck et al., 

2005) and their usefulness for hydrological modeling (Tsintikidis et al., 1999; Yilmaz, et 

al., 2005). These evaluation studies provide the crucial feedback necessary for algorithm 

developers to improve the quality of their products.

Another problem in poorly gauged and ungauged basins is the lack of long-term 

streamflow discharge measurements required for calibration of the model parameters. In 

this case model parameters can sometimes be estimated using a priori methods. Two 



22

main approaches to a priori parameter estimation exist; “regional” and “local”. The 

regional approach (Abdulla and Lettenmaier, 1997; Fernandez et al., 2000; Wagener and 

Wheater, 2006) was developed for conceptual hydrological models and involves 

calibration of model parameters for a large number of basins so that regional regression 

relationships can be developed that relate observable watershed characteristics (i.e. 

landcover and soil properties) to model parameters. These relationships can then be used 

to estimate model parameters for neighboring ungauged basins, given their watershed 

characteristics.  A major assumption of the regional a priori approach is that the 

calibrated model parameters are unique and clearly related to watershed properties. 

However this assumption can be hard to justify because many combinations of 

parameters typically produce similar model responses due to parameter interaction (Duan 

et al., 1992; McIntyre et al., 2005) and model structure uncertainty (Beven, 2005).

The local a priori parameter estimation approach is useful for “physically-based” 

hydrological models having spatially distributed components. Because such models 

incorporate a theoretical understanding of hydrological processes, their parameters can 

(in principle) be derived from observable watershed characteristics (e.g., Refsgaard and 

Strom, 1995; Woolhiser et al., 1990). However, because the theoretical developments are 

typically based on small-scale experiments, difficulties can arise when parameters 

defined in this way are embedded in larger-scale model grids without proper account for 

emergent processes and their interactions across scales. There is an increasing body of 

literature suggesting that parameters obtained from watershed characteristics need to be 

modified or refined through an adjustment process that helps to ensure proper consistency 
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between the model input-state-output behavior and the available data (Gupta et al., 1998; 

Madsen 2003; Reed et al., 2004).

Despite difficulties in the a priori estimation of their parameters, so-called 

“distributed” models which simulate the spatial distribution of hydrologic processes over 

the landscape (Havno et al., 1995; Ivanov et al., 2004; Carpenter and Georgakakos, 2004; 

Smith et al., 1995; Koren et al., 2004) are seen as among the major achievements 

contributing towards improved streamflow predictions (e.g. Reed et al., 2004). Such 

models, with their capability of accounting for the spatial variability in rainfall and 

heterogeneity of the landscape, are expected to provide more accurate streamflow 

simulations at the watershed outlet when compared to traditional spatially “lumped” 

models, while also providing estimates of evapotranspiration and soil moisture content 

throughout the watershed. Equally important, however, is their ability to provide 

estimates of runoff volumes along the entire length of the stream channel network, so that 

the dynamic evolution of flood inundation regions can be estimated (Smith et al., 2004a). 

The key to extending our river forecasting capabilities lies in the development and 

improvement of such models.  

 Although their potential benefits are clear, there remains controversy in the 

literature regarding the advantages of distributed models over lumped models (Beven, 

1989, 2002; Grayson et al., 1992). Criticism has generally been directed towards the 

complex nature of such models, which is seen to be an obstacle to the proper 

identification of model components and parameters. Limitations on our ability to identify 

model components that properly represent the actual hydrologic processes within the 
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watershed can translate into significant predictive uncertainty in the model results (Beven 

and Freer, 2001). In the case of distributed models, the identification process typically 

requires massive amounts of spatio-temporal data, which are currently available only at a 

limited number of experimental watersheds. The extraction of necessary information 

from these datasets requires the development and application of data mining strategies 

and techniques, a field of hydrology that is arguably still in the early stages of 

development. In addition, powerful and rigorous methods must be formulated for testing 

the assumed distributed structure of the model (structural consistency), evaluating its 

input-state-output behavior (behavioral consistency), and for assimilating the extracted 

information.  

The US National Weather Service (NWS) recognizes the development of 

distributed hydrological models as a key pathway to infuse new science into its river and 

flash flood forecast operations and services (Carter, 2002; Koren et al., 2001).  Important 

to its operational mission is the ability to provide river and flood forecasting capabilities 

at locations along the interior river network, in addition to the traditional forecasts made 

at the basin outlet (Smith et al., 2004a). In pursuit of this ability, and to investigate the 

conditions which favor distributed models over lumped models, the Hydrology Lab of the 

NWS organized the “Distributed Model Inter-comparison Project” (DMIP; Smith et al., 

2004a; Reed et al., 2004). In the first phase of DMIP (DMIP-1), an inter-comparison of 

twelve models (varying in structure and complexity) was conducted, and their 

performance evaluated against that of the current operational lumped model (SAC-SMA) 

for several basins. Participants were required to submit results for both “uncalibrated” 
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and “calibrated” versions of their models; for the uncalibrated model runs the parameters 

were to be derived from observable watershed characteristics, while for the calibrated 

model runs participants could use any parameter adjustment strategy to improve model 

match to streamflow observations at the outlet. The inter-comparison revealed that the 

lumped (calibrated) SAC-SMA model tended to perform as well as, or better than, the 

suite of distributed models for the cases tested. Note that the distributed model results 

were likely of variable quality, because each participant model was set up using different 

strategies (both for a priori parameter estimation and for calibration), and because each 

model team brought varying levels of time and skill to bear on the problem. Smith et al. 

(2004a) therefore emphasized that to fully realize the potential benefits of spatially 

distributed hydrological modeling it is necessary to develop “reliable and objective 

procedures for parameterization, calibration, data assimilation, and error correction”. 

1.2. STATEMENT OF THE PROBLEM

The successful implementation of a hydrologic model requires the following 

steps:

1) Model Conceptualization: Development of a clear perceptual & conceptual 

understanding of the basin characteristics and processes that control its 

hydrological input-state-output behavior. These characteristics and processes 

likely vary across climatic and hydro-geological regimes. Clearly, 

conceptualization of the model will involve a number of simplifying assumptions; 

these assumptions should be stated as explicitly as possible.
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2) Numerical Model: Formulation of a mathematical model structure consistent 

with the conceptual model identified in step one, and its numerical 

implementation using computer code.  

3) A Priori Parameter Estimation: Development of a strategy for a priori 

specification of (spatially distributed) model-parameter fields from observable 

watershed data regarding geology, soils, topography, and landcover etc. Where 

such specification is subject to significant uncertainties, the range (or distribution) 

of uncertainty should be given. 

4) Performance Assessment:  Specification of an objective and robust procedure 

for diagnostic evaluation of model performance via comparison of its input-state-

output behavior to observations of various kinds that are related to the dynamic 

response of the watershed. 

5) Model Improvement:  Development of a systematic procedure for making model 

improvements (to parameters and/or structure) so as to improve the overall 

consistency, accuracy and precision of model performance. 

It is clear that the current state-of-the-art leaves considerable room for 

improvement in every one of the above-mentioned steps. However, assuming that a 

suitable general conceptual/numerical model exists and considering the discussion given 

in Section 1.1 we can isolate the following as issues that need further investigation:  

Measurements of the system inputs are either too few, or too poor in quality, or 

not available at all. Therefore, even if a reliable model for the area of interest 

exists, if the driving inputs are not available it cannot be used to provide forecasts.
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Model parameters estimated via a priori parameter estimation methodologies are 

generally not sufficient to achieve reliable hydrologic predictions. Improved 

methodologies are required. 

The complex structure of spatially distributed hydrologic models can undermine 

efforts towards identification of its components/parameters. 

Conventional model evaluation strategies that utilize regression-based aggregate 

measures of model performance (such as root mean square error) have major 

limitations. In the context of this dissertation, they do not consider hydrologic 

theory therefore do not extract hydrologically relevant information from the 

residuals. As will be discussed later, “diagnostic” approach to model evaluation is 

needed.

1.3. OBJECTIVES

In view of the problems mentioned above the two main objectives of this 

dissertation are as follows: 1) to evaluate satellite-based precipitation estimates for 

watershed-scale hydrologic forecasting, 2) to evaluate the reliability of a priori model 

parameter estimates derived from observable watershed characteristics for hydrologic 

predictions in poorly gauged watersheds. Specific objectives of this dissertation are to: 

Compare satellite-based estimates of rainfall with that of rainguage and 

radar/gauge merged algorithm and determine the degree of agreement between 

rainfall estimates at several operational watersheds located in the Southeast U.S.
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Gain insight into the utility of satellite-based rainfall estimates for use in 

watershed scale hydrologic modeling.  

Devise a multi-criteria approach that facilitates an in-depth analysis of the extent 

to which the information content of streamflow observations agrees with the a 

priori parameter values specified via static watershed characteristics.  

Design an objective and systematic strategy for model performance assessment 

that supports and enables a diagnostic approach to detection and resolution of 

model inadequacies. 

1.4. SCOPE

In this dissertation, the objectives listed above are pursued in the context of the 

parameterization, calibration and implementation of hydrological models used by the 

NWS for flood forecasting. These models are: 1) the SAC-SMA conceptual hydrological 

model with spatially-lumped structure and 2) the HL-DHMS spatially distributed 

hydrological model with both conceptual (SAC-SMA model) and physically-based

components. We assume that the conceptual/numerical representations of these models 

are suitable for the study area. Although SAC-SMA is a conceptual type of model having 

parameters that are abstract representation of the watershed processes, its formulation is 

consistent with observations of the soil moisture profile made by experimental studies 

such as those by Green et al. (1970) and Hanks et al. (1969). There are also strong 

physical arguments and application results supporting physical significance of its model 

structure (Duan et al., 2001; Koren et al., 2003). Therefore, while implementing the HL-

DHMS model, it is assumed that a suitable strategy for a priori estimation of spatially 
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distributed fields of parameters exists.  For this reason, in evaluation of the HL-DHMS 

model, existing a priori parameter maps were used to impose spatial constraints on the 

parameter space. The primary focus of this study was overall model performance at the 

watershed outlet rather than at interior points along the channel network.

1.5. ORGANIZATION

 This dissertation is organized as seven chapters in the following order: 

 Brief descriptions of the hydrologic models used in this dissertation are presented 

in Chapter Two. These models include the spatially lumped SAC-SMA model and the 

spatially distributed HL-DHMS model. 

 Chapter Three provides an overview of parameter estimation approaches 

commonly used by the hydrologic modeling community, with primary attention to the 

approaches used in this dissertation.

 Chapter Four presents a study comparing rainfall estimates from the satellite-

based PERSIANN system (Sorooshian et al., 2000) with estimates from rainguage 

networks and a radar/gauge merged algorithm over several basins in the Southeast U.S.   

In a follow-up analysis, rain gauge and satellite-based precipitation estimates are used as 

input to the SAC-SMA model so as to compare and evaluate the quality of hydrologic 

simulations driven by different types of rainfall estimates. The main goal of this study is 

to evaluate the utility of satellite-based precipitation estimates from the PERSIANN 

system for watershed scale hydrological modeling.  

Chapter Five presents a multi-criteria penalty function framework to assess the 

degree of agreement between a priori parameter estimates and calibrated parameter 
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estimates. The context is the spatially distributed HL-DHMS model implemented for the 

Blue River Basin. This chapter also includes a methodology that provides an estimate for 

the streamflow measurement error deviation.   

 In Chapter Six a diagnostic model evaluation strategy is formulated.  The chapter 

starts with detection and resolution of major problems in input-state-output data and a 

priori parameter estimates, followed by definition of signature measures summarizing the 

major functions of a watershed system. The HL-DHMS model parameters are grouped 

based on theoretical understanding of the model structure and correlational evidence 

given by one-at-a-time perturbation analysis and random sampling. The model 

parameters are then adjusted using both manual and automatic constraining approaches to 

improve the performance of the HL-DHMS model.  
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CHAPTER 2 

MODELS USED IN THIS STUDY 

2.1. INTRODUCTION 

The objective of this chapter is to present an overview of the hydrologic models 

used in this dissertation. The hydrologic simulations reported in Chapter Four were 

conducted by driving the SACramento Soil Moisture Accounting Model (SAC-SMA) 

with mean-areal estimates of precipitation from three sources: an operational rain gauge 

network, a radar/gauge multi-sensor product and the PERSIANN satellite-based system. 

The SAC-SMA is a conceptual rainfall-runoff model that simulates the overall 

hydrologic response of a watershed system by means of an approximate lumped 

representation of the hydrological processes within it. The simulations reported in 

Chapters Five and Six were conducted using the distributed version of this model, called 

the “Hydrology Laboratory Distributed Hydrologic Modeling System” (HL-DHMS).  In 

those studies, the spatially distributed dynamic hydrologic response of the Blue River 

Basin was simulated by using a distributed raingauge/radar merged precipitation product. 

In the HL-DHMS, the 4km x 4km grid-scale water balance component is represented 

using the SAC-SMA model and the routing of flow over the hillslopes and through the 

channel network is represented using physically-based hydraulic models (kinematic 

approximation).  

 This chapter describes the structures of the SAC-SMA and HL-DHMS models 

along with the requirements for their implementation.  
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2.2. SACRAMENTO SOIL MOISTURE ACCOUNTING MODEL 

2.2.1 Model Description 

The SAC-SMA model (Burnash et al., 1973 & Burnash 1995) is in operational 

use by the NWS for streamflow forecasting in basins having a response time greater than 

12 hours (Finnerty et al., 1997). The SAC-SMA conceptually represents the vertical soil 

column using two zones (Figure 2.1). The relatively thin upper zone represents near 

surface soil moisture storage and mediates the processes of surface interception, 

evapotranspiration, infiltration and lateral flow.  The thicker lower zone represents the 

bulk of the soil moisture and accounts mainly for longer-term groundwater storage.  

INTERFLOW
SURFACE
RUNOFF

INFILTRATION
TENSION

TENSION TENSION

PERCOLATION

LOWER
ZONE

UPPER
ZONE

PRIMARY
FREE

SUPPLE-
MENTAL

FREE

RESERVED RESERVED

FREE

EVAPOTRANSPIRATION

BASEFLOW

SUBSURFACE
OUTFLOW

DIRECT
RUNOFF

Precipitation

Figure 2.1. Schematic representation of the Sacramento Soil Moisture Accounting Model. 
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Each zone is partitioned into two components, a “tension water” store 

representing moisture bound to the soil particles (therefore only removable by 

evapotranspiration) and a “free water” store from which water can drain both horizontally 

and vertically in response to gravity. The free water storage of the lower zone is further 

subdivided into two sub-storages, thereby enabling simulation of multi-rate baseflow 

recessions. Water moves from the upper to lower zones by means of a percolation 

process, which has a complex dependence on the availability of water in both zones. The 

model also includes representation of variable size impervious areas and the 

evapotranspiration associated with riparian vegetation. 

SAC-SMA model has 16 parameters whose values must be specified (Table 2.1, 

Figure 2.2). Some of these parameters can be specified directly from the observed 

hydrograph (Burnash, 1995). Although most of the parameters are abstract, conceptual 

representation of the watershed processes, there are strong physical arguments and 

application results supporting physical significance of the model structure. Physical 

significance of the parameters, therefore, enables specification of their values from 

observed physical characteristics of the watershed (Duan et al., 2001; Koren et al., 2003). 

The details of the algorithmic steps used in the SAC-SMA model to transform mean areal 

precipitation over a watershed into the overall hydrologic response at the outlet are 

important in understanding the functioning of the model and are provided next.

The precipitation falling on a soil column can both generate direct runoff and 

contribute to upper zone storage, the proportion being controlled by the parameter 

PCTIM. The moisture entering into upper zone moisture  storage  is  partitioned  between 
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Table 2.1. SAC-SMA model parameters and states. 
No Parameter Description Range 

1 UZTWM The upper layer tension water capacity, mm 10-300 

2 UZFWM The upper layer free water capacity, mm 5-150 

3 UZK Interflow depletion rate from the upper layer free water 

storage, day-1

0.10-0.75 

4 ZPERC Ratio of maximum and minimum percolation rates 5-350 

5 REXP Shape parameter of the percolation curve 1-5 

6 LZTWM The lower layer tension water capacity, mm  10-500 

7 LZFSM The lower layer supplemental free water capacity, mm 5-400 

8 LZFPM The lower layer primary free water capacity, mm 10-1000 

9 LZSK Depletion rate of the lower layer supplemental free water 

storage, day-1

0.01-0.35 

10 LZPK Depletion rate of the lower layer primary free water storage, 

day-1

0.001-0.05 

11 PFREE Percolation fraction that goes directly to the lower layer free 

water storages  

0.0-0.8 

12 PCTIM Permanent impervious area fraction 0.001 

13 ADIMP Maximum fraction of an additional impervious area due to 

saturation

0

14 RIVA Riparian vegetation area fraction 0.001 

15 SIDE Ratio of deep percolation from lower layer free water 

storages

0

16 RSERV Fraction of lower layer free water not transferable to lower 

layer tension water 

0.3

No State Description  

1 UZTWC The upper layer tension water content, mm

2 UZFWC The upper layer free water content, mm

3 LZTWM The lower layer tension water content, mm

4 LZFSM The lower layer supplemental free water content, mm

5 LZFPM The lower layer primary free water content, mm
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surface  runoff  and  infiltration  into  the  lower  zone  storages, depending on the current 

status of moisture availability in the upper zone tension and free water storages. Any 

rainfall in excess of the tension water capacity of the upper zone, UZTWM, becomes the 

“excess rainfall”, and the excess rainfall that exceeds the free water capacity, UZFWM, 

becomes surface runoff. Any moisture in the upper zone free water store can either 

percolate into the lower zone storages or flow out as interflow. The rate of interflow 

generation is controlled by a depletion coefficient, UZK. The rate of percolation into the 

lower zone is computed via a nonlinear function of deficiencies of the lower and upper 

zone storages and controlled by two parameters, the maximum rate of percolation 

ZPERC, and an exponent value REXP. Any moisture percolating into the lower layer is 

partitioned (via the parameter PFREE) between lower zone tension water storage, 

LZTWM, and free water storages, LZFPM and LZFSM. These two lower zone free water 

storages can generate slow and fast responding baseflow respectively, depending on their 

depletion rate coefficients, LZPK and LZSK. Most of the baseflow becomes a part of 

channel flow; however some portion can also be diverted to deep groundwater flow via 

the parameter SIDE. In addition, the SAC-SMA model has a variably-saturated area 

component (ADIMP) by which saturation excess runoff can be generated.  

Implementation of the SAC-SMA model requires that estimates of mean areal 

precipitation and mean areal potential evapotranspiration are provided. A routing model 

(generally a Unit Hydrograph) is also required to convert the runoff into temporally 

distributed streamflow.  
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In the SAC-SMA model, the vegetation is represented as: 1) an adjustment factor 

to the potential evaporation demand curve, and 2) evapotranspiration demand from 

riparian areas. The current procedure to estimate evapotranspiration demand involves the 

following: Average monthly pan evaporation values from stations in and around the basin 

are used (with appropriate pan coefficient) to derive an average monthly potential 

evaporation curve. The curve is adjusted to represent the average activity of vegetation as 

transpiration, resulting in an ET Demand curve. Traditionally, vegetative effects were 

estimated based on expert knowledge of the type of vegetation in the basin. However, 

recently a methodology has been developed by the Hydrology Lab of the NWS to derive 

these monthly vegetation adjustment factors from the Normalized Difference Vegetative 

Index (NDVI) greenness fraction data (Smith et al., 2003). 

2.3. THE HL-DHMS MODEL 

2.3.1 Model Description 

The Hydrology Laboratory Distributed Hydrologic Modeling System (HL-

DHMS; Koren et al., 2004) is under development by the Hydrology Laboratory of the 

NWS.  It operates within a spatially distributed framework to account for the spatial 

heterogeneity of a watershed landscape and its climate. The HL-DHMS spatial domain is 

defined on regular rectangular 4km x 4km grids (Figure 2.3a).  The model structure is 

composed of two main components: a water balance component and a hydraulic routing 

component. The water balance component consists of the SAC-SMA (see Section 2.2) 

conceptual rainfall runoff model. Whereas in operational use the SAC-SMA is used to 

compute the overall (spatially lumped) response of a watershed (or sub-watershed) to 
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mean areal precipitation, in the HL-DHMS, the SAC-SMA component is instead used to 

compute the runoff response to spatially distributed precipitation at the grid-scale, and 

this response is routed through the watershed as follows: the “fast” runoff response 

(impervious, surface and direct runoff) is routed via kinematic hillslopes (Figure 2.3b) to 

the nearest stream channel, and the “slow” runoff response (interflow and baseflow) is 

assumed to directly enter the nearest stream channel (Figure 2.3a).  

To simulate the flow over the hillslopes, the HL-DHMS model utilizes the 

kinematic wave approximation to the full continuity and momentum equations of 

overland flow (Koren et al., 2004): 

hsh LxR
x
qL

t
h 0

      (2.1) 

3/53/52
hqh

n
SD

q s
h

h        (2.2) 

Figure 2.3. Schematic presentation of a) HL-DHMS cells and the stream channel network 
(blue lines), b) conceptual hillslopes in a cell feeding a single channel (thick line). (Koren 
2004).

(a) (b) 
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where h is an overland flow depth, q is discharge per unit area of hillslope, Rs is a fast 

runoff   from  the  SAC-SMA  water  balance simulations  (m/s),  Sh  is  a hillslope   slope

(dimensionless), nh is a hillslope roughness coefficient (s/m1/3), D is a drainage density 

parameter (m-1), Lh =1/(2D) is a hillslope length (m), t is time, and x is the distance along 

the hillslope (m). Parameter qs is expressed in dimensions of s-1 m-2/3. Overland flow 

characteristics Sh, nh, and D must be defined for each grid cell. A boundary condition of 

zero flow was assumed at hillslope ridges.  

Similar kinematic wave equations describe the downstream routing of grid scale 

runoff along the channel network (Koren et al., 2004): 

c
c

c
gh Lx

L
fRqL

x
Q

t
A 0)(      (2.3) 

m
s AQQ          (2.4) 

where channel cross-section, A; and discharge, Q; can vary from cell to cell and within 

each cell, the right hand side term of Equation 2.3 is a lateral inflow per unit length of 

channel, qLh is routed overland flow rate at the hillslope outlet, Rg is a slow runoff 

component from the SAC-SMA water balance simulations, fc is a grid cell area, Lc is a 

channel length within a cell, m is an exponent parameter, and Qs is a parameter (referred 

as a specific discharge) which is expressed in m3/s/m2. See Koren et al., (2004) for a 

detailed discussion of the hillslope and channel routing models implemented in the HL-

DHMS structure.

The parameters of the water balance and routing components of the HL-DHMS 

are assumed to be constant within each grid cell. However, their spatial distribution 
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should be prescribed to implement the HL-DHMS for simulating the response of a 

watershed. For parameterization of both the water balance (SAC-SMA) and routing 

models a two-step procedure is generally employed (Figure 2.4): an a priori 

parameterization is first generated using data on observed watershed characteristics and 

this is then adjusted to obtain a better match to observed streamflow discharge.  

The method of a priori specification of the SAC-SMA parameters is described in 

Chapter Three, Section 3.3. The approach to specify the hillslope routing parameters 

(slope, Sh , roughness coefficient, nh , and drainage density, D) and channel routing 

parameters (specific discharge, Qs , and exponent parameter, m) is briefly described next.  

For details please see Koren et al., (2004).

Figure 2.4. Scheme used by NWS to parameterize the water balance and channel routing 
components of the HL-DHMS. (Smith et al, 2004b)  
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 In brief, the approach to specify the routing model parameters involves a 

disaggregation of the information provided by flow and channel characteristics at the 

outlet (which represents the integrated properties of the basin), into parameters for the 

interior model grid cells using local geomorphologic information. Within each grid, the 

highest order stream represents the conceptual channel, the channel length is assumed to 

be equal to length of the diagonal for that cell, and a flow direction grid is used to route 

channel flow to downstream cells. Channel parameters describing the relationship 

between the discharge and channel cross-section (specific discharge and discharge 

relationship coefficient) are assigned to each grid cell either using the Chezy–Manning 

approximation or by empirical estimation from observed discharge versus cross-section 

relationships. Flow measurements, including channel shape and discharge at stream 

gauging stations provided by the US Geological Survey (USGS), are used to estimate the 

routing parameters for the channel network. Hillslope parameters may vary between 

cells, but are assumed to be constant within each grid cell. Representative slopes can be 

estimated from 30-m DEM data. In general, a representative spatially constant value is 

assigned for the drainage density (e.g. D = 2.5km-1 found to be appropriate for the dry 

Southern Great Plains region of the US). A representative hillslope roughness values can 

be assigned from the look up tables.  

 The requirements for implementation of the HL-DHMS model are as follows: 

(1) Gridded input variables, precipitation and potential evapotranspiration, in XMRG 

grid format 

(2) Parameter grids in XMRG grid format 
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(3) Model states from a previous run (optional) 

(4) Cell connectivity file, defining the flow direction in the model domain 

(5) Input deck defining the watershed location, model types in the current run and 

their setup, simulation time period and the locations of input-output files. 

2.4. CHAPTER SUMMARY 

This chapter has presented an overview of the hydrologic models used in this 

dissertation, the spatially lumped SACramento Soil Moisture Accounting Model (SAC-

SMA), and its spatially distributed version called the “Hydrology Laboratory Distributed 

Hydrologic Modeling System” (HL-DHMS). The SAC-SMA is the current operational 

hydrologic model used by NWS for flood forecasting within the U.S. The SAC-SMA 

conceptually represents the soil column with a two-layer structure that contains 16 

parameters and 5 states. The spatially distributed HL-DHMS is currently under 

development by the NWS Hydrology Lab. to investigate potential benefits of distributed 

models for flood forecasting at interior locations of the watershed. In the HL-DHMS 

model structure, water balance component is comprised of the conceptual SAC-SMA 

model whereas the hillslope and channel routing components are comprised of 

physically-based hydraulic models utilizing kinematic wave approximation. The 

parameters of the hydraulic models can be estimated from streamflow field 

measurements and observable watershed characteristics. 
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CHAPTER 3 

APPROACHES TO ESTIMATION OF MODEL PARAMETERS 

3.1. INTRODUCTION 

Hydrologic models consist of a general structure which mathematically represents 

coupling of dominant hydrological processes perceived to control hydrological behavior 

of “many (similar) watersheds”.  This general model structure is then used for simulation 

and/or prediction of hydrological behavior of a “particular watershed” simply by 

estimating the unknown coefficients, known as “parameters”, of the mathematical 

expressions embodied within. Successful application of any model depends, therefore, 

largely on how well the model structure, using the selected parameter set, is able to 

represent the hydrological processes within a particular watershed.

There are two major approaches to parameter estimation: “a priori estimation” and 

“calibration”. A priori estimation is widely used in the case of so called “physically-

based” models and is based on the use of mapping functions that relate observable 

physical characteristics of the watershed to the distribution of model parameters. 

Calibration, on the other hand, is widely used in the case of conceptual rainfall-runoff 

models and involves the selection of a parameter set that generates model responses that 

reproduce, as closely as possible, the historically observed hydrologic response of the 

watershed. In general, parameters estimated via the a priori approach will require some 

degree of fine-tuning via a calibration approach to obtain “effective” values that account 
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for factors such as the differences in scale between model and the observational 

environment.  

Calibration approaches can be further divided into two types: Manual expert 

calibration and automatic computer guided calibration. Manual calibration performed by 

an expert hydrologist is a guided trial-and-error process (albeit subjective) that involves 

complex analyses that utilize various graphical and numerical aids to match the perceived 

hydrological processes in the watershed with their conceptual equivalents represented in 

the model structure. Automatic calibration makes use of the speed and power of a 

computer to perform a search of the model parameter space to try to “match” the 

simulated hydrologic responses with that of their observed counterparts. The “goodness” 

of the match is measured by means of a mathematical criterion, sometimes called an 

“objective function”, and the search process is generally conducted by means of an 

optimization algorithm. 

This chapter provides an overview of the parameter estimation approaches used by 

the hydrologic modeling community, with primary attention to the approaches used in 

this dissertation -- a priori parameter estimation, manual-expert calibration, and automatic 

calibration. In Chapter Four, the manual approach is compared with an automatic 

calibration scheme called the Multi-step Automatic Calibration Scheme (MACS: Hogue 

et al., 2000).  In Chapter Five, the degree of agreement between parameter values 

prescribed via an a priori approach and an automatic calibration approach called Shuffled 

Complex Evolution Metropolis (SCEM; Vrugt et al., 2003a) is explored. The analyses 

performed in Chapter Six involve both manual calibration and a novel constraining 
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approach to automatic calibration. The manual calibration method used in Chapter Four 

and a priori parameter estimation method used in Chapters Five and Six are the ones 

utilized by the National Weather Service (NWS) of the U.S.  

3.2. THE MANUAL CALIBRATION APPROACH USED BY THE U.S.        

NATIONAL WEATHER SERVICE 

For operational streamflow forecasting, the NWS primarily uses a manual 

approach to estimate the parameters used in their lumped hydrologic forecast models 

(Burnash, 1995; Smith et al, 2003).  Successful manual calibration requires a good 

knowledge of the physical and response characteristics of the watershed, as well as a 

good understanding of the structure and functioning of the various model components. It 

involves a subjective interactive process that uses a variety of graphical interfaces and a 

multitude of performance measures that transform the historical data into information that 

will aid the hydrologist in decision-making. The major aim is to find values for the 

parameters that are consistent with the hydrologic processes they were designed to 

represent (Hydrologic Research Center, 1999). The consistency between the model 

simulation of hydrological behaviors for which observations are available is examined at 

various timescales and time-periods to try and isolate the effects of each parameter.  

Hydrological behaviors include, for example, annual averages to understand the long-

term water balance dynamics, seasonal and monthly averages to identify the trends and 

low-high flow periods, and event based measures to analyze the shape and timing of 

floods.  Manual calibration is expected to produce process-based, consistent and reliable 

predictions. However it is a time- and labor-intensive process involving subjective 
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decisions. Due to this subjectivity, different modelers will most likely produce different 

model parameter values for a particular watershed. For an excellent and comprehensive 

discussion of manual calibration, please see Smith et al. (2003) and Hydrologic Research 

Center (1999). 

3.3. THE A PRIORI PARAMETER ESTIMATION APPROACH DEVELOPED BY 

THE U.S. NATIONAL WEATHER SERVICE 

The NWS is currently conducting research into the development of spatially 

distributed flood forecast models that incorporate information regarding the spatial 

variability of precipitation and watershed physical characteristics in their pursuit of 

improving forecasts of stream discharge at over 4000 points in the U.S. In this regard, the 

Hydrology Lab of the NWS has developed a distributed model called the “HL-DHMS” 

(see discussion in Chapter Two, Section 2.3). The water balance component at each cell 

of the HL-DHMS is conducted using the SAC-SMA rainfall runoff model (see Chapter 

Two, Section 2.2); the grid scale runoff components are then routed over hillslopes and 

through the channel network via kinematic wave-based hydraulic models. The discussion 

below provides the details of the a priori methodology developed by the NWS (Koren et 

al. 2000, 2003; Duan et al., 2001) to derive distributed, spatially consistent and physically 

realistic values for parameters of the SAC-SMA. The parameter values obtained via this a 

priori methodology provide a starting point for subsequent calibration to ensure 

consistency in parameter values estimated for neighboring watersheds (Duan et al., 2001; 

Koren et al., 2000).  Details of method for estimating the routing model parameters were 

provided in Chapter Two (Section 2.3). 
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 Koren et al. (2000) developed a logical procedure by which the 11 major SAC-

SMA model parameters can be estimated from soils and vegetation data (Chapter Two, 

Table 2.1; parameters 1-11). The “Koren” procedure is based on a two-zone (upper & 

lower) conceptual model structure consistent with that of the SAC-SMA, and uses a 

combination of physically based and empirical relationships (the latter derived from a 

number of well-calibrated watersheds) to derive spatially consistent a priori estimates of 

the SAC-SMA model parameters.  The procedure relates the conceptual model storage 

components to soil hydraulic properties by assuming that the “tension water capacity” is 

related to soil available water (defined as the difference between field capacity and 

wilting point), and “free water capacity” is related to soil gravitational water (defined as 

the difference between porosity and field capacity). The soil porosity, field capacity and 

wilting point information required for this are estimated as described briefly below.   

The starting point for the Koren procedure (Figure 3.1) is the STATSGO soil 

database which provides polygon based estimates of dominant soil texture within 11 soil 

layers representing the upper 2.5m of soil over the conterminous U.S. Miller and White 

(1999) mapped this polygon based data set onto 1km x 1km grids, and used the Clapp 

and Hornberger (1978) and Cosby et al. (1984) pedotransfer function relationships to 

derive the associated soil hydraulic properties. From these properties, the total water 

holding capacity (in terms of water depth) of the soil can be estimated as the integral of 

porosity taken over the 2.5m soil depth.  The Koren procedure assumes that this “soil” 

water holding capacity corresponds to the total “model” water holding capacity of the 

SAC-SMA (combined capacity of upper and lower zone tension and free water storages).
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Figure 3.1. Schematic presentation of the Koren et al. (2000) a priori parameter 
estimation approach. 
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This model water holding capacity is partitioned into upper and lower zones based on the 

concept of an initial rain abstraction. The initial rain abstraction is defined as that volume 

of water absorbed by the surface and near surface of the watershed at the beginning of a 

storm event, before surface runoff processes begin. The Natural Resources Conservation 

Service (NRCS) developed a method to estimate this abstraction amount from soil and 

landcover data for different soil moisture  conditions (dry, average and wet), the so-called 

“Curve Number” methodology (McCuen, 1982). The Koren procedure makes the 

assumption that under average soil moisture conditions, the tension water store of the 

upper zone is typically full while the free water store is typically empty. Under this 

assumption, the depth of the upper zone is taken to be the integral depth of soil column 

required, such that the gravitational portion of soil water holding capacity (free water) is 

filled by the volume of initial rain abstraction.  The depth of the lower zone is set to be 

2.5m (total soil thickness in the STATSGO database) minus the depth of the upper zone. 

In each zone the tension water capacity is computed as the fraction of the zone depth 

corresponding to field capacity minus wilting point. 

The discussion above has explained, very briefly, the procedure used to determine 

the sizes of the various storage components of the SAC-SMA, so the reader can get a 

sense of how a priori estimates of the model parameters can be related to available soil 

and land-cover data.  The parameters related to lateral soil drainage and vertical 

percolation rates are also derived in a similarly logical manner from the hydraulic 

properties of the soil. For details, please see Koren et al. (2000; 2003), Duan et al. (2001) 

and Anderson et al. (2006).
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3.4. OVERVIEW OF AUTOMATED APPROACHES TO ESTIMATION OF MODEL 

PARAMETERS VIA CALIBRATION 

Automatic parameter identification (calibration) methods rely on an a priori 

model structure, optimization algorithm and one or more measures of the differences 

between the simulated and observed variable(s) of interest to estimate the model 

parameters. The goal of research into automated calibration methods has been to develop 

an objective strategy for parameter estimation that provides consistent performance by 

minimizing the kinds of subjective human judgments involved in manual calibration 

(Boyle et al, 2000). The traditional implementation of the automatic approach utilizes a 

single measure of closeness between the simulated and observed variables. However, 

difficulties in determining the “best” unique parameter set have led to recent development 

of procedures that utilize multiple measures of closeness.  

3.4.1. Traditional Single Criteria Automatic Calibration Approach 

Traditional automated approaches to model calibration utilize a single 

mathematical criterion (measure) to search for a unique “best” parameter set that brings 

the modeled hydrologic variable as close as possible to its observed value.  Historically, 

the “Root Mean Squared Error” criterion has been the most widely used because of its 

statistical properties (Duan et al., 1992). A powerful optimization algorithm is a major 

requirement to ensure the consistency of the selected parameter set. A global 

optimization algorithm that has been widely reported to be effective and efficient is the 

Shuffled Complex Evolution algorithm (SCE-UA) developed at the University of 

Arizona (Duan et al., 1992). SCE-UA combines the strengths of global and local search 
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methods such as genetic algorithm and the downhill simplex method with concepts of 

complex partitioning and complex shuffling. The SCE-UA algorithm was extended by 

Vrugt et al. (2003a) to enable stochastic estimation of the posterior probability density 

function of the parameter estimates: the new algorithm called the “Shuffled Complex 

Evolution - Metropolis” (SCEM-UA) shares many algorithmic steps with the SCE-UA 

algorithm. The main difference between these algorithms is the nature of their outcome 

being deterministic or probabilistic; while the SCE algorithm uses a downhill-simplex 

search strategy to find a single best set of parameter values, the SCEM-UA utilizes a 

probabilistic covariance-based search methodology to infer the posterior probability 

distribution of the parameter values. 

It was suggested by Gupta et al. (1998) that use of a single overall statistical 

measure of closeness can hide information about the important temporal variations in the 

streamflow time-series by lumping together sections of the hydrograph related to 

different hydrological processes.  Further, the validity of the assumptions involved in the 

selection of the measure are often not met (e.g. Sorooshian and Dracup, 1980; Beven 

2001). For example, root mean square error function implicitly assumes that the errors in 

the streamflow time series are pair-wise independent, have constant variance 

(homogeneous) and normally distributed with a mean value of zero. For these reasons, 

statistical measures that average over the properties of the residuals generally contain 

limited information on hydrologic functioning of the watershed. Although we now have 

access to powerful optimization algorithms that have proven to be effective and efficient, 

hydrologic science must still concur with the frank statement made by Johnston & 
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Pilgrim (1976), that “ … in over two years of extensive investigation we are unable to 

confidently claim to have discovered the optimum to our watershed calibration problem 

…”. One important reason for this difficulty is the large difference between the 

dimensionality of the measure space and the parameter space which amplifies the 

problem of distinguishing between large numbers of alternative models caused by 

parameter interdependence and model structural discrepancies (Gupta et al., 2007; Duan 

et al., 1992; Gupta et al., 1998; Beven, 1992; Beven and Freer 2001).

3.4.2. Multi-Criteria Automatic Calibration Approach 

In an effort to increase the information content (decrease the gap between 

measure and parameter dimensions), multi-criteria approaches utilizing simultaneous 

calibration (Gupta et al. 1998; Yapo et al, 1998) and step-wise calibration (Brazil, 1988; 

Hogue et al. 2000) of parameters have been introduced. A major advantage of the multi-

criteria approach is that various aspects of the manual calibration strategy can be 

absorbed into the automatic calibration approach, strengthening its ability to account for 

the physical basis of identified parameters.

3.4.2.1. Stepwise Multi-criteria Calibration Approach 

The step-wise multi-criteria approach aims to reduce the dimension of the 

optimization problem by breaking it into several sub-problems that are handled in a step-

by-step manner; each step calibrates only model parameters associated with certain 

hydrological processes while keeping the other parameters fixed at their current best 

estimates.  



53

For example, the Multi-step Automatic Calibration Scheme (MACS: Hogue et al. 

2000) uses the SCE-UA global search algorithm (Duan et al., 1992; 1993) and a step-by-

step process to emulate some aspects of the progression of steps followed by the NWS 

hydrologists during manual calibration. The step-by-step process is as follows: (1) the 

lower zone parameters are calibrated to match a logarithmic transformation of the flows 

thereby placing a strong emphasis on reproducing the properties of the low-flow portions 

of the hydrograph; (2) the lower zone parameters are subsequently fixed and the 

remaining parameters are optimized with the Root Mean Squared (RMS) objective 

function to provide a stronger emphasis on simulating high flow events; (3) finally, a 

refinement of the lower zone parameters is performed using the log-transformed flows 

while keeping the upper zone parameters fixed at values derived during step 2. The 

method has been tested for a wide variety of hydro-climatic regimes in the United States 

and has been shown to produce model simulations that are comparable to (as good as or 

better) traditional manual calibration techniques (Hogue et al., 2000; 2006). 

Other studies exist that utilize step-wise procedure in the calibration of hydrologic 

model parameters. Brazil (1988) estimated parameters of the SAC-SMA model using a 

combination of an interactive analysis of observed streamflow time series, an automated 

global search algorithm, and a local search algorithm for fine-tuning. Boyle et al (2000) 

utilized a simultaneous multi-criteria approach to generate a set of Pareto optimal 

solutions showing performance trade-off in fitting different segments of the hydrograph 

and then selected a parameter set from within the Pareto region that best satisfies two 

long-time-scale statistical measures of fit (mean and variance). In an effort to improve the 
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performance of USGS Precipitation Runoff Modeling System, Leavesley et al. (2003) 

performed a step-wise approach which began by calibrating the parameters affecting 

water balance, followed by the parameters related to hydrograph timing and soils and 

vegetation, respectively. Harlin (1991) and Zhang and Lindstrom (1997) introduced 

process-oriented step-wise calibration strategies for the HBV hydrological model.  Their 

procedures partitioned the flow time series into several periods where specific 

hydrological processes dominate and linked these periods to specific parameter(s) during 

calibration. Turcotte et al. (2003) developed a step-wise calibration strategy for the 

HYDROTEL distributed model. In the procedure they first calibrated the model 

parameters sensitive to objectives related to long timescales, and then calibrated those 

parameters sensitive to short timescales. Their calibration steps included parameters 

related to large-scale water balances, evapotranspiration, infiltration capacity, and routing 

respectively. Shamir et al. (2005) introduced a stepwise parameter estimation approach 

based on a set of streamflow descriptors that emphasize the dynamics of streamflow 

record at different timescales. Fenicia et al., (2007) showed how simultaneous and step-

wise multi-criteria optimization strategies can help in understanding model deficiencies 

and hence guide model development. Wagener et al. (2003) and Choi and Beven (2007) 

developed process-based approaches based on Generalized Sensitivity Analysis (GSA; 

Hornberger and Spear, 1981; Spear and Hornberger, 1980) to incorporate the time 

varying nature of the hydrological responses into model/parameter identification.  
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3.4.2.2. Simultaneous Multi-criteria Calibration Approach 

The simultaneous multi-criteria approach finds the set of solutions (the so-called 

“Pareto optimal” region) that simultaneously optimizes several criteria selected by the 

user to measure different aspects of the closeness between the model output and the data. 

The end product of the simultaneous multi-criteria approach is a parameter trade off 

region, whose size and properties provide insight into possible model improvements as 

well as degrees of confidence in different aspects of the model predictions (Gupta et al. 

1998; Fenicia et al., 2007).

A pioneering algorithm that provides an approximation to the Pareto optimal 

region is called the “Multi-Objective COMplex evolution algorithm” (MOCOM-UA, 

Yapo et al., 1998) developed at the University of Arizona. MOCOM-UA is a general-

purpose multi-objective global optimization strategy which combines the strengths of the 

controlled random search method, Pareto ranking, and a multi-objective downhill simplex 

search method.  MOCOM-UA has been successfully applied to a number of multi-criteria 

calibration studies of hydrological (Boyle et al., 2000; Gupta et al., 1998) and land-

surface models (Liu, 2003; Gupta et al., 1999).  However some studies reported that the 

MOCOM-UA algorithm has a tendency to cluster the solutions in the center of Pareto 

region (Gupta et al., 2003) and can require a very large number of model runs for 

convergence (Gupta et al., 1999).

 Another algorithm that is widely used in hydrology community for solving multi-

criteria optimization problems is the “Multi-Objective Shuffled Complex Evolution 

Metropolis algorithm”, (MOSCEM-UA; Vrugt et al., 2003b). Similar to SCEM-UA (See 
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Section 3.4.1), MOSCEM-UA is a Markov Chain Monte Carlo (MCMC) sampler to infer 

the posterior probability distribution of the parameter values. However, ranking of the 

parameter sets are assigned based on their performance in multi-objective space (pareto 

dominance) and it is this ranking rather than the value of a single-objective function that 

is used to evolve the population towards the Pareto trade-off surface. MOSCEM-UA uses 

an improved concept of Pareto dominance (in comparison to MOCOM-UA) that enables 

generation of a fairly uniform approximation of the ‘‘true’’ Pareto frontier. MOSCEM-

UA has been applied to solve multi-criteria problems in land surface models (Johnsen et 

al., 2005; Mengelkamp et al., 2006) and hydrologic models (Schoups et al., 2005).  

The codes for both MOCOM-UA and MOSCEM-UA are available from 

www.sahra.arizona.edu/software.

3.4.3. Multi-Criteria Constraining Approach 

The basic concept of constraining approach differs from automated calibration 

strategies described above in the sense that it considers consistency of model 

structure/parameters as ultimate goal while the latter aims at optimality. In other words, 

constraining approach seeks the set of parameters that are consistent with some minimal 

thresholds of performance on several criteria. In this sense constraining approach is 

rooted in the concept of Generalized Sensitivity Analysis (GSA; Hornberger and Spear, 

1981; Spear and Hornberger, 1980). In GSA models/parameters are separated into 

behavioral/non-behavioral groups by comparing their performance with a subjectively 

selected threshold behavior. The models/parameters that present better performance than 

the selected threshold are accepted as “behavioral” and considered as equally acceptable 
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representation of the system. The remaining models/parameters are rejected as non-

behavioral. Monte Carlo simulation-based GSA approach has been the core of many 

model identification and uncertainty estimation techniques (e.g. GLUE methodology of 

Beven and Binley (1992) and DYNIA methodology of Wagener et al (2003)).    

The main advantage of constraining approach is its ease of implementation as 

well as ease of incorporating additional performance criteria. Similar to step-wise multi-

criteria calibration approach (Section 3.4.2.1) several performance measures can be 

formulated and behavioral models/parameter sets can be selected considering a single or 

a group of performance measures.  The selected set (behavioral set) can be further 

analyzed using pareto optimality concept to select “best parameter set”.   

3.5. CHAPTER SUMMARY  

This chapter provided an overview of the parameter estimation approaches used by 

the hydrologic modeling community. Manual (expert) calibration requires a good 

knowledge of the physical and response characteristics of the watershed, as well as a 

good understanding of the model functioning. It is a subjective and labor intensive 

process, however, in general provides parameter estimates that are consistent with the 

conceptual design of a model. A priori parameter estimation methodologies are widely 

used for physically based distributed models and make use of soils and vegetation 

datasets to link small scale process understanding with the process representation at the 

model grid scale. Calibration is widely used for estimating parameters of conceptual 

rainfall-runoff models, and involves selection of a parameter set that generates model 

responses that reproduce, as closely as possible, the historically observed hydrologic 
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response of the watershed. Parameters calibrated using a single measure are weakly 

related to the physical properties of the watershed system, therefore multi-criteria 

calibration methods are proposed to blend the steps in manual calibration procedure with 

an automatic calibration algorithm. Multi-criteria constraining approach can be utilized to 

identify models/parameter sets that are consistent with the conceptual model structure 

and perceived hydrological processes within a watershed.
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CHAPTER 4 

INTERCOMPARISON OF RAIN GAUGE, RADAR AND SATELLITE-

BASED PRECIPITATION ESTIMATES WITH EMPHASIS ON HYDROLOGIC 

FORECASTING1

4.1. INTRODUCTION 

Many hydrologic simulation studies, whether related to climate change scenarios, 

flood forecasting or water management, depend heavily on the availability of good-

quality precipitation estimates. Difficulties in estimating precipitation arise in many 

remote parts of the world and particularly in developing countries where ground-based 

measurement networks (rain gauges or weather radar) are either sparse or non-existent, 

due mainly to the high costs of establishing and maintaining infrastructure. This situation 

imposes an important limitation on the possibility and reliability of hydrologic 

forecasting and early warning systems in these regions. For example, recent monsoon 

flooding (June-July 2004) in Bangladesh caused massive damage to the land, 

infrastructure and economy and affected more than 23 million people.  

The International Association of Hydrological Sciences (IAHS) recently launched 

an initiative called the Decade on Predictions in Ungauged Basins (PUB), aimed at 

achieving major advances in the capacity to make reliable predictions in ungauged basins 

(Sivapalan et al. 2003). “Ungauged” is used to indicate locations where measurements of 

                                                
1 This study has been published in a refereed journal (Yilmaz et al., 2005) 
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the variables of interest are either too few, or too poor in quality, or not available at all.  

In particular, where measurements of the system response (e.g. streamflow) are lacking, 

prior estimates of the model parameters cannot be improved via calibration (Gupta et al. 

2006). However, where measurements of the system input (e.g. precipitation) are 

missing, the model cannot even be driven to provide forecasts.  

Recent improvements in the ability of satellite-based precipitation retrieval 

algorithms to produce estimates (with global coverage) at the high space and time 

resolutions makes them potentially attractive for hydrologic forecasting in poorly gauged 

and ungauged basins. This study provides a test of the PERSIANN (see Section 4.3.4 for 

description) satellite-based product using several basins in the southeastern United States 

where other sources of precipitation estimates (rain gauge, weather radar) exist for 

comparison. The National Weather Service (NWS) is the agency responsible for 

providing river forecasts for the United States.  For this purpose, the NWS routinely uses 

mean areal precipitation estimates from rain gauge networks and recently from 

radar/gauge multisensor products to drive the Sacramento Soil Moisture Accounting 

Model (SAC-SMA; see Chapter Two Section 2.2 of this dissertation and also Burnash et 

al. 1973; Burnash 1995). Hereafter, MAPG, MAPX and MAPS will denote basin mean 

areal precipitation estimates (MAP) derived from the rain gauge network, the Weather 

Surveillance Radar-1998 Doppler (WSR-88D) multisensor product, and the PERSIANN 

satellite-based system respectively.  

The research questions addressed in this study are: 
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 1) How do precipitation estimates based on rain gauge network, radar/gauge 

multisensor product and satellite-based algorithm compare at the space-time scale 

currently utilized by the NWS for operational hydrologic forecasting procedures 

within the selected study basins (basin MAP at 6-hour intervals)?  

2) How does the performance of a hydrologic model change when the rain gauge-

based precipitation estimates are replaced by satellite-based estimates? In other 

words, how do differences between precipitation estimates affect the resulting 

simulated flow forecasts? 

The importance of the second question is twofold. If the model adequately captures 

the dynamics of water distribution and movement in the basin and the calibration is 

robust, a comparison of the simulated and observed flow will serve as an independent 

check on the accuracy of the precipitation estimates. Further, because the rainfall-runoff 

transformation acts as a low-pass filter, it is interesting to determine whether the bias 

error in the precipitation estimates becomes attenuated, thereby helping to clarify what 

level of input accuracy is required for hydrological prediction (Andreassian et al. 2001).  

4.2. BACKGROUND 

Whether measured directly by rain gauges or indirectly by remote sensing 

techniques, all precipitation estimates contain uncertainty. While rain gauges provide a 

direct measurement of precipitation reaching the ground, they may contain significant 

bias arising from coarse spatial resolution (yielding underestimation especially during 

events with low spatial coherency, i.e., convective showers), location, wind and 

mechanical errors among others (Groisman and Legates 1994). According to Legates and 
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DeLiberty (1993) rain gauges may underestimate the true precipitation by about 5%. 

Radar estimates hold promise for hydrologic studies by providing data at high spatial and 

temporal resolution over extended areas but suffer from bias due to several factors 

including hardware calibration, uncertain Z-R relationships (Winchell et al. 1998; Morin 

et al. 2003), ground clutter, bright band contamination, mountain blockage, anomalous 

propagation and range dependent bias (Smith et al. 1996). Recent advances in satellite-

based remote sensing have enabled scientists to develop precipitation estimates having 

near global coverage, thereby providing data for regions where ground-based networks 

are sparse or unavailable (Sorooshian et al. 2000). However, this advantage is offset by 

the indirect nature of the satellite observables (e.g. cloud top reflectance or thermal 

radiance) as measures of surface precipitation intensity (Petty and Krajewski 1996).

In general, satellite-based precipitation estimation algorithms use information 

from two primary sources. The infrared (IR) channels from Geosynchronous Satellites 

are used to establish a relationship between cloud top conditions and rainfall rate at the 

base of the cloud.  This relationship can be developed at relatively high spatial (~4 km x 

4 km) and temporal (30 min) resolution.  The microwave (MW) channels from low 

orbiting satellites are used to more directly infer precipitation rates by penetrating the 

cloud, but a low orbiting satellite can retrieve only one or two samples per day.  The 

relative strengths and weaknesses of various sources have been exploited in the 

development of algorithms that combine and make best use of each source. The NWS 

uses a multivariate objective analysis scheme to merge radar and rain gauge estimates 

(Fulton et al. 1998). In the case of satellite-based estimates, algorithms have been 
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designed that merge satellite imagery with; other kinds of satellite imagery (Sorooshian et 

al. 2000; Kuligowski 2002), numerical weather prediction (NWP) models (Grimes and 

Diop 2003), rain gauges (Adler et al. 2000; Huffmann et al. 2001), and rain gauges and 

NWP models (Xie and Arkin 1997).  

Numerous studies have compared precipitation estimates from different sensors to 

validate the algorithms with a view to improve the quality of estimates. For example, 

intercomparison studies focusing on radar-based estimates include Johnson et al. (1999), 

Young et al. (2000), Stellman et al. (2001), and Grassotti et al. (2003).  Studies focusing 

on satellite-based estimates include Adler et al. (2001), Krajewski et al. (2000), 

Rozumalski (2000) and McCollum et al. (2002). We build on this previous work by 

comparing all three types of precipitation estimates and take the evaluation further by 

examining the adequacy of satellite products for use in basin-scale hydrologic modeling. 

Previous radar-based precipitation intercomparison studies in Southern Great 

Plains have reported that hourly digital precipitation (HDP) radar estimates (Smith et al. 

1996) and radar/gauge merged Stage III estimates (Johnson et al. 1999; Young et al. 

2000) tend to underestimate the rain gauge estimates. Smith et al. (1996) showed that 

HDP estimates suffer from range dependent underestimation bias varying between 14% 

and 100% depending on the season. Young et al. (2000) also observed range dependent 

bias in the Stage III estimates but less than HDP estimates. Smith et al. (1996) further 

reported that more than 30% systematic difference between precipitation estimates from 

adjacent radars may be present due to radar calibration differences. Grassotti et al. (2003) 

reported a seasonal bias between radar-only estimates developed by the Weather Service 
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International Corporation (WSI) and rain gauges; the bias took the form of 

underestimation during the cold season and overestimation during the warm season. Over 

the Culloden Basin in Georgia, Stellman et al. (2001) found that MAPX was similar to 

MAPG during summer but suffered from underestimation (~ 50%) during the cold 

season.

In a study to quantify the error variance of the monthly Global Precipitation 

Climatology Project (GPCP) satellite-based estimates, Krajewski et al. (2000) noted 

significant geographical and seasonal variability in the error statistics. Their Oklahoma 

site showed a positive bias during the summer and negative bias during the winter while 

the Georgia site showed negative bias in the summer and winter. In a validation study 

over the United States, McCollum et al. (2002) found that an algorithm using microwave 

channels of the satellites overestimates precipitation in summer and underestimates in 

winter, with an east to west bias gradient. Rozumalski et al. (2000) evaluated the IR-

based AutoEstimator (A-E) algorithm over the Arkansas-Red Basin and reported that the 

A-E skill diminished when moving from warm to cold season and that 24-hour A-E totals 

overestimated Stage III precipitation by a factor of 2 during the warm season and 

underestimated by a factor of 0.61 during the cold season.  

The effect of different precipitation scenarios on hydrologic model parameters 

and simulated hydrographs has been studied by various researchers (Finnerty et al. 1997; 

Winchell et al. 1998; Koren et al. 1999; Johnson et al. 1999; Andreassian et al. 2001; 

Grimes and Diop 2003; Tsintikidis et al. 1999). Among others, Grimes and Diop (2003) 

investigated the use of METEOSAT thermal IR imagery-based satellite precipitation 
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estimation algorithm for flow forecasting and indicated that the inclusion of NWP model 

output improved the quality of modeled hydrographs. In a feasibility analysis to estimate 

mean areal precipitation based on visible and IR METEOSAT imagery, Tsintikidis et al. 

(1999) indicated that semi-distributed hydrologic model parameters should be 

recalibrated with satellite-based precipitation using spatially variable parameter values. 

The study of Finnerty et al. (1997) showed that SAC-SMA model parameters derived at a 

particular space and time scale can not be applied at different scales without introducing 

significant runoff bias.

  A general conclusion from the above studies is that the accuracy of both radar and 

satellite-based precipitation estimates depends on the calibration procedure used, the 

season and the geographic location, and that the differences in these estimates can affect 

hydrologic predictions. This study therefore seeks to gain insight into the utility of the 

satellite-based estimates for hydrologic forecasting by analyzing the differences between 

MAPG, MAPX and MAPS and by exploration of the corresponding performance of a 

hydrologic model.

4.3. STUDY AREA, DATASETS AND HYDROLOGIC MODEL 

4.3.1. Study Area 

The study area includes seven NWS operational basins of varying size and 

geographic location within the relatively humid southeastern United States (Table 4.1, 

Figure 4.1).The area is free of snow and the radar beams are not blocked by mountains. 

The basins AYSG1, CLUG1, and REDG1 lie within the responsibility of the NWS’ 

Southeast River Forecast Center (SERFC) and the basins CLSM6, DARL1, PLAM6, and 
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SJOA4 lie within the responsibility of the NWS’ Lower Mississippi River Forecast 

Center (LMRFC).  

Table 4.1. Study basin characteristics and relevant information. 

BASIN ID BASIN NAME ELEV.
(m) 

AREA
(km2)

P*
(mm/yr) 

Q*
(mm/yr) 

PLAM6 Pearl River nr. Burnside, MS 114.7 1346 1636.0 568.5 
DARL1 Amite River nr. Darlington, LA 44.4 1502 1343.5 439.4 
CLSM6 Leaf River nr. Collins, MS 60.2 1954 1660.9 562.1 
SJOA4 Buffalo River nr. St. Joe, AR 170.8 2147 1085.0 460.5 
REDG1 Ohoopee River nr. Reidsville, GA 22.5 2939 1171.5 271.1 
AYSG1 Satilla River nr. Waycross, GA 20.2 3281 1243.0 243.6 
CLUG1 Flint River nr. Culloden, GA 102.0 4774 1335.5 374.5 

P = Annual precipitation (rain gauges); Q = Flow; *based on water years 2002 and 2003 

  Figure 4.1. Location map of the study area. 



67

4.3.2. Rain gauge data 

The RFCs use an operational rain gauge network and the NWSRFS (National 

Weather Service River Forecast System) to derive MAPG. We obtained the operational 

MAPG from RFC archives because they have already been subject to quality control 

procedures (and also because not all rain gauges used in the operational network are 

reported to other agencies). In an operational basin, 6-hour MAPG is calculated as 

follows: i) precipitation values obtained from operational network are accumulated to 

derive daily totals for each rain gauge, ii) missing data is estimated by a distance 

weighting procedure, iii) daily MAPG is computed using the Theissen polygon method 

and distributed to 6-hour values based on the 1-hour or 6-hour rain gauges closest to the 

centroid of the basin in each of four quadrants (Johnson et al. 1999). Unfortunately, 

MAPG is unavailable for the period from May 2001 to September 2001 for the SERFC 

basins.

4.3.3. Radar data 

The RFCs calculate operational MAPX using a multisensor product derived by 

merging the operational hourly rain gauge and radar (WSR-88D) precipitation estimates. 

The early version of the merging algorithm, known as Stage II, is the result of a 

multivariate optimal estimation procedure (Seo et al. 1997). The mosaic of Stage II 

product over each RFC is quality controlled by RFC personnel and termed as Stage III 

(Fulton et al. 1998). Operational experience with the Stage II/III algorithms led to 

development of the Multisensor Precipitation Estimator (MPE) to mitigate some of the 

radar deficiencies such as range degradation and beam blockage. The main objective of 
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the MPE product is to reduce both spatially-mean and local bias errors in radar derived 

precipitation using rain gauges and satellite so that the final multisensor product is better 

than any single sensor alone (Fulton  2002). The RFCs have initiated the switch from 

Stage II/III to the MPE algorithm. SERFC and LMRFC have switched from the Stage III 

algorithm to the MPE algorithm in October 2002 and in October 2003 respectively. 

Radar/gauge multisensor products are mapped on a polar stereographic projection called 

the Hydrologic Rainfall Analysis Project (HRAP) grid (~4 km x 4 km). The RFCs 

compute MAPX by averaging the precipitation values from each HRAP bin contained in 

the basin (Stellman et al. 2001). We obtained the operational MAPX values from the 

LMRFC. Missing data for the LMRFC and all the data for the SERFC were calculated by 

downloading the hourly radar/gauge multisensor product from the NOAA Hydrologic 

Data Systems Group website 

(http://dipper.nws.noaa.gov/hdsb/data/nexrad/nexrad_data.html) and following the 

procedures listed on the NWS Hydrology Laboratory website 

(http://www.nws.noaa.gov/oh/hrl/dmip/nexrad.html). For the SERFC basins, MAPX is 

unavailable for August 2000 and April 2001.

4.3.4. Satellite data 

The PERSIANN system (Precipitation Estimation from Remotely Sensed Information 

using Artificial Neural Networks; Hsu et al. 1997, 1999; Sorooshian et al. 2000; Hsu et 

al. 2002) uses an artificial neural network to estimate 30 minute rainfall rates at 

0.25oX0.25o spatial resolution using IR images from geosynchronous satellites (GOES, 

GMS, METEOSAT) and a previously calibrated neural network mapping function 
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(Figure 4.2). The system classifies satellite images according to cloud top IR brightness 

temperature and texture at and around the estimation pixel. For each class, a multivariate 

linear mapping function is used to relate the input features to the output rain rate. 

Whenever a MW-based rainfall measurement (Ferraro and Marks 1995; Kummerow et al. 

1998; Weng et al. 2003) from a low orbiting satellite (TRMM; NOAA-15,16,17; DMSP 

F-13,14,15) is available, the error in each pixel is used to adjust the parameters of the 

associated mapping function. MAPS values are calculated by area weighting each 

PERSIANN grid over the basin. The PERSIANN dataset starts in March 2000. Due to an 

algorithm failure reported by the developers of the PERSIANN system, we removed the 

period from January 29th through February 15th 2003 from precipitation comparison and 

model simulation analysis.  

4.3.5. Hydrologic Model 

The SAC-SMA  (Sacramento Soil Moisture Accounting Model, Burnash et al. 1973; 

Burnash 1995) is a lumped, conceptual rainfall-runoff model composed of a thin upper 

layer representing the surface soil regimes and the interception storage, and a thicker 

lower layer representing  the   deeper  soil   layers  containing  the   majority   of  the  soil   

moisture and groundwater storage (Brazil and Hudlow 1981). A detailed description of 

the SAC-SMA can be found in Chapter Two, Section 2.2. The SAC-SMA model inputs 

are 6-hour MAP and daily mean areal potential evaporation (MAPE) and output is the 

daily runoff. Output from the SAC-SMA is then routed through a Unit Hydrograph 

(obtained from the RFCs) to obtain streamflow values. MAPE values are obtained from 

the RFCs and constitute the mid-month values.  
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4.4. METHODS

The first objective of this study is to analyze the differences between MAPG, 

MAPX and MAPS over a variety of basins, and to determine the dependence of 

relative bias on seasonality, size of the basin, and geographic location. The analysis 

compares datasets at the monthly timescale as total precipitation and at the 6-hour 

timescale using scatterplots and statistical measures (linear correlation coefficient 

(CORR), relative mean bias (BIAS) and normalized root mean square error 

(NRMSE));
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where MAPe and MAPr denote the precipitation estimates under comparison (MAPe

denotes either MAPX or MAPS and MAPr denotes either MAPG or MAPX) and n is 

the number of 6-hour dataset pairs in the analysis. The NWS utilizes a 6-hour 

precipitation input for hydrologic forecasting in the selected study basins. Statistical 

measures are based on 6-hour data pairs in which either of the datasets in the analysis 

reported precipitation (i.e. for the MAPX-MAPG analysis, a pair is included if either 

MAPX or MAPG > 0mm/6hr). Time periods when at least one dataset is unavailable 

for a basin (see Section 4.3.2 through 4.3.4 for time periods) were excluded from the 

statistical measures for all dataset comparisons for all study basins.
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The study time period was selected to run from March 2000 through 

November 2003 based on data availability and was subjectively subdivided into cold 

(October through March) and warm (April through September) seasons in an effort to 

separate stratiform precipitation (large scale organization of shallow warm clouds) 

from convective precipitation (small scale patterns of thick clouds with generally cold 

cloud tops). A further differentiation was made to discriminate between summer 

(June, July, August) and winter (November, December January). 

To evaluate the utility of satellite-based precipitation estimates for flow 

prediction, 6-hour MAPG and MAPS were used as input to the SAC-SMA model and 

the resulting mean daily flows were compared with each other and with the observed 

flow measured at USGS stations. MAPX has been excluded from this analysis due to 

change in the processing algorithm employed by SERFC (Section 4.3.3).  

Simulations were performed with parameter sets obtained through; 1) manual 

calibration  by a NWS hydrologist (see Chapter Three, Section 3.2 for details) using 

historical data from a rain gauge network (hereafter RFC parameters), and 2) 

automatic calibration via a Multi-step Automatic Calibration Scheme (MACS; Hogue 

et al. 2000) using data from a 23 month time period. The algorithmic steps employed 

by the MACS procedure are described in Chapter Three Section 3.4.2.1. MACS 

procedure was used to estimate 12 parameters of the SAC-SMA model (Chapter Two, 

Table 2.1, parameters 1-11 and 13) while rest of the parameters were set to RFC 

values.
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Note that the RFC parameters are operational parameters employed by the 

RFCs throughout the study time period. Although the SAC-SMA parameters should 

be considered tied to the space and time scales for which they were calibrated 

(Finnerty et al. 1997), comparing MAPS simulated flow using RFC parameters and 

specifically calibrated parameters will provide some insight as to whether the 

performance of the hydrological model improves with calibration. The model 

calibration period was set from October 2001 to November 2003, because this is the 

wettest period for which continuous precipitation data was available. Model 

initialization was performed by using the Shuffled Complex Evolution-University of 

Arizona algorithm (SCE-UA; Duan et al. 1992) to optimize the initial states (using 

the Root Mean Squared Error of the log-transformed flow (hereafter called LOG) as 

the objective function) of the model using the RFC parameters and MAPG as input 

(for October and November 2001). After establishing estimates of the initial states, 

parameter calibration was performed (using a three month warm-up period) for 

January 2002-November 2003. The verification period was set to May 2000-April 

2001 based on data availability (using a 2-month warm-up period). Model 

initialization for the verification period was again performed using SCE-UA in a 

manner similar to the calibration period. We note that the verification of the model 

performance over one year with only a few high flows together with short warm-up 

period (2-month) may yield insufficient information about the model performance 

and results should therefore be viewed as preliminary. Model performance 

evaluations are based on visual inspection of observed and simulated hydrographs, 
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and overall statistical measures including the %Bias and the Nash Sutcliffe Efficiency 

Index (NSE); 
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where SIM is the simulated daily flow, OBS is the observed daily flow, OBSmean is the 

mean of the observed daily flows, and n is the number of days in the analysis. NSE 

can vary between  and 1, with higher values indicating better agreement. 

Analysis of the timing correspondence between the five highest observed and 

simulated peak flows was also performed and is presented together with the 

hydrographs. The SJOA4 basin was excluded from flow analysis because the RFC 

parameters for this basin vary by season (Gina Tillis, LMRFC, personal 

communication, 2004). 

4.5. RESULTS 

4.5.1. Intercomparison of Precipitation Datasets 

Due to the enormous volume of results, detailed analyses will only be shown 

for two representative basins, CLSM6 and CLUG1 (Figure 4.1). Analysis of other 

basins will be provided as summary statistics and important points will be discussed 

as necessary. Note that MAPS has a known detection failure during January 29th

through February 15th 2003. It is worth mentioning that the following comparison is 
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aimed at analyzing the relative differences between each precipitation dataset 

(MAPG, MAPX and MAPS). These relative differences are likely due to a 

combination of many factors including differences in precipitation sampling area for 

each dataset, MAP calculation procedures, and other error characteristics (See Section 

4.2) inherent to the individual precipitation dataset.

Comparison of the monthly total precipitation amounts for the CLSM6 basin 

(Figure 4.3) demonstrates a seasonal trend with both MAPX and MAPS 

overestimating (underestimating) MAPG during the warm (cold) season. For 

example, during the year 2001 warm season, MAPG reported 775.5 mm of 

precipitation whereas MAPX and MAPS reported 1046.1 mm and 990.1 mm of 

precipitation respectively, resulting in 34.9% and 27.7% more precipitation than 

MAPG. However, during the year 2001-2002 cold season, MAPG reported 773.4 mm 

precipitation whereas MAPX and MAPS reported 598.0 mm and 560.3 mm 

respectively (22.7% and 27.5% less than MAPG). This general trend was observed 

throughout the study time period within the CLSM6 basin at varying degrees. In 

PLAM6, DARL1 and SJOA4 basins, this general seasonal trend was evident for some 

periods but not evident for other periods. These trends will be discussed later, 

together with the summary statistics.  

In the CLUG1 basin (Figure 4.4), MAPS and MAPG monthly totals are in 

good agreement throughout the time period without any evidence of seasonal bias.  

MAPX also more closely follows MAPG monthly totals than MAPX. MAPX is in 

good agreement with  MAPG with a  slight underestimation  starting  from September  
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Figure 4.3. Total monthly precipitation for CLSM6 basin reported by MAPG, MAPX 
and MAPS binned by month for March 2000 - November 2003 (cold and warm 
seasons are separated by vertical lines)

Figure 4.4. Total monthly precipitation for CLUG1 basin reported by MAPG, MAPX 
and MAPS binned by month for March 2000 - November 2003 (cold and warm                 
seasons are separated by vertical lines). 

2002 through the end of the study time period. Examination of the CORR statistic for 

the 6-hour MAPG-MAPX pairs binned by month (not shown) also reveals improved 

correlations during this time period. This change in MAPX behavior coincides with 

the approximate time that the SERFC changed the multi-sensor processing algorithm 

from Stage III to MPE (Section 4.3.3). The April-May 2003 period is marked by 

dramatically high monthly precipitation reported by MAPS, resulting from a high 

number of false detections. Overall, the same trend between MAPG, MAPX and 

MAPS observed in CLUG1 was also evident in other Georgia basins (REDG1 and 
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AYSG1). Progressing to 6-hour timescales will allow greater insight into the results 

obtained from the monthly analysis. 

Scatterplots in Figures 4.5 and 4.6 result from aggregation of all available 6-

hour datasets for the winter and summer for the CLSM6 and CLUG1 basins 

respectively. Figure 4.5 illustrates the same trend obtained from the monthly 

comparison at the 6-hour time scale for the CLSM6 basin. MAPG is overestimated by 

MAPS (0.62 mm (6hr)-1 BIAS) and MAPX (0.85 mm (6hr)-1 BIAS) during summer 

(Figures 4.5a and 4.5c) and underestimated by MAPS (-0.94 mm (6hr)-1 BIAS) and 

MAPX (-1.09 mm (6hr)-1 BIAS) during winter (Figs. 4.5d and 4.5f). Comparison of 

MAPX-MAPG, both in the summer and winter, result in better statistics than the 

MAPS-MAPG comparison as indicated by the higher (lower) CORR (NRMSE).   

This is expected since the radar/gauge multi-sensor product is already corrected with 

the rain gauges. MAPX shows better agreement with MAPG during winter (CORR = 

0.92) as opposed to summer (CORR = 0.75) (Figs. 4.5c and 4.5f). This may be due to 

possible rain gauge catch deficiency during local, short duration summer convective 

storms. Smith et al. (1996) reported that even very high density rain gauge networks 

are unable to represent the high rainfall rate regions of the storm systems. Also, the 

procedure for disaggregating the daily rain gauge values into 6-hour values employed 

by the RFCs may not be representative for the timing of the convective summer 

storms  (Stellman et al. 2001).  For the summer season, the comparison of MAPS-

MAPG and  MAPS-MAPX  (Figure 4.5a and 4.5b)  reveals  that  MAPS  and  MAPX
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Figure 4.5. Intercomparison of 6-hour precipitation (mm) from MAPG, MAPX and 
MAPS for  CLSM6 basin for a,b,c) summer (Jun, Jul, Aug), d,e,f) winter (Nov, Dec, 
Jan). nGS = number of data pairs where first term estimate shows no precipitation 
while second term estimate shows precipitation (i.e. rain gauge = 0mm/6hr and 
PERSIANN > 0mm/6hr) 

provide similar magnitudes for some of the high precipitation events. The same 

characteristics were also observed in daily scatter plots (not shown). This behavior 

may be an aggregate effect of the rain gauge catch deficiency explained above and a 

similar behavior of MAPX and MAPS during convective storms.  

 In the CLUG1 basin (Figure 4.6), a seasonal trend is not evident between MAPS 

and MAPG. Figures 4.6c and 4.6f show a general trend with MAPX overestimating 

MAPG during the summer (0.58 mm (6hr)-1 BIAS) and underestimating MAPG 

during the winter (-0.33 mm (6hr)-1 BIAS).  Significantly high total monthly MAPX 

estimates  during   summer  (see  Figure  4.4) can   be   explained  by  consistent over- 



79

Figure 4.6. Intercomparison of 6-hour precipitation (mm) from MAPG, MAPX and 
MAPS for  CLUG1 basin for a,b,c) summer (Jun, Jul, Aug), d,e,f) winter (Nov, Dec, 
Jan). nGS = number of data pairs where first term estimate shows no precipitation 
while second term estimate shows precipitation (i.e. rain gauge = 0mm/6hr and 
PERSIANN > 0mm/6hr) 

estimation of MAPG and MAPS by MAPX which is evident in the scatter plots 

(Figures 4.6b and 4.6c). MAPS, highly scattered around MAPG (Figure 4.6a), shows 

reduced bias in monthly totals. Clearly, MAPX and MAPG are in better agreement 

during the winter than during the summer (CORR = 0.85 and 0.76 respectively) (Figs. 

4.6c and 4.6f). In the summer, the MAPS-MAPX comparison results in higher CORR 

(0.63) than the MAPS-MAPG comparison (CORR=0.52), indicating better agreement 

between MAPX and MAPS. It should  also  be  noted  that  the  Georgia basins 

receive much less precipitation during the analysis time period when compared to 

other study basins (see scatterplots) and that they contain fewer hourly rain gauges 
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than other study basins, where almost 30% of the 6-hour precipitation estimates were 

obtained by uniformly distributing daily estimates. Also the Georgia basins are larger 

then the other study sites and thus more satellite precipitation estimation grids are 

used for areal averaging, likely smoothing out the localized high precipitation rates. 

In the CLUG1 basin, the highest rainfall rates occur in April-May 2003. During this 

time period MAPS overestimates both MAPG and MAPX (Figure 4.4).

To summarize the general trends between the precipitation datasets, statistical 

measures  are  presented  for  each  study  basin  for  summer  and winter (Figure 4.7).

Figure 4.7. Statistics of 6-hour precipitation for a,b,c) MAPX-MAPG, d,e,f) MAPS-
MAPG, g,h,i) MAPS-MAPX dataset pairs for summer and winter. 
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Note that basins are listed from left to right in order of increasing area and that the 

last three basins are located in Georgia (REDG1, AYSG1, CLUG1). There are 

general trends between the datasets among the study basins. Starting with the MAPX-

MAPG comparison (Figures 4.7a-c), the CORR (NRMSE) statistic is higher (lower) 

during winter than summer for all study basins. Possible reasons were explained 

earlier in the discussion of Figures 4.5 and 4.6. The SJOA4 basin has the highest 

(lowest) CORR (NRMSE) statistic between MAPX-MAPG. The SJOA4 basin, 

located within elevated terrain in Arkansas, receives precipitation in terms of short-

term rapid outbreaks. The Automated Local Evaluation in Real Time (ALERT) 

network of the NWS established within the basin enables a large number of hourly 

rain gauges, thus improving the bias correction of the radar estimate. The REDG1 

basin statistics result in the lowest (highest) CORR (RMSE), especially during the 

summer season. Daily rainfall comparison shows a similar behavior (not given). A 

possible reason is the small number of rain gauges within the REDG1 basin. MAPX 

overestimates MAPG for every study basin (Figure 4.7b) during the summer 

(indicated by positive bias). However during the winter, MAPX underestimates 

MAPG in 5 out of 7 basins. In the SJOA4 and DARL1 basins, MAPX shows a 

general trend of overestimating MAPG throughout the study time period, but this is 

more pronounced during the summer season. Notice that these are the aggregate 

statistics. There were changes in the agreement between the MAPX and MAPG 

throughout the study time period (Compare agreement between the MAPX and 

MAPG for summer 2002 and 2003 in Figure 4.4). General CORR, BIAS and NRMSE 
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statistical trends for the MAPS-MAPG comparisons (Figure 4.7d, e, f) over PLAM6, 

DARL1, CLSM6, SJOA4 basins are similar to the MAPX-MAPG comparisons but 

lower (higher) CORR (NRMSE) statistics indicate reduced agreement. MAPS is 

under(over)estimating MAPG during cold(warm) season for PLAM6, DARL1, 

CLSM6, and SJOA4 basins (Figure 4.7e). The hyetograph comparison (not shown) 

indicated that under dry winter conditions, MAPS overestimates MAPG due to false 

precipitation detection, but given that high precipitation rates are observed by MAPG, 

underestimation by MAPS is evident. The MAPS-MAPG comparison (Figure 4.7e) 

for Georgia Basins (CLUG1, AYSG1, REDG1) shows almost no bias in summer and 

winter seasons. A possible explanation is the fewer number of high precipitation rate 

events occurring in Georgia as opposed to other study basins. As an example, the 

SJOA4 and REDG1 basins are similar in size (areas are 2147km2 and 2939km2

respectively), but the SJOA4 basin is located in elevated terrain in Arkansas and 

receives much higher rainfall rates during the summer compared to the REDG1 basin 

located in Georgia. Figure 4.7e shows that MAPS has the highest overestimation of 

MAPG for the SJOA4 basin during the summer while no bias is observed for the 

REDG1 basin. The MAPS-MAPX comparison (Figues 4.7g-i) reveals that the CORR 

(NRMSE) statistic is higher (lower) especially for the Georgia basins when compared 

to the MAPS-MAPG analysis (Figures 4.7d-f). A possible explanation is that MAPS 

shows better agreement in timing of precipitation with MAPX than MAPG, possibly 

due to the smaller number of 1-6 hour rain gauges.   
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The observed seasonal differences between the precipitation datasets may be 

due to several reasons. First, rain gauges tend to underestimate local, short duration 

summer convective precipitation, while providing better estimates of the larger scale, 

longer duration liquid precipitation events during the winter. However, IR-based 

satellite estimates tend to overestimate both area and magnitude of summer 

convective precipitation (Scofield and Kuligowski 2003; Rozumalski 2000; Petty and 

Krajewski 1996; Xie and Arkin 1995) which usually occupies only a small fraction of 

cold cloud area detected by the sensor. Further, IR-based techniques may produce 

misidentification because some cold clouds, such as cirrus, may not generate any 

rainfall (Kidd 2001). Underestimation by MAPS during cold seasons is likely because 

stratiform precipitation characterized by warm cloud tops is unlikely to give rise to a 

signal that can be detected by any passive (microwave or infrared) technique 

(Scofield and Kuligowski 2003; Petty and Krajewski 1996). SSM/I (DMSP-13 

satellite) precipitation rates may also result in underestimation because it is sensitive 

to scattering by frozen precipitation particles in the upper portions of the cold clouds, 

but not all rain bearing clouds contain such ice particles (Petty and Krajewski 1996). 

In basins where a fewer number of satellite precipitation estimation grids are used, 

these biases are expected to become more pronounced. 

Finally, underestimation by MAPX in the winter months is due mostly to 

shallow stratiform precipitation systems in which the radar beam overshoots the 

upper level of rainfall especially at far range (Fulton et al. 1998; Stellman et al. 2001; 

Grassotti et al. 2003). Overestimation by MAPX during summer is likely due to the 
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presence of mixed precipitation (i.e. hail, graupel, ice, falling through melting layers, 

etc.) which produces unreasonably high rain rates within a Z-R relationship (Fulton et 

al. 1998; Grassotti et al. 2003). The seasonal bias observed in the Stage III 

multisensor product during various periods over several study basins was also 

observed by Grasotti et al. (2003) in a radar only product (WSI). This similarity may 

indicate the lack of sufficient number of rain gauges for radar bias correction and 

inadequate quality control procedures for the Stage III multisensor product.  

4.5.2. Evaluation of Flow Predictions 

This section analyzes the utility of satellite precipitation estimates for flow 

prediction. MAPG and MAPS driven SAC-SMA model simulated flows were 

generated using both the RFC parameters (RFC-MAPG, RFC-MAPS) and calibrated 

parameters (CAL-MAPG, CAL-MAPS) and evaluated in terms of overall statistical 

measures, %Bias and NSE (Figure 4.8), and visual examination of hydrographs, 

residuals and peak timing (Figures 4.9 - 4.16). To better visualize the flow 

performance over the full range of flows, hydrographs are plotted in the transformed 

space:

1)1(QQ dtransforme              (4.5)

where Q is the flow and  is a transformation parameter which is set to 0.3 (after 

recommendations by Misirli et al., 2003). 
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Figure 4.8. Evaluation of model performance over study basins for calibration (a-f) 
and verification (g-l) period. (Lines denote the improvement in performance when 
model parameters are changed from RFC to CAL) 
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4.5.2.1. RFC Parameters

The overall statistics (Figure 4.8) show that the RFC-MAPG simulation generally 

resulted in reasonable NSE statistics with a minimum for the PLAM6 basin (NSE = 0.5). 

An exception is the CLSM6 basin where poor performance (NSE = 0.1) is observed, due 

possibly to the large overestimation of the observed peaks during October - December 

2002 and poor matching of the peak timing (Figure 4.9a). Overall, a large positive %Bias 

results from the RFC-MAPG simulations (reaching up to 38% for the PLAM6 basin 

during the calibration period). Verification period statistics also show a large positive 

%Bias for RFC-MAPG (especially in the Georgia basins), most likely due to the 

prevailing dry conditions. RFC-MAPS, on the other hand, resulted in negative NSE 

statistics for CLSM6, DARL1, PLAM6 and CLUG1 basins during the calibration period, 

indicating simulation predictions are not as good as simply using the observed mean as a 

predictor. In the CLSM6 basin, the RFC-MAPS (Figures 4.9a and c) significantly 

overestimated peak flows during spring-summer 2003. A major overestimation is evident 

around April 9th 2003 with an observed peak flow of 266 cms. During this event, MAPS 

reported 197 mm rainfall in three days with a peak flow of 1073 cms (300% Bias) on the 

same day while MAPG reported 83.5 mm and a peak flow of 307 cms (15% Bias) one 

day earlier than observed. Overestimation of peak flows during spring and summer are 

also evident in the PLAM6 and DARL1 basin RFC-MAPS simulations (not shown). In 

the CLSM6 basin, the RFC-MAPS (Figures 4.9a and c) resulted in a general 

underestimation of flows during the winter with the exception of several overestimated 

peak flows (see mid-December-2002). Throughout the calibration period RFC-MAPS 
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shows both false (mid-May 2003) and missed (mid-October 2002) peak flows which are 

properly depicted by the MAPG.

In the CLUG1 basin, RFC-MAPG results in good overall performance (Figure 

4.8f) (0.87 NSE; 11% Bias), and good match between the observed and simulated 

hydrographs (Figures 4.13a and b).  RFC-MAPS on the other hand, has particular 

difficulty with both over and underestimations during winter 2002 and spring 2003. A 

major overestimation of peak flow by RFC-MAPS is evident on May 9th 2003 with an 

observed flow of 1014 cms. During this event, MAPS reported 183.7 mm rainfall in four 

days with a peak flow of 2235 cms (120% Bias) while MAPG reported 97 mm and a 

peak flow of 798 cms (21% Bias). Another interesting event occurs in early October 

2002, when RFC-MAPS missed a peak flow which is properly diagnosed by RFC-

MAPG.

During the verification period (Figures 4.8g-l), the RFC-MAPS for the CLSM6 

and PLAM6 basins show better model performance than the RFC-MAPG as indicated by 

higher (lower) NSE (%Bias). This situation can be explained using Figure 4.11a where 

RFC-MAPG simulations overestimated the high flow events. This result may be due to 

error in the MAPG estimates, but also due to error in the evapotranspiration estimates 

since overestimation was also seen in winter-early fall 2002 (Figure 4.9a).

4.5.2.2. Calibrated Parameters 

The previous section illustrated that model performance significantly reduces 

when utilizing satellite-based precipitation estimates with RFC parameters. This section 

will introduce model calibration effort to analyze whether an improvement in the 
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performance of a model driven by MAPS and MAPG can be achieved based on 

calibration using a relatively short period of data (23 months).  

The overall statistics (Figures 4.8a-f) show comparatively better model 

performance with calibrated parameters compared to the RFC parameters for both MAPG 

and MAPS simulations. In the CLSM6 basin, a significant improvement in the calibration 

period is observed for CAL-MAPG when compared to RFC-MAPG (NSE changed from 

0.1 to 0.8) followed however by only minor improvement for the verification period. 

Analysis of the hydrographs for the calibration period (Figures 4.9 and 4.10) shows that 

the improvement in model performance is mainly due to the better estimation of flows 

during October-December 2002 and better matching in timing of the peak flows. Another 

significant improvement with CAL-MAPG, both in terms of NSE and %Bias, is obtained 

for the PLAM6 basin, which is also followed by significant improvement in the 

verification period. For the DARL1, CLUG1, AYSG1 and REDG1 basins, CAL-MAPG 

resulted in minor improvements in model performance. CAL-MAPS, on the other hand, 

yields performance improvements for every basin during the calibration period, but the 

CLSM6 and PLAM6 basins still suffer from poor performance. Improvement in model 

performance for the CLSM6 basin, when using CAL-MAPS, is mainly due to a decrease 

in overestimation of peak flows and also a better simulation of peak timing (Figures 4.9a 

and 4.10a). While parameter adjustments compensated for some of the error in the MAPS 

input, calibration also resulted in increased errors during the recessions and low flows 

(see April, May, and August 2003).



97

In the CLUG1 basin (Figures 4.8f, 4.13 and 4.14), model performance 

improvement is mainly due to the elimination of false high flows by CAL-MAPS 

compared to RFC-MAPS. For example, the highest observed flow event (1014 cms) 

occurring on May 9th 2003 was reduced from 2350 cms (120% Bias) for RFC-MAPS to 

1200cms (18% Bias) for CAL-MAPS. In the CLUG1 basin, the verification performance 

for CAL-MAPS (0.65 NSE and -6.5% Bias) is in line with the calibration performance 

and slightly poorer than the CAL-MAPG performance during verification (0.89 NSE and 

-7.5% Bias). In the CLUG1 basin verification period (Figure 4.16a), both CAL-MAPS 

and CAL-MAPG had difficulty in predicting peak flows during March-April 2001, but 

CAL-MAPG better represented the lower peak flows (see September, December 2000).  

In the AYSG1 basin (Figure 4.8e and k), although the calibrated parameters 

resulted in slightly improved performance over the RFC parameters during the calibration 

period, they failed to capture the observed flows during the verification period (NSE ~ -1 

and Bias > 100%). The REDG1 basin (Figure 4.8d and j) shows improved model 

performance due to model calibration; not only during the calibration period but also 

during the verification period. In the verification period CAL-MAPS resulted in even 

better performance than CAL-MAPG. Analysis of the hydrographs (not shown) indicates 

that both CAL-MAPG and CAL-MAPS tend to strongly overestimate the dry conditions 

prevailing during May-September 2000 in the REDG1 basin, but it also revealed that the 

CAL-MAPG simulations overestimate the relatively high flow conditions during winter-

spring 2001. The SERFC has also reported particular difficulty in calibration of the 

AYSG1 and REDG1 basins (Judith Bradberry, SERFC, personal communication, 2004).  
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As an overall summary, calibration of the SAC-SMA model with satellite 

precipitation estimates has improved the model performance in both the calibration and 

verification periods when compared to the model simulations with RFC parameters. But 

MAPS driven model performances were still poor for the PLAM6, DARL1 and CLSM6 

basins which are smaller in size and produced high biases between MAPG and MAPS. 

Poor model performance even for the calibration period is an indication of an inability of 

the model and the calibration procedure to filter out the variation and error in MAPS. 

Better performances obtained for the CLUG1 (slightly poorer than rain gauge calibration) 

and REDG1 (better than rain gauge calibration during verification period) basins are 

probably due to large size of these basins and a smaller bias between MAPG and MAPS. 

Again, note that short calibration and verification time periods may also have an affect on 

these results. 

4.6. SUMMARY AND CONCLUSIONS 

The objective of this study was to evaluate the utility of satellite-based 

precipitation estimates for hydrologic forecasting, as they may provide the only source of 

precipitation for areas where ground-based networks are scarce and/or unavailable. The 

results of our precipitation intercomparison study performed at seven basins within the 

southeastern U.S. show that agreements between the precipitation datasets vary from 

basin to basin and also temporally within the basins. General conclusions from the 3-way 

intercomparison of the datasets are provided below. Please note that these are relative

comparisons only. 
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a) MAPS tends to provide larger estimates than MAPG during the warm season 

and smaller estimates than MAPG during the cold season for the basins located in 

Mississippi, Louisiana and Arkansas. This warm season trend is most pronounced for the 

Arkansas basin. In the Georgia basins, a seasonal trend was not evident between the 

MAPG and MAPS, and fairly good agreements in terms of monthly totals and overall 

bias were observed.

b) MAPX tends to provide slightly larger estimates than MAPG for the basins in 

Louisiana and Arkansas regardless of the season, however, this tendency is more 

pronounced during the warm season. In the Mississippi basins, MAPX tends to provide 

larger estimates than MAPG during the warm season and smaller estimates during the 

cold season. In the Georgia basins, the MAPX-MAPG comparison shows large variation. 

MAPX provides considerably larger estimates than MAPG during the warm season in the 

earlier time periods, but better agreement (with slightly smaller estimates) in the later 

time period. This change is probably due to the change in radar processing algorithm 

(from Stage III to MPE) implemented by the SERFC. At the 6-hour timescale, the 

correlation between MAPX and MAPG is higher for winter stratiform precipitation than 

summer convective precipitation. This difference is more pronounced for the two basins 

in Georgia, in which a fewer hourly rain gauges are present.

c) The MAPS-MAPX comparison shows smaller bias than the MAPS-MAPG 

comparison at some time periods but larger bias in other periods. This is mainly due to a 

similar MAPX and MAPS response to stratiform and convective precipitation patterns in 

some basins (although for different reasons), but is complicated by calibration differences 
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between radars, availability of hourly rain gauges for radar bias correction, degree of 

radar quality control and geographic location.

Results from the evaluation of the hydrological model performance show that, 

when using satellite-based precipitation estimates, even short time periods of model 

calibration can considerably improve model performance compared to manually 

calibrated parameters using historical rain gauge data (RFC parameters).  Of course, the 

degree of improvement may vary with basin size and location. These results can be 

summarized as follows: 

a) When MAPS is used to drive the model with RFC parameters, major 

deterioration in model performance is observed when compared with the MAPG driven 

model.  We observe positive streamflow prediction bias in all study basins, and negative 

Nash-Sutcliffe efficiencies in 4 out of 6 basins. Calibration improves model performance 

in all basins as expected, but the results are not satisfactory for basins in Mississippi and 

Louisiana (even for the calibration period). The better calibration performance obtained 

with MAPG (indicated by NSE and %BIAS statistics) suggests problems with the MAPS 

product. The poor MAPS results may be attributed to the large differences between 

MAPS and MAPG over these basins, which may be partly due to the fact that these 

basins are smaller in size and therefore there is less smoothing of the precipitation 

variation and error. For the two Georgia basins model calibration using MAPS resulted in 

significantly improved model performance (for both calibration and verification periods) 

– these are also the basins showing better agreement between MAPS and MAPG.  Note, 

however, that for all the studies conducted here the calibration and verification periods 
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used were for relatively short and dry conditions those results should therefore be only 

viewed as preliminary.   

b) Changes/improvements in the radar/gauge multisensor precipitation processing 

algorithms (such as transition from Stage III to MPE) affect the behavioral characteristics 

of this dataset.  These behavioral changes must be properly taken into account when such 

data are used for model calibration and/or evaluation in future studies. 

As a future extension of this analysis, different hydroclimatic regions (e.g. semi-

arid) over different parts of the world will be selected with varying basin sizes and rain 

gauge network densities to further test the possible benefits of using satellite-based 

precipitation estimates for flow prediction. The availability of these estimates at finer 

spatial scales will improve their applicability to basin-scale hydrologic applications, 

especially when using distributed models. Also, inclusion of error estimates associated 

with satellite-based precipitation products will enable hydrologists to define confidence 

limits on the hydrologic predictions. The main advantage of the satellite-based 

precipitation products is their availability for ungauged basins where model calibration 

through observed streamflow is not possible. It is therefore important to test the reliability 

of the a priori model parameter estimates derived from observable basin characteristics 

(see Chapter Five and Six) and use satellite based precipitation estimates together with a 

priori model parameters for flow prediction in ungauged basins. 

 We have demonstrated that although satellite-based precipitation estimates 

contain errors that can affect flow predictions, there is clear potential for use of these 

products in hydrologic forecasting and water management. This potential is expected to 
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increase with the launch of new satellites. The neural network structure of the 

PERSIANN system can easily be adapted to incorporate new information as it becomes 

available.
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CHAPTER 5 

EVALUATING THE RELIABILITY OF A PRIORI MODEL PARAMETER 

ESTIMATES DERIVED FROM

OBSERVABLE WATERSHED CHARACTERISTICS: 

PART I – CONVENTIONAL CALIBRATION APPROACH

5.1. INTRODUCTION 

Hydrologic predictions in poorly gauged/ungauged basins rely on the a priori 

specification of values for the model parameters. Such values can be derived directly 

from observable static watershed characteristics, in which case we will refer to them as 

“local” a priori estimates. Alternatively, they can be specified indirectly through the use 

of regionalized parameter-to-watershed characteristic relationships that are derived from 

model calibrations conducted on nearby, hydrologically similar, gauged watersheds, in 

which case we will refer to them as “regionalized” a priori estimates. Both the local and 

regionalized approaches to a priori parameter estimation in ungauged basins have their 

own characteristic strengths and limitations.  

The “local” a priori approach to model parameter specification (Refsgaard and 

Storm, 1995; Leavesley et al., 2003; Koren et al., 2000) makes use of available physical 

understanding relating the hydrological processes observed within a watershed to the 

static physical characteristics such as soil type and distribution, topography etc. In this 

approach, the values of the (physically-based) model parameters are specified from the 
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coefficients of the physically based equations representing the hydrological processes of 

interest. Note, however, that the model parameters are meant to be representative at the 

(large) model grid scale (generally several kilometer-squares) while the coefficients of 

the physically based equations are typically representative only at the (relatively smaller) 

scale of the laboratory or field experiment (several centimeter-squares to meter-squares).  

It may therefore be necessary to adjust the model parameters specified using the a priori 

approach so that their “effective” values at the model grid scale reflect the characteristics 

of the physical phenomena arising from organization and heterogeneous structure of the 

landscape at the scale of the model grid (Duan et al., 2001; Vieux, 2001; Beven, 1989; 

Beven, 2001; Yadav et al., 2007).

The regionalization approach to model parameter specification (Abdulla and 

Lettenmaier, 1997; Fernandez et al., 2000; Wagener and Wheater, 2006) begins by 

focusing on a large number of gauged watersheds, so as to construct regional regression 

relationships between the calibrated values of the model parameters for each watershed 

and the observable static physical characteristics believed to control the hydrologic 

response of that watershed. The regional regression relationships can then be used to 

derive model parameter value estimates for other nearby (hydrologically similar) 

ungauged watersheds. A major requirement for the development of meaningful 

regionalization relationships is that the calibrated parameter values are “physically 

realistic”; in other words they are somehow related to observable physical characteristics 

of the watershed. However, this requirement may not always be justified because the 

existence of interdependence among the model parameters may hinder the possibility of 
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estimating physically realistic parameter values via automated calibration (Wagener et 

al., 2004;  Sefton and Howarth 1998).  

It is evident from this discussion that both approaches (a priori and calibration) to 

specification of model parameter values have strengths and weaknesses. The former 

represents the physics-end for parameterization by incorporating information about static 

watershed physical characteristics, while the later represents the dynamic-end for 

parameterization by incorporating information about the overall dynamic hydrologic 

response characteristics of the watershed. The approach adopted in this study aims to 

exploit both kinds of information, by balancing the information contained in static 

physical characteristics and dynamic behavioral characteristics of the watershed within a 

multi criteria approach. The goal of the multi-criteria approach is to maximize the 

dynamic response agreement between simulated and observed streamflow discharges 

while minimizing any parameter deviation from their a priori specified values.  

The result of this analysis is a bi-criteria (physical–data) model performance 

trade-off region, the end points of which represent the characteristic performance 

obtained via the two complementary methods for parameter specification. An 

examination of this trade-off region can be seen to provide valuable insights into the 

ways that model performance improvements can be achieved when predicting 

(estimating) the dynamic response behavior of poorly gauged/ungauged watersheds. The 

framework enables the following analysis.  First, a compromise region in the bi-criteria 

space can be selected to provide a balanced solution that maintains reasonable hydrologic 

performance of the model, while ensuring that the model parameters remain as close as 
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possible to their physically meaningful values.  Second, deviations of calibrated 

parameters from their a priori estimates can be examined to reveal which parameters 

contribute most strongly to the disagreements with the observed dynamic response of the 

watershed. This points to the parameters for which adjustments or changes in their a 

priori formulation may be required. Third, the use of a priori parameter estimates to 

constrain the posteriori results in a reduction in parameter interaction during model 

calibration thereby increasing the physical realism of the parameter estimates.  These 

estimates can then be used in the development of more reliable regionalization 

relationships useful for parameter specification in ungauged basins. In summary, the 

knowledge gained from this analysis can be used to facilitate corrective measures aimed 

at improving hydrologic predictions while maximizing the physical integrity of the 

parameters. 

5.2. MULTI-CRITERIA PENALTY FUNCTION FRAMEWORK 

The multi-criteria optimization approach enables the assimilation of multiple 

types of information in constraining the solution set of a problem. In the context of 

hydrologic modeling, each kind of information takes the form of a numerical measure 

(often called a criterion or objective function) that evaluates the agreement/discrepancy 

between the simulated and desired behavior of the hydrologic system. Further, the 

different kinds of information contained in the dynamic system response can be 

summarized in the form of several criteria, each of which attempts to isolate a different 

response mode related to some component of the physical system (such as groundwater 

levels, streamflow discharge or various components of energy balance at the land 
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surface). The multi-criteria model constraining problem can be expressed in the following 

form (Yapo et al., 1998): 

)(),....(),()(min 21
..

n
trw

fffF     (5.1) 

where )(),....(),( 21 nfff  are the (preferably orthogonal) criteria that summarize 

information related to various components of the physical system. To solve this problem, 

model parameter sets ( ) are systematically sampled from their physically realistic region 

( ) in search of solutions that simultaneously minimize all of the criteria considered. In 

general, the solution to the minimization problem given in Equation 5.1 will not be 

unique; but rather will take the form of a Pareto surface in the criterion space that 

characterizes the trade-offs between competing objective functions (Yapo et al., 1998). In 

other words, moving from one solution to another along the Pareto surface will result in 

the improvement of at least one criterion while deteriorating at least one another. 

Analysis of the size and properties of the Pareto region can provide insights into the 

adequacy of the model (and also data) for representing target hydrological processes 

(Gupta et al., 1998).

 In situations where the construction of the full Pareto surface is computationally 

expensive (i.e. due to the computational demands of running a distributed hydrological 

models such as HL-DHMS), approximately Pareto-optimal solutions to the minimization 
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problem given in Equation 5.1 can be found by combining the various criteria into a 

single aggregate function using the following scalarization: 

)()(
1

ii

n

i
iagg fF        (5.2) 

where, n is the number of criteria, and  and  are the weight and transformation 

functions applied to each criterion. In this formulation, the weights define the relative 

contribution of each criterion to the aggregate function, such that 1+ 2+…+ n = 1. 

These weights can be assigned subjectively to place more emphasis on a particular aspect 

of model functioning, or could be formalized to reflect the uncertainty in certain 

measurements. Assigning the weight for a single criterion to unity will basically 

eliminate the influence of the remaining criteria. In practice, the form of a convex shaped 

Pareto region can be approximated by systematically varying the weights assigned to 

each of the criteria, fi( ), given in Equation 5.2. Generally, the criteria, fi( ), will be of 

differing orders of magnitude and a scaling transformation, achieved via the multiplier ,

is required to compensate for this difference (Madsen, 2000; Butts et al., 2004).

The aim of this study is to formulate an optimization problem similar to Equation 

5.2 to facilitate evaluation of the agreement between HL-DHMS parameter values 

derived from observable watershed characteristics (through physical understanding) and 

parameter values estimated from an analysis of the dynamic response behavior of the 

watershed (streamflow time series at the outlet) through calibration. 
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 The formulation of an automatic calibration procedure requires the following 

decisions to be made: 

1) Selection of calibration parameters and their range of feasible values.

2) Selection of a set of numeric measures that evaluate, in some summary fashion, 

the target behavior that the model is expected to demonstrate, 

3) Selection of an algorithm to perform a systematic search of the parameter space.  

The following sections provide details regarding each of the decisions made in regard 

to formulation of the multi-criteria penalty function framework established for this study. 

5.2.1. Specification of the Calibration Parameters 

Implementation of the HL-DHMS model requires that parameters related to the 

water balance component (SAC-SMA model with 16 parameters), and hydraulic routing 

component (hillslope routing model with 3 parameters and channel routing model with 2 

parameters) be specified for each model grid (See Chapter 2 for details on the model 

structures). The model implementation for the Blue River Basin has 78 grid cells; 

therefore 1638 model parameter values (78 cells X 21 parameters) are required to be 

specified. However, it is reasonable to argue that the actual number of system unknowns 

is considerably smaller than the total number of "model parameters“ to be specified, 

because observable patterns of spatial structure within the physical system impose real 

constraints on the spatial variability of hydrological processes (and therefore on the 

model components representing those processes). The technique of incorporating spatial 

constraint relationships to reduce the dimensionality of a model parameterization problem 

is known as “regularization“ and has been widely utilized in hydrological modeling (e.g., 
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Doherty, 2003). For the SAC-SMA water balance model, regularization constraints can 

be established from the information contained in the a priori parameter values – the latter 

specified via transformation  functions that assimilate information from grid-scale soil, 

land cover and topography datasets (Koren et al., 2000; for a detailed discussion of the a 

priori parameter specification for HL-DHMS model see Chapter 3 Section 3.3 of this 

dissertation). The constraint set derived from the spatial pattern of a priori model 

parameters results in a considerably reduced number of system unknowns if we assume 

that the spatial pattern so derived, in terms of both location and relative magnitude of 

parameters, is well-defined (reasonable and reliable). Then, the calibration problem 

simplifies to that of finding the parameters of a transformation function that modifies the 

absolute magnitude of the parameters in each parameter grid in such a way that the model 

performance is improved, while preserving the spatial patterns of the parameters in terms 

of relative magnitude.  

Under these assumptions, the functional form of the transformation that relates the 

adjustment coefficients to the parameter values within each grid must therefore be the 

focus of scientific investigation. To maintain physical consistency of the parameter 

values, the transformation function is required to have two properties: a) it must preserve, 

as much as possible, the important information about spatial distribution and variability 

contained in the physically based a priori parameters, b) it must maintain physically 

realistic values for the parameter. The most commonly employed method for defining 

transformation functions is the use of either scalar multipliers or additive constants to 

adjust the magnitude and variability of parameter values while constraining those values 
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to remain within their pre-defined physical ranges (Vieux 2001;White et al., 2003; 

Leavesley et al., 2003). 

In this study, however, the spatial distribution pattern of the parameter values was 

preserved by means of the following non-linear transformation function (which we will 

call the Beta-transformation): 
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where p and n represents the number of model parameter grids and number of cells 

within each grid respectively; is the transformed parameter value and  is the a priori 

parameter value, both constrained to remain within the feasible parameter region [ min,

max]. Notice that Equation 5.4 relates the bounded-on-both-sides variable  (0,2] into the 

only-bounded-below variable  (0, ), such that  =1 corresponds to  =1. The 

interesting characteristic of this formulation is that Equation 5.3 guarantees that the 

transformed parameter remains within the feasible parameter region while being free to 

vary over the full range. Note that (see Figure 5.1) when  =1 (and hence  =1) the 

transformed parameter values remain identical to their a priori values (i.e.  = ), when 

0 (and hence 0) the  transformed  parameter values approach their lower bounds,
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Figure 5.1. The relationship between the bounded-on-both-sides variable beta,  (0,2] 
and the only-bounded-below variable alpha,  (0, ).

and when  2 (and hence ) the transformed parameter values approach their 

upper bound . 

Figure 5.2 illustrates the effect of the Beta transformation on the a priori 

distribution of parameter UZFWM for several  values. It can be seen that when  =1 the 

transformation function has no effect on the distribution of the UZFWM parameter. 

However, as  0 or 2 the parameter values approach their feasible limits and the 

variance is compressed, while the relative ordering of spatial magnitudes is maintained. 

The Beta transformation has two important characteristics that make it favorable for the 

current study. First, the magnitude ordering of the parameter values is maintained (while 

the grid-to-grid relative parameter ratios may change). Second, the parameter values can 

now  vary  fully  within  the  entire  feasible  region  without  the  need  to  set   subjective
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Figure 5.2. Distribution of parameter values within UZFWM parameter grid, a) A priori 
specified values b) parameter values after using transformation function utilized in this 
study (for =0.5, 1.6 and 1.95), c) parameter values transformed using scalar multipliers.  

thresholds (i.e. setting =2 will set all the parameter values in a parameter map to the 

maximum feasible value).  Therefore, if the model   performance improvements require  

that  the  relative parameter ratios are maintained, a mid-value of  will suffice, however 

if the performance improvement requires major changes in parameter magnitude (rather 

than preserving relative ratios), then will be set to a limiting value. Figure 5.2c shows 

the UZFWM distributions upon transformation via a scalar multiplier. It can be seen that 
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multiplication has a large impact on the UZFWM variance in the form of expansion and 

compression. In using this multiplier approach, a subjective cut-off value must generally 

be assigned to prevent the multiplied parameter values from exceeding their feasible 

ranges.

In summary, the high dimensionality of the parameter estimation problem for the 

HL-DHMS distributed model was reduced by incorporating information from the a priori 

parameter distributions into the form of spatial constraints. For each parameter type, the 

non-linear Beta transformation (Equations 5.3 & 5.4), with the single parameter, , was 

used to enable collective variation of the parameter values within their feasible ranges. 

Therefore, the set of values, one for each spatially varying parameter type, become the 

calibration parameters for the reformulated multi-criteria optimization problem. Varying  

 simply between (0,2], allows the parameter values within a grid to explore the feasible 

region to the full extent, with no requirement for a subjective threshold.  

In this study, we focus only on the a priori parameters specified by Koren et al. 

(2000); the parameter values related to hillslope and channel routing models were kept 

fixed at their NWS specified values. 

5.2.2. Specification of the Performance Measures 

In this section, the details of the components of the aggregate performance 

measure (Equation 5.2), which form the basis of the multi-criteria framework proposed in 

this study, are presented. Since the goal of the multi-criteria framework is to investigate 

the degree of agreement between the static a priori information derived from observable 

watershed characteristics and the dynamic information obtained from the watershed 
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response behavior measurements, the following generic form for the aggregate function 

was established:

)()()1()( ParParParDataDataParagg FFF       (5.5) 

where FData( ) will be referred to as the “data” criterion and FPar( ) will be referred to as 

the “penalty criterion”. The data criterion (FData) measures agreement between the 

observed and simulated dynamic response behavior of the system (in this case, the 

streamflow discharge at the basin outlet). The penalty criterion measures the degree of 

deviation between a selected parameter set and their specified a priori values. The 

purpose of the penalty criterion is to ensure that the model parameters remain as close as 

possible to their a priori specified physically realistic values. Increasing the weighting 

par applied to penalty criterion puts more emphasis on the a priori parameter values 

during solution of the optimization problem involving minimization of Equation 5.5. As 

discussed earlier, the ’s represent the scaling transformations applied to each criteria 

(see Equation 5.2 for details). 

To evaluate the agreement between measured and simulated streamflow discharge 

(FData) a Bayesian approach was adopted. In Bayesian inference, the model parameters 

are treated as probabilistic variables and the state of knowledge about the model 

parameters, conditional upon the historical streamflow measurements, is summarized in 

the form of a joint posterior probability density function (pdf; Vrugt et al., 2003a). Hence, 

the purpose of the “data criterion” used in the multi-criteria calibration scheme is to 
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provide a reasonable description of the posterior pdf for each of the HL-DHMS 

parameters. 

The posterior parameter pdf, p( s |y), can be estimated via classical Bayesian 

inference analysis using the following proportionality:

p( s | y) L(y | s) po( s)       (5.6) 

where L(y | s ), known as the Likelihood function, represents the likelihood of observing 

the data, y, given the parameter set s. The prior parameter pdf po( s) embodies the state 

of knowledge about the parameter values before any measurement information is 

incorporated into the inference. In cases where po( s) cannot be assessed a uniform 

distribution within the feasible parameter region is commonly employed in hydrological 

applications (Beven, 2001), this choice being justified as to avoid introducing bias to the 

Bayesian inference scheme. 

The form of the likelihood function, L( ), is particularly important for the 

inference because it contains information regarding system uncertainty and its 

propagation characteristics within the system (Kavetski et al, 2003). Assuming that the 

measurement errors in y are mutually independent, Gaussian distributed, and having 

constant variance, the likelihood, L( ), of a parameter set s for describing the observed 

data y can be computed as (Box and Tiao, 1973): 
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where e( s)t is the residual between observed and simulated values at each time step t

(t=1…N), and t is the standard deviation of the measurement error at time t.  Notice that 

if the influence of the  could be neglected, the natural logarithm of Equation 5.7 

simplifies to the “sum of squared residuals” function which is commonly used in 

calibration of hydrologic models. However, the Bayesian inference scheme requires a 

realistic estimate for the error variance for each streamflow measurement. Along this line, 

a methodology was developed to provide a reasonable estimate for the error component 

of the streamflow measurements. The details of the methodology will be discussed in the 

next section. For completeness, this section will continue with description of the “data 

criterion” and “penalty criterion”.  

Notice from Equation 5.7 that, the parameter set sought for the predictive model 

is the one that maximizes the likelihood function on the left hand side. However, taking 

the natural logarithm of both sides and multiplying by negative unity will change the 

maximization problem to a minimization problem that can be implemented in an 

automated calibration algorithm. 

Further, in the formulation of the data criterion, it was recognized that different 

segments of the streamflow hydrograph are represented by different flow generating 

mechanisms. For example, the characteristics of the rainfall-driven part of the hydrograph 

are inherently related to the intensity and location of the rainfall and surface runoff 
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generating mechanisms having threshold behavior. On the other hand, the characteristics 

of the non-driven part of the hydrograph are commonly related to the relaxation behavior 

of the watershed involving interflow, baseflow and the drainage network.  Following this 

analogy, streamflow hydrograph was separated into two segments in a simple way: the 

rising segment and the falling segment. The rising (falling) segment was defined by the 

time steps at which measured flow value is higher (lower) than the measured flow value 

at the previous time step. An automated algorithm was developed to identify each 

segment, and followed by a corrective manual expert check. The manual check was 

necessary for the hourly streamflow measurements to avoid misrepresentation of the high 

frequency noise as rising or falling segment.  

Following the discussion above, the “data criterion” was reformulated by 

transforming Equation 5.7 into a minimization problem consisting of two parts:  
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For clarity, the symbols in Equation 5.8 are kept consistent with those given in 

Equations 5.5 and 5.7. Further, t(R) and t(F) represent the time steps at which the 

measured flow is within rising and falling segments respectively. The 

subscript/superscript “ris” and “fal” indicates the value of the variable that is assigned to 

rising and falling segments respectively. N represents the number of time steps within 

each segment.  
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 The second term in the aggregate objective function (Equation 5.5) is the penalty 

criterion, which measures the degree of deviation of the parameter values from their a 

priori specified values. The following form was chosen for the penalty criterion: 

p

j jj

median
j

median
j

Par p
F

1
minmax

1)(     (5.9) 

where p is the number of model parameter grids considered in this study, median is the 

median value of the transformed (via Equation 5.3) parameter grid and median is the 

median value of the a priori specified parameter grid. [ min, max] represents the feasible 

region for each model parameter considered. It can be seen that the penalty criterion in 

Equation 5.9 measures the distance between median value of transformed and a priori 

distributions within each parameter grid and normalizes this distance with the feasible 

range of respective model parameter. Note that, this penalty formulation result in a 

maximum possible penalty value of unity and a minimum of zero. For example, 

parameter grids with a priori distribution having median value located at the center of 

feasible region can result in a maximum penalty value of 0.5. 

When various criteria are combined to form an aggregate function (Equation 5.5), 

the scale differences in their magnitudes (arising from different units and/or different data 

periods) should be adjusted so that each criterion has a comparable variation of 

magnitude. The scaling factors  in Equation 5.5 and Equation 5.8 serve this purpose. 
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Only after this adjustment, can all criteria be weighted and summed to form the aggregate 

function. A simple approach to make this adjustment is to normalize each criterion by 

dividing by its corresponding standard deviation value calculated from a sufficient 

number of model runs with parameters randomly sampled from their feasible ranges. In 

this study, 400 model runs was performed and the data criteria for rising and falling 

segments as well as the penalty criterion were calculated.  To eliminate the effect of very 

high criterion values on the standard deviation estimate, model runs having a multi-

objective rank larger than 5 were discarded. The remaining model runs (total of 154 runs) 

were then used to estimate the standard deviation for each criterion.  

5.2.2.1. Specification of an Error Model for the Streamflow Measurements 

Streamflow measurement error arises from a number of sources such as; 

measurement equipment inadequacy, the sampling procedure, empirical nature of the 

stage-discharge rating curve and lack of information on precise channel cross section 

characteristics. A number of procedures have been developed to explicitly account for the 

uncertainties in the streamflow measurement data. Pioneering work along this line was 

reported by Sorooshian and Dracup (1980), who pointed out that the streamflow 

measurements contain errors that are temporally auto-correlated and heteroscedastic 

(having non-constant magnitude dependent variance). They introduced an objective 

function known as “The Heteroscedastic Maximum Likelihood Estimator (HMLE)” 

which accounts for non-stationery error variance arising generally due to the form of the 

rating curve. Another commonly used methodology, based on the work by Kuczera, 
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(1988), applies a parameterized power transformation to the streamflow data to account 

for heteroscedastic measurement error (for example, see Misirli et al., 2003): 

ŷ (y 1) 1       (5.10) 

where, y and ŷ , represents flows in the original and transformed spaces respectively and 

 is the transformation parameter ( in general, =0.3).

 Several non-parametric methods have also been proposed that involve application 

of a differencing operator to the measured streamflow data to estimate homoscedastic 

(constant variance; Rice, 1984) and heteroscedastic (Vrugt et al., 2005) error deviations. 

However one of the underlying assumptions of the differencing schemes is that the 

streamflow data is sufficiently smooth. That assumption may not be justified for hourly 

streamflow data sets such as the one used in this study.

The methodology used in this study involves a wavelet-based denoising algorithm 

that is coupled with a moving window over the time period of the streamflow 

measurements. As will be shown later in this section, the proposed methodology is 

capable of providing reasonable estimates for the error deviation (both homoscedastic 

and heteroscedastic in nature) of the streamflow measurements. 

Treatment of the streamflow measurement error requires a domain shift from 

time-flow magnitude representation (hydrograph) to time-frequency representation. A 

widely used method to decompose a signal into its constituent frequencies is the Fourier 
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Transformation (FT). FT consists of decomposing signals into infinitely many shifted and 

scaled sinusoidal functions to detect periodical behaviors. However, Fourier analysis does 

not provide the location of the frequencies in time, nor does it perform well for non-

stationary signals (Smith et al., 1998). These shortcomings make the FT not fully 

applicable to hydrological data sets, in which the errors are known to be non-stationary 

and processes are known to be operating at wide range of scales.  

Wavelet Transformation is a novel technique that provides a localized time-scale 

representation of processes over a range of temporal scales, and hence overcomes many 

shortcomings of FT for detailed analysis of hydrological data. While FT decomposes a 

signal into constituent sinusoids, wavelet transformation decomposes a signal into scaled 

and translated versions of an original (mother) wavelet. The continuous wavelet 

transformation (Ws) of a discrete sequence (xn; for example streamflow time series) is the 

convolution of xn (with time dimension n) with a scaled and translated version of the 

mother wavelet function ( ) (Torrence and Compo, 1998; White et al. 2005) 

Wn (s) xn
n 0

N 1 (n n) t
s

       (5.11) 

where * is the complex conjugate of the mother wavelet, s is the scale, or dilation, 

n n  is the location or translation parameter showing number of points from time series 

origin, t  is the time interval, and N is the number of points. The unique characteristic of 

the wavelet transformation namely, the time-scale localization, is based on varying the 
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wavelet scale, s, and translating along the localized time index. The wavelet 

transformation given in Equation 5.11 results in wavelet coefficients, the magnitudes of 

which are indications of the correlation intensity between the original signal and scaled 

and dilated forms of the mother wavelet. The choice of the mother wavelet is the most 

important factor for proper wavelet analysis. For applications to streamflow time series, 

the mother wavelet should be similar to the hydrograph characteristics (e.g. unit 

hydrograph) and shape (Smith et al., 2004c; Gaucherel, 2002). However, the choice 

depends on the mathematical requirements such as having zero mean and compact 

support in both time and frequency domains (Labat, 2005).  

The power of wavelet analysis is its ability to handle signals that are characterized 

by localized high frequency events or large numbers of scale-variable processes (Labat, 

2005). Not surprisingly, the measurements pertaining to the hydrological processes often 

present these types of behaviors. For this reason, wavelet analysis has been exploited in 

many hydrological studies including: detection of periodicity in meteorological 

phenomena such as variations in ENSO (Torrence and Compo, 1998) and local 

periodicities occurring over remote French Guyana Basins (Gaucherel, 2002), 

regionalization of streamflows by linking their variability to climatic variability (Kumar 

and Foufoula-Georgiou, 1993; Smith et al., 1998; Coulibaly and Burn 2004), detection of 

hydrologic impacts of dam operation (White et al., 2005); analysis of rainfall-runoff time 

series to define degree of basin dampening (Smith et al., 2004c); analysis of hydrograph 

recession characteristics (Sujono et al., 2004) and assessment of hydrologic model 

performance (Lane 2007; Parada et al., 2003).    
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Effective localization properties in both frequency and time domains make the 

wavelet transformation a suitable platform for treatment of the non-stationary noise 

component of signals (de-noising; e.g. streamflow time-series). In particular, multi-

resolution analysis, proposed by Mallat (1989), shows how wavelet scale representation 

can be used to extract the difference in information between an original signal at 

resolution 2s and its approximation at a lower resolution, 2s-1. The procedure is comprised 

of a hierarchy of wavelet scales, in which the original (noisy) signal is simultaneously 

passed through a low-pass filter to obtain large scales (low frequencies) and a high pass 

filter to obtain the small scales. The low pass filter provides the “approximation” wavelet 

coefficients that represent the estimation of original signal with half resolution. 

Analogously, the high pass filter provides the “detail” wavelet coefficients that contain 

the information that is lost in going from a high resolution to a lower resolution. The 

“approximation” coefficients at resolution 2s-1 can be further decomposed to form the 

“approximation” and “detail” coefficients at a lower resolution, 2s-2. In other words, the 

approximation of a signal at a higher resolution, 2s, contains all the necessary information 

to compute the same signal at a lower resolution, 2s-1. And to compute the approximation 

signal at a higher resolution, 2s+1, what is needed is the detail coefficients at resolution, 

2s. In this way, complete reconstruction of the original signal is possible by using 

approximation coefficients from the lowest resolution and the detail coefficients from all 

the resolutions.  

The concept behind the wavelet denoising is to suppress that part of the detail 

coefficients which is believed to contain the noise part of the signal. The de-noising 
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procedure is composed of the following steps: 1) a mother wavelet, , and a level, N, is 

chosen 2) the wavelet decomposition of the measured signal at level N is computed, 3) 

For each level up to N, the detail coefficients are suppressed based on a threshold criteria 

(soft or hard), 4) Signal is reconstructed using the original approximation coefficients of 

level N and the modified detail coefficients of levels 1 to N.

Denoising a signal by wavelet coefficient thresholding requires that the following 

subjective decisions be made: a) the type of mother wavelet, b) the level to suppress the 

detail coefficients and c) thresholding method. As mentioned earlier, when dealing with 

streamflow discharge time series, a mother wavelet that resembles the characteristics of 

the hydrograph features (e.g. unit hydrograph) should be selected. However, the choice is 

restricted by the required mathematical properties of the mother wavelet (Cohen and 

Kovacevic, 1996). For example, if the reconstruction of the signal is necessary (for 

example in denoising), orthogonal wavelet functions should be chosen, because their 

transformations do not contain any redundant information (Gaucherel, 2002). The level at 

which the detail coefficients are suppressed should be chosen so that the remaining 

coefficients contain the desired features within the signal, while the noise component is 

successfully removed. There are two main approaches to thresholding, namely hard and 

soft thresholding. In hard thresholding all the detail coefficients smaller than a specified 

threshold value are set to zero. Soft thresholding is an extension of the hard thresholding, 

in which the detail coefficients smaller than the threshold is set to zero, and remaining 

coefficients are shrunk towards zero (Liu et al., 2003) 
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In this study, these decisions were made by visual inspection of the hydrograph 

features before and after wavelet denoising. The considerations include preservation of 

peak shape and timing and removal of the high frequency component in the low end of 

the hydrograph at a reasonable level. A trial and error analysis was performed via the 

MATLAB® Wavelet Toolbox which provides a flexible environment for testing different 

alternatives. Various orthogonal mother wavelets are available in the wavelet toolbox, 

which include the family of Haar, Daubechies, Coiflets, and Symlets. For the hourly 

streamflow measurements used in this study, Symlet-8 mother wavelets, with coefficients 

suppressed at level 3 (corresponds to 8 hours) using a soft threshold yielded the best 

denoising based on the above considerations.

The end-product of the wavelet-based denoising is a smoothed streamflow time-

series. The difference between the original and the smoothed streamflow time series 

corresponds to an estimate of the measurement error (assuming no systematic 

measurement bias). To incorporate this estimated error into the data criterion given in 

Equation 5.8, a simple error deviation model was constructed.  The error deviation model 

involves a moving, windowed standard deviation operation applied on the estimated 

measurement error (Figure 5.3). In the procedure, a window size, w, is selected (where w 

is an odd integer number) and centered on time step, t (Figure 5.3b). The standard 

deviation of all the streamflow measurement errors (calculated via wavelet denoising) at 

time locations of the window is computed and associated with the average flow 

magnitude within the window. The window is advanced to the next time step and the 

procedure is repeated until all the time steps (minus window half width on beginning and  
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Figure 5.3. Proposed methodology for measurement error model specification, a) 
Observed and filtered hydrographs, b) Measurement error and moving windowed 
standard deviation estimator, c-d) Scatter plot of the observed flow data versus estimated 
error deviation of the streamflow measurements for rising (c) and falling (d) segment 
respectively.   

(c) Rising Segment (d) Falling Segment 

(b)

(a)
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ending time) are exhausted. Then, scatter plot of streamflow data versus estimated error 

deviation is constructed (Figure 5.3c-d). The estimated error deviation model is simply 

represented by fitting a linear function through this scattered data. Although there are 

more sophisticated approaches to define such relationships in highly scattered data, such 

as clustering the data into various flow levels, spline functions and entropy indices, the 

selected method was found to be both simple and yet effective in providing reasonable 

estimates for the streamflow measurement error. A moving window size of seven was 

selected to ensure that the number of samples are sufficient to estimate representative 

error deviation estimates, while also maintaining enough samples from the rising 

segments, during which the number of time steps tend to be small.  

It can be seen from the scatter plots given in Figure 5.3c-d that considerable 

variation exists in the estimated error, however the pattern follows that of increasing error 

deviation with increasing flow magnitude. This pattern suggests that the streamflow 

measurements used in this study exhibit heteroscedastic errors. The nature of the errors is 

captured in a reasonable manner by the slope of the linear fit representing the error 

deviation model for this study. Comparison of scatter plots for rising and falling segments 

shows that the magnitude of error deviation in rising segment is generally higher than that 

of falling segment. In the rising segment, the range of flow magnitudes varies between 

0.79cms -178 cms while estimated error deviations vary between 0.1 and 1 cms. In the 

falling segment the range of flows magnitudes vary between 0.15 to 178 cms, which 

corresponds to error deviation estimates varying between 0.001cms to 0.63 cms. These 

results show that the range of estimated measurement errors estimated via the proposed 
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methodology are very small compared to the range of flows observed for the study time 

period.

To demonstrate the validity of the proposed methodology for estimation of the 

measurement error deviation, a synthetic study was performed. HL-DHMS model with 

baseline configuration was used to generate hourly streamflow time series for the study 

period. The simulated streamflow time series were corrupted by adding a homoscedastic 

error model [ t = N(0,0.5)] and a heteroscedastic error model [ t = N(yt,0.05yt)]. The 

proposed methodology, having the same configuration as described above, was used to 

estimate the known error models of the synthetic study. The results are shown in Figures 

5.4 and 5.5 as scatter plot of synthetically generated noisy streamflow data versus true 

homoscedastic error model (Figure 5.4a and 5.4b, dashed line) and estimated error model 

(Figure 5.4b, solid line).  Figure 5.5 shows the same results as Figure 5.4 but for the 

heteroscedastic error model.  It can be seen that the agreement between true error models 

and the estimated error models are quite good for the synthetic case. This is especially 

true for the homoscedastic error case. In the heteroscedastic error case, the proposed 

methodology slightly underestimated the errors for the high flows.  
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Figure 5.4. Synthetic study to demonstrate the validity of the proposed methodology for 
estimating error deviation of the measurements  - Homoscedastic case, a) actual error 
deviation model (dashed line) b) estimated error deviation model (solid line) 

Figure 5.5. Synthetic study to demonstrate the validity of the proposed methodology for 
estimating error deviation of the measurements  - Heteroscedastic case, a) actual error 
deviation model (dashed line) b) estimated error deviation model (solid line) 

(a)

(b)

(a)

(b)
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5.2.3. Selection of the Optimization Algorithm 

In this study, the SCEM-UA (Shuffled Complex Evolution Metropolis Algorithm; 

Vrugt et al., 2003a) algorithm was used to minimize the aggregated objective function 

given in Equation 5.5. The SCEM-UA algorithm is a global optimization algorithm 

sharing many algorithmic steps of the SCE-UA algorithm (Shuffled Complex Evolution; 

Duan et al., 1992). The main difference between these algorithms is the nature of their 

outcome being deterministic or probabilistic; while the SCE algorithm uses a downhill-

simplex search strategy to find a single best set of parameter values, the SCEM-UA 

utilizes a probabilistic covariance-based search methodology to infer the posterior 

probability distribution of the parameter values. The search methodology embedded in 

the SCEM-UA algorithm is an adaptive Markov Chain Monte Carlo (MCMC) sampler, 

which generates a sequence of parameter sets that converges to the stationary posterior 

probability distribution for a large number of simulations (Vrugt et al., 2003a). As a 

MCMC sampler, SCEM-UA is rooted in classical Bayesian inference framework to 

describe the uncertainty associated with the parameter values (in terms of their posterior 

probability distribution). The SCEM-UA algorithm follows the following steps to 

converge to a posterior probability parameter distribution: 1) An initial sample of s points 

are generated randomly from a prior probability distribution 2) q parallel sequences are 

generated based on the fitness rank of each point 3) each sequence is evolved, in parallel, 

by iteratively generating candidate points from an adaptive multi-normal proposal 

distribution (adaptive in the sense that moments of the distribution changes at each 

evolution stage) 4) complexes/ sequences are shuffled to share information 5) Steps 2-4 
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are repeated until a convergence criteria is satisfied. The details of the SCEM-UA 

algorithm can be found in Vrugt et al. (2003a).   

The configuration of the SCEM-UA algorithm largely determines its reliability 

and efficiency. The implementation of the algorithm requires the following decisions to 

be made: 1) a prior probability distribution of parameter values, 2) the size, s, of the 

initial random population 3) the number, q, of parallel sequences/complexes and 4) the 

termination criteria, t (i.e. maximum number of iterations).  

The prior probability distribution of parameter values represents the initial 

parameter uncertainty, before assimilation of any input-output measurement information. 

In this study, a uniform prior distribution (non-informative priors) over the feasible range 

of parameters (Chapter Two, Table 2.1) was selected to avoid possible distortion of the 

information content of the data. The decision on the size of the initial population, the 

number of complexes and termination criteria was made using trial and error runs, 

considering computational time requirements and the suggestions made by Vrugt et al 

(2003a). For complex, highly non-linear problems Vrugt et al (2003a) recommends using 

a large population size (s  250) and a large number of parallel sequences (q  10) to 

precisely capture the complex shape of the covariance structure. Using a synthetic study, 

various configurations of SCEM-UA were tested to analyze the impact of increasing the 

size of the population, the number of complexes and the maximum number of evaluations 

on the algorithm convergence, while maintaining a reasonable solution time. The results 

presented in this study were obtained with a SCEM-UA configuration having an initial 

population size of 250 with 5 complexes and maximum 2000 evaluations of the HL-
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DHMS model.  Using this configuration, a single SCEM-UA run using HL-DHMS model 

setup for Blue River Basin required ~50 hours on a Linux Workstation with an AMD 

Athlon MP 2800+ Dual 1.77 gigahertz processor and 1 gigabytes of RAM.

5.3. STUDY AREA AND DATA 

The Blue River Basin selected for this study (see Figure 5.6 and Table 5.1) is 

located in the south of Oklahoma, has an elongated shape, gently sloping topography 

with elevation ranging from 154m to 427m, and covers an area of 1233km2.  The 

predominant vegetation cover in the area is composed of woody savannah, deciduous 

broadleaf forest and agricultural land. The climate is characterized by average annual 

runoff coefficient less than 0.3.  Snow is insignificant and streamflow is natural, free of 

man-made structures. The dominant soil texture is clay (~50%) followed by loam and 

sandy loam. 

The time period selected for this study is 10/01/1997 – 10/31/1997 (13 months, 

the first month was used as model warm up period). This selection was made by 

considering both the NEXRAD radar algorithm uniformity and observed data 

completeness. The data is available from the website of the Distributed Model 

Intercomparison Project (Phase Two; DMIP-2) 

(http://www.nws.noaa.gov/oh/hrl/dmip/2/index.html). It includes: a) hourly streamflow 

observations at the outlet b) 4km x 4km gridded hourly precipitation estimates 

(radar/gage merged) and c) 4km x 4km gridded mean monthly potential evaporation 

estimates (PE). Preliminary analysis showed that the latter follows a prescribed monthly 

pattern that remains constant over the years. Therefore PE estimates were corrected using  
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Figure 5.6. Study Area. 

Table 5.1. Blue River Basin characteristics. 
Name USGS ID Area 

(km2)
Annual

Rainfall*
(mm)

Annual
Runoff*

(mm)

Runoff
Coefficient* 

Blue River Basin 
near Blue 

7332500 1233 1085 240 0.22 

* based on water years 1997-2002. 

the inter-annual climatological variability shown by the North American Regional Re-

analysis (NARR) dataset (see Chapter 6 Section 6.5.1 for details). The corrected PE 

values than converted to potential evapotranspiration by multiplying with a grid land 

cover correction factor (also provided by NWS). 
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5.4. RESULTS 

The multi-criteria assessment of trade-off between information content of the 

watershed static observable characteristics and dynamic response characteristics is 

presented in this section. The results are discussed in terms of bi-criteria plots, showing 

the trade-off characteristics between the data criteria and the penalty criterion. The trade-

off characteristics are then linked to the corresponding parameter deviations to infer 

agreement between the parameter values specified by the a priori method and by 

calibration. The analysis continues with the selection of a compromise parameter set and 

analysis of the resulting simulated hydrograph. 

In the multi-criteria approach three different cases were considered. These cases 

include evaluation of the agreement between a priori parameter values and the parameter 

values estimated via calibration using 1) rising segment flow data, 2) falling segment 

flow data, and 3) entire flow data. 

Figures 5.7-5.9 present the trade-off region between flow data criteria and 

parameter penalty criterion, when the rising segment, falling segment and entire flow data 

are considered respectively. The color scheme of the points indicates SCEM optimization 

runs with different weighting ( par in Equation 5.5) applied to the parameter penalty 

function. The points on the bi-criteria plot correspond to the rank one samples selected 

from the last 1000 parameter sets sampled during the SCEM optimization. The color 

scheme groups all samples that are generated using the same weighting (see legend). 

Notice that, the extreme points  on the y-axis  represent the sampled parameter sets whose  

values are  closest  to  the  a  priori  values,  and  at the  same  time they correspond to the  
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Figure  5.7. Two dimensional objective function plot showing the trade off between data 
criterion and penalty criterion for rising segment (* indicates that objective functions are 
re-scaled using their maximum values)  
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Figure  5.8. Two dimensional objective function plot showing the trade off between data 
criterion and penalty criterion for falling segment (* indicates that objective functions are 
re-scaled using their maximum values) 
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Figure  5.9. Two dimensional objective function plot showing the trade off between data 
criterion and penalty criterion for overall hydrograph (* indicates that objective functions 
are re-scaled using their maximum values). 
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highest mismatch between observed and simulated streamflow.  Similarly, the extreme 

points on the x-axis represent the parameter sets providing the closest match between 

observed and simulated streamflow and at the same time correspond to largest deviations 

from the a priori parameter values. It can be seen that the model with a priori prescribed 

parameter values shows the highest mismatch between observed and simulated flows. 

Note also that, each axis was re-scaled (using the maximum value on the axis) to 

facilitate the grasp of the degree of improvements on each objective function as the 

weighting on penalty criterion was varied. In the bi-criterion trade-off regions such as 

shown in Figure 5.7, a reasonable compromise solution is generally located close to the 

origin and along the 1:1 diagonal line. The selection of the balanced solution set will be 

discussed in detail later in this section.  

The setup of the multi-criteria optimization problem allows for analysis of the 

extent to which the information content of streamflow observations agrees with the a 

priori specified parameter values. This analysis can be carried out by observing the 

changes in parameter values in response to systematic increases in the importance given 

to information content of the streamflow. The degree of importance is revealed by the 

increases in the weighting of the streamflow objective function (1- par) within the 

aggregate objective measure given in Equation 5.5.  

Figures 5.10, 5.13 and 5.16 present the degree of deviation of the parameter 

values from their a priori prescribed values as increasing amounts of streamflow 

information are used in the SCEM optimization. The weighting applied to the a priori 

parameters ( par) is plotted on the x-axis. The two extreme points on the x-axis represent 
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the a priori parameter values at the left end and parameter values estimated solely using 

flow data at the right end. The y-axis value on each plot represents the ratio between the 

median values of the optimized parameter grid and the a priori parameter grid. For 

example a value of 1 on the y-axis corresponds to the a priori parameter grid while 2 

corresponds to a parameter grid with median value two times larger than the a priori 

parameter grid. Note that the upper and lower extreme end of the y-axes have been 

selected to correspond to the ratios between minimum and maximum values of the 

feasible parameter region to the median value of the a priori parameter grid. Notice also 

that the y-axis and parameter values are color-coded and that the y-axis scale varies for 

each parameter grid.  

5.4.1. Analysis of the Trade-off between A priori Parameters and Rising Segment of the 

Hydrograph

Figures 5.10a-d reveal the degree of agreement between a priori parameters and 

the information content (as defined by the data criterion in Equation 5.8) of the 

streamflow rising segment. It can be seen that most of the parameters grids remain close 

to their a priori values until a parameter weighting ( par) value of 0.005. A notable 

exception is the UZTWM parameter (Figure 5.10a). The median value of UZTWM 

parameter grid increases by as much as 2 times during the first stage of incorporating 

rising segment flow information in the optimization. Figure 5.7 shows that ~%75 

reduction in rising segment criterion is achieved at this stage.  Therefore, it can be 

concluded that the a priori specified value of the UZTWM parameter grid is responsible 

for much of the mismatch between observed and simulated flows in the rising segment.  
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Figure 5.10a-d. Parameter trade-off curves for rising segment optimization vs. a priori 
parameters ( par = 1 corresponds to a priori parameters) (continues in the next page) 

(a)

(b)
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Figure 5.10a-d. (Continued) Parameter trade-off curves for rising segment optimization 
vs. a priori parameters ( par = 1 corresponds to a priori parameters) 

(c)

(d)
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As the amount of rising segment flow information is increased at the later stages, 

significant deviations in other parameter values from their a priori specified values are 

observed. The parameters ZPERC and REXP (Figure 5.10b) move to their smallest 

feasible values, causing the model to retain more water in the upper zone and thereby to 

increase the high flow opportunity.  Note that ZPERC controls the proportional increase 

in percolation from saturated to dry conditions and affect the percolation most strongly 

when the soil is dry – so decreases in ZPERC will decrease percolation in dry conditions. 

Parameter REXP controls the non-linearity of the relationship between percolation 

demand and lower zone water content, with values close to one indicating a more linear 

relationship and more percolation. For the same reason, the UZK value moves to almost 

its upper feasible limit. Similarly, the parameter UZFWM is halved to increase the 

surface runoff. These parameter variations indicate that the upper zone of the model 

defined by the a priori parameterization contains insufficient water to match the high 

flows observed in the Blue River Basin. Among the lower zone parameters, there is a 

decreasing trend for parameters LZTWM and LZSK, while parameters LZFPM and 

LZFSM vary between 2-6 times their a priori values.  

A balanced solution, in the multi-criteria sense, to the optimization of rising 

segment flows could be selected from the bi-measure plot given Figure 5.7. This 

balanced solution is also known as a “compromise solution” and represents the parameter 

sets that are as close as possible to the a priori specified values (therefore preserving, to 

some extent, the physical realism of the values) while at the same time providing a 

reasonable match between the simulated and observed streamflow observations.
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Parameter sets within the Pareto solution set for parameter weighting ( par) value 

of 0.02 were selected as the compromise solution between rising segment flows and a 

priori parameters. The normalized parameter plot presented in Figure 5.11 shows the 

variability in the parameter values for the selected compromise solution set (black lines). 

The extent of the normalized plot represents the upper and lower feasible limit of each 

parameter. Each line on the plot indicates a parameter set. The dashed and solid gray 

lines represent the a priori ( par = 1) and optimized parameter sets ( par = 0) respectively. 

Notice that majority of the parameter values within the compromise region have 

remained at or close to their a priori values.  

Figure 5.11. Normalized parameter plots showing parameter variations along the 
compromise region (black lines) for rising segment scenario. (Dashed line represents a 
priori parameter set; gray solid line represents parameter set estimated via optimization of 
rising flow segment) 
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The only significant deviations are observed as a large increase in parameter UZTWM 

and a decrease in parameter ZPERC.  

Figures 5.12a-b present the rising segment scenario compromise region in the 

hydrograph space. The flows are transformed using Equation 10 (with =0.3) so that both

high and low flow behavior can be clearly seen. Figure 5.12a shows that optimization to 

the rising segment (blue line) prioritizes the matching of high flows and results in large 

overestimation of the low flows and inability to represent the medium range flow events 

(i.e. flows around 1000 hours and after 8000 hours). The compromise region (shaded 

area) however, results in mid range flow events that are situated between baseline and 

optimized flow values and provides better representation of observed medium range flow 

events than either baseline or optimized parameters. A more detailed view of the rising 

segment flows is shown in Figure 5.12b. It  can  be  seen  that  optimization  to  the rising 

segment has improved the timing of the hydrograph rise and early falling segment of the 

hydrograph. Visual examination of the hydrographs did not reveal any specific 

characteristic behavior of the compromise region on the rising segment of the large flows, 

but it is clear that for the high flows on the falling segment, the compromise region lies 

between the baseline and optimized flows. This result is consistent with the findings of 

Boyle et al (2000) who indicated that the driven (rising segment) and early non-driven 

segment (falling segment) of the hydrographs contain similar information. Note that the 

timing and magnitudes of flows on the rising segment could also be influenced by the 

routing model parameters, which were kept fixed in this study. The inclusion of routing 

model parameters should be expected to bring further insight into the analysis. However, 
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this study is focused on only the water balance component (SAC-SMA) of the distributed 

HL-DHMS model. 

Figure 5.12. Simulated and observed hydrographs for the rising segment scenario, a) 
overall study period, b) detailed view of a high flow period. 

(b)

(a)
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5.4.2. Analysis of the Trade-off between A priori Parameters and Falling Segment of the 

Hydrograph

Figures 5.13a-d present the degree of agreement between a priori parameters and 

the information content of the falling (recession) segment of the hydrograph. Similar to 

the rising segment case, the a priori value of parameter UZTWM disagrees strongly with 

the value that fits the streamflow observations, revealed as an increase in parameter 

UZTWM (x1.5) during the first stage of introducing falling segment flow information. 

Another notable deviation at the first stage is a reduction in the value of the parameter 

LZFSM to its lower feasible limit. A remarkable change in the functioning of the model 

can be observed as par is changed from 0.08 to 0.005. While the value of the LZPK 

parameter has moved to its lowest feasible limit at par =0.08, with the introduction of 

more strength to the falling segment information LZPK moves to a value 3 times larger 

than its a priori value, which in turn increased the slope of the baseflow recession. The 

increase in the LZPK value is also followed by significant increases in parameters 

LZTWM, PFREE and ZPERC. The parameter PFREE determines the fraction of the 

percolated water received by the lower zone free capacities, and hence increases in 

parameter PFREE will increase the volume of baseflow. Increase in parameter LZTWM 

will directly increase the amount of water evaporated from the lower zone while 

indirectly helping to increase the amount of percolation received by the lower zone 

(through increasing the lower zone water deficiencies). And finally increases in 

parameter ZPERC will also increase the amount of water percolated to the lower zone, 

mainly during the dry periods.  
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Figure 5.13a-d. Parameter trade-off curves for falling segment optimization vs. a priori 
parameters ( par = 1 corresponds to a priori parameters) (continues in the next page) 

(a)

(b)
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Figure 5.13a-d. (Continued) Parameter trade-off curves for falling segment optimization 
vs. a priori parameters ( par = 1 corresponds to a priori parameters) 

(c)

(d)
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A par value of 0.08 was selected as the compromise solution set for the falling 

segment scenario (Figure 5.8). The parameter sets within the compromise solution are 

depicted as black lines in Figure 5.14. Along the compromise region, it can be seen that 

compromise solution for falling segment scenario results in increased values for 

UZTWM, ZPERC and LZTWM parameters and decreased values for parameters 

UZFWM, LZFSM and LZPK.  

Figure 5.14. Normalized parameter plots showing parameter variations along the 
compromise region (black lines) for falling segment scenario. (Dashed line represents a 
priori parameter set; gray solid line represents parameter set estimated via optimization of 
falling flow segment) 
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The comparison of Figures 5.14 and 5.11 is useful to reveal the parameter 

conflicts in fitting the rising and falling segments of the hydrograph (compare solid gray 

lines in these figures). It can be seen that both rising and falling segment information 

content of the hydrograph agrees in regards to increasing the values of upper layer 

parameters UZTWM and UZK, however there exists a conflict in the values of the 

percolation parameters (ZPERC,  REXP,  PFREE),  the  lower  zone  capacity  

parameters (LZTWM, LZFSM, LZFPM), and the rate parameter (LZPK). These 

parameter conflicts stem from prioritizing the retention of water in upper zone (in case of 

rising segment scenario) versus its transfer to the lower zone (in case of falling segment 

scenario).

Figures 5.15a-b show the comparison of the observed and simulated hydrographs 

for the compromise solution for falling segment scenario. Notice that, hydrographs 

simulated by the optimal falling segment parameter set (blue line) is significantly 

different than hydrographs simulated by compromise parameter set. The reason is the 

significant shift in the model functioning at par value of 0.005 (as discussed earlier in the 

previous paragraph). The optimized parameter set yield a better representation of the 

baseflow magnitudes and recession rate at the expense of high flow levels. The 

compromise solution, on the other hand, better represents the high flow levels on the 

falling segment of the hydrograph, at the expense of the low flow magnitudes and 

baseflow recession rate. Note that the compromise region is situated between flows 

obtained by a priori parameters and optimized parameter set for the high flow portion of 

the falling segment. 
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Figure 5.15. Simulated and observed hydrographs for the falling segment scenario, a) 
overall study period, b) detailed view of a falling segment. 

(b)

(a)
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5.4.3. Analysis of the Trade-off between A priori Parameters and Overall Hydrograph 

Figures 5.16a-d depict the agreement between the a priori parameter values and 

the information content of the overall hydrograph. Figure 5.9 shows that around 60% 

improvement (reduction) in the data criterion can be attained with a par value of 0.5. 

Figure 5.16a reveals that UZTWM is the only parameter that varies significantly (2 times 

larger) from its a priori value up until a par value of 0.5. This result is consistent with the 

previous findings of this study and indicates that the a priori value assigned to the 

UZTWM parameter grid is too small to represent the Blue River hydrograph for the study 

time period. It can be seen from Figure 5.16 that the majority of the parameter values are 

fairly stable up to a par value of 0.005. The exceptions are the deviations in the UZTWM 

(~x4), UZFWM (~x0.5), LZPK (between ~x0.2 and x2) and partly LZFPM (between 

x0.4 and x1.22). Comparative analysis of Figure 5.9 and Figure 5.16 reveals that 

significant reduction in the data criterion has been achieved  (90% improvement from the 

a priori performance) by deviations in the above mentioned parameters, and the 

variability in the parameter values when par is set to the values of 0.002 and 0 (notice 

that par = 0 corresponds no a priori information) compensates only a small fraction of 

the data objective function for a priori parameters.   Further decreases in the par from the 

value of 0.005 are accompanied by significant increases in the upper zone parameters; 

UZTWM (~x6), UZFWM (~x1.7), UZK (~x1.6), increases in the lower zone capacities; 

LZTWM (~x2.7), LZFSM (~x3), and increase in LZPK (~x2) and decrease in the LZSK  

(~x0.2) lower zone recession parameters. 
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Figure 5.16a-d. Parameter trade-off curves for overall flow optimization vs. a priori 
parameters ( par = 1 corresponds to a priori parameters) (Continues in the next page) 

(b)

(a)
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Figure 5.16a-d. (Continued) Parameter trade-off curves for overall flow optimization vs. 
a priori parameters ( par = 1 corresponds to a priori parameters) 

(c)

(d)
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The increases in both upper and lower capacity parameters, with increasing 

observed flow information, indicate that the a priori assigned model thickness values are 

not enough to hold the amount of water required to generate the observed flow behavior 

in the Blue River Basin. This is most likely due to the assumption in a priori parameter 

formulation that, the combined thickness of the model layers is equal to the top 2.5m 

thickness of the soil column (for details of a priori estimation see Koren et al., 2000).  

From Figure 5.9 par values of 0.1 and 0.08 were selected as the compromise 

solutions to represent a balance between the a priori specified parameter set and 

optimized parameter set. Figure 5.17 shows the parameter sets within the selected 

compromise solution (black lines). It can be seen that the compromise solution is 

obtained by making significant increases in parameter UZTWM followed by minor 

decrease in the values of parameters UZFWM, LZFSM, LZFPM and LZPK.  

The compromise region in the hydrograph space is shown in Figures 5.18a-b. It 

can be seen that the model with the optimized parameter set (blue line) is capable of 

simulating the hydrograph recession rate and flow magnitudes at the medium and high 

end. However, flow events at the low end (i.e. around hour 1000 and hour 8500) are not 

well reproduced. For the same low flow events, the a priori parameters produce 

significant overestimation, while the compromise parameter sets result in better 

agreement. Figure 5.18a also reveals that the compromise parameter set provides 

inadequate representation of baseflow recession. Figure 5.18b shows a detailed view of 

the  hydrograph  when  high  flows  are  dominant.   It  can be seen  that  the  compromise  
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Figure 5.17. Normalized parameter plots showing parameter variations along the 
compromise region (black lines) for overall hydrograph scenario. (Dashed line represents 
a priori parameter set; gray solid line represents parameter set estimated via optimization 
of rising flow segment) 
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parameter sets result in comparable peak flows, while representing the falling segment of 

the flow events midway between optimized and a priori parameter set simulated flows.  

Figure 5.18. Simulated and observed hydrographs for the overall hydrograph scenario,a) 
overall study period, b) a detailed view of high flow period. 

(b)

(a)
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5.5. SUMMARY AND CONCLUSIONS 

In this chapter, a multi-criteria penalty function framework was used to evaluate 

and compare the values of the HL-DHMS model parameters specified using an a priori 

methodology (based on physical reasoning) and the same specified via automatic 

calibration (based on dynamic input-output data). The context of the study was 

simulation of the hourly flows at the outlet to the Blue River Basin. The multi-criteria 

framework was implemented using a standard maximum likelihood estimation criterion 

for assessing the modeled and observed dynamic response behavior of the watershed. A 

parameter penalty function was formulated based on a novel non-linear transformation 

applied to the spatially distributed parameter values that maintains the parameter values 

within their range of feasible values, without the requirement for a subjectively selected 

cut-off threshold. A wavelet-based methodology enabled explicit specification of the 

streamflow measurement error variances in the calibration.  

The results of this multi-criteria framework indicate that there exists a significant 

trade-off in the models’ ability to maintain reasonable hydrologic response performance 

while maintaining physically realistic values for the model parameter estimates.  This 

need for imposing this requirement has been well known in the hydrologic community 

(e.g. Duan et al., 2001). An interesting result is that the analysis suggests that adjustments 

to only a few key a priori parameters need be made to gain significant improvements in 

model performance. For example, the a priori specified value of the parameter UZTWM 

consistently disagreed with value needed to reproduce the observed dynamic response of 

the study basin. This parameter controls the evapotranspiration opportunity from the 
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model and is hence highly sensitive to the short-term climatic variations, which are less 

likely to be imprinted in the soil dataset used in the a priori methodology. The rising 

segment and falling segment calibrations showed significant differences in both the 

parameter values and the resulting simulated hydrographs. The analysis indicated also, 

that the models’ soil moisture storage capacity, when using a priori parameters, was 

insufficient to generate the range of observed flows in the study basin. These results most 

likely arise due to the assumption in the a priori formulation that restricts the model 

thickness to the upper 2.5m soil thickness. This limitation in soil zone thickness may 

result in inability of the model to represent the major part of the baseflow occurring in the 

basin. Another implication of the insufficient lower zone thickness arises because the 

baseflow recession rate (LZPK) parameter depends on the lower zone thickness. Similar 

dependencies are also common between other parameter formulations, because the larger 

number of model parameters are generated from a smaller number of soil hydraulic 

properties in the a priori methodology. Therefore a natural extension of this work will be 

to make calibration adjustments to the soil hydraulic parameters (or the coefficients of the 

soil-to-parameter relationships) rather than the model parameters. The streamflow 

measurement error model, calculated via wavelet-based approach, showed that the 

measurement errors in the observed streamflow are heteroscedastic in character, however, 

the range of estimated error magnitudes were very small compared to the range of 

observed flows. It is also possible that the results from the multi-criteria framework were 

influenced by the choice of objective function (in all scenarios tested, compromise 
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regions resulted in a better fit of medium and high flows) and therefore sensitivity of 

results to the chosen objective function could be analyzed.

Overall, this study has provided valuable insights into the ways that model 

performance improvements can be achieved when predicting (estimating) the dynamic 

response behavior of the ungauged watersheds. This framework can be used in gauged or 

poorly gauged watersheds to point out the major parameter - discharge data 

disagreements and similar corrective measures could be applied to hydrologically similar 

watersheds. Further, the multi-criteria framework can be extended to include a cost-

benefit analysis that evaluates the potential gain in accuracy of hydrologic prediction (and 

consequent reductions in loss of life and economic damage) achievable by 

implementation of a judiciously placed stream gauge to collect valuable dynamic 

information in data sparse regions.   
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CHAPTER 6 

EVALUATING THE RELIABILITY OF A PRIORI MODEL PARAMETER 

ESTIMATES DERIVED FROM OBSERVABLE WATERSHED 

CHARACTERISTICS:  

PART II – DIAGNOSTIC EVALUATION APPROACH

6.1. INTRODUCTION 

As discussed in earlier chapters, a major achievement towards improved 

streamflow predictions has been the advancement of so-called “distributed” models, 

which simulate the spatial distribution of hydrologic processes over the landscape. Such 

models are expected to provide more accurate streamflow simulations at the watershed 

outlet when compared to traditional spatially “lumped” models, while also providing 

spatial dynamics of evapotranspiration (Famiglietti and Wood 1995), soil moisture 

content (Western et al., 1999), water quality (Lindenschmidt et al. 2004), soil erosion 

(Wicks and Bathurst, 1996) and land use change (Ewen and Parkin, 1996) throughout the 

watershed. Equally important, however, is their ability to provide estimates of runoff 

volumes along the entire length of the stream channel network, so that the dynamic 

evolution of flood inundation regions can be estimated (Smith et al., 2004a). The key to 

extending our river forecasting capabilities lies in the development and improvement of 

such models.  
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 Although their potential benefits are clear, there remains controversy in the 

literature regarding the advantages of distributed models over lumped models (Beven, 

1989, 2002; Grayson et al., 1992). Limitations on our ability to identify model 

components that properly represent the actual hydrologic processes within the watershed 

can translate into significant predictive uncertainty in the model results (Beven and Freer, 

2001). The identification process typically requires large amounts of spatio-temporal 

data, and the extraction of necessary information from these datasets requires the 

development and application of data mining strategies and techniques, a field of 

hydrology that is arguably still in the early stages of development. In addition, powerful 

and rigorous methods must be formulated for testing the assumed distributed structure of 

the model (structural consistency), evaluating its input-state-output behavior (behavioral 

consistency), and for assimilating the extracted information. Smith et al. (2004a) have 

emphasized that to fully realize the potential benefits of spatially distributed hydrological 

modeling it is necessary to develop “reliable and objective procedures for 

parameterization, calibration, data assimilation, and error correction”. 

 In Chapters Four and Five, we discussed advanced techniques for the application 

of conventional calibration strategies based on the optimization concept that make a good 

start at adapting concepts found to work well in the manual-expert approach into an 

automated (or semi-automated) multi-criteria calibration framework. These concepts 

include constraining the parameters using a priori information, a process-based attention 

to different aspects of hydrologic response, step-wise calibration, the formulation of 

multiple measures of closeness, and the selection of one or more compromise solutions. 
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The main limitation of these approaches, however, is that they do not ultimately provide a 

strong basis for detecting the causes and resolution of model performance inadequacies.  

The main reasons for this currently are, (1) the lack of a good understanding on how to 

design objective and robust model performance evaluation criteria that provide a basis for 

diagnostic evaluation of model performance via comparison of its input-state-output 

behavior to observations of various kinds that are related to the dynamic response of the 

watershed, and (2) The lack of a systematic procedure for making appropriate model 

improvements (to parameters and/or structure) so as to improve the overall consistency, 

accuracy and precision of model performance. 

The objective of the study reported in this chapter, therefore, is the development 

of objective and systematic strategies for model performance assessment that support and 

enable a diagnostic approach to detection and resolution of model inadequacies, leading 

to clear improvements in its predictive accuracy and precision.  The heart of the strategy 

is the specification of model performance measures that have “diagnostic power”. As will 

be discussed, such measures should be capable of targeting and extracting key 

information from the available data in an effective and efficient way. The diagnostic 

approach differs from the commonly used regression-based approach, in that it has 

contextual relevance, being based in an understanding of the hydrological theory 

underlying the specific numerical model under investigation (Gupta et al., 2007).

The following sections discuss an attempt to formulate such a diagnostic approach 

in the context of the “Hydrology Laboratory Distributed Hydrologic Modeling System”

(HL-DHMS), to evaluate its capacity to simulate historical flow conditions. This study 
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relates to several other studies which have incorporated hydrological process 

understanding within automatic calibration procedures. For example, Leavesley et al. 

(2003) performed a step-wise calibration approach for USGS Precipitation Runoff 

Modeling System; which started by calibrating the parameters affecting water balance, 

and followed by calibrating those parameters related to hydrograph timing and soils and 

vegetation, respectively. Harlin (1991) and Zhang and Lindstrom (1997) introduced 

process-oriented step-wise calibration strategies for the HBV hydrological model.  Their 

procedures partitioned the flow time series into several periods where specific 

hydrological processes dominate and linked these periods to specific parameter(s) during 

calibration. Turcotte et al. (2003) developed a step-wise calibration strategy for 

HYDROTEL distributed model. In the procedure they calibrated the model parameters 

affecting objectives related to long timescales first and calibrated those affecting short 

timescales last. Their calibration steps included parameters related to large-scale water 

balances, evapotranspiration, infiltration capacity, and routing respectively. Shamir et al. 

(2005) introduced a stepwise parameter estimation approach based on a set of streamflow 

descriptors that emphasize the dynamics of streamflow record at different timescales. The 

current study has similarities with the above studies in the sense that it follows a 

hierarchical stepwise focus (similar to manual calibration) to the range of expected 

hydrological processes within a watershed.

Note that the primary focus of this study was overall model performance at the 

outlet and hence the model deficiencies caused by incorrect spatial distribution of 
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parameter estimates were largely ignored. Future work will build a more comprehensive 

strategy by progressively relaxing the assumptions incorporated here. 

6.2. STUDY GOALS AND STRATEGY 

 The goal of this study was to evaluate the ability of the spatially-distributed HL-

DHMS model to use the available ‘distributed’ (high time and space resolution) data to 

generate ‘improved’ streamflow forecasts, and to develop a systematic and robust 

strategy for improving model performance.  The procedure adopted for this study was as 

follows: 

1) Set up the HL-DHMS model and data sets for the Blue River Basin, with a priori 

parameter values specified using the Koren et al (2000) approach.  This will be 

called the “baseline” model. 

2) Evaluate the performance of the baseline model and identify deficiencies. 

3) Diagnose causes for the deficiencies identified. 

4) Devise and test strategies to correct the baseline model in an “appropriate” 

manner so as to mitigate the deficiencies. 

As mentioned in Section 6.1, this study will focus on the performance of the model at 

the outlet to the watershed.   

6.3. CONTEXT OF THE STUDY 

6.3.1. Study Area and Data 

The Blue River Basin selected for this study (see Figure 6.1 and Table 6.1) is 

located in the south of Oklahoma, has an elongated shape, gently sloping topography 

with elevation ranging from 154m to 427m, and covers an area of 1233km2.  The 
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predominant vegetation cover in the area is composed of woody savannah, deciduous 

broadleaf forest and agricultural land. The climate is characterized by average annual 

runoff coefficient less than 0.3.  Snow is insignificant and streamflow is natural, free of 

man-made structures. The dominant soil texture is clay (~50%) followed by loam and 

sandy loam. 

Figure 6.1. Study Area. 

Table 6.1. Blue River Basin characteristics. 
Name USGS ID Area 

(km2)
Annual

Rainfall*
(mm)

Annual
Runoff*

(mm)

Runoff
Coefficient* 

Blue River Basin 
near Blue 

7332500 1233 1085 240 0.22 

* based on water years 1997-2002. 
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The time period used in this study is 10/1996 – 9/2002 (6 years). The data is 

available from the website of the Distributed Model Intercomparison Project (Phase Two; 

DMIP-2) (http://www.nws.noaa.gov/oh/hrl/dmip/2/index.html). It includes: a) hourly 

streamflow observations at the outlet b) 4km x 4km gridded hourly precipitation 

estimates (radar/gage merged) and c) 4km x 4km gridded mean monthly potential 

evaporation estimates. The latter is converted to potential evapotranspiration (hereafter 

NWS-PET) by multiplying with a grid land cover correction factor (also provided by 

NWS).  

6.3.2 The HL-DHMS Model Setup 

The baseline model used for this investigation was implemented using the 

“Hydrology Laboratory Distributed Hydrologic Modeling System (HL-DHMS)”, under 

development by the Hydrology Laboratory of the NWS.  The HL-DHMS applies the 

SAC-SMA conceptual water balance model over a regular 4km x 4km spatial grid, linked 

to a kinematic model for hillslope and channel network flow routing (Koren et al., 2004). 

Detailed explanations of these models are given in Chapter Two of this dissertation. 

Implementation of the HL-DHMS requires that 16 SAC-SMA parameters, 3 

kinematic wave hill slope routing parameters (slope, roughness coefficient and drainage 

density), and 2 kinematic wave channel routing parameters (specific discharge and 

coefficient of the discharge and channel cross-section relationship) be specified for every 

4km x 4km grid over the study domain. In the baseline setup, the HL-DHMS model was 

parameterized using the a priori parameter estimation methodologies developed at the 

National Weather Service. The methodology for a priori specification of the SAC-SMA 
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model parameters is given in Chapter Three, Section 3.3. The methodology for a priori 

specification of routing parameters is given in Chapter Two, Section 2.3. All the a priori 

parameters were obtained from the Hydrology Laboratory of the NWS.  

For the Blue River Basin, the HL-DHMS model was run on a one-hour time step, 

driven by hourly estimates of precipitation and mean monthly estimates of 

evapotranspiration demand. The model output is hourly estimates of streamflow along the 

channel and soil moisture and evapotranspiration at each grid. An exception is Case 

Study 2 (Section 6.8). In this case the model was run at a daily time step.  

6.4. PRELIMINARY EVALUATION OF BASELINE MODEL 

The first step in this study was to set up the HL-DHMS model for the Blue River 

Basin using a priori parameter values. This “baseline” model was then used to generate 

hourly input-state-output simulations for the six-year period 10/1996 – 9/2002.

6.4.1. Diagnostic Corrections to I-S-O Data 

The first important step in model evaluation is to detect and resolve major 

inconsistencies in the initial model setup. If inconsistencies in the Input-State-Output data 

sets (Precipitation, PET, Streamflow, and Initial state values) are not removed, they will 

undermine subsequent efforts towards model identification. Certain kinds of diagnostic 

plots and computations can support this task, as discussed below.

The distributed HL-DHMS model requires specification of initial values of water 

content for the five storage capacities (2 for the upper zone and 3 for the lower zone) at 

every grid within the study area.  As an initial guess, these initial values were set to be 

fractions of the respective water holding capacities, approximately reflecting typical dry 
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conditions at the end of September (UZTWC = 0.1; UZFWC = 0.14; LZTWC = 0.1; 

LZFSC = 0.11; LZFPC = 0.1; see Chapter Two, Table 2.1 for model state descriptions).  

In the absence of information about the spatial distribution of moisture content, it was 

assumed that these fractions were uniformly applicable across all the grids.  

In general, it might be expected that the effects of errors in the specification of 

initial soil moisture conditions in the model would become minimal over some 

reasonable length of “spin-up” time, particularly if the climate of the watershed goes 

through an extreme period (dry or wet); i.e., the sensitivity of the simulation results to 

initial soil moisture specification (amount and distribution) would be small.  To evaluate 

the reasonableness of this assumption, we investigated the time evolution of water 

balance of the model represented by the integral form of the continuity equation: 

T

t
t

T

t
t

T

t
tot dtETdtQdtPXXX

000

    (6.1) 

where Xt represents the total water stored within all the storages of the model (the overall 

model “state”), Pt and ETt represent total areal precipitation and evapotranspiration over 

the watershed, and Qt represents watershed outlet streamflow, all at time t. Note that 

Equation 6.1 assumes that all of the groundwater flow contributes to streamflow 

discharge at the outlet (i.e. there is no loss to deep percolation).  One would expect that in 

the long term, under stationary climate conditions, the quantity X would vary seasonally 

around a steady state value of zero, becoming negative during hot dry months and 

positive during the cooler wetter months. Figure 6.2 (dashed line) shows the time 

evolution of Xsim,  obtained by substituting Qsim and ETsim (computed using the baseline  
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Figure 6.2. Monthly time evolution of the overall model state. (Each vertical stripe 
represent a water year) 

model) as well as Pobs (observed precipitation) into Equation 6.1.  Notice that during the 

first month (Oct 1996) the model absorbs a rather large amount of water ( Xsim jumps 

from 0 to ~85 mm).  Thereafter, Xsim varies in a periodic seasonal manner around the 

mean value of +108 mm.  Further, a comparison of streamflow for the first month (Oct 

1996, figure  not  shown)  shows  that  the  model  is  strongly  underestimating  observed 

streamflow by as much as 47%.  These results suggest that model has been initialized to 

state values that are too dry for the specific hydroclimatology of the Blue River Basin. 

Correct initialization should result in Xsim varying around a mean close to zero, with 

little or no bias in monthly estimation of streamflow during the early portion of the study 

period.

 The next step was, therefore to develop better initial estimates for the model state 

variables (storages).  To do this, the input-output data were carefully examined to find a 

time period having rainfall and flow conditions similar to initial time period (end of 
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September 1996).  The date October 10, 2001 (the beginning of the sixth water year) was 

selected and the average fractional water contents for the five model storages at that time 

for the baseline model run were computed (UZTWC = 0.81; UZFWC = 0.006; LZTWC = 

0.55; LZFSC = 0.10; LZFPC = 0.47). Then, the model initial soil moisture contents were 

set to these values, again assuming these fractions to be uniformly applicable across all 

the grids (Note: In principle, it was possible to use the results from the baseline model 

simulation to redistribute the water in a spatial manner across the basin, but we did not do 

so for simplicity of implementation). Figure 6.2 (solid line) shows the recomputed time 

evolution of Xsim, seen now to vary seasonally around a mean value close to zero. 

Further, the model flow bias for the first month has been reduced from 47% to a more 

acceptable 3% (not shown). 

 After specifying reasonable estimates for the initial model states, the next step 

was to examine the data for significant errors that may affect other aspects of the baseline 

model performance – ones not previously detected in the pre-modeling evaluation of the 

data. Note that evapotranspiration, a major water balance component in most catchment 

studies, cannot be measured directly and is therefore frequently a principal source of error 

in hydrologic prediction (Morton, 1983; Vorosmarty et al., 1998; Vazquez and Feyen 

2003). Although evapotranspiration may affect the water balance (and shape of the 

hydrograph) at various timescales - e.g. evapotranspiration determines the antecedent 

moisture conditions prior to rainfall, and therefore has a feedback mechanism with 

infiltration at short time scales - its major role is to control the long-term water balance. 

Therefore the long-term behavior of the baseline model was assessed by examining the 
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annual plots (Figure 6.3) and cumulative monthly plots (Figure 6.4) of the major 

components of the water balance (precipitation, flow and evapotranspiration). Figures 

6.3a and 6.4a show that the baseline model simulation (QSIM) consistently overestimates 

the flows when compared to observed flows (QOBS); total simulated flow bias at the end 

of the 6 year period is 48% (Table 6.2). Note that this tendency to overestimation is 

particularly significant for years 1999 and 2000, which are characterized by very low 

observed flows. Figure 6.3a also shows that the NWS-PET data set follows a prescribed 

monthly pattern that remains constant over the years.  Given the actual pattern of inter-

annual climatological variation indicated by variation in annual “wetness” this 

assumption of repeating NWS-PET sequence seemed unreasonable, and was deemed a 

likely major reason for some of the simulated positive bias in runoff. 

Therefore alternative PE data sets were examined. The North American Regional 

Re-analysis (NARR) provides one such data set, designed to be internally self-consistent 

from a hydro-climatological standpoint (Mesinger et al., 2006). Figures 6.3b and 6.5 

show that the NARR estimates of PE (NARR-PE) are consistently and significantly 

larger than the NWS estimates (NWS-PE); on average NARR-PE is 1.2 to 1.7 times 

larger than NWS-PE during the winter and summer periods respectively. Figure 6.3b 

shows that NARR-PET follows a more realistic pattern of annual variation, with the 

highest value during the driest year (1999) and lowest value during the wettest year 

(2000).  Therefore the baseline model was re-run using PET estimates computed from the 

NARR data set  as follows. The  NARR  mean   monthly  surface   potential   evaporation  
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Figure 6.3. Annual variation of major water balance components  a) using NWS-PET, b) 
using NARR-PET (Abbreviations; POBS: observed precipitation; QOBS: Observed flow; 
QSIM: Simulated flow;  ETSIM: Simulated evapotranspiration) 

(a)

(b)
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Figure 6.4. Accumulated values of major water balance components at monthly time 
scale, a) baseline model run using NWS PET, b) baseline model run using NARR PET. 
(Abbreviations; POBS: observed precipitation; QOBS: Observed flow; QSIM: Simulated 
flow; ETSIM: Simulated evapotranspiration; RES: QSIM-QOBS; Shaded area 
corresponds to dry years.)

(a)

(b)
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Table 6.2. Summary Statistics. (%  indicates the percent change from the observed 
value)

Figure 6.5. Comparison of monthly average values of NARR-PE and NWS-PE estimates 
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estimates, provided at 32kmX32km grid scale, were averaged over the study basin to 

obtain estimates of mean areal monthly surface potential evaporation. The monthly ratios 

of NARR to NWS mean areal monthly potential evaporation estimates were applied as 

multipliers to the distributed NWS-PE grids to bring them in line with the climatic 

variability described by NARR dataset. The latter were then converted to potential 

evapotranspiration estimates (hereafter NARR-PET) by the same methodology used to 

estimate NWS-PET (see Section 6.3.1). Figures 6.3b and 6.4b show that the simulated 

flows at the annual time scale and cumulative monthly flows (QSIM) now more closely 

follow the observations. The summary statistics listed in Table 6.2 reveals that inclusion 

of NARR-PET estimates significantly reduced the overall bias (reduced from %40 to 

%19) as well as bias in different flow intervals. However, significant bias still remains in 

the baseline model simulated flows.  

6.4.2. Corrections to the A priori Parameterization 

After major problems in initial state specification and input data have been 

resolved, the next step in the preliminary evaluation involves an attempt to detect and 

resolve any major sources of error in the a priori specification of model parameters. One 

major assumption that may detract from the full potential of the Koren et al. (2000) 

parameterization is its inadequate use of landcover information; their approach assumes 

the use of a uniform pasture and rangeland type of landcover class for the entire U.S. This 

can potentially have a strong impact on the model performance because the specification 

of landcover affects the sizes of the surface soil storage capacities through the curve 

number (CN) methodology (see Chapter Three, Section 3.3).
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Therefore an analysis was performed to test the impact of including landcover 

type variability on the Koren parameterization and corresponding model simulations for 

the Blue River basin.  For this, the North American Landcover Dataset (30mX30m grids) 

was overlain with the 1kmX1km gridded Hydrologic Soil Group dataset (Miller and 

White, 1999) (Figure 6.6) and the percent area of each landcover type within a soil grid 

was used to estimate a composite initial abstraction (based on curve number 

methodology) for that soil grid: 
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where IABSij is the composite initial abstraction calculated for the soil texture grid 

having coordinates (i,j). S={A,B,C,D} represents the soil texture classes and L={1,2…21}

represents the landcover types. The composite initial abstraction estimates were then 

incorporated into the Koren procedure to recalculate estimates of the model parameters. 

Figure 6.6. Map overlay showing grids of HL-DHMS model, soil dataset and landcover 
dataset. 
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Figure 6.7 shows the change in a priori parameter values for each model grid in 

the BLUO2 basin when landcover variation is incorporated. Note that the upper layer 

capacity parameter estimates (UZFWM, UZTWM) have increased by 20-40% and due to 

assumption of fixed soil depth (maximum 2.5m in STATSGO dataset) the lower zone 

capacity estimates (LZTWM, LZFSM, LZFPM) have decreased by corresponding 

amounts. Similar changes are also apparent in the lower zone primary recession 

parameter (LZPK), because the Koren derivation for this parameter depends on thickness 

of the lower zone; additionally the parameter ZPERC that controls surface-to-lower zone 

percolation has increased by up to 20% (mainly in the northern part of the basin) due to 

its Koren equation dependence on the lower   zone  capacity  and  rate  parameter  values. 

Figure 6.7. Changes to a priori parameter estimates after incorporating NLCD landcover 
dataset. 
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However, evaluation of the HL-DHMS model performance using this landcover 

type dependent parameter estimates showed only minor improvements to the simulated 

basin-outlet discharge hydrograph, although low and medium flow simulation was 

slightly improved (see Figure 6.8 and Table 6.2, last column).  While it is clear that the 

spatial distribution of simulated model fluxes has been affected by the incorporation of 

landcover class data, the overall effect on HL-DHMS basin outlet performance is not 

strong (possibly due to aggregation effects). While eventual goal of the diagnostic 

evaluation strategy is improvement of the distributed model performance, the immediate 

goal of this study is to examine what can be gained through a study of basin-outlet 

performance; therefore the issue of diagnosing spatial performance errors were left for a 

subsequent investigation. 

In summary, the inclusion of landcover variability in the Koren parameterization 

resulted in significant changes in the values of the a priori estimates of model parameters, 

but these parameter changes did not translate into significant changes in the model 

simulations, as evaluated using flow duration curves and summary statistics.  Therefore 

in all subsequent model runs, in the spirit of parsimonious model representation, the 

original Koren a priori parameter estimates (without inclusion of spatial landcover 

information) were maintained.   
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Figure 6.8. Flow duration curves showing the distribution of flows before and after 
including landcover dataset. 

6.5. DIAGNOSTIC EVALUATION OF BASELINE MODEL PERFORMANCE 

6.5.1 The basis for a diagnostic approach 

For a model evaluation strategy to have diagnostic power, it must be capable of 

highlighting inadequacies in model performance, while also pointing (in a meaningful 

way) towards related inadequacies in specific aspects of the model structure (model 

components) and/or parameterization. As discussed by Gupta et al. (1998) and Wagener 

and Gupta (2005), among others, automated model evaluation strategies that rely on the 
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use of a single regression-based aggregate measure of performance are in general, weak 

at the task of simultaneously discriminating between the varied influences of multiple 

model components or parameters on the model output. A major reason for this is the loss 

(or masking) of valuable information inherent in the process of projecting from the high 

dimension of the data set ( Data) down to the single dimension of the residual-based 

summary statistic ( 1), leading to an ill-posed (because higher-dimensional) parameter 

estimation problem ( Parameter < Data) (Gupta et al, 2007). For example, widely used 

regression-based statistics such as RMSE (or the corresponding normalized Nash 

Sutcliffe Efficiency measure) often show poor sensitivity to characteristics of the flow 

recession. Therefore a diagnostic evaluation strategy must necessarily make use of 

multiple, carefully selected, measures of model performance, thereby more closely 

matching the number of unknowns (the parameters) with the number of pieces of 

information (the measures), resulting in a better-posed identification problem.   

It is worth noting here, that the process of interactive manual-expert evaluation 

and calibration of a model (see Chapter Three), following a process-guided set of rules, 

actually follows a powerful (albeit somewhat subjective) multi-criteria approach by using 

a variety of graphical and numerical tools that highlight different aspects of model 

response (Boyle et al. 2000, Smith et al., 2003, Bingeman et al., 2006).  These multi-

variate assessments of model performance are then subjectively related to possible model 

related causes (model components, parameters, initial states, and data) by reference to an 

accumulated body of knowledge (describing physical processes inherent to catchment 

behavior and conceptual processes inherent to model behavior) – knowledge accumulated 
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via a combination of rational (theory-based) deduction and practical experience.  For 

example Hydrologic Research Center (1999) video series outline current NWS manual 

evaluation/calibration procedures used to estimate conceptually consistent values for the 

SAC-SMA model parameters. These manual evaluation procedures involve analysis of 

historical streamflow records to isolate those portions of streamflow record that could be 

postulated by a single or a group of parameters. The goal of this study is to learn from 

and incorporate this hard-won knowledge into a form of artificial intelligence, involving 

quantitative procedures that are sensitized to the range of important model behaviors and 

that can be used to guide the evolution of an automated algorithm.  

This study, therefore, follows in the footsteps of hybrid model evaluation 

strategies that seek to combine the important strengths of manual and automatic model 

evaluation (Brazil, 1988; Harlin, 1991; Zhang and Lindstrom, 1997; Boyle et al, 2000; 

Turcotte et al, 2003). In particular, the main interest is to develop an approach that can 

evaluate the behavior of HL-DHMS model in terms of both “casual” and 

“correlational” diagnostic measures (Gupta et al 2007). “Casual diagnostics” refers to 

measures that clearly relate (in a theoretical manner) the behavior of the model to aspects 

of its structure, while “correlational diagnostics” refers to the inclusion of empirical 

relational evidence obtained for example via sensitivity analysis (as will be demonstrated 

later).  

The core of the evaluation strategy pursued in this study is a hierarchical focus on 

the primary functions of any watershed and therefore its representative water balance 

model. Wagener et al. (2007) defined watershed function as “ the actions of the 
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catchment on the water entering its control volume” and distinguished three basic 

functions of a catchment; partition, storage and release. Similarly, Black (1997) 

suggested three hydrological (collection, storage and discharge) as well as two ecological 

functions (chemical and habitat) of a watershed as the basis for wetlands restoration. In 

this study we identified four primary functions of a watershed  system (Figure 6.9) with a 

time-hierarchical focus, (1) to maintain overall water balance, (2) to vertically partition

excess rainfall between fast and slow runoff components, (3) to (re)distribute the runoff 

in time (influencing hydrograph timing and shape), and (4) to (re)distribute the moisture 

in space. Note that the issue of evaluating the correctness of a models ability to represent 

the spatial distribution of processes, states and fluxes (as opposed to its overall aggregate 

behavior) will not be the immediate focus of this work; instead, the assumption will be 

made  that  the  conceptual  model  structure  and the a priori estimates  of  the parameters 

Figure 6.9. Primary Functions of a Watershed Model 
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reflect spatial heterogeneity within the study basin in a realistic way. The sense of 

hierarchy, to be embedded in the strategy for model evaluation, is therefore to proceed 

from longer to shorter time scale behavior (e.g., from annual to hourly) and from 

aggregate (lumped) to progressively more distributed spatial behavior. 

Having set a focus on the primary system functions to be properly represented in a 

watershed model, the critical task is to design “diagnostic” measures that are definable 

using available observations on input-output data, and capable of both a) extracting 

useful information pertaining to system functioning, and b) discriminating between the 

varied influences of multiple model components or parameters. In general, it is also an 

important to understand what, if any, limits to observability of system functioning exist 

that may interfere with this goal. 

The question then becomes one of “in what manner is information related to 

system functioning and having discriminatory power represented in the input-output 

data”?  Clearly this question can only be pursued in the context of the hydrological theory 

that underlies the model to be evaluated (Gupta et al., 2007).  A natural way to look for 

relevant hydrological information in the data is to focus on spatio-temporal patterns that 

can be related to various aspects of the underlying hydrological theory (Grayson and 

Bloschl, 2000).  Therefore, the basis for developing a diagnostic approach to model 

evaluation lies in the detection of characteristic or “signature patterns” in the input-output 

data, and their subsequent quantitative representation in the form of “signature measures” 

that summarize the relevant and useful diagnostic information present in the data.  If 

properly rooted in hydrologic context, such signature measures should facilitate the 
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detection of model failures, point towards possible causes, and guide plausible 

improvement strategies.  

Towards this goal, the procedure followed in this study is to (1) detect and extract 

diagnostic signature indices of watershed behavior from observed precipitation-runoff 

data, focusing here on overall watershed behavior as summarized at the basin outlet, (2) 

test the ability of the HL-DHMS model to reproduce these signature behaviors, (3) detect 

and group together model components/parameters demonstrably related to each signature 

behavior (and therefore related system/model function), and (4) resolve signature match 

failures via modifications to the associated model component/parameter group.  

In implementing this procedure, one can, and should, exploit the well-known fact 

that the processes related to different watershed/model functions exhibit dominance at a 

hierarchy of time scales (Klemes, 1983) and at different periods of time (Wagener et al. 

2003, Choi and Beven, 2007), so as to improve system observability.  In principle, 

therefore, model components/parameters that dominate the control of overall water 

balance can be evaluated using measures related to characteristic watershed behavior at 

longer time scales (study period, annual), while measures related to characteristic 

behaviors at shorter timescales can be used to evaluate model components/parameters 

related to vertical redistribution of water (daily; e.g., partitioning among slow and fast 

runoff processes) and flow timing (hourly). 

6.5.2. Water balance as a Diagnostic Indicator  

In seeking to implement a diagnostic approach for evaluation and correction of 

the HL-DHMS model, it was necessary and useful to engage in an interactive process 
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involving a back-and-forth exploration of the underlying hydrologic theory and results 

obtained by experimental manipulation of the data. First, based on existing understanding 

of primary watershed system functions, several graphical displays and numerical 

measures that seemed to be appropriate summary descriptors of the signature behaviors 

were constructed.  Then the validity and usefulness (in a diagnostic sense) of those 

displays and measures were tested by conducting a one-parameter-at-a-time perturbation 

analysis (see details of the method in Appendix A) to examine the causal effect that 

changing each parameter has on each of the diagnostic signatures.  

 In keeping with the hierarchical strategy, the first goal was to select a signature 

measure useful for diagnosing the causes of violations in the overall water balance 

function of the system. From the continuity equation (see Equation 6.1), and accepting 

the assumption in HL-DHMS (as implemented for the Blue River basin) that all 

infiltrated water contributes to streamflow at the outlet, it is then a requirement to 

maintain a strict balance between the inputs (precipitation), storage (soil moisture), and 

outputs (evapotranspiration and runoff). A number of different graphical (i.e. Budyko 

curve, [Budyko, 1974]) and quantitative (i.e. runoff ratio) measures are in common usage 

for characterizing the long-term input-output behavior for any watershed; for example, 

the runoff ratio summarizes the average efficiency with which a watershed converts 

precipitation into runoff. Those measures that focus on water-balance over the long term 

(study period, annual) will be primarily sensitive to the climatic variability of 

evapotranspiration (as discussed in section 6.4.1) while showing only secondary (or no) 

sensitivity to processes operating at the shorter time scales. Diagnostic water balance 
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signature measures selected for this study include both total-period percent bias (%TBias) 

and the maximum percent cumulative bias (%CBias) in the simulation of streamflow. 

The latter is more powerful in that it is sensitive to water balance inconsistencies 

throughout (during all periods of) the simulation rather than only at the end of the period. 

Therefore it is expected that these water balance signatures will show primary sensitivity 

to the model parameters that strongly control the computation of evapotranspiration.

Figure 6.10a shows the variation in %TBias associated with perturbations of the 

HL-DHMS model parameters; the dashed line represents the simulation using baseline 

parameter values, the triangle and square markers represent the simulation using 

decreased and increased parameter values respectively. Notice that the baseline run has a 

positive (+19%) total flow bias. The plot clearly shows that the water balance is most 

strongly affected by parameters UZTWM, LZTWM and PFREE. This makes sense, 

because parameters UZTWM and LZTWM control the amount of soil water capacity 

devoted to “tension” storage (and hence the ET opportunity). Meanwhile, PFREE 

controls the fraction of percolated water allocated between lower zone free and tension 

storages. From this figure it can be seen that increasing either or both UZTWM and 

LZTWM will help to reduce the error in volume balance, by increasing the amount of 

water immediately available for evapotranspiration, while increasing PFREE will 

increase the volume balance error by having the opposite effect.  The plot also shows that 

parameters REXP, ZPERC, LZFSM, and LZSK (which control lower zone processes via 

percolation  and  baseflow) also  have some  effect  (albeit  smaller) on  the  overall water  
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balance through indirect effects on the overall opportunity for ET loss from the lower 

zone. While such interacting (secondary) effects are unavoidable due to conceptual 

design of the model (e.g., see Gupta and Sorooshian, 1983), an important goal in measure 

selection is to minimize them as much as possible. Figure 6.10b shows that %CBias 

displays a response similar to that of %TBias, however there exists a difference in the 

magnitudes (strength of sensitivity). This is because %CBias measures the maximum 

cumulative bias (%39; for the baseline simulation), which happens at the end of the driest 

period (year 2000). In the subsequent wetter years, the cumulative bias actually starts to 

decrease and finally reaches the value indicated by %TBias (%19) at the end of the study 

time period.  Analyses performed in other basins, has also shown that %CBias is a strong 

indicator of water balance.

6.5.3. Flow Duration Curve as a Diagnostic Indicator

The next goal was to select a signature measure sensitive to the vertical 

redistribution of excess precipitation within the soil profile via percolation.  The effects 

of this vertical redistribution show up in the streamflow hydrograph as fast and slow 

runoff processes via impervious area runoff, surface runoff, interflow, and primary and 

secondary baseflow. An important hydrological signature commonly used as an indicator 

of watershed functioning (and therefore classification) is the so-called flow duration 

curve (FDC; e.g., Vogel and Fennessey, 1994; Smathkin, 2001), perhaps more accurately 

referred to as the flow exceedance probability curve. Note, for the purpose of this study, 

that the FDC summarizes a catchment’s ability to produce flow values of different 

magnitudes, and is therefore strongly sensitive to the vertical redistribution of soil 
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moisture within a basin, while being relatively insensitive to the timing of hydrologic 

events. Figure 6.11 shows the log-transformed daily FDC for the Blue River Basin for the 

entire study period. One way to characterize the information in an FDC is to examine the 

properties of three segments; 1) the high-flow segment, related to rapid watershed 

response to large precipitation events, 2) the low-flow segment, related to sustainability 

of flow and controlled by the interaction of long-term baseflow and riparian ET loss 

during long dry periods and, 3) the mid-segment, although contains flows from moderate 

events, strongly related to the medium-term primary and secondary base flow relaxation 

response of the watershed.

Figure 6.11. Flow duration curve as a diagnostic signature pattern 
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Focusing on the mid segment, note that a characteristic signature of watersheds 

having “flashy” behavior (due to small soil storage capacity and hence larger percentage 

of overland flow) is steep mid-segment slope of the FDC, while watersheds having 

slower groundwater-sustained flow response are characterized by a flatter mid-segment 

slope. Therefore, the mid-segment slope of the FDC is an important signature measure 

that should be related to vertical redistribution of soil moisture. Further (empirical) 

analysis has indicated that the volume of water allocated to the high flow segment also 

supplements the characterization of the vertical redistribution of soil moisture. Similarly, 

the volume of water contained within the low-flow segment can be used as a signature 

measure of riparian functioning during extended dry periods.

In this study, the percent bias in the FDC mid-segment slope (%FMidSlope) and 

percent bias in FDC high segment volume (%HBias) were selected as signature measures 

indicative of the vertical redistribution of soil moisture, whereas the percent bias in FDC 

low-segment volume (%FLowVol) was selected as a signature measure for riparian ET 

loss.

In defining the FDC signature indices, it is necessary to select values for the upper 

and lower exceedance probabilities. Unavoidably there is some subjectivity involved in 

this process and the proper approach is not yet well understood. While the mid-segment 

slope could perhaps be accurately computed by fitting a polynomial to the FDC data and 

evaluating its slope at the 50% point, in this study a subjective judgment was used in 

partitioning the FDC at the 20% and 70% flow exceedance probability points.  
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The variation of %HBias shown in Figure 6.10c reveals that the baseline run 

underestimates the high flows (-14%) observed within the Blue River Basin. Parameters 

REXP and LZFSM are seen to exert strong control on the high flows, followed by the 

secondary effects of parameters LZTWM, LZFPM, LZSK, ZPERC. All of these 

parameters influence in one way or another the amount of percolation to the lower zone; 

the lower the parameter values (shown as triangle markers on the figure) the higher the 

opportunity for high flows.

Figure 6.10d shows the variation in %FMidSlope associated with perturbations of 

the HL-DHMS model parameters. Notice that the baseline run has a negative (-9%) bias 

in FDC mid-section slope.  The plot clearly shows that the FDC slope is most strongly 

affected by parameter LZFPM, and to a lesser extent by parameters REXP, UZFWM, 

ZPERC and PFREE.  This makes sense, because these parameters influence vertical 

redistribution via the processes of percolation and medium-term baseflow recession. 

From the figure it can be seen, for example, that reducing LZFPM will help to reduce the 

error in FDC slope, by reducing the amount of percolation demand. 

Figure 6.10e shows the variation in %FLowVol associated with perturbations of 

the HL-DHMS model parameters. Notice that the baseline run has a positive (+70%) bias 

in FDC low-section volume.  The plot clearly shows that the FDC low section volume is 

most strongly affected by parameters RIVA and LZPK; the parameter RIVA relates to 

the fraction of watershed containing riparian vegetation, while LZPK is the low (primary) 

baseflow recession constant. From the figure we can see, for example, that increasing 
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RIVA will help to reduce the error in FDC low section volume by increasing the ET 

demand from riparian vegetation. 

It is worth mentioning, in passing, that the FDC can also provide information 

related to other functions of a system. For example, while changes in FDC slope 

(rotation) are indicative of the redistribution of moisture within the soil profile, vertical 

shifts in the FDC indicate changes in volume balance (Figure 6.11) – in principle the flow 

magnitude at the 50% exceedance probability could also have been used as a surrogate 

signature measure of water balance.  

6.5.4 Diagnostic Indicators of Timing 

After constraining the SAC-SMA model parameters to regions that give 

reasonable simulations of both the water balance and vertical redistribution of soil 

moisture, an attempt can be made to reproduce the timing of flows at finer timescales. 

Flow timing is, of course, related to shape of the event hydrograph (e.g., start time, time 

to peak, end time, distribution of flows during rising and falling limbs, etc.) while being 

less dependent on the total amount of water stored in the soil moisture compartments (i.e. 

vertical distribution of moisture within the soil). Measures that have commonly been used 

to evaluate the hydrograph timing in an automated parameter search algorithm include 

the correlation coefficient between observed and simulated flows within overall time 

period (Fenicia et al., 2007) and bias in matching the time-to-peak-flow for a set of flow 

events (Yang et al., 2004). In this study, two different diagnostic indicators of flow 

timing were formulated. The first timing indicator is based on the analysis of a number of 

(subjectively) selected flow events that are considered to be representative for the basin. 
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The second timing indicator makes use of (spatially lumped) flow and precipitation 

sequences within overall study time period and hence can be easily implemented for 

diagnostic evaluation of hydrologic models.

6.5.4.1. Event-based indicator of Flow Timing 

From a diagnostic point of view, the characteristic shape of a flow event during 

periods driven by rainfall can be quite different from the characteristic shape of that event 

during the post-storm recession period (when rainfall is zero).  Each of these periods is 

characterized by different watershed behaviors and therefore contains information related 

to the functioning of different components of the hydrologic model. In particular, the 

driven portion of the hydrograph is strongly determined by the intensity and spatio-

temporal pattern of the rainfall event, as well as the antecedent moisture conditions of the 

watershed.  However, the non-driven portion of the hydrograph is related to relaxation 

response of the watershed, determined by the surface and subsurface drainage 

characteristics of the landscape (controlled by permeability, slope and channel network 

properties).

In this study, the hydrograph was partitioned into two segments, namely the rising 

limb (which approximately represents the driven portion of a flow event) and the falling 

limb (which approximately represents the non-driven portion of a flow event). Note that a 

more accurate characterization of driven and non-driven periods can be achieved via 

sophisticated hydrograph separation techniques (e.g. McNamara et al., 1998). Based on 

this driven/non-driven characterization, a measure describing the shape characteristics of 

the hydrograph in the rising and falling limbs ought to reveal important information 
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related to the timing of flows. The time coordinates of the “center of flow mass”

(centroid) of the rising and falling limbs are such shape measures and they were therefore 

selected as diagnostic measures of flow timing for this study (Figure 6.12). For example, 

Wright et al (1990) used a centroid-based measure for a number of selected events to 

analyze the effect of logging on the streamflow lag time.  

The rising- and falling-limb centroid time coordinates QCRise and QCFall can be 

computed as follows:  
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where Q(t) is the streamflow discharge (mm/hr) at time t; t0 is the event start time, tp is 

event peak time and tend is  the event end time.  

The following simple criteria were used to select the flow events for the timing analysis: 

1) Events having only one peak and having distinct start and end times, and 2) Events 

having little or no precipitation during the falling limb period.  In each case, the start time 

is defined as the time step marked by the onset of observed flow rise following a rainfall 

event. The end time is defined as the time step at which the observed flow returned to its 

pre-rainfall event level.  Based on application of these criteria to the hourly observed 

streamflow hydrograph, 11 storm events were selected for the analysis.
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Figure 6.12. Event-based indicator of flow timing – Time location of flow centroid. 

To analyze the sensitivity of the rising/falling limb centroids to individual 

parameters, two diagnostic measures were computed: 
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where M( ) represents the HL-DHMS model parameterized with parameter set, ;

QCRise(M( )) and QCRise(O)  are the centroid time coordinates of simulated and observed 

rising limb flows respectively. QCFall(M( )) and QCFall(O) represents the same variables 

but for the falling limb of the selected flow events. If the perturbations to a specific 

parameter results in variation in %RisCent and/or %FalCent it can be said that the flow 

timing (hydrograph shape) is sensitive to that specific parameter.

Figure 6.13 shows the variation in %RisCent associated with perturbations of the 

HL-DHMS model parameters. The circle markers indicate the values of %RisCent when 

parameter set  given in Equation 6.5 is set to its baseline value.  The red line indicates 

the extent of variation of %RisCent when each baseline parameter was perturbed one-at-

a-time. Notice that the baseline run (circle markers) has %RisCent varying between 

positive %80 and negative %40, indicating a significant timing problem within the model 

simulation. The plot clearly shows that rising limb centroid timing is most strongly 

affected by ROUTQ and UZFWM (the parameter ROUTQ0 is related to the kinematic 

wave routing component of the model, while UZFWM is the capacity of the upper zone 

and controls the generation of surface runoff). Note also that the parameter UZTWM 

controls the rising limb centroid only for events 2, 6 and 9. These events are the summer 

events when flow timing is affected by evapotranspiration loss from the model. We see 

that the rising limb centroid is mostly insensitive to other parameters of the HL-DHMS 

model. Figure 6.14 shows the variation of %FalCent associated with perturbations of the 

HL-DHMS model parameters. It can be seen that the falling limb centroid is affected 

mostly by the parameters controlling the slow response (LZFSM,  LZSK,  PFREE, UZK)  
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and percolation (REXP). The parameter UZFWM, having indirect control on the 

percolation, also has a significant affect on the timing of falling limb centroid. An 

important feature in Figure 6.14 is that, almost all the events resulted in positive 

%FalCent value. This result demonstrates that the HL-DHMS model simulations tested 

here resulted in delayed flows on the falling limb when compared to observed flows 

(compare falling limb of the observed and simulated hydrographs in Figure 6.12).  

In the light of above analysis we conclude that the time location of the flow event 

centroid is a powerful indicator of hydrograph shape and hence flow timing. The 

%RisCent measure could be used within an automated search algorithm to match the 

timing of the simulated peak flow to that of observed. However the requirement that, the 

individual flow events be isolated from the hydrograph brings a level of subjectivity into 

the event-based flow timing analysis.  

6.5.4.2. Timing indicator based on entire study period 

The notion of “diagnostic measures” favors the design of simple measures that 

can easily be obtained from commonly available datasets (i.e. streamflow at the outlet 

and precipitation time series) and at the same time that are indicative of intrinsic 

characteristics of a watershed. Along this line it becomes reasonable to consider the 

timing of the dominant driving force, the precipitation, in an analysis related to the timing 

of flow within the watershed.

From a systems analysis perspective, the watershed can be viewed as a system of 

non-linear transformations, each having characteristics of magnitude dampening and 

translation (lag) in time that act upon the precipitation driver to generate the streamflow 
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at the outlet. The first characteristic represents the generation of (smoothed) flow peaks 

from noisy rainfall while the latter represents the time it takes for the flow peaks to reach 

the watershed outlet (Morin et al., 2002). For example Morin et al., (2001), inspired by 

this view of watershed function, proposed a measure called “Watershed Response Time 

Scale” which is defined as the timescale for which the pattern of the time-averaged 

rainfall is most similar to the pattern of the measured outlet hydrograph.  

The goal of this section is to formulate a measure that is characteristically 

representative of the lag time of the watershed (defined as the time elapsed between the 

center of mass of effective rainfall and center of mass of the direct runoff). Due to 

difficulty (and subjectivity) of determining effective rainfall and direct runoff for 

individual events, a simple approach was developed for this study (for a complete 

discussion of the watershed lag time and various alternatives to its computation see 

Simas, 2001). A simple way to characterize the lag time between rainfall and its 

associated flow event is to shift the rainfall sequence forward in time by some optimum 

lag that maximizes the correlation between the streamflow time series and the shifted 

rainfall time series. The use of a correlation coefficient however, is related to the 

incorrect assumption of the watershed system being a strongly linear operator. However 

the simplicity of the procedure and its resemblance to the concept of a watershed “lag 

time” makes it attractive as a diagnostic measure. The procedure can be further extended 

to include only high flows above a threshold flow level. Such a focus on high flows has 

two main advantages: (1) it is likely that the non-linearity in the rainfall runoff 



203

transformation decreases with increasing storm intensity (Caroni et al., 1986); and (2) 

high flows are more representative of the direct runoff.  

The above procedure was utilized as follows: (1) hourly estimates of mean areal 

rainfall and observed streamflow at the outlet (both in units of mm/hour) were prepared 

for the study time period (6 years), (2) flow threshold levels were selected to isolate high 

flows (using flow exceedance probability levels of 5%, 7.5%, 10%, 12.5%, 15%,  17.5%  

and 20%), (3) the precipitation sequence was shifted forward in time for the lag values of 

0 (no lag) to 30 hours and the correlation coefficient between shifted precipitation 

sequence and flows above each threshold level was calculated (the time steps with zero 

rainfall was excluded from the analysis), (4) for each flow threshold level, the time lag 

yielding the maximum correlation coefficient value was selected as the optimum lag time 

for that flow threshold level.     

The optimum lag times for each flow level calculated from hourly observed and 

baseline model simulated flows spanning all the study time period (6 years) are shown in 

Figure 6.15.  It can be seen that the lag times for the observed flow levels vary between 

18 hours and 24 hours while the lag times for the baseline simulated flow levels vary 

between 15 hours and 17 hours. The higher variability in the observed flow lag times is 

expected because the real watershed system is much more complex than the HL-DHMS 

model. The dependence of the lag times on the time period used was also explored. 

Figure 6.16 shows the lag times for observed and baseline model simulated flows during 

the last two years of the study period (whereas Figure 6.15 represents six years). 

Comparison  of  Figure  6.16 with Figure 6.15 shows that  that  lag  times of the observed  
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Figure 6.15. The optimum lag times for each flow level calculated from hourly observed 
and baseline model simulated flows spanning all the study time period (6 years). 

Figure 6.16. The optimum lag times for each flow level calculated from hourly observed 
and baseline model simulated flows spanning last two years of the study time period. 
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 flows show some variation with time period; however the majority of the observed lag 

times are between 18-24 hours. The lag times for the baseline model simulated flows 

show  less  dependence  on  the  analysis  time  period   and  varies  within a narrow range 

between 14-17 hours indicating that the model more quickly responds to the rainfall 

events then the real watershed system.  

The lag times computed in this manner can be used to identify the HL-DHMS 

model parameters that exert control on the timing of the simulated flows. For example 

Figure 6.17 shows the simulated flow lag times when the parameters PFREE and 

ROUTQ0 were perturbed via the one-at-a-time sensitivity analysis. Visual examination 

of the lag times reveals that the perturbations to parameter ROUTQ0 (red solid lines with 

triangle marker symbols) have a strong effect on the lag time of flows.  A decrease in 

ROUTQ0 values resulted in lag time values of 19-20 hours, and an increase in ROUTQ0 

values resulted in lag time values of 14-16 hours. However, perturbations to the 

parameter PFREE (green dashed lines with square marker symbols) did not have a strong 

effect on the lag times (compare with the baseline simulation shown with blue solid line). 

This analysis was performed for the rest of the parameters used in the one-at-a-time 

sensitivity analysis. The results indicated that the time lag of the HL-DHMS simulated 

flows are strongly controlled by the parameters ROUTQ0 and UZFWM, supporting the 

results obtained from the event-based timing indicator (Section 6.5.4.1).  

Therefore the lag time between the rainfall and runoff events, calculated as 

described above, could be used as a diagnostic indicator of flow timing: 
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Figure 6.17. The optimum lag times for each flow level calculated from hourly observed 
and model simulated flows spanning six years of the study time period. Square and 
triangle markers represent optimum lag times when parameters PFREE and ROUTQ0 
were perturbed following the one-at-a-time sensitivity analysis. 

100*
)(

)())((%
OLagTime

OLagTimeMLagTimeTimeLag     (6.7) 

where M( ) represents the HL-DHMS model parameterized with parameter set, .

LagTime(M( )) and LagTime(O)  are the lag times (for a specific flow threshold) 

calculated for simulated and observed flows respectively.  

The advantage of %TimeLag over the flow centroid-based measures (%RisCent 

and %FalCent) is that, it can be computed from the entire rainfall and streamflow time 
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series and hence does not require subjective isolation of flow events from the hydrograph 

and hyetograph.

6.6. CASE STUDY 1: ADJUSTMENT TO PARAMETERS USING MANUAL 

APPROACH

In Section 6.5 various signature measures summarizing the basic functions of a 

watershed were described and HL-DHMS model parameters that have primary (and 

secondary) effect on each signature measure were identified using one-at-a-time-

sensitivity analysis.  Here, a case study is performed to analyze the degree of signature 

measure improvements that can be achieved via simple manual adjustments to only a few 

model parameters that have primary control on each watershed function (i.e. signature 

measure). The strategy utilizes a hierarchical constraining approach, starting with 

prescribing the parameter values that can be easily estimated from the available 

observations, followed by adjustments to parameters that primarily affect water balance, 

vertical redistribution of available water and finally terminating with those affecting the 

timing of flow events. The purpose of the constrained parameter manipulation is to retain 

the conceptual consistency in the modeling process as going from hierarchically higher 

levels to lower levels.  

 Table 6.3 lists the progression of steps performed in manual parameter adjustment 

strategy. Note that, step 0 corresponds to the baseline model performance. The first step 

in the strategy was to specify the LZPK parameter value that can be easily obtained from 

the available data (Peck, 1976). For this, the observed recession characteristics of the 

hydrograph  were  analyzed  to  estimate  an  average  value  for  the  lower  zone primary  
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recession coefficient parameter LZPK. The estimated LZPK values varied between 

0.00071mm/hr and 0.00135mm/hr. The baseline LZPK parameter grid was adjusted with 

a scalar multiplier of 3.5 to set the mean value of the LZPK parameter grid to the value 

that was estimated from observed hydrograph. The second step of the strategy consisted 

in improving the overall water balance by manual adjustment of the parameter UZTWM 

(the parameter that has primary affect on ET). It can be seen from Table 6.3 that the 

water balance signature measure %TBias was reduced from %19.41 to %-0.25 by 

increasing the parameter UZTWM by a factor of 1.75. The third step in the process was 

to improve %FMidSlope and %HBias signature measures representing the vertical flow 

partitioning function of the watershed. In the procedure, LZFPM was first increased 

(x1.5) to adjust %FMidSlope, and then REXP (x1.4) and UZFWM (x0.5) were adjusted 

to improve %HBias.  This was followed by re-adjustment of LZFPM (x1.7) to improve 

the %FMidSlope. In passing, the deterioration in the water balance match was corrected 

by re-adjusting UZTWM (x1.85). In fifth step, the effect of evapotranspiration from 

riparian vegetation, which is represented by the low segment volume of the FDC 

(%FLowVol), was adjusted by changing the value of the parameter RIVA (=0.0015). In 

the final step, the timing of flows was improved by adjusting the parameter ROUTQO 

(x0.85). Note that, while the parameters have primary control on a specific watershed 

function, they generally (and perhaps unavoidably) have a secondary effect on other 

watershed functions. For example, adjusting ROUTQ0 parameter to improve flow timing 

resulted in a decrease in %HBias performance. Therefore, the manual parameter 

adjustment strategy unavoidably requires that any loss in signature measure at a 
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hierarchically higher level be compensated iteratively until satisfactory performance is 

reached. Step 6 in Table 6.3 presents the final values of the signature measures obtained 

via manual parameter adjustment strategy. Comparison of Step 0 (Baseline model) and 

Step 6 reveals that the manual adjustment strategy resulted in improvements in all 

signature measures except %HBias.  

Figure 6.18 shows the effect of manual parameter adjustment strategy to the flow 

duration curve. Notice that in Figure 6.18a the flow axis is shown in log-scale to reveal 

the characteristics of low flows while in Figure 6.18b the probability axis is shown in log-

scale to reveal the high flow behavior of the model. It can be seen from Figure 6.18a that 

the manual adjustments resulted in improvements in matching of slope and flow 

magnitudes in mid and low segments of the FDC. Specifically, FDC curvature at 0.1 

exceedance probability is better represented. Visual examination of Figure 6.18b, reveals 

that manual adjustment generally reduced the matching of high flows when compared to 

the baseline model.  

Figure 6.19 shows the observed and simulated hourly hydrographs (log-

transformed) for a period of ~3.5 years. It can be seen that manual adjustments improved 

the recession behavior (this makes sense because the LZPK parameter was adjusted to fit 

the observed recessions) and magnitudes of the low flows. However, focusing on the time 

period at around 45000 hours, it can be seen that model with manually adjusted 

parameters is unable to reproduce the low flow events on the recession segment.  This is 

most likely due to an increase in evapotranspiration opportunity (owing to increased 

UZTWM parameter).  
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Figure 6.18. Flow duration curves before (dashed line) and after manual parameter 
adjustments, a) log-transformed flows, b) log-transformed probability. 

(a) (b) 
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Figure 6.19. Comparison of observed and simulated hourly hydrographs (log- 
transformed) for a period of ~3.5 years.  

Figure 6.20 shows a time period characterized by high flows. It can be seen that 

although manual adjustment to parameters did not completely resolve the timing problem 

for the high flows, it has improved the matching of the falling segment of the high flow 

events. This improvement is also evident in FDC given in Figure 6.18a and corresponds 

to the flows at the 0.1 exceedance probability level. In the Blue River Basin, flow events 

are strongly characterized by a very rapid rise and fall behavior (due to its elongated 
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shape and clay dominated soils), and this characteristic presents a major difficulty in 

modeling of Blue River basin flows (Mike Smith, NWS, personal communication).  

Figure 6.20. Comparison of observed and simulated hourly hydrographs for a high-flow 
dominated time period.  
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6.7. CASE STUDY 2: ADJUSTMENT TO PARAMETERS USING AUTOMATIC-

CONSTRAINING APPROACH 

The former case study relies on one-at-a-time parameter adjustments and largely 

ignores the compensating affects (interaction) between the parameters. A second case 

study was therefore performed that implemented an automated constraining approach 

based on random parameter sampling. In this procedure all parameters are simultaneously 

varied individually within their feasible ranges, and therefore the effects of parameter 

interaction were explicitly incorporated in evaluation of HL-DHMS model performance. 

The goal of this case study was to identify those parameter sets that provide improved 

representation of the basic watershed functions (represented by diagnostic measures) 

when compared with the baseline model. The procedure in the parameter identification 

process was based on progressive constraining of those parameters that demonstrated, via 

the automated random sampling approach, to have primary control on the signature 

measures of the basic watershed functioning.  

In the random sampling procedure, 1600 model parameter sets were generated 

within their feasible ranges following the methodology outlined in Chapter Five, Section 

5.2.1. Note that the methodology utilizes a nonlinear transformation on the parameters so 

that the parameter values within a grid can be adjusted easily within their feasible limits 

using a scalar coefficient. For each sampled parameter set, the HL-DHMS model was run 

at a daily time step for the study time period (10/1996 – 10/2002). The daily time step 

was chosen to enable a relatively large number of model runs within an acceptable 

amount of computational time (~48 hours for 1600 runs). Signature measures for the 
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1600 sets of HL-DHMS simulated flows (at the watershed outlet) were then calculated 

and their relationships with the model parameters examined to identify the parameters 

that have primary control on each watershed function. These relationships were then used 

to constrain the ranges of the primary parameters and 1000 parameter sets were randomly 

resampled within these newly constrained parameter ranges.  Among these 1000 samples, 

the parameter sets that provide improved signature measure performance when compared 

to the baseline model were selected and their significance, in terms of watershed 

functioning, was evaluated.

The scatter plots in Figure 6.21 shows the relationship between %TBias signature 

measure (y-axis) and each parameter (x-axis represents parameter feasible range) for the 

1600 randomly sampled parameter sets. Notice that the x axis represents the parameters 

as plotted in the transformed parameter space in which sampling was performed; 

therefore all parameters vary between (0,2] and the extreme values represent the 

minimum and maximum limit of the parameter feasible range (see Chapter Five, Section 

5.2.1 for details on this transformation). Each dot on a scatter plot corresponds to a 

randomly sampled parameter set and its corresponding signature measure value. The “red 

asterisk” marker on these plots represents the baseline parameter set. It can be seen that 

there exists a large scatter between parameter values and signature measure values; 

possibly due to compensating effects between correlated parameters.  

To examine whether a relationship between parameters and the signature 

measures exists, the distribution characteristics ( with an approximation to the probability 
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Figure 6.21. Scatter plots showing the relationship between %TBias signature measure 
(y-axis) and each parameter (x-axis represents parameter feasible range) based on 1600 
randomly sampled parameter sets (dots). See the text for explanation of other features on 
these plots). 

distribution) of the signature measure values were extracted as follows. For each 

parameter, the parameter range (x-axis) was divided into ten regular intervals (bins). In 

each bin, the signature measure values were sorted to obtain the cumulative distribution 

function (cdf). Then the cdf for each bin was used to calculate the following summary 

statistics for the signature measure distribution in that particular bin: the median (50th

quantile), 25th quantile and 10th quantile. These quantiles obtained for each bin were then 
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connected to form continuous lines across the bins. The thick, thin and dashed horizontal 

blue lines correspond to the median, 25th and 10th quantiles of signature measure 

distribution along the feasible range of the parameters respectively. Therefore, on any 

scatter plot, the region between two thin blue lines contains 50% of the sampled points. 

The slope of these quantile lines is therefore an indicator of whether a relationship exists 

between a signature measure and a parameter. The horizontal lines indicate no 

relationship, whereas sloping (positive or negative) lines indicate that there exists a 

relationship between a signature measure and a parameter.  

We see from Figure 6.21 that %TBias is sensitive to UZTWM and LZTWM, and 

to some extent to the PFREE parameter. This result is consistent with the findings of the 

one-at-a-time sensitivity analysis. The high-density region of the parameter UZTWM 

resulting in favorable %TBias values (close to zero) is located in the range [1,1.7], and 

therefore parameter UZTWM was constrained to this range during the next step. 

Similarly, parameters LZTWM and PFREE were constrained to ranges [1,2] and [0,1] 

respectively.   

Figure 6.22 shows similar scatter plots for %FMidSlope signature measure. 

Parameter LZFPM can be seen to exert a significant control on the %FMidSlope, with 

increasing values tend to result in favorable %FMidSlope values. Also parameter LZPK, 

controls the %FMidSlope, although not very strongly. Therefore the LZFPM and LZPK 

parameter ranges were constrained to [1,1.5] and [0.5,1.5] respectively.  Note that smaller 

UZTWM values tend to result in favorable %FMidSlope. However, since the parameter 

UZTWM   primarily   controls   the  water  balance  its   range  was  established  from  its  
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Figure 6.22. Scatter plots showing the relationship between %FMidSlope signature 
measure (y-axis) and each parameter (x-axis represents parameter feasible range) based 
on 1600 randomly sampled parameter sets (dots). See the text for explanation of other 
features on these plots). 

relationship with %TBias.  

From Figure 6.23 we see that the %HBias measure is quite sensitive to the 

parameters LZFSM, LZFPM, LZTWM and UZTWM. However only LZFSM parameter 

was constrained to the range [0, 1] using the %HBias, since the other parameters were 

selected as primary controls for other measures. Note that majority of the sampled 

parameter sets resulted in a negative %HBias value indicating that the HL-DHMS model



219

Figure 6.23. Scatter plots showing the relationship between %HBias signature measure 
(y-axis) and each parameter (x-axis represents parameter feasible range) based on 1600 
randomly sampled parameter sets (dots). See the text for explanation of other features on 
these plots). 

has difficulty (at least with the sampled parameter sets) in representing the high flows 

within the Blue River Basin.  

A follow up random sampling study was next performed to generate a further 

1000 parameter sets from within the constrained ranges specified above for parameters 

UZTWM, LZTWM, PFREE, LZFPM, LZPK and LZFSM while allowing all other 

parameters to vary over the full extent of their feasible ranges. Among 1000 samples, the 
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parameter sets resulting in better signature measure values when compared to the baseline 

model were identified. 

Table 6.4 lists the signature measure values for the baseline model. Also listed in 

Table 6.4 is the number of parameter sets that resulted in as good or better “individual” 

signature measure performance when compared with the baseline model (individual 

constraining). We see that %TBias and %FMidSlope are the measures that have the 

strongest discriminative power because only 161 and 202 parameter sets among the 1000 

samples satisfied the threshold for these measures respectively. The last row in Table 6.4 

shows the number of parameter sets that satisfy a diagnostic measure as well as all other 

measures located to their left (hierarchical constraining). The procedure identified only 

11 parameter sets that resulted in comparable or better performance then the baseline 

model upon consideration of all the signature measures simultaneously. Increasing the 

number of random samples in the analysis could of course, increase this number.  

Table 6.4. Comparison of signature measure values of baseline model and model with 
randomly sampled parameters (among 1000 parameters after constrained sampling) 

 %TBias  %CBias %HBias %FMidSlope %TimeLag
Baseline Model Performance 9.5 23.5 -30.9 -11.9 0.0

No. of Par.Sets w/ better performance than 
Baseline (based on individual measure) 161 286 448 202 452

No. of Par.Sets w/ better performance than 
Baseline (based on hierarchy of measures   -

left to right-)
161 107 86 17 11



221

The signature measure values obtained from these 11 parameter sets are shown in 

Figure 6.24. The dashed gray line represents the baseline model performance and the 

shaded region represents the threshold signature measure values that are used to constrain 

the model simulations (shaded region corresponds to 1 times the baseline model 

performance). We see that all the acceptable parameter sets have resulted in a negative 

%HBias indicating difficulty in reproducing  the  high  flows, and positive  %CBias value

Figure 6.24. The signature measure values obtained from baseline model (dashed line) 
and models with parameter sets resulted in equal or better performance than the baseline 
model (solid lines). Shaded region represents the threshold signature measure values that 
were used to constrain the model simulations (i.e. 1 times the baseline model 
performance) 
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indicating that the simulated flows tend to overestimate the observed flows when 

accumulated over the study time period. One parameter set gives a rather different pattern 

of performance yielding a slightly positive (0.73%) %HBias value, and negative %TBias 

(-9%) and %CBias (-10%) values.  

The FDCs in Figure 6.25 reveals that the constrained parameter sets were, in 

general, able to represent the high flows better than the baseline model (Figure 6.25b) and

Figure 6.25. Flow Duration Curves obtained from baseline model (blue dashed line) and 
models with parameter sets resulted in equal or better performance than the baseline 
model (red solid lines). Dots represent the observed flows. 

(a) (b) 
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they resulted in comparable flow magnitudes at mid and low flow ranges (Figure 6.25a) 

specifically around flow levels marked by 3-7 cms-day. We note in passing that the 

parameter set yielding positive %HBias (Figure 6.24) is depicted by the simulated flows 

with highest magnitudes in high flow region (Figure 6.25b) and smallest flow magnitudes 

in low flow region (Figure 6.25a).  

The main conclusions of the above analysis can be summarized as follows: First, 

there exists a trade-off in models’ ability to match the low flows and high flows. Second, 

the %FMidSLope measure is a strong indicator of the release rates; however, another 

measure is required to control the flow magnitudes within the mid segment of the FDC.   

Notice that median daily flow value (flow with 50% exceedance probability) is located at 

the center of the FDC and represents a “typical” daily flow value that is generated by the 

watershed which is not affected by the extreme wet and dry periods.  

Therefore a new signature measure was formulated to represent the percent 

deviation of the log transformed simulated median flow value from that of the observed 

(%Med). Further constraining the parameter sets by the threshold %Med value obtained 

from the baseline model resulted in only four parameter sets having improved model 

performance when compared to the baseline model. Figure 6.26 shows the signature 

measure values for the constrained parameter sets. It can be seen that the selected 

parameter sets have significant improvements in model’s ability to match overall water 

balance (%TBias) and median daily flow value (%Med), while having only slight 

improvements in model’s ability to represent the vertical redistribution of water (%HBias 

and %FMidSlope).
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Figure 6.26. The signature measure values (%Med included) obtained from baseline 
model (dashed line) and models with parameter sets resulted in equal or better 
performance than the baseline model (solid lines). Shaded region represents the threshold 
signature measure values that were used to constrain the model simulations (i.e. 1 times 
the baseline model performance) 

Parameter sets 3 and 4 were selected for further discussion because they represent 

the two extreme cases in vertical flow partitioning signature measures while providing 

reasonable overall water balance (~%5 %TBias). The FDCs depicted in Figure 6.27 

indicate that ParameterSet#4 is capable of representing medium and low segments of the 

FDC (Figure 6.27a) while underestimating the high flows (Figure 6.27b). ParameterSet#3  
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Figure 6.27. Flow Duration Curves obtained from baseline model (blue dashed line) and 
models with parameter sets selected among those resulted in equal or better performance 
than the baseline model (red lines).  

on the other hand, provides a better representation for the high flows but fails to represent 

the medium and low segments of the FDC.  

Visual examination of the hydrographs in the log transformed space (Figure 6.28) 

reveals that ParameterSet#4 captures the recession rate characteristics but underestimates 

the magnitudes of low-medium flows (see days 2050-2150). A significant feature in the 

observed hydrograph is the sustained flow levels right after the high flow events (see 

observed flows between days 2025 and   2050) which can not be properly represented by

(a) (b) 
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Figure 6.28.Simulated hydrographs (log-scale) obtained from baseline model (blue 
dashed line) and models with parameter sets selected among those resulted in equal or 
better performance than the baseline model (red lines).

the simulated flows. Comparison of the observed and simulated hydrographs in Figure 

6.29 reveals that ParameterSet#3 better represents the observed peak flows. It is 

important to analyze the parameter values that result in such a difference in the simulated 

flow behavior.
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Figure 6.29.Simulated hydrographs obtained from baseline model (blue dashed line) and 
models with parameter sets selected among those resulted in equal or better performance 
than the baseline model (red lines).  

Figure 6.30 presents the parameter values for the selected parameter sets (black 

lines), and for the baseline parameter set (dashed line) within their normalized range. 

Each line on the plot connects the median values for the parameter grids used for flow 

simulation with the distributed HL-DHMS model. Note that the extreme values on the y 

axis represent the feasible limits for each parameter. It can be seen that Parameter Set#3, 

the parameter set that results in better representation of high flows, has UZFWM 

parameter value at its  lowest feasible limit and  LZPK  parameter  value  close  to  lowest  
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Figure 6.30. Comparison of baseline parameter set (dashed line) and parameter sets that  
resulted in equal or better performance than the baseline model (solid lines). Parameter 
values are normalized within their feasible range. 

feasible limit. This behavior is reasonable because, low UZFWM value helps producing 

more surface flows while reducing the percolation to lower zone. Also low LZPK value 

helps to maintain more water in the lower zone and thus reducing the percolation demand 

and increasing the surface flow opportunity. Parameter Set #4, having large UZFWM, 

LZPK and LZSK values, is characterized with the opposite behavior, in which surface 

slow opportunity is reduced, medium-low flow opportunity is increased and recession 

rate characteristics improved. However, due to the lack of high quantity of water in the 
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lower zone, both Parameter Set#3 and #4 were not able to reproduce observed low flow 

magnitudes within the Blue River Basin. 

The results from the automatic parameter constraining approach indicates that the 

signature measures can be used to significantly constrain the ranges of the parameter sets 

to values that satisfy certain watershed functions. The procedure was able to find only 4 

parameters sets (among 1000 samples) with equal or better performance than the baseline 

model when all signature measures were considered simultaneously. Increasing the 

number of random samples can, of course, increase the number of feasible parameter sets. 

The signature measures indicated that the HL-DHMS model can be made to reasonably 

satisfy the water balance function, but has difficulties in representing vertical 

redistribution of water within the Blue River Basin. Although the signatures were 

designed to reduce the effects of parameter interaction, it was not found in this study to 

be possible to eliminate the compensation effects among the parameters resulting from 

the structural form of the HL-DHMS model (e.g., see Gupta and Sorooshian, 1983 for a 

discussion of the strong parameter interactions caused by the percolation 

parameterization of the SAC-SMA model).   

6.8. SUMMARY AND CONCLUSIONS 

This chapter has introduced and explored a diagnostic approach to model 

performance assessment in the context of the distributed hydrological model HL-DHMS. 

The concept of the diagnostic approach is to build a collection of systematic strategies for 

detecting and resolving inadequacies in the datasets, specific aspects of the model 

structure and in the values of the parameters. This diagnostic approach to model 
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performance assessment differs from the traditional approach that utilizes regression-

based aggregate measures in the sense that it provides a stronger hydrological context to 

model performance testing through consideration of the primary functions of a watershed 

system at a hierarchy of timescales: water balance, vertical redistribution of available 

water and timing of flows. Signature measures of model performance that describe these 

watershed functions were formulated by considering both existing theoretical knowledge 

of the model structure and then examined via the correlative approaches of one-at-a-time 

perturbation analysis and constrained random sampling. A desirable characteristic of 

signature measures is that they be easily definable from commonly available input-output 

datasets. These signature measures were then used to guide model parameter adjustments 

via both manual and automatic constraining approaches, leading to improved 

performance of the distributed HL-DHMS model.  

At the preliminary evaluation stage, an inconsistency in the potential 

evapotranspiration dataset was detected and corrective measures were taken. This 

preliminary evaluation is an important part of the diagnostic approach, because if these 

inconsistencies are not corrected they will undermine the further model evaluation 

process. Considering the watershed as a set of rules that map the input precipitation and 

potential evapotranspiration into output stream discharge and actual evapotranspiration, it 

is therefore suggested that, visual and numerical measures that describe this mapping are 

likely to contain important information on physical consistency of model behavior and 

should therefore be an integral part of any modeling effort (examples include the Budyko 

curve and the runoff ratio). Therefore an important task of the model evaluation should 
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be to find models that maximize the correspondence between the data and model 

mappings in a meaningful way.  

In section 6.4.2 we attempted to resolve a major assumption in the a priori 

parameterization by replacing the existing spatially uniform landcover definition with a 

spatially distributed landcover dataset. Although, this adjustment resulted in considerable 

change in model parameter values, this change did not transform into improved flow 

simulations at the outlet, possibly due to an aggregation effect. Further analysis including 

the effect of landcover change on spatial distribution of soil moisture (model states), and 

discharge at interior points may provide new insights into model functioning and hence 

has relevance to the diagnostic strategy outlined in this study. 

A constraining approach, utilizing a hierarchy of timescales, was performed to 

improve model performance while maintaining conceptual consistency of the model and 

minimizing parameter interaction. The proposed signature measures significantly 

constrained the range of parameter sets to values that satisfy certain watershed functions.  

Automatic constraining approach revealed that the HL-DHMS model had difficulty in 

representing vertical redistribution of moisture in the soil. Parameter compensation 

affects were found to be unavoidable due to structural design of the HL-DHMS model 

(specifically the SAC-SMA component). For example, in manual parameter adjustment 

approach it was necessary to iterate between the hierarchy of levels to compensate for 

model performance deterioration. Therefore there are possible extensions to this work. 

First, the signature measures can be tested (and possibly improved) on a more 

parsimonious model, where parameter interactions are less significant and more tractable. 
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Second, the focus of the model evaluation could be changed from the relatively large 

number of interdependent model parameters, to the smaller number of independent soil 

parameters (dependence comes from the a priori parameter formulation) or the 

coefficients of the mapping functions used in the a priori formulation.   

This work has presented an initial attempt to bring hydrological contextual 

information to bear on the process for evaluation of distributed hydrological models. The 

a priori parameter estimates provided a baseline against which the performance of the 

HL-DHMS model in the context of streamflow simulations at the outlet could be 

evaluated and improved. A major further extension of this work will be to derive 

signature measures that enable testing the spatial consistency of the model functioning at 

the interior locations (e.g. streamflow measurements at interior locations and soil 

moisture observations). The science of how to extract hydrologically significant spatial 

patterns from distributed observations is still in its infancy (Grayson and Bloschl, 2000 

Western et al., 2001; Lyon et al., 2006). Recently, Wealands et al. (2005) presented a 

review of spatial comparison approaches for hydrological spatial fields (e.g. 

segmentation, fuzzy map comparison, importance maps, and multi scale comparisons). 

Finally, it should be mentioned that the long run-times required by a distributed 

model significantly hampers the development of procedures for rigorous testing of 

parameter sets via random sampling. Future work should therefore focus on taking 

advantage of parallel computing power. For example, a parallelized version of the HL-

DHMS model has recently been developed by Tang et al. (2006). 
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CHAPTER 7 

CONCLUSIONS AND RECOMMENDATIONS 

The primary objective of the present work was to conduct research into the broad 

problem of hydrologic prediction in poorly gauged basins and to devise methodologies 

that enable improvements in the reliability of hydrologic predictions. The first step was to 

explore newly available data sources that can potentially replace the use of conventional 

ground-based precipitation networks. For this task, the utility of satellite-based 

precipitation estimates for watershed-scale hydrologic predictions was evaluated using 

data from seven watersheds in the Southeast U.S. where other sources of precipitation 

estimates were also available (i.e. rainguage and weather radar networks). The second 

step was to evaluate the reliability of a priori model parameters derived from observable 

watershed characteristics for hydrologic predictions in poorly gauged watersheds. This 

task was investigated using two different approaches: 1) a multi-criteria penalty function 

approach, 2) a diagnostic approach to model evaluation that acknowledges the hierarchy 

of process timescales. These approaches were formulated in the context of the simulation 

of streamflow discharge at the outlet to the Blue River Basin using the spatially 

distributed hydrologic model HL-DHMS.

This chapter presents a summary of the research reported in this dissertation, 

documents the major conclusions and novel contributions and makes recommendations 

for future research. 
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7.1. SUMMARY AND CONCLUSIONS  

In chapter four, the utility of satellite-based rainfall estimates for use in watershed 

scale hydrologic modeling was explored. First, rainfall estimates from a satellite-based 

algorithm (PERSIANN; Sorooshian et al., 2000), rainguage network and radar/gauge 

merged algorithm were compared over seven operational watersheds located in the 

Southeast U.S. The purpose was to investigate whether the agreement between different 

types of rainfall estimates depends on the geographical location, basin size or seasonality. 

Further, the SAC-SMA hydrological model (NWS operational flood forecasting model) 

with operational parameters was driven by both raingage-based and satellite-based 

rainfall estimates to investigate the dependency of the simulation performance to the type 

of rainfall product. The study also investigated whether an increase in the model 

performance could be achieved when short-term streamflow data is available for 

calibration. The major conclusions can be summarized as follows: 

The agreements between rainfall estimates from satellite-based algorithm, 

rainguage network and radar/gauge merged product show variation from basin 

to basin and also temporally within the basins. This variation largely depends 

on the error characteristics of each rainfall dataset and is further complicated 

by the basin size, location and seasonality. 

For smaller basins in Mississippi, Louisiana and Arkansas, a seasonal bias 

was evident between the rainfall estimates from satellite-based algorithm and 

the rainguage network. In warmer (colder) seasons, the satellite-based 

algorithm tends to provide larger (smaller) estimates then the rainguage 
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network. This seasonal bias is possibly a result of differences in the spatial 

extent of convective and stratiform rainfall events, sampling difference 

between sensors (point scale rainguage vs. grid scale satellite-based 

algorithm) and satellite sensor detection characteristics. 

For larger basins in Georgia, a seasonal trend was not evident between the 

rainfall estimates from rainguage network and satellite-based algorithm, 

possibly due to larger basin size exerting more smoothing on the errors in 

different types of rainfall estimates.  

The behavior of the radar/gauge merged dataset showed large variations when 

compared to other rainfall datasets possibly due to calibration differences 

between radars, changes in bias correction algorithm and quality control 

procedures. This result indicates that the radar/gauge merged product should 

be carefully examined before using for hydrological studies. 

Calibrated hydrologic model parameters are highly dependent on the input 

dataset used for calibration. The SAC-SMA model with parameter values 

estimated via rain gauge networks (operational parameters) resulted in major 

performance deterioration when the same model was driven by satellite 

precipitation estimates.  

In larger basins, the availability of short-term streamflow observations for 

calibration significantly improved the performance of the hydrologic model 

driven by the satellite based rainfall estimates. Larger basins were also marked 

by good agreement between raingauge and satellite-based rainfall estimates. 
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For (smaller) basins in which large bias between rainfall estimates from 

satellite-based algorithm and rainguage network was observed, model 

calibration was not able to account for this difference and yielded 

unsatisfactory model performance.  

In chapter five, a multi criteria penalty function framework was formulated to 

facilitate a trade-off analysis between the information content of streamflow observations 

and the a priori parameter values specified via static watershed characteristics. The trade-

off was investigated by formulating an objective function that accounted for (1) 

deviations of parameter values form their a priori specified values, (2) the streamflow 

measurement error, and (3) different response modes of the watershed (rising and falling 

segments of the hydrograph). The primary a priori parameters in disagreement with the 

streamflow observations were identified. This task required design of a special calibration 

procedure for handling spatially distributed parameter sets. The study led to the following 

major conclusions: 

The multi-criteria penalty function framework revealed that there exists a 

significant trade-off in the model’s ability to maintain reasonable hydrologic 

response performance while maintaining physically realistic values for the 

model parameter estimates.  

This trade-off could be significantly reduced by adjusting the a priori 

specified values of only a few parameters (e.g. UZTWM).  

In all cases tested, The HL-DHMS model was incapable of simultaneously 

matching rising and falling segments of the hydrograph. This could possibly 
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be explained by the elongated shape of the basin and presence of high clay 

content soils, which makes dynamics of the hydrologic processes difficult to 

represent with a hydrologic model. 

The analysis revealed that the a priori assigned model thickness (2.5m water 

depth) is not sufficient to hold enough moisture to generate the range of flows 

in the basin.  

The wavelet-based methodology revealed that streamflow measurements used 

in this study contain heteroscedastic error variances, however the range of 

magnitudes is very small compared to the range of flows observed in the Blue 

River Basin. 

The methodology developed to collectively vary all parameter values in a 

spatially distributed parameter map (non-linear transformation) enables the 

automatic parameter search algorithms to explore the entire range of feasible 

parameter space and hence serve as a practical tool for calibration of 

distributed hydrologic models.

In chapter six, a diagnostic approach to model performance assessment was 

presented.  The diagnostic approach seeks to combine the advantages of manual and 

automatic model evaluation strategies and sets a hierarchical focus on the major functions 

of a watershed system: water balance, vertical redistribution of excess moisture and flow 

timing.  Signature measures that effectively describe these watershed functions were 

formulated by considering both existing theoretical knowledge of the model structure and 

the correlative approaches of one-at-a-time perturbation analysis and constrained random 
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sampling. To test its utility for improving consistency of the distributed HL-DHMS 

model, the diagnostic approach was used to guide manual and automatic constraining 

approaches to adjusting model parameters.  Major conclusions for this work are as 

follows: 

The diagnostic approach requires a preliminary stage in modeling studies, in 

which the major inconsistencies in the datasets, parameter estimates and 

model structure are resolved. This stage involves use of graphical and 

numerical aids to analyze the long term input-output behavior of a watershed 

(Budyko curve, runoff coefficient, etc.). Fixing of major inconsistencies 

related to model setup will increase the reliability of model evaluation and 

physical consistency of model behavior.

Preliminary analysis indicated an inconsistency in the evapotranspiration 

dataset and corrective measures were taken. NARR potential evaporation 

dataset found to provide good representation of the seasonal climatic 

variations and therefore included in the analysis. 

Inclusion of landcover data had a significant effect on the values of the a 

priori parameters, however did not result in significant improvements to the 

model performance at the outlet. 

 A stepwise constraining approach, utilizing “signature” measures that 

summarize major watershed functions at a hierarchy of timescales, was found 

to be valuable in constraining the range of parameter sets while maintaining 

conceptual consistency of the model. 
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Timescale focus on the processes helped to reduce the parameter interaction, 

however, the structure of the HL-DHMS model made it impossible to totally 

eliminate parameter interaction. 

The HL-DHMS model provided a good representation of the water balance in 

the Blue River Basin, however had difficulty in representing the vertical 

redistribution of moisture in the soil column that is used to generate fast and 

slow runoff.  

7.2. MAJOR CONTRIBUTIONS 

The contributions made by this dissertation to the general field of hydrology can 

be divided into three sections: 

The current study is one of the first where rainfall rates estimated from a 

satellite-only algorithm have been tested for basin-scale hydrologic 

predictions following operational procedures currently used in the National 

Weather Service of U.S. The results of this work provide the crucial feedback 

necessary for algorithm developers to improve the quality of their products. 

The results also form a baseline for researchers and agencies in developing 

countries where the ground-based networks are sparse and accurate satellite 

based rainfall estimates are the only source for driving hydrologic models. 

There is an increasing demand for a priori parameter estimation 

methodologies (that use observable watershed characteristics) for use in 

hydrologic modeling studies in poorly gauged and ungauged basins. However, 

current scientific evidence suggests that a priori parameter estimation 
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methodologies (Duan et al., 2006) as well as calibration algorithms (Beven, 

1992) are problematic. Therefore, in this dissertation, a novel multi-criteria 

penalty function framework has been developed that enables selecting a 

balance between static a priori (watershed physical characteristics) and 

dynamic response (streamflow observed at the outlet) information. The 

significance of the proposed framework is that, merging the information 

obtained from a priori and calibration methodologies is expected to help 

improving the performance of hydrologic models while maintaining physical 

consistency of the model parameters. The framework also enables a 

systematic analysis to identify possible problems with parameters whose a 

priori estimated values are problematic and furthermore guides possible 

improvements.  

In parallel with advances in computing resources and measurement 

techniques, hydrological models are now more complex, representing the 

spatial heterogeneity of a watershed having many components. However the 

increase in complexity is accompanied by a decrease in identifiability (or 

justification) of the components and parameters in these models due, for 

example, to limitations on the system observability. This dissertation proposed 

a systematic model evaluation strategy that is powerful in “diagnosing” the 

model inadequacies and guiding possible improvements. The premise of the 

proposed strategy is that it provides initial steps towards bringing greater 

hydrological context into automatic model evaluation strategies. The basis for 
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hydrological context is provided by the concept of “signatures” that are 

objective and robust measures for summarizing major functions of watershed 

systems at a hierarchy of timescales. The proposed framework marks a shift in 

the focus of model evaluation effort, a change from the “optimality” concept 

to the “conceptual consistency” concept. In general, it is expected that 

signature measures, similar to ones developed in this dissertation, should be 

provided as guidelines by the hydrologic model developers. This will help the 

end-users to select the suitable model for their applications and following 

these guidelines they can identify conceptually consistent 

components/parameters for the hydrologic model of interest.  

The calibration of spatially-distributed hydrologic models is a difficult task 

due to the high dimensionality of the parameter estimation problem. In this 

dissertation, the parameter dimensionality was reduced using an established 

approach that incorporates information from the a priori parameter 

distributions as spatial constraints (also known as regularization). This 

approach utilizes transformation functions (most commonly scalar multipliers 

or additive constants) to adjust spatial distribution of the parameters. One 

major limitation of this approach is the requirement for defining subjective 

thresholds to maintain the parameter values within their pre-defined physical 

ranges. In this dissertation a novel non-linear transformation function has been 

introduced (Chapter Five, Section 5.2.1) that does not require such a 
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subjective threshold while also allowing the parameter values to explore the 

feasible region to the full extent.  

7.3. RECOMMENDATIONS FOR FUTURE RESEARCH 

The research presented within this dissertation covered a range of issues related to 

the hydrologic modeling of poorly gauged watersheds; from evaluation of satellite-based 

rainfall estimates for basin-scale hydrologic modeling to formulation of model evaluation 

frameworks that can be used to improve the model structure and a priori specified 

parameter values of a distributed model. By pursuing this study, various issues have been 

identified as useful extensions to the current work, and are summarized below in the form 

of specific recommendations: 

There is a clear potential for the use of satellite-based rainfall products with 

hydrologic models. The current work tested a satellite-only algorithm with 

relatively coarse spatial resolution and identified a seasonal bias in this 

product. Therefore future work could focus on newly available products with 

finer spatial resolution (for example, Joyce et al. 2004) and investigate their 

usefulness in various hydroclimatologic regions. For each hydroclimatic 

region a bias correction algorithm could be developed by investigating areas 

having dense raingauge networks, and the bias correction could be applied to 

satellite-based rainfall estimates over ungauged watersheds in the same 

region.  Such correction has the potential to remove some of the systematic 

errors (such as seasonal bias) in the satellite-based products. Further, since all 

rainfall estimates are subject to significant uncertainty, information from 
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streamflow discharge could be incorporated into this bias correction 

methodology (see for example Boushaki, 2007).  

The multi-criteria penalty function framework could be improved by 

consideration of the following issues. First, the a priori parameter estimation 

framework used in this study (Koren et al., 2000) utilized STATSGO soil 

database with coarse spatial resolution (1:250000). Use of finer scale soil 

dataset such as SSURGO (1:24000, see for example Anderson et al, 2006) has 

the potential to improve the a priori parameter estimates.  Second, in the 

current study, calibration adjustments were made to HL-DHMS model 

parameters. However, the “real” unknowns in this a priori parameter 

estimation framework are the soil hydraulic parameters. Therefore a natural 

extension of this work will be to make calibration adjustments to the soil 

hydraulic parameters (or the coefficients of the soil-to-parameter 

relationships) rather than the model parameters. In doing this, the uncertainty 

in the soil hydraulic property estimates (arising from pedotransfer functions) 

could also be included in the analysis and its propagation to total prediction 

uncertainty could be analyzed. Third, the analysis performed in this study is 

specific to Blue River Basin. Therefore, the same framework should be 

extended to include a number of basins to further investigate the findings 

obtained in this study. 

There are several useful extensions that can be applied to the diagnostic model 

evaluation approach formulated in this study. First, the signature measures can 
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be tested (and possibly improved) on a more parsimonious model, where 

parameters interactions are less significant and more tractable. Second, the 

flow duration curve clearly contains important information on watershed 

functioning, and further research is needed to develop signature measures that 

evaluate specific characteristics of the flow duration curve. Currently a 

methodology is being developed that utilizes the fitting of high order 

polynomials to the flow duration curve. Third, the current study focused on 

the model performance at the watershed outlet. A major extension of this 

work will be to derive signature measures that enable testing the spatial 

consistency of the model functioning at the interior locations (e.g. streamflow 

measurements at interior locations and soil moisture observations; see for 

example Wealands et al. 2005). Finally, the availability of parallel computing 

for distributed hydrologic models is of particular importance for developing 

rigorous model evaluation strategies for such models (see for example Tang et 

al. 2007).
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APPENDIX A 

METHOD USED FOR 

ONE-PARAMETER-AT-A-TIME PERTURBATION ANALYSIS

In Chapter Six, one-parameter-at-a-time perturbation analysis was performed to 

relate model parameters and processes to diagnostic signatures that were designed to 

summarize important information related to the primary functions of the watershed 

system (Chapter Six, Sections 6.6.2 through 6.6.4). Only those parameters estimated 

through Korens’ parameterization scheme (Koren et al., 2000; see Chapter Three, Section 

3.3) and the channel network routing parameter ROUTQ0 (see Chapter Two, Equation 

2.4) were examined in this analysis The RIVA parameter, being relatively easy to 

identify from observed hydrograph, was also included in the analysis. It was assumed that 

the a priori parameter estimates provide a reasonable initial representation of structure of 

the spatial heterogeneity of hydraulic properties in the Blue River Basin. Under this 

assumption, the spatial pattern imposed by a priori parameter estimates was used as a 

constraint and the perturbation analysis was implemented using a constant multiplier for 

each parameter grid to vary only the absolute magnitudes of each cell within the grid. The 

multiplier approach significantly reduces the dimension of the parameter space for the 

perturbation analysis. Through the use of multipliers, the capacity parameters of SAC-

SMA model were varied to 50% and 200% of their a priori values. The rate parameters, 

on the other hand, were varied to halfway between their a priori values and the upper and 
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lower feasible limits (Chapter 2, Table 2.1) so as to maintain physical meaning of the 

values. Hillslope routing parameters were not included in the analysis because their 

variation was found to have only a minor affect on the HL-DHMS outlet runoff 

simulations (a similar result was reported by Koren et al., 2004). The channel routing 

model parameters were varied as follows: two multipliers were assigned for the specific 

discharge parameter through analysis of USGS discharge-area measurements. The 

following relationship between discharge and area was established: 

Qp=Q0 Am            (A.1)

where, Qp is the predicted stream discharge, Qo is the specific discharge parameter, A is 

the observed channel cross-sectional area and m is the shape parameter. The shape 

parameter was fixed at the value prescribed by NWS and the specific discharge parameter 

was assigned two values such that on a discharge-area plot, the Qp vs. A relationship 

brackets the observed data points from above and below (Figure A.1). Note that the a 

priori value of Qo, assigned by the NWS personnel, fits the Qp vs. A relationship to the 

high flow data due to the NWS emphasis on flooding events.  

 Using the procedures described above, each parameter grid was varied, one-at-a-

time, to three different values (high, a priori and low value) and the resulting changes in 

the simulated hydrologic responses were analyzed to correlate the parameters with their 

primary effects on model functioning.  
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Figure A.1. Discharge-Area plot and fitted models used for perturbation of  specific 
discharge parameter Q0 (m3/sec/m2).
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