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ABSTRACT 

 
Water balance models are important for the characterization of hydrologic systems, 

to help understand regional scale dynamics, and to identify hydro-climatic trends and 

systematic biases in data. Because existing models have, to-date, only been tested on data 

sets of limited spatial representativeness and extent, it has not yet been established that 

they are capable of reproducing the range of dynamics observed in nature. This 

dissertation develops systematic strategies to guide selection of water balance models, 

establish data requirements, estimate parameters, and evaluate performance. Through a 

series of three papers, these challenges are investigated in the context of monthly water 

balance modeling across the conterminous United States. 

The first paper reports on an initial diagnostic iteration to evaluate relevant 

components of model error, and to examine details of its spatial variability. We find that 

to conduct a robust model evaluation it is not sufficient to rely upon conventional NSE 

and/or r2 aggregate statistics of performance; to have reasonable confidence that the 

model can provide hydrologically consistent simulations, it is also necessary to examine 

measures of water balance and hydrologic variability. 

The second paper builds upon the results of the first, and evaluates the suitability of 

several candidate model structures, focusing specifically snow-free catchments. A 

diagnostic Maximum-Likelihood model evaluation procedure is developed to incorporate 

the notion of ‘Hydrological Consistency’ and controls for structural complexity. The 

results confirm that the evaluation of hydrologic consistency, based on benchmark 
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comparisons and on stringent analysis of residuals, provides a robust basis for guiding 

model selection. The results reveal strong spatial persistence of certain model structures 

that needs to be understood in future studies. 

The third paper focuses on understanding and improving the procedure for 

constraining model parameters to provide hydrologically consistent results. In particular, 

it develops a penalty-function based modification of the Mean Squared Error estimation 

to help ensure proper reproduction of system behaviors by minimizing interaction of error 

components and by facilitating inclusion of relevant information. The analysis and results 

provide insight into the identifiability of model parameters, and further our understanding 

of how performance criteria should be applied during model identification. 

  



15 

 

CHAPTER 1: INTRODUCTION 

1.1  Background and motivation 

This research derives from the need to develop tools to identify and evaluate 

catchment models in large hydroclimatic datasets. The importance of this effort derives 

from increasing observational and computational capabilities, that now allow a more 

dynamic connection of model components to hydrologic and climatic processes. These 

capacities are not only reflected by the compilation of datasets from observational 

systems [Vogel and Sankarasubramanian; 2005; Schaake et al., 2006; Di Luzio et al., 

2008], but also by the increasing availability of flux data generated through reanalysis 

[Maurer et al., 2002; Kumar et al. 2006]. It is expected that future data and modeling 

services will continue to improve with respect to spatial coverage, level of detail and 

number of physical processes involved.  

To enhance understanding of future water availability and natural hazards, 

increasingly complex environmental models [Beck, 2009] need to be evaluated. Success 

in improving the linkage between hydrological and atmospheric science models is of 

primary importance to society because of the unknown implications of climate non-

stationarity to the development and operation of water infrastructure [Milly et al., 2008] 

and the economical benefits of improved forecast systems [McEnery et al., 2005]. 

To aid in interpretation of water and energy fluxes simulated by large environmental 

systems, a better understanding of the variability of catchment model performance at 
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national scale is essential. An increasing number of studies now drive catchment level 

water balance modeling with the results generated by global climate models [Block et al., 

2009; Hay and McCabe, 2010]. Continental-scale assessments of water balance (using 

parsimonious models) can help in quantifying how spatial distributions of water 

availability are changing, detection of systematic biases in the data, and characterization 

of hydrologic systems.  

At the catchment scale, the hydrological literature provides a large number of models 

[Singh and Frevert, 2002; 2006] that can potentially be applied to represent hydrologic 

processes. However, methods to properly diagnose and correct inadequacies in prior 

model structural hypotheses, and to assist in the construction of improved models, are 

lacking [Gupta et al., 2008]. Despite efforts focused on model comparison [Smith et al., 

2004], considerable ambiguity remains regarding which processes to include in any 

specific model application [Sivapalan et al., 2003]. Consequently we are unable to 

generate reliable relationships between catchment characteristics and specific model 

structures [McDonnell and Woods, 2004], so that regionalization and prediction in 

ungaged catchments [Vandewiele and Elias, 1995; Kokkonen et al., 2003; Parajka et al., 

2007] can take advantage of reliable rules for model selection.  

It is increasingly acknowledged that we, as a community, need to establish more 

stringent tests of simulation models [Klemes, 1986; Gupta et al 1998; Schaefli et al., 

2007; Gupta et al 2008], and develop general, rather than catchment specific, solutions 

for hydrologic modeling [Andreassian et al., 2007; 2009]. Even for relative simple 
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representations such as monthly water balance models [Xu and Singh, 1998], it is not 

clear whether existing conceptual representations can satisfactorily represent the variety 

of natural catchment conditions found in available datasets. We do not have robust 

methods to decide what type of model should be used, or to decide whether the quantity 

and quality of the data is sufficient to identify the models under consideration. This is 

worrisome since monthly water balance models are often one of the first steps in 

catchment characterization and modeling. 

To achieve the level of hydrological model fidelity required, hydrologists are called 

upon to implement suitable evaluation methods that take into account both the goodness 

of fit and parsimony of candidate models, based on analysis of error residuals and 

identifiability of model parameters, using model identification approaches analogous to 

those developed by statisticians for causal input-modeling [Box et al., 1994]. Despite 

efforts to clarify and explain the selection of measures of performance [Legates and 

McCabe, 1999; Dawson et al., 2007; Reusser et al., 2009], methods for hydrological 

model identification and evaluation in terms of hydrologic functions and patterns 

[Sivapalan, 2005] and for constraining parameters, remain poorly explored. Statistical 

methods have not yet been suitably adapted to the context of hydrologic modeling, so as 

to provide better diagnostic information to aid in selecting parsimonious model structures 

and for improving the consistency of model parameter estimates. One additional point 

that needs to be considered, as such methods are developed, is that consideration must be 
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given to how differences between different catchments can impact the information 

provided by model performance criteria during model identification and evaluation. 

Efforts to relate model structures and parameters to physical characteristics are 

hindered by many factors, including a) the weakness of current methods for diagnostic 

model evaluation [Gupta et al., 2008], b) the difficulty involved in representing the 

relevant heterogeneities of catchment characteristics and processes at the scales of 

interest [Troch et al., 2009; Tetzlaff et al., 2010], c) the emergence of multiple spatial 

patterns and functions at different scales [Grayson and Blöschl, 2001], d) the presence of 

observational and bias in precipitation [Milly and Dunne, 2002] and streamflow records 

[McMillan et al., 2010], e) the need to evaluate multiple sources of uncertainty [Kavetski 

et al., 2006], f) the use of obsolete numerical techniques [Clark and Kavetski, 2010], and 

g) weaknesses in experimental design [Clarke, 2008]. This research investigates methods 

for diagnostic evaluation in the context of monthly water balance modeling, where many 

of these issues can be more easily handled and understood, if not resolved. While the 

focus is on monthly water-balance modeling, the contributions and findings are more 

generally applicable to the design of methods for more complex models and processes. 

We hope this research work can inspire, first, a more fluid dialog on the suitability of 

data and model structures to facilitate the mapping of current and missing knowledge of 

catchment hydrology, and second, a stronger need for including hydrologic theory into 

evaluation of hydrological models to make parameter identification easier and to provide 
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robust methods for hypotheses testing. These two aspects are essential to consolidate 

hydrology as a more mature field of science. 

1.2  Statement of the problem and scope 

This investigation of catchment-scale water balance models for the continental 

United States is made possible by the availability of an extensive observational Hydro-

Climatic Data Network [Slack et al., 1993] that provides comprehensive coverage of 

physiographic and hydro-climatic conditions. To date, water balance model studies in the 

United States have only exploited only a small portion of this data. Further, evaluations 

have been conducted at only a small number of locations [e.g. Alley 1984; Hay and 

McCabe 2002], most commonly at the outlets of large catchments or on flow grids [e.g. 

Maurer et al. 2002; Arnold et al. 1999]. Because no well-established catchment-scale 

classification system exists, considerable ambiguity remains regarding which processes 

should be included in a parsimonious model representation for each catchment. 

Compounding the problem, methods for evaluation of models against data (to facilitate 

the detection and correction of model inadequacies) are based largely on linear regression 

theory, and do a poor job at integrating hydrological knowledge. 

This research uses information in a hydroclimatological data subset [Vogel and 

Sankarasubramanian, 2005] drawn from the HCDN observational network, to quantify 

dynamic changes in continental scale water balance for the United States for a 40-year 

period [1951-1990]. Significant challenges explored with this research include the 
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calibration and evaluation of model performance over hundreds of basins, automation of 

the selection of model structures, and systematic strategies for making improvements on 

the selection of the model hypotheses.  

The first section of the dissertation focuses on four aspects: defining a “robust” first-

level evaluation of monthly water balance model performance, evaluating how well the 

‘abcd’ Model [Thomas, 1981] performs at monthly time step over the continental United 

States, identifying hydro-climatic and physical information that can help in the 

classification of catchments and in explaining dominant processes and model 

performance, and locating geographical regions where the HCDN dataset is capable of 

representing the dynamics of monthly water balance. 

For the second portion, we focus mainly on ensuring hydrological consistency of 

model behavior, and on implementing complexity metrics to facilitate comparison and 

selection of model structures. Three specific issues are examined: defining a method to 

assess model complexity for conceptual models, comparing information criteria 

commonly used in the evaluation of model complexity, and investigating the spatial 

variability of model structures 

The last component, explores the benefits of pursuing a model calibration strategy 

that constrain the parameters to ensure that water balance and hydrologic consistency are 

preserved. This section focus on understanding how error component interaction impacts 
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the calibration of hydrological models, develops a penalization strategy, and evaluates the 

effects of penalization on the values of model parameters. 

This dissertation is organized as follows; chapter one presents an overview of the 

dissertation, explains the novel contributions provided by this research, presents a 

literature review covering key aspects of monthly water balance modeling research, 

evaluation of  model complexity, and methods for model diagnostic and evaluation of 

hydrologic models. Chapter two summarizes of the findings of this research and 

discusses the scientific contributions.  

1.3  Dissertation overview 

This dissertation is composed by three papers (attached in Appendix A to C) of 

which I am the first author, and my research advisor Dr. Hoshin Gupta is the second 

author. This work represents a series of two ‘diagnostic’ iterations through the analysis 

cycle on the selection of water balance structures for the conterminous United States, and 

an analysis of how to improve and understand parameter identification. I carried out the 

preparation of data sets, modeling, analysis of results and preparation of manuscripts, 

while Dr. Gupta provided valuable guidance, thoughtful discussions, and careful 

assistance in the correction of the manuscripts. 

The first paper of this dissertation, titled “Toward improved identification of 

hydrological models: A diagnostic evaluation of the “abcd” monthly water balance 

model for the conterminous United States”, was published in Water Resources Research 
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on August 4 2010 (W08507). It contains the road map of this research and provides the 

basis for the analyses reported in the second and third papers.  This paper deals with an 

initial diagnostic analysis of the ‘abcd’ Model for 764 catchments across the 

conterminous United States. My contributions to this paper include a) the creation of a 

database, b) development of a framework for calibrating the model and analysis of 

multiple sources of information, c) classification of catchments based on the importance 

of snow storage to apply the initial model hypothesis, d) evaluation of model 

performance based on the decomposition of error components, e) analysis of the 

variability of model performance and parameters using catchment descriptors and 

decision trees, f) evaluation of model performance during multiple calibration and 

evaluation, and g) comparison to previous studies and regional analysis. 

The second paper, titled “On Structural Complexity of monthly water balance 

models for the continental United States”, is in review by Water Resources Research. It 

compares the behavior of several different monthly water balance model structures at 307 

‘snow-free’ catchments, based on the principle of hydrologic consistency. For this paper, 

I developed a method for the selection of model structures that are consistent with the 

information in the data, and for the evaluation of model complexity. This required a) a 

comprehensive analysis of the effect of flow transformations for different hydro-climatic 

conditions, b) an analysis of how to overcome problems during calibration found during 

the first paper, c) design and analysis of filters to evaluate hydrologic consistency, d) 
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comparison of ranking methods to rank model structures, and e) an analysis of the 

variability of model structures and performance.  

The third paper, titled “A penalized MSE approach for improved identification, 

calibration and evaluation of Models”, is in preparation for submission to the Journal of 

Hydrology. This paper addresses problems encountered during the development of the 

first and second papers, related to understanding how Mean Squared Error (MSE) based 

criteria work, and how they can be augmented to be more consistent with hydrologic 

theory. For this paper I a) investigated how MSE can be constrained to match properties 

relevant for water balance assessment and how a penalization approach can be used to 

include relevant hydrological information to constrain the parameters and eliminate the 

interaction of error components, b) studied the effects of different penalization 

techniques, c) studied the effect of penalization on parameter estimates for a subset of 

catchments.  

Additional to the main papers, while carrying out my doctoral dissertation work, I 

made significant contributions to three additional published papers involving the analysis 

of large numbers of catchments. These papers are listed at the end of Chapter 2. For the 

Hydrological Processes Commentary titled “Climate and vegetation water use efficiency 

at catchment scale” [Troch et al., 2009], I used my familiarity of the datasets to a) 

perform catchment selection, and b) generate estimates of base flow separation and 

analysis that confirmed the relative inter-annual invariability of the Horton Index in a 

dataset containing 109 catchments across the United States. For the paper “Simulations 
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of Seasonal snow for the South Island, New Zealand” [Clark et al., 2009], I performed 

a hydro-climatic analysis to derive seasonal snow storage for 468 catchments in the South 

Island of New Zealand, thereby developing information to evaluate the results of 

simulations of snow and evaluate the quality of interpolated precipitation fields. For the 

paper entitled “Decomposition of the mean squared error and NSE performance 

criteria: Implications for improving hydrological modeling” [Gupta et al., 2009], I 

provided analysis of several performance measures that lead to further analysis and the 

insights reflected in the decomposition of the MSE criterion, and testing of the 

decomposition using the dataset used for this dissertation. 

1.4  Literature Review 

This section provides an introduction to monthly water balance modeling and studies 

on the hydroclimatology of the United States, developments on catchment classification, 

evaluation of model complexity, and recent advances on model diagnostics and 

evaluation of hydrologic models. 

1.4.1  Monthly Water Balance Modeling 

Conceptual models of catchment scale water balance represent simple, yet refined, 

ways to quantify the components of the water balance and to understand hydrological 

processes and their interactions at the catchment scale. They can be used to facilitate the 

anticipation of changes in catchment behavior and to evaluate the consequences of 

natural and/or human-induced changes to local hydrology [Gleick, 1987; Guo et al., 
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2002; Block et al., 2009; Wang et al., 2009; Hay and McCabe, 2010]. Such models 

typically use some estimate of precipitation and either potential evapotranspiration or 

temperature as input, to generate estimates of catchment storage, actual evaporation and 

runoff.  

One of the first applications of water balance models was in the context of water 

requirements for agricultural planning [Thornthwaite 1948]. Since then, water balance 

models have been used in a wide variety of applications, ranging from biological 

assessments to water supply planning. Alley [1985] and Xu and Vandewiele [1995] 

discuss the use of water balance models in the design and control of water resource 

systems (i.e., for irrigation or hydropower generation). Xu and Singh [1998] and McCabe 

and Wolock [1999] describe how water balance models can be used in regions where 

snow accumulation is an important component of the hydrology.  

Vandewiele and Xu [1992] describe four broad types of water balance models 

applications: 1) to fill gaps in runoff data when rain and evaporation data are available; 2) 

to estimate model parameters for ungaged basins; 3) to generate time series estimates of 

soil moisture, and 4) to disaggregate model results to shorter time scales. Water balance 

models have been also used in the context of parameter regionalization studies 

[Fernandez et al., 2000; Vandewiele and Elias, 1995; Kling and Nachtnebel, 2009].  

Because of their level of aggregation, these models provide limited physical 

interpretation of the hydrologic processes, and as such can be interpreted only as data 
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filters [Vandewiele et al., 1992], where the discovery or testing of new hypothesis of 

hydrologic pathways is limited. Nonetheless, these models are an important step for data 

quality, catchment characterization, and the evaluation of primary controls of the water 

balance. Given the simplicity of the formulations, monthly water balance models are 

suitable for teaching modeling skills and for implementing intensive computation 

techniques such as structure identification [Bulygina and Gupta, 2009], and calibration 

using Bayesian uncertainty analysis [Huard and Mailhot, 2008].  

Models that have been used and compared in the literature include the ‘abcd’ Model 

[Thomas, 1981], WASMOD [Xu, 2001] and GR2M [Mouelhi et al., 2006]. The ‘abcd’ 

Model, examined in detail by Alley [1984], consists of a conceptual two-store 

representation of the upper zone soil moisture and lower zone soil moisture. Precipitation 

is partitioned into direct runoff, groundwater outflow to the channel, and actual 

evapotranspiration. Two conceptual quantities, available water and evaporation 

opportunity define the state variables of the model. The model has four parameters; ‘a’ 

controls propensity of runoff, ‘b’ represents water holding capacity of the upper soil 

zone, ‘c’ partitions water available for runoff  between and recharge to groundwater, and 

‘d’ controls the linear recession of the lower soil zone. Additional analyses that have used 

the ‘abcd’ Model are the study of regional calibration [Fernandez et al., 2001], the 

evaluation of climate elasticity [Sankarasubramanian and Vogel, 2001], and the coupling 

to results of global climate models [Block et al., 2009].  
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The WASMOD model, initially developed by Vandewiele et al. [1992] and extended 

by Xu and Vandewiele [1995] and Xu [2001], was implemented at global scale by Widén-

Nilsson et al. [2007]. The model has one soil storage, plus an optional snow storage, and 

has up to 6 parameters and multiples equations to represent evapotranspiration, fast and 

slow flow components. This model has been tested mainly for humid catchments with 

areas less than 4000 km2, but also for some arid, semi-arid and high latitude regions [Xu 

et al., 1996].  

The GR2M is derived from a parent model structure based on previous model testing 

[Makhlouf and Michel 1994; Perrin et al., 2003]. It has 2 state variables, an upper 

production store and a lower routing store, and 5 parameters controlling various options 

to connect or bypass stores, allowing for 32 different configurations. A distinctive 

characteristic of GR2M is the external gain/loss term that allows water to be added or 

removed from the system. 

For evaluating model results, monthly water balance studies have generally used 

either the mean squared error criterion (MSE) computed on the flows (or some 

transformation of the flows, such as log or square root), or its related normalization the 

Nash Sutcliffe Efficiency statistic (NSE) [Nash and Sutcliffe, 1970], plus some 

formulation of bias (absolute bias, efficiency, cumulative). Methods for calibration of 

model parameters have ranged from step-wise parameter estimation [Xiong and Guo, 

1999] to simultaneous search using a global search algorithm [Wang et al., 2009] such as 

SCE-UA [Duan et al., 1992], and more recently the use of parameter set libraries based 
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on a similarity measure [Perrin et al., 2008]. While many of these studies undoubtedly 

involved some process of diagnostic evaluation and improvement, it has not been 

common to analyze and report the hydro-geo-climatological reasons for differences in 

model skill, and specifically the causes of un-acceptable performance.  

To develop and test new mathematical formulations for monthly and daily water 

balance models, it has become common to compare model performance on large numbers 

of catchments at the national, and in some cases multinational, scale.  Examples include 

Vandewiele and Xu [1992], Makhlouf and Michel [1994], Hay and McCabe [2002], 

Perrin et al. [2001], Mouelhi et al. [2006], Zhang et al. [2008], and Perrin et al. [2008]. 

Even in these studies using relatively simple models, it has not been common to provide 

detailed information regarding the physical characteristics or hydroclimatic conditions in 

which particular model structures are appropriate, or what kind of performance might be 

expected. Instead, the typical goal of comparison studies has been to evaluate and justify 

a particular ‘new’ model or family of models.  

In the United States, continental scale investigations of various aspects of hydro-

climatology have been conducted, including studies of long-term water balance [e.g., 

Milly, 1994; Milly and Dunne, 2002; Wolock and McCabe, 1999; Sankarasubramanian 

and Vogel, 2002; Troy et al., 2008]. Detailed modeling of water balance has been used to 

simulate various land management scenarios and to evaluate the potential impacts of 

climate change [Arnold et al., 1999; Thomson et al., 2005], and to generate a widely used 

50-year dataset of water and energy fluxes at the 3-hour time step [Maurer et al., 2002]. 
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At the catchment scale, Hay and McCabe [2002] simulated the monthly water balance for 

44 catchments distributed throughout the United States, and used those results to 

extrapolate model performance to 1646 stations via a regression based on catchment 

descriptors. 

1.4.2  Catchment Classification 

Much of the effort devoted to catchment classification has focused on issues of risk 

and water resources management [Acreman and Sinclair, 1986; Wardrop et al., 2005] 

using statistical methods such as clustering, principal components and discriminant 

analyses applied to predominant physical characteristics (climate, land cover, and soils 

information, etc). In recent years the important role that classification can play as a 

mechanism for integrating and representing our knowledge and understanding of 

hydrologic systems has been recognized. It has been shown that similarity indices and 

hydrologic signatures can be used to discriminate catchments based on dominant 

behaviors, functions and processes [Berger et. al., 2001; Yadav et al., 2007; Bai et al., 

2009]. Datasets for the conterminous United States have been created to study aspects of 

catchment function related to climate and other physical variables. However, 

classification systems based on catchment characteristics and/or dominant processes are 

rarely used to aid in the specification of model structures. 

Wagener et al. [2007] discuss the topic of catchment classification, including an 

overview of existing approaches, and suggest 4 essential requirements that should be 
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incorporated into a general classification scheme: 1) that catchment form and 

hydroclimatic conditions be mapped to catchment function across different scales; 2) that 

catchment functions be related to the concepts of partitioning, storage and release of 

water, and transmission within the catchment as connecting processes; 3) that treatment 

of the various uncertainties in the measurements and mappings be included; and 4) that 

emphasis be first placed on streamflow (since this data is readily available) but that more 

complex variables and processes be incorporated later. The Dunne diagram [Dunne, 

1983], portrayed as a generalization of the ideal classification system, is one example in 

which the occurrence of various runoff processes is connected to climate, land cover, 

topography and soils control. The following paragraphs review studies in which data 

related to these controls have been used, and studies related to catchment processes at the 

continental scale. 

The principal mechanism used to catalog river basin information in the United States 

is the set of Hydrologic Unit Maps together with the Hydrologic Unit Codes (HUC). The 

HUC system organizes catchments in terms of their geographic location, using a 

hierarchical notation ranging from “cataloging units” to “regions”, and is widely used in 

the creation of datasets and compilation of information related to the catchments across 

the United States. Although providing an important tool for catchment management, the 

HUC aggregation of classification units is based only on geographical information and 

does not capture other important aspects of the hydrology of the system. For instance, 
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Lins [1997] points out that the 18 major HUC regions do not conform closely to any of 

the patterns of streamflow found in his investigation.  

Wolock and McCabe [1999] studied the principal aspects that explain spatial 

variability in mean annual runoff of the 344 climate divisions in the conterminous United 

States. They found that the difference between annual precipitation and potential 

evapotranspiration explains most of the spatial variability.  By including soil-moisture-

storage capacity and variations in climatic water supply and demand as explanatory 

variables, the error in estimated mean annual runoff was reduced, especially for locations 

where periods of supply and demand are not aligned. 

Winter [2001] introduced the concept of hydrologic landscape regions (HLR), and 

classified the landscape of the United States in terms of land-surface slope, hydraulic 

properties of soils and geological setting, and difference between precipitation and 

evapotranspiration. He proposed the use of such a framework to synthesize information 

from local to national scales and to facilitate the comparison of hydrologic processes 

under a variety of conditions.  

Berger and Entekhabi [2001] studied the physiographic features and regional climate 

of 10 basins throughout the United States to examine hydrologic response in diverse 

climates and terrains. They used median slope, relief ratio, drainage density, wetness 

ratio, infiltration capacity, and a saturated zone efficiency index to calculate runoff ratio 

and evaporation efficiency using stepwise regression. Sankarasubramanian and Vogel 
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[2002] used analogous descriptors to develop similar expressions for hundreds of 

catchments in the conterminous United States. They identified dryness index and mean 

monthly rainfall as the best predictors of hydrologic response, and derived relationships 

between landscape-climatic descriptors and hydrologic response descriptors for basins 

under high, medium, and low flow conditions. More recently, Demaria et al. [2007] and  

van Wekhoven et al. [2008] studied parameters sensitivities from the VIC and 

Sacramento Models and related to hydroclimatic gradients and the times periods used for 

the their analysis.  

1.4.3  Evaluation of Model Complexity  

Statisticians have long been concerned with the problem of model complexity when 

fitting distributions to data, or when estimating time series models from observations. 

Because the Maximum Likelihood (ML) technique [Edwards 1972, Bard 1974] favors 

selection of models having higher degrees of freedom, measures for controlling model 

complexity have been proposed. Well known among these are the AIC [Akaike 1974], 

BIC [Schwarz 1978], and KIC [Kashyap, 1982] information criteria.  

In hydrology, the issue of type and complexity of model structures justifiable by 

available observations has been debated for decades [e.g., Jakeman and Hornberger 

1993; Young and Beven 1994, Atkinson et al., 2002; Fenicia et al., 2007]. Schoups et al. 

[2008] compared three methods for complexity control - cross validation, AIC, and 

structural risk minimization (SRM). Although SRM is able to consistently identify 



33 

 

parsimonious models with properly identifiable parameters, it requires estimation of the 

Vapnik-Chernovenkis (VC) dimension, a procedure not well understood for hydrologic 

models [Pande et al., 2009]. In groundwater modeling, complexity control is commonly 

used in multi-model averaging [Poeter and Hill 2007; Singh et al., 2010]. Ye et al. [2008] 

point out that neither BIC nor KIC require the existence of a true model in the set of 

alternatives, and that both will select the true model with probability one when included 

among the candidates. They show KIC to have better ability to discriminate among 

models by accounting for both quality of data and identifiability of parameters. 

1.4.4  Methods for diagnostic evaluation 

Diagnosis involves a more specific kind of evaluation that is targeted at the 

identification of model components that are not working correctly or system behaviors 

that are improperly represented [Reiter, 1987; Gupta et al. 2008]. Once a correct 

diagnosis is done, it becomes possible to propose model modifications or improvements 

in the collection of data. The process of diagnosis and correction is a fundamental aspect 

of model development, but is generally done in an ad-hoc fashion, at least in hydrology.  

A number of diagnostic methods had been developed in the context of hydrological 

modeling. A first category is related to the use of different measures of performance 

[Dawson et al., 2007] to inspect model results. One the main challenges here is to relate 

those measures to hydrologic processes and specific model components or parameters. 

This category includes, for example the selection of portions of the time series to evaluate 
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low flows [Gupta et al., 2003], the study of major behavioral functions of a catchment 

[Yilmaz et al., 2008], and the use of hydrologic signatures [Sivapalan, 2005] to constrain 

model parameters in ungaged catchments [Winsemius et al., 2009]. 

A second category of diagnostic studies is related to the use of experimental or field 

approaches where additional information about the process and components of the 

models is generated from field measurements related to the states of the system, for 

example the evaluation of isotopes concentration in streamflow and ground water levels 

[Son and Sivapalan, 2007], or more sophisticated measurements such as the estimation of 

soil moisture using neutron detectors [Zreda et al., 2008].The challenge here is to make 

the measurements compatible with quantities represented by the model. 

A third category contains studies related to the intercomparison of models across 

basins. By comparing the performance and dominant factors in different basins, it should 

be possible to identify under which conditions certain model structures do, or do not, 

perform well. Once these conditions are identified, new hypotheses can be formulated to 

refine the model and improve the performance in certain regions. For example, in the 

case of monthly water balance several authors [Vandewiele and Xu, 1992; Makhlouf and 

Michel, 1994; Xu and Vandewiele, 1995; Perrin et al., 2001] had provided useful 

suggestions about the model structures appropriate to specific regions. However, reports 

on strategies and mechanisms to identify in a systematic way the appropriate model 

structure from observable catchment characteristics remain limited.  



35 

 

1.5  Discussion 

While considerable work has been done to evaluate monthly water balance models at 

various locations and under specific conditions, no extensive and detailed analysis of 

model performance (and associated structures and parameters) for different hydro-

climatic and physiographic conditions has so-far been reported. At the continental scale, 

model evaluation has typically been done only at the outlets of large catchments, or 

streamflow estimates reported on flow grids at the annual time-scale. With this 

dissertation, we hope to encourage more rigorous evaluation and diagnosis of hydrologic 

models, develop methods to automate the evaluation of model complexity, improve 

methods for model identification. 

Diagnostic approaches in hydrology imply the interrogation of specific components 

of the model. This is a significant challenge because it can be difficult to tease out the 

problems of individual components if the model can be only tested against limited time 

series, and there are no well-accepted methods to identify the different sources of model 

error. Hence it is necessary to add contextual information from physical characteristics 

and known relationships between different model components and hydrological 

processes. 
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CHAPTER 2: PRESENT STUDY 

The methods, results and conclusions of this study are presented in the three papers 

appended to this dissertation. The following is a summary of the most important findings 

in this document. 

2.1 Evaluation of the ‘abcd’ Monthly Water Balance Model for the Conterminous 

United States 

2.1.1 Summary 

This paper explores challenges involved in estimating water balance models for the 

conterminous United States at monthly time scale. A unique aspect of this investigation is 

the use of a large dataset of 764 catchments, selected for its comprehensive coverage of 

hydro-geo-climatic conditions across the United States. Overall, the analysis indicates 

that further iterations of the model development cycle are necessary -- based on a 

diagnostic multiple-criteria performance evaluation strategy and a search for the most 

parsimonious plausible model hypothesis. 

In particular, we find that to conduct a robust model evaluation it is not sufficient to 

rely upon conventional NSE and/or r2 aggregate statistics of model performance. To have 

some reasonable degree of confidence that the model can provide hydrologically 

consistent simulations of catchment behavior, it is also necessary to examine measures of 

water balance and hydrologic variability, and other relevant signatures.  
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Further, it is clear that even if the model displays “good” performance during 

calibration (in terms of NSE, water balance and variability), this is no guarantee of 

‘acceptable’ evaluation period performance. In this regard, our use of longer periods of 

data for model calibration did not help to improve overall model performance. Therefore, 

the problem seems not to be one of insufficient data length, but rather one of inability of 

the model structural hypothesis to represent the range of hydrological behaviors 

experienced across the continental United States. 

2.1.2 Contributions 

The main contributions of this paper include:  

a) A detailed analysis of model performance that integrates flow bias and variability to 

define three levels of performance. This analysis is relevant for the design of future 

water balance studies since it was shown that high values of Nash Sutcliffe Efficiency 

can have large bias error and flow variability. The spatial analysis of performance 

also identifies regions where the HCDN dataset is not suitable to capture monthly 

water balance dynamics. 

b) The evaluation of performance during different calibration and evaluation periods that 

shows the limitations of the temperature threshold approach to represent the snow 

storage dynamics. These approaches had been presented in the past, but they had not 

reported performance during evaluation period.  
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c) An analysis that demonstrates difficulties of predicting model performance with a few 

catchment descriptors. Studies in the past, had predicted error based on elevation and 

precipitation levels but do not take into account the presence of additional 

geomorphic features that have strong control on performance. The analysis also 

shows how mean annual error estimates can be misleading in the evaluation of model 

performance. 

2.2 On Structural Complexity of Monthly Water Balance Models for the Continental 

United States  

2.2.1 Summary 

This study evaluates the suitability of several candidate model structures for lumped 

water balance modeling across the continental United States, using data from 307 snow-

free catchments. The procedure minimizes hydrologic errors in a transformed flow space 

selected to reduce flow distribution differences among catchments. The models are 

constrained to satisfy several tests of hydrologic consistency, and information criteria are 

used to evaluate model complexity relative to the data. The methods include a calibration 

procedure that minimizes hydrologic errors on a transformed flow space that reduces the 

flow distribution differences among catchments. The results of the paper demonstrate that 

the principle of consistency provides a sensible basis for guiding the selection of model 

structures, and indicate strong spatial persistence of certain model structures across the 

continental United States. The study also provides preliminary explanations of the 
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variability of model performance and the basis for future studies to inquire on the 

persistence of specific model structures. 

2.2.2 Contributions 

The main contributions of this paper include:  

a) A demonstration that the principle of hydrologic consistency based hydrologic 

benchmarks and residual statistics provides a strong basis for guiding selection of 

model structures. This shows a path on how to improve the robustness of model 

identification methods and to facilitate the evaluation of multiple competing model 

hypotheses. 

b) A quantification of the effect of flow transformations for different hydroclimatic 

regimes, and the exploration of a method to optimize the extraction of information for 

each flow level. This call for a shift in the practice from method that seek to 

guarantee  statistical characteristics of the residual errors to approaches that seek to 

maximize the extraction of information from the available streamflow series.  

c) An analysis of the variability of model structures that show their spatial persistence 

and present possible reasons for difference of model performance. Previous of the 

studies have not reported in detail the variability of model structures in the United 

States. 
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2.3 A Penalized MSE Approach for Improved Identification, Calibration and Evaluation 

of Models 

2.3.1 Summary 

This paper is part of an effort to improve diagnostic power in model evaluation. It 

discusses how any aggregate measure of model performance can easily be modified via a 

penalty function approach to ensure proper reproduction of important system behaviors, 

thereby avoiding the need to implement formal multi-criteria optimization. To illustrate 

the approach, the paper presents a penalized MSE criterion to calibrate a monthly water 

balance model to 241 watersheds in the United States, discusses the impact on estimated 

values of parameters, and shows that the consequent hydrologic performance of the 

model is improved. The analysis and results help further our understanding of how 

performance criteria should be constructed and applied in the identification, calibration 

and evaluation of models. 

The paper discusses some of the limitations of using an aggregate squared-error type 

model performance criterion, in a single-criterion mode, for model identification. The 

theoretical results are easily generalized to other aggregate squared-error type 

performance measures, such as those obtained by non-linear transformations (e.g., 

logarithm or power) of the model outputs. We show that single-criterion calibration using 

such a measure can result in model parameters that do not preserve important 

hydrological (statistical) properties of the catchment output response; here we focus on 
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long-term water balance (mean error) and variability (variance error) violations, which 

are explicit components of the overall MSE (and hence NSE).  

2.3.2 Contributions 

The main contributions of this paper include:  

a)  A detailed explanation of the effect of the interaction of error components for the 

theoretical relationship between Nash Sutcliffe Efficiency and flow correlation, as 

well as a simple approach to augment MSE based criterions to ensure proper 

reproduction of system behaviors. This penalization strategy can be used to eliminate 

the problem of interaction of error component but also serve as link to existing 

penalization techniques in numerical methods. 

b) A demonstration of the practical consequences of the penalization approach by 

evaluating the calibrations of the ‘abcd’ monthly water balance. The penalization 

approach clearly gives better representation of catchment hydrological behavior and 

generates changes on the parameter space that can be interpreted in terms of the 

model formulation. 
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Abstract 

Continental-scale water balance (WB) assessments are important for characterizing 

hydrologic systems and understanding regional scale dynamics, and for identifying 

hydro-climatic trends and systematic data biases. However, it is not clear whether 

existing models can reproduce the catchment dynamics observed in nature. Nor has our 

ability to evaluate model results kept pace with computational and data processing 

abilities. Consequently, methods for diagnostic model evaluation and improvement 

remain weak.  

There is a need for well-conceived, systematic strategies to guide model selection, 

establish data requirements, estimate parameters, and evaluate and track model 

performance. We examine these challenges in the context of monthly WB modeling for 

the conterminous US - by applying the ‘abcd’ model to 764 catchments selected for their 

comprehensive coverage of hydro-geological conditions. By examining diagnostically 

relevant components of model error, we evaluate the details of its spatial variability 

across the continental USA. Model performance, parameters and structures are found to 

be correlated with hydro-climatic variables. However, our results indicates a need for the 

conventional identification approach to be improved – because they do not constrain 

models to reproduce important hydrological behaviors, reported values of NSE or r2 

performance can be misleading. Further, we must establish suitable model hypotheses 

with appropriate spatio-temporal scale for each hydro-climatic region. Until these issues 

are resolved, such models cannot reliably be used to infer the spatio-temporal dynamics 
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of continental-scale water balance, or to regionalize model structures and parameters to 

ungaged locations. 

A.1  Introduction 

Model-based projections of the impacts of hydro-climate variability and non-

stationarity on water resources underpin policy-relevant decision-making of major 

national and international significance [Milly et al., 2008]. Continental scale Water 

Balance (WB) assessments can facilitate quantification of dynamic changes in water 

availability [Arnell, 1999], and help to communicate anticipated hydrologic impacts. 

While streamflow forecast systems at the local scale continue to improve (employing 

ever more sophisticated models), the simple WB model remains an important tool for 

characterization of hydrologic systems, and for identifying changes in hydro-climatic 

trends, systematic biases in data, and other potential problems. Similarly, while regional 

scale Land Surface models and global scale General Circulation Models will continue to 

improve (both in accuracy and detail), an improved understanding of local and regional 

scale WB dynamics can help in evaluating the implications and impacts of future change 

[Rodell et al., 2004].  

With six decades of advances in hydrology, data acquisition, and computing 

technologies, we can now (in principle) represent the physico-climatic conditions 

impacting water-related processes in considerable variety and detail. However, in any 

specific model application, there remains considerable ambiguity regarding which 
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processes to include [Sivapalan et al., 2003], making it difficult to produce reliable 

mappings of model-to-catchment-characteristics [McDonnell and Woods, 2004]. As a 

community, we need to move towards broader and more general solutions rather than 

focusing on catchment specific solutions [Andreassian et al., 2007]. In the context of this 

paper it is relevant that it is not at all clear whether existing conceptual representations 

are sufficient to represent the variety of natural catchment conditions observed in nature 

(climate, soils, topography, land cover, etc.), even for the relatively simple task of 

representing catchment-scale monthly water balances across the continental USA. 

Further, while our ability to perform complex model simulations while processing 

large volumes of data has improved dramatically, our ability to assimilate and evaluate 

model results has not kept pace. The process of model building and diagnostic evaluation, 

analogous to the ‘learning’ problem, is not trivial [Gupta et al., 2008]. While some 

progress has been made on quantitative methods for evaluating the accuracy and 

precision of model predictions, qualitative methods for the evaluation of model 

consistency are poorly developed [Sivapalan, 2005] and remain weak at providing clear 

guidance for model improvement and correction.  

A.1.1 Study Goals and Scope 

There is a clear need for well-conceived and systematic strategies for selecting 

model structures, establishing data requirements, estimating parameters, evaluating and 

tracking model performance, and diagnosing model deficiencies so that improvements 
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can be made. These challenges can be better understood by first examining them in the 

context of simpler modeling situations.  

This paper therefore aims to understand the difficulties involved in WB model 

development. For the results to be generalizable, we emphasize the use of data from large 

numbers of catchments, and are interested in finding ways to automate the process. In 

particular, we examine the problem of monthly WB assessment across the continental 

USA, and begin with a prior conceptual hypothesis regarding dominant WB processes 

based on the popular ‘abcd’ model [Thomas, 1981] used in several intercomparison 

studies [Alley, 1984; Vandewiele and Xu, 1992; Makhlouf and Michel, 1994; Mouelhi et 

al., 2006]. While this initial hypothesis may not be appropriate for all the locations tested, 

we are interested in whether it can be supported or contravened using the available data.  

For data, we exploit the monthly climate database prepared by Vogel and 

Sankarasubramanian [2005] from the Hydro-Climatic Data Network (HCDN) 

Streamflow data set compiled by the USGS [Slack et al 1993]. We use a subset of 764 

stations, selected for comprehensive coverage of hydro-geological conditions and 

common time period. This large dataset presents significant challenges to automation of 

the process, including a) selection of model structures, b) calibration and evaluation of 

model performance over hundreds of basins, and c) strategies for making improvements 

to the model in a systematic way. With regard to this latter point, we seek to improve our 

understanding about how to formally diagnose the causes of model inadequacy thereby 

leading to their resolution [Gupta et al. 2008]. 
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The goal outlined above is ambitious. This paper will focus, therefore, on the 

following questions:  

(1) How to conduct a “robust” first-level evaluation of monthly WB model 

performance?  

(2) How well does the ‘abcd’ model perform at the monthly time step over the 

continental USA? 

(3) What kinds of hydro-climatic and physical information can help in the 

classification of catchments and in explaining dominant processes and model 

performance at the monthly time step? 

(4) In which geographical regions is the HCDN dataset capable of representing the 

dynamics of the monthly water balance? 

Section 2 of this paper provides background regarding water balance modeling, 

conceptual models and catchment classification for model selection. Section 3 contains a 

description of the methods and data used in the analysis. Sections 4 through 7 present the 

results of the diagnostic model evaluation. Section 8 discusses the results in the context 

of previous work. Sections 9 and 10 present and discuss our conclusions, and recommend 

directions for future work. 
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A.2  Previous Work 

Water balance models (WBM) represent simple, yet refined, ways to understand 

hydrological processes and their interactions at the catchment scale. They can be used to 

anticipate changes in catchment behavior and to evaluate consequences of natural and/or 

human-induced changes to the system [Wang et al., 2009]. Such models use precipitation 

and potential evapotranspiration or temperature as input, and generate estimates of 

catchment storage, actual evaporation and runoff.  

Since WBMs were first applied for agricultural planning [Thornthwaite 1948], they 

have been used in the context of design and control of water resource systems [Alley 

1985; Xu and Vandewiele 1995], understanding the regional hydrologic impacts of 

climatic change [Gleick 1987; Guo et al. 2002], and parameter regionalization studies 

[Fernandez et al. 2000; Vandewiele and Elias 1995; Kling and Nachtnebel 2009], among 

others. Vandewiele and Xu [1992] describe four broad types of applications: 1) to fill 

gaps in runoff data, 2) to estimate parameters for ungaged basins, 3) to generate estimates 

of soil moisture, and 4) to disaggregate model results to shorter time scales.  Xu and 

Singh [1998] provides a comprehensive review.  

To test WBMs it is now common to use large numbers of catchments at national, and 

in some cases multinational, scales; examples include Vandewiele and Xu [1992] (79 

catchments); Makhlouf and Michel [1994] (91); Hay and McCabe [2004] (44); Perrin et 

al. [2001] (429); Mouelhi et al. [2006] (410); Zhang et al. [2008] (265); and Perrin et al. 

[2008] (900). In the USA, continental scale investigations include studies of long-term 
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water balance [Milly, 1994; Wolock and McCabe, 1999; Sankarasubramanian and Vogel, 

2002a], evaluation of land management scenarios and potential impacts of climate change 

[Arnold et al., 1999; Thomson et al., 2005], and generation of a widely used 50-year 

dataset of water/energy fluxes at the 3-hour time step [Maurer et al., 2002]. Of direct 

relevance to our study, Hay and McCabe [2002] calibrated a model to 44 catchments and 

then extrapolated monthly WBM performance to 1646 catchments across the USA via a 

regression based on physical descriptors estimated from the calibrated catchments. 

In such studies, evaluation of model results is generally based on the mean squared 

error criterion (MSE) computed on the flows (or log or square root transformation of the 

flows), or its related normalization the Nash Sutcliffe Efficiency statistic (NSE) [Nash 

and Sutcliffe, 1970], along with some estimate of the bias. Calibration methods include 

step-wise parameter estimation [Xiong and Guo, 1999], simultaneous search [Wang et al., 

2009] using global algorithms such as SCE-UA [Duan et al., 1992], and parameter set 

libraries based on a similarity measure [Perrin et al., 2008]. While studies generally 

include some subjective level of diagnostic evaluation, it is not common to analyze the 

hydro-geo-climatic reasons for differences in model skill, or the reasons for poor 

performance. Further, it is not common to analyze the physical or hydro climatic 

conditions under which particular model structures are appropriate. The typical goal of 

most studies is to justify a particular ‘new’ model or family of models.  

Much of the catchment classification work is focused on issues of risk and water 

resources management [Acreman and Sinclair, 1986; Wardrop et al., 2005] using 
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statistical methods (clustering, principal components and discriminant analyses) applied 

to predominant physical characteristics (climate, land cover, soils, etc). Recently, the 

important role of classification for integrating our understanding of hydrologic systems 

has been recognized. Wagener et al. [2007] review existing approaches to catchment 

classification and suggest 4 essential requirements for a general scheme. Berger and 

Entekhabi [2001], Yadav et al. [2007] and Bai et al. [2009] use similarity indices and 

hydrologic signatures to discriminate catchments based on dominant behaviors, functions 

and processes. Dunne [1983] presents a diagram connecting runoff processes to climate, 

land cover, topography and soils control. Wolock and McCabe [1999] study the principal 

aspects explaining spatial variability in mean annual runoff for the 344 climate divisions 

in the conterminous USA. Berger and Entekhabi [2001] and Sankarasubramanian and 

Vogel [2002b] develop regression relationships to estimate runoff ratios from catchment 

descriptors. Winter [2001] introduces the concept of hydrologic landscape regions (HLR), 

and classifies the USA landscape in terms of land-surface slope, hydraulic properties of 

soils, geological setting, and difference between precipitation and evapotranspiration.  

Datasets have been created to study aspects of catchment function related to climate 

and other physical variables (Smith et al. [2004], Duan et al. [2006]). In the USA, the 

principal mechanisms for cataloging river basin information are the Hydrologic Unit 

Maps and Hydrologic Unit Codes (HUC; Figure 1), which organize catchments in terms 

of geographic location. Lins [1997] points out that, although an important tool for 

catchment management, the HUC classification is based only on topographical 
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information and does not capture other important aspects of system hydrology such as 

patterns of streamflow.  

In summary, while considerable work has been done to evaluate monthly WBMs for 

various locations and under specific conditions, no extensive analysis of model 

performance (and associated structures and parameters) for different hydro-climatic and 

physiographic conditions has been reported. At the continental scale, model evaluation 

has typically been done only at the outlets of large catchments, or streamflow estimates 

reported on flow grids at the annual time-scale. Further, classification systems based on 

catchment characteristics and/or dominant processes are rarely used to aid in the 

specification of model structures. With this paper, we hope to encourage more rigorous 

evaluation and diagnosis of hydrologic models, using the large catchment datasets 

available in the US to evaluate and discuss model hypotheses and identification methods, 

and to identify locations where existing model representations are not adequate. 

A.3  Methods and Data Sets 

A.3.1 Model Identification 

Model identification involves a recursive set of steps including a) selection of study 

sites and data, b) selection of a model hypothesis to be tested, c) calibration of the model, 

d) evaluation of model performance and assessment of adequacy, e) modification of the 

model hypothesis, and f) re-iteration of these steps until satisfied. In practice, more than a 

single iteration is rarely achieved. Further, the model evaluation process remains 
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diagnostically weak, with little guidance towards productive directions for model 

improvement [Gupta et al., 2008]. Model correction therefore depends highly on the 

creativity of the practitioner and remains more of an art than a science [Savenije 2008].   

One of our goals is to understand how to diagnose causes of model inadequacy, 

leading to their resolution. Therefore we will adopt the following general procedure: 

1) Begin with a ‘simple’ problem 

2) Establish an informative data set D 

3) Select a Conceptual Model Structure (Hypothesis H = C) 

4) Select a Mathematical Model Structure (Hypothesis H = M|C) consisting of a set 

of model equations M consistent with the conceptual model C 

5) Select model parameters θ that ‘calibrate’ the model to the data (Parameters 

θ|H,D), by maximizing the Likelihood L(D|H,θ) that the data could have been 

generated by the model 

6) Evaluate the suitability of the model (Examine H|D) 

7) Diagnose model problems 

8) Propose model corrections 

9) Return to one of the earlier steps as appropriate and iterate 

10) Repeat entire procedure on a more complex problem 

This procedure can be generalized to handle multiple conceptual and mathematical 

model structures examined at the same time [Neuman, 2003; Clark et al., 2008], and 
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issues of space and time scale [Blöschl, 2006]. Here, the problem is monthly water 

balance modeling for the continental US using an available data set of 764 catchments. 

We use several physical and climatic descriptors to explore the causes of good and bad 

model performance. Our initial conceptual model and mathematical model structure is 

based on the ‘abcd’ model applied in lumped fashion at the catchment scale and monthly 

time step; note that issues of spatially distributed modeling and finer time scales (while 

arguably important) are not examined here. Within this context, we investigate the 

process of model performance evaluation from a diagnostic perspective, leading to a 

proposal for modifications to the model hypothesis and improvements in the procedure 

used for model calibration. We also explore relationships that seek to explain model 

performance and parameter estimates based on the descriptor variables.  

Due to the complexity of the analysis, and sheer volume of results to be analyzed and 

presented, this paper will report only on the first iteration through the model 

identification loop presented above. However, we go further than previous studies in that 

we establish a clear basis for the next iteration through the loop, the results of which will 

be reported in follow-up publications.   

A.3.2 Data Sets  

Vogel and Sankarasubramanian [2005] compiled a hydro-climatological data set of 

monthly streamflow, precipitation, potential evapotranspiration, and average daily 

minimum and maximum temperatures for 1376 catchments in the USA using catchment 
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boundaries derived from a 30 arc-second DEM. The streamflow data was compiled by 

the USGS [Slack et al., 1993] to be representative of the climatology of the continental 

USA while being relatively unaffected by human influences such as streamflow 

regulation, impacts of groundwater pumping, or changes in measurement device. Lumped 

average values of precipitation and average minimum and maximum daily temperature 

data were computed by the PRISM climate analysis system (Precipitation Elevation 

Regression on Independent Slopes Model; Daly et al., [1994]), interpolated from point 

measurements onto a 2.5 min (~4 km) grid while correcting for topography (elevation) 

and other factors. Monthly potential evaporation was estimated using the Hargreaves and 

Samani [1982] method. 

In this paper, we use a sub-set of 764 catchments (Figure 1) for which data spanning 

a common 40-year time period (water years 1951-1990 inclusive) are available. The log-

areas of the catchments are approximately normally distributed around a median of 1200 

km2, with 95% of the catchments being between 200 and 15,000 km2. The lowest 5 

percentile of catchments (areas < 200 km2) are located mainly in the New England region 

(HUCs 01 and 02), mountains of California (HUC 18), and headwaters of the Colorado 

and Rio Grande River basins. The largest 5% of catchments (areas > 15,000 km2) are 

located mainly across the Northern Plains and the South Atlantic-Gulf / Texas-Gulf 

regions; the two very largest catchments (222,000 and 308,000 km2) are in the Upper 

Mississippi basin. Other data used in computing catchment descriptors include HCDN 

auxiliary tables of catchment area, hydro-climatic variables, topographic parameters, soil 
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properties and variables related to temperature and energy balance [Vogel and 

Sankarasubramanian, 2005], the USGS Hydrologic units map [Seaber et al., 1987], and 

the Hydrologic landscape regions HLR map [Wolock et al., 2004]. 

A.3.3 Catchment Descriptors 

General catchment descriptors in the HCDN database include indices derived from 

time series of precipitation (P), streamflow (Q), potential evapotranspiration (PE), and 

temperature (T). These ‘descriptor variables’ include:  

a) Major indices of hydro-climatology, including runoff ratio (Q/P), aridity index 

(PE/P), evapotranspiration ratio ((P-Q)/P=E/P), and mean annual temperature 

(Ta). 

b) Major physiographic indices, including catchment area, average elevation and 

slope derived from a 1-km digital elevation map (DEM). 

c) Variables related to snow dynamics, including average temperatures for different 

times of the year, average snow water equivalent (SWE), average aspect, 

percentage of precipitation as snow (PPS), and heating and cooling degree days. 

d) Streamflow indices, including Base Flow Index (BFI) and baseflow normalized 

by precipitation (BF/P) [Institute of Hydrology 1980], and flow duration curve 

indices such as the flow magnitude for the lowest 1st percentile (Q1p). 
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In the context of this work, the catchment descriptors we use are mainly mean areal 

averages. Of course, such average descriptors may not adequately represent the diverse 

characteristics of large catchments, particularly with regard to physical properties and 

snow related information. In this study, we apply this simple aggregate approach with a 

view to determining whether there are area thresholds above which the lumped approach 

is inadequate, rather than imposing some arbitrary threshold a priori.   

A.3.4 Model Hypothesis 

We select the ‘abcd’ model formulation [Thomas, 1981] to represent our initial 

WBM hypothesis for regions where snow accumulation and melt is not a significant 

component of the monthly water balance. The model is based on the Thornthwaite [1948] 

conceptual framework for parsimonious WB modeling, but incorporates a more realistic 

representation of infiltration by allowing streamflow to occur even under conditions of 

moisture deficit (Figure 2). It applies the continuity equation to a control volume 

representing the upper soil zone, from which evapotranspiration is assumed to occur, so 

that: 

1−−=∆=−−− tttttt XUXUXUQUREP     (1) 

where Pt is total precipitation for the month, Et is actual evapotranspiration, Rt is recharge 

to groundwater storage, QUt is upper zone contribution to runoff, and XUt and XUt-1 

represent upper soil zone soil moisture storage at the current and previous time steps 

respectively. Equation 1 can be rearranged to obtain ttttt RQUXUEXUP +++=+ − )()( 1
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, which facilitates definition of the two main state variables of the model, “available 

water” ( 1−+= ttt XUPWA ) and “evapotranspiration opportunity” ( ttt XUEEO += ) 

[Sankarasubramanian and Vogel 2002a]. A key assumption is that EOt is non-linearly 

related to WAt in a manner such that EOt increases quickly with available water for WAt < 

b (water limited conditions), but asymptotically approaches a maximum constant value of 

b for Wt >> b (energy limited conditions): 

a
bWA
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bWA
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tt
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in a manner analogous to the Budyko relationship [Budyko, 1974]. The parameter ‘a’ 

controls the concavity of the relationship between WAt and EOt and emulates the 

“propensity in many catchments for runoff to occur well before the soils are saturated to 

capacity” [Thomas, 1981]. The parameter ‘b’ represents the water holding capacity 

(proportional to depth) of the upper soil zone.  

Evapotranspiration opportunity EOt is further partitioned into actual 

evapotranspiration Et and residual soil moisture storage XUt by relating the rate of soil 

moisture loss to potential evapotranspiration, leading to the non-linear relationship 

{ })/exp(1 bPEEOE ttt −−⋅= . Water available for runoff (WAt – EOt) is further 

partitioned into upper zone contribution to runoff QUt and recharge to groundwater Rt by 

the parameter ‘c’, according to )()1( ttt EOWAcQU −⋅−=  and )( ttt EOWAcR −⋅= . 

Recharge Rt is added to the lower soil zone state variable XLt-1 and baseflow to the stream 
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is computed according to the linear recession relationship )( tt XLdQL ⋅= . Using 

continuity, we update ( ) ( ) 1
1 1 −
− +⋅+= dRXLXL ttt .  Finally total streamflow is computed as 

ttt QLQUQ += . 

For regions dominated by snow dynamics, we construct an augmented ‘abcd-snow’ 

model by including a simple temperature-based snow accumulation and melt component 

(Figure 2, dashed lines), so that total precipitation PTt is partitioned into precipitation as 

rain PRt and precipitation as snow PSt according to:   
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where min
tT  is the average daily minimum temperature for the month, Train is the 

temperature threshold above which all the precipitation falls as liquid water, and Tsnow is 

the temperature threshold below which all the precipitation falls as snow. Accumulated 

snow water equivalent, represented by the state variable XSt, is stored in an infinite 

capacity tank which releases snowmelt SMt at a rate determined by the melt coefficient m 

and the temperature thresholds according to:  
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This WBM formulation does not model snow sublimation or other, more complex, 

spatio-temporal dynamics of the snow accumulation/ablation process. Precipitation 

multipliers were not used since we assume that the PRISM approach has largely 

corrected for precipitation measurement biases [Daly et al. 1994]. Further, we assume 

that the effects of sub-monthly distribution of timing and intensity of precipitation events, 

potential evapotranspiration and temperature variations, and other factors are negligible. 

McCabe and Wolock [1999] and Hay and McCabe [2002] have used similar approaches. 

A.3.5 Snow & No-Snow Classification of Catchments  

Our model hypothesis requires that the catchments be classified as ‘snow’ or ‘no-

snow’ based on whether snow accumulation/melt dynamics are believed to play an 

important role. Several approaches were tested, based on an evaluation of winter season 

average temperatures, variation of runoff ratios at the end of winter, estimates of PPS 

reported in the HCDN database (see Figure 1), remote sensing information, and DEM and 

catchment boundaries. Via experimentation, we settled on the following two-step 

procedure: 1) First classify the catchments with regard to predominant snow cover type 

using the raster map dataset prepared by Sturm et al. [1995], 2) Next manually correct 

the classification of catchments in transition zones. For the latter step, a visual inspection 

of GIS information was conducted to check locations of catchment boundaries and to 

examine factors such as elevation, headwater location, PPS and winter average 
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temperature. ‘No-snow’ catchments having headwater areas in snow regions or at high 

elevations close to snow regions were reclassified as ‘snow’.  

Based on this, 241 catchments are classified as ‘no-snow’ (meaning ephemeral snow, 

for which the four parameters (a, b, c, d) and two initial states (XU0, XL0) of the ‘abcd’ 

model must be estimated. The remaining 523 catchments are classified as ‘snow’ for 

which the additional three parameters (Train, TΔ, m) of the augmented ‘abcd-snow’ model 

must be estimated, where TΔ = Train
 – Tsnow represents the width of the rain-snow 

transition interval. Because the simulation period begins on October 1, the initial snow 

accumulation XSo is assumed to be zero; while this assumption may not be strictly correct 

for some locations, a check showed little sensitivity to the assumption. While significant 

consistency was observed in the variables used for ‘snow’ to ‘no-snow’ classification, it 

was not find to be possible to achieve the partitioning in a simple manner using a single 

set of descriptors. In general, we observed that: 

a) 96% of ‘no-snow’ catchments occur at elevations < 1000 m, while 45% of the 

‘snow’ catchments have mean elevation > 500m and 28 % are higher than 1000m.  

b) 67% of ‘snow’ catchments have PPS > 10%, while 80% of ‘no snow’ catchments 

have PPS < 5% (with only 3 catchments above 10%).  

c) 67% of ‘no-snow’ catchments have average max temperature > 10°C in winter 

(Dec, Jan, Feb), while only 1% of ‘snow’ catchments are above this threshold. 
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d) Runoff ratios are larger for snow catchments; 29% of ‘snow’ catchments have 

Q/P > 0.5 compared to 11% for ‘no-snow’ catchments.  

e) Other variables, including catchment area and aridity index, did not exhibit 

‘snow’ to ‘no-snow’ discriminator power.  

A.3.6 Calibration Approach 

To characterize the hydro-climatic locations and conditions under which the selected 

model hypotheses are (and are not) adequate, we calibrate the appropriate model structure 

to match the 1951-1960 ten-year period input-output behavior at each of the 764 

catchments, via conventional single-criterion optimization (parameter estimation) using 

the Shuffled Complex Evolution (SCE-UA; Duan et al. [1992]) algorithm to minimize 

the MSE criterion. A preliminary analysis testing different criteria (including Mean 

Absolute Error and log transformations of the flows) on a subset of catchments showed 

the MSE to give generally good results at the monthly time step when evaluated via 

visual examination of hydrographs and various measures including overall streamflow 

bias [Martinez 2007]. The use of MSE is consistent with the work of Thomas [1981], 

Alley [1984], Vandewiele et al. [1992] and Makhlouf and Michel [1994]. Feasible 

parameters ranges were specified as follows. Parameters a, c, d and m (dimensionless) 

were allowed to vary on [0, 1]. Parameter ‘b’ (mm), and initial states XU0 and XL0 were 

allowed to vary on [0, 4000], to avoid hitting the bounds. Parameter Train (°C) was 

allowed to vary on [-10 10] and parameter TΔ (°C) was allowed to vary on [0 to 100]. 
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These large ranges were used because the catchment average representativeness of 

PRISM temperature estimates varies with catchment area [Daly et al 1994].  

A.4  ‘Classical’ Evaluation of Model Performance 

For an initial evaluation of model calibration results we examine the NSE statistic of 

similarity between simulated and observed flows ( 2/1 oMSENSE σ−= where 2
oσ  is 

variance of the observed monthly flows). Although the NSE has inherent limitations 

[Schaefli and Gupta 2007], it is the criterion most commonly used and therefore allows 

relative comparison with other studies. Figure 3 shows a clear correspondence between 

calibration period NSE and geographical characteristics. The PPS contours (dashed lines) 

were used as guidance in the snow vs. no-snow classification. The cumulative distribution 

function (cdf) of NSE (inset) shows the range of model performance achieved, and is used 

to categorize performance into four groups, namely ‘good’, ‘acceptable’, ‘poor’ and 

‘bad’. An examination of separate NSE cdf’s for snow and no-snow basins (not shown) 

shows rapid deterioration in performance below threshold values of 0.63 and 0.67 

respectively. We therefore subjective select the (conceptually reasonable) threshold 

values of 0.75, 0.67 and 0.59 to partition catchments into ‘good’ (1.0-0.75), ‘acceptable’ 

(0.75-0.67), ‘poor’ (0.67-0.59), and ‘bad’ (<0.59) model performance respectively. 

Consequently (Table 1), shows that 92% of the no-snow and 81% of the snow catchments 

are classified as ‘acceptable to good’ - these are located predominantly in the wetter 

eastern USA and western coast. Meanwhile 8% of the no-snow and 19% of the snow 
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catchments are classified as ‘poor to bad’ – these tend to occur more in the drier central 

regions. Interestingly, model performance in the southeastern USA decreases with 

proximity to the ocean, and also as we move from humid towards sub-humid and arid 

regions.  

Model performance also shows strong correspondence with major hydro climatic 

controls. A decision tree analysis indicates that the E/P ratio (indicating wetness) and the 

mean annual temperature Ta have the greatest power to explain differences in NSE 

performance (see Appendix for details). Interestingly, non-hydro climatic variables do 

not help to explain differences in model performance. In fact we see only slight 

deterioration in calibration period NSE with catchment area – 90% of the smallest 

catchments (area < 200 km2), 80% of the intermediate catchments, and 66% of the largest 

catchments (area > 15,000 km2) including the four largest catchments, have performance 

in the ‘good’ to ‘acceptable’ range. In general, worst performance occurs for water 

limited catchments having a high E/P ratio. 

In testing the model hypothesis on ‘snow’ catchments, we calibrate both ‘abcd’ and 

‘abcd-snow’ model structures, expecting to see a statistically significant difference in 

performance for catchments where snow dynamics constitute a significant part of the 

water balance. Figure 4 compares NSE performance with and without the snow 

component. For several catchments, corresponding mainly to the Rocky Mountains in the 

west and New England in the northeast, NSE improves dramatically from NSE ~ 0.1-0.3 

to NSE ~ 0.7-0.9, supporting the use of the augmented model. However, 50% of the 
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catchments show less than 0.05 improvement in performance, and 28% show 

improvements smaller than 0.01. The latter are generally located in the East-Central 

region, constituting the buffer zone between catchments classified as snow and no-snow 

(hatched region in Figure 1). This result suggests that the latter catchments should be 

reclassified as ‘no-snow’, or (as suggested by a reviewer), that our classification into only 

two categories (snow vs. no-snow) is not sufficient, since catchments with consistent 

winter snow cover area may be easier to model than those with variable cover.  In support 

of this, an examination of the National Climatic Data Center atlas [2002] revealed that 

catchments with largest improvement in performance are those having greater than 56 

days/year with daily average snow depths larger than 250 mm, while catchments with 

marginal performance improvements have very few snow days and relatively small 

average snow depths. 

A.5  ‘Diagnostic’ Evaluation of Model Performance 

The assessment in section 4, while useful to isolate problems in calibration 

methodology and to identify regions having different levels of performance, is limited by 

weaknesses inherent in use of NSE as a performance measure. Gupta et al [2009] show 

that NSE decomposes into three terms - bias error, variance error and linear correlation – 

which measure different aspects of model performance: 

 222 nrNSE βαα −−=       (5) 
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Here α is the ratio of standard deviations ( os σσα /= ) of the simulated and observed 

quantities being compared, βn is the long-term simulation bias normalized by the 

observed standard deviation ( oosn σµµβ /)( −= ), and r is the linear correlation 

coefficient. When optimizing on MSE (or NSE), interdependence among these 

components can cause the model to exhibit significant bias and variance errors. Further, 

although the optimal value for βn = 0, the optimal value for the standard deviation ratio is 

α = r which is always less than 1.0, so that the ‘MSE-optimal’ model will tend to 

underestimate the variability of the flows.   

Substituting βn = 0 and α = r into equation 5 we get NSE ~ r2, a fact which can be 

verified by plotting the results for our 764 catchments (Figure 5a); the calibrated points 

fall very close to the NSE = r 2 line. However, Figures 5b and 5c show that even 

catchments with high NSE can have significant errors in reproduction of first and second 

moment statistics (μo and σo) of the flows, indicating that NSE after optimization is 

dominated by r while being relatively insensitive to errors in reproduction of the long-

term mean and variability of flow. Further, since α  r during calibration with NSE, 

there is a strong tendency to underestimate the observed flow variability – this is true 

even if the model does have the capability to simulate the observed variability of flows 

(of course, in some catchments it may not be able to do so due to severe model structural 

or input errors). Since the goal of WB modeling is to simulate the dynamics of catchment 

water balance, the model should be capable of generating accurate estimates of mean and 
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variability of flow (unfortunately, we do not have data to test other fluxes). Therefore, we 

next look more closely at the distribution of model performance obtained, and reclassify 

the results based on their success in reproducing the long-term mean and standard 

deviation of monthly flow. 

First we assess model performance in terms of water balance error Δμ = (μs-μo). 

Because this can be assessed either in terms of fraction of streamflow (Δμq/μq) or fraction 

of precipitation (Δμq/μp), we examine both quantities. Figure 6a plots Δμq/μq against 

Δμq/μp, showing, as expected, that the quantities are strongly correlated. Selecting 5% and 

10% as performance thresholds on Δμq/μq  (streamflow), corresponding to 2% and 4% 

thresholds on Δμq/μp  (total precipitation), we group the calibrated catchments into three 

bias-error classes (Table 2), ‘good’ (71%), ‘acceptable’ (17%) and ‘bad’ (11%). For no-

snow catchments, the catchment descriptors explaining differences in water balance 

performance are Q/P (runoff ratio) and PE/P (aridity ratio). Catchments with large 

positive bias tend to be in arid regions (Q/P < 0.25 and PE/P > 1.4) scattered mainly 

along the central US humid-arid transition zone, while catchments with large negative 

bias tend to be in humid regions (high Q/P and low PE/P), predominantly in the 

Appalachian Mountains. For snow catchments the behavior is similar; those with negative 

bias are located along the Appalachian Mountains and those with positive bias are 

throughout the central US. Additionally, variables controlling snow storage such as  

annual temperature and elevation appear to have some discriminatory power. 
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Next we assess model performance in terms of reproduction of flow variability 

defined as %Δσq/σq (Figure 6b); note that Δσq/σq =(α-1). Setting 15% and 30% as 

performance thresholds on %Δσq/σq (α = 0.85 and 0.70), we group catchments into three 

variability-error classes, ‘good’ (40%), ‘acceptable’ (52%) and ‘bad’ (8%). As predicted 

by theory, all but one of the calibrations obtained by maximizing NSE have negative 

%Δσq/σq, meaning that they underestimate the variability of the flow distribution. The 

most significant variability-errors occur for catchments in the Northern Plains and the 

Western Texas/Gulf region. In general, variability error is worse for drier regions (Q/P < 

0.15 and PE/P > 1.4).  

Combining the discrimination of catchments based on NSE, %Δμq/μq and %Δσq/σq, 

we re-classify the 764 catchments (Figure 7) into those having ‘good’ performance on all 

three measures (44%), ‘bad’ performance on any of the three measures (25%), and all 

others classified as ‘acceptable’ (31%).  Good performance tends to be located in the 

lower Mid-Atlantic region (HUC 02), Ohio (HUC 05), upper South-Atlantic-Gulf (HUC 

03), and for catchments scattered along the west coast and Northern Rocky Mountains. 

Bad performance tends to be located along the Appalachian Mountain divide (especially 

northern portion of HUC 02), the northern plains, the central US, the northern Rio 

Grande (HUC 03) and Upper Colorado, and the Sierra Nevada and Pacific Northwest 

regions of the West Coast. Acceptable performance is scattered throughout the US. 

For no-snow catchments, the descriptor having greatest power to explain differences 

in overall calibration performance is Q/P. In general, catchments having intermediate 
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values of runoff ratio (0.27 < Q/P < 0.75) have ‘good’ performance, while catchments 

with extreme values for Q/P have ‘bad’ performance. For catchments with 0.02 < Q/P < 

0.27, the catchment area and magnitude of lowest flows also show some discriminatory 

power. For example, in this interval, performance is ‘good’ for all catchments with areas 

less than 500 km2 while ‘bad’ performance is more common for catchments having low 

flow magnitude for the lowest 1st percentile (Q1p).  

For ‘snow’ catchments we were unable to find a unique set of catchment descriptors 

that explain overall calibration performance. Therefore we conducted the analysis 

separately for three distinct geographical regions. For the Mountainous Western USA 

(HUC 13 to 18), catchments with higher mean annual temperature (Ta > 6ºC) have ‘good’ 

performance, while ‘bad’ performance is common for catchments with low mean annual 

temperature (Ta < 6ºC) and high runoff ratio (Q/P > 0.60). It is possible that the large Q/P 

observed at high elevations may be indicative of underestimation of precipitation (a 

violation of our study assumption). These stations are also characterized by high Snow 

Water Equivalents, low winter temperatures, and large low magnitude flows (Q1p). Note 

that Daly et al. [1994] warn that PRISM interpolations of precipitation and temperature 

may have limitations in this region. 

For the Arid North Central USA (HUC 07, 09, 10), ‘bad’ performance occurs for 

relatively arid catchments with low runoff ratio (Q/P < 0.14), high evapotranspiration 

ratio (E/P > 0.85), small low flow magnitude (Q1p), and low PPS (10-20%). For this 

region, Hughes and Robinson [1996] report high inter-annual variation of precipitation 
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and snow. It is also well known to have a high percentage of irrigated cropland and bare 

ground land cover, and the presence of potholes in the northern prairies [Euliss et al. 

1999]. The poor performance could be due to many causes including snow sublimation, 

and groundwater and evapotranspiration loss. Further, an Artificial Neural network 

analysis [Martinez 2007] suggests inadequate information content of the available data.  

For the Eastern USA (HUC 01, 02, 04, 05) ‘bad’ performance occurs for catchments 

with medium to high runoff ratios (Q/P > 0.46) and higher mean annual temperatures (Ta 

> 6ºC). In particular, ‘bad” performance is concentrated on the higher elevations of the 

western face of the Appalachian Mountains, while ‘good’ performance occurs in the New 

England region (HUC 01) where winter temperatures and elevations are lower.  

In general, the major controls on model performance appear to be hydro climatic 

variability and the intermittence of water in the catchments, explained using indices such 

as runoff ratio (Q/P) and aridity ratio (PE/P) and magnitude of 1st percentile flows (Q1p).  

For snow regions, regional discrimination is related to importance of snow storage and 

variability of snow accumulation, explained using indices such as annual temperature 

(Ta). However, geographical and geomorphic controls such as wetlands and potholes, and 

indices of intra-monthly variability, also appear to be important, but were not represented 

in the list of catchment descriptors available for this analysis.  
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A.6  Evaluation of Model Parameters 

A.6.1 Evaluation of Soil Zone Parameters (a, b, c & d) 

To evaluate properties of the calibrated model parameters, we restrict our attention to 

the 127 no-snow and 212 snow (total = 339) catchments where ‘good’ model 

performance is achieved, because for the remaining catchments the parameter estimates 

may either be biased or not meaningful. In general, the estimated parameter values are 

found to fall comfortably within expected ranges reported in the literature (Table 3), 

while for a small number of cases, the parameters fall outside previously reported ranges.  

Parameter ‘a’ (propensity for runoff to occur before complete saturation of the 

catchment): Figure 8a shows that values of a < 0.96 are more common for ‘no-snow’ 

catchments along the West Coast and southern Appalachians Mountains, and for ‘snow’ 

catchments in the Rocky Mountains and Sierra Nevada. No relationship was found 

between the spatial distribution of ‘a’ and physical descriptors, and only a weak 

relationship was found with the hydro-climatic variable E/P (catchments with E/P > 0.48 

tend to have a > 0.95).  

Parameter ‘b’ (upper soil zone water holding capacity): Estimates for ‘b’ vary 

mainly between 100 mm and 1600 mm and, when scaled by 10-year mean annual 

catchment precipitation, ‘b/P’ varies between 0.15 and 1.5. For the majority of 

catchments b/P < 0.5, and only 5% have b/P > 1.0. For snow dominated catchments in 

the Rocky Mountains values of b/P > 0.70 are common, while values below 0.25 occur 
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for a only few catchments in the Pacific Northwest and lower elevations of the Ohio 

Region (Figure 8b). No relationship was found between the spatial distribution of ‘b’ and 

physical descriptors, and only weak relationships were found with BF/P and BFI (note 

that BF/P = BFI*Q/P).  

Parameters ‘c’ and ‘d’ (control degree of recharge to groundwater and its rate of 

release into the river as baseflow): These two parameters show varying levels of 

interaction, depending on activation of the lower zone storage. However, many 

catchments have calibrated values that fall very close to the extreme points of the feasible 

ranges [0 1], which correspond to situations which might be better represented using 

simplified versions of the model. For example c ~ 1 corresponds to little or no quick flow 

contribution to the river, and d ~ 0 corresponds to little or no baseflow contribution. 

Figure 9 shows four different model conceptualizations that might be more appropriate 

for such cases. The standard two-soil-tank ‘abcd’ conceptualization (CM-A) remains 

appropriate when 0.05 < d < 0.95; however, this situation occurs for only ~48% of the 

‘good’ catchments. For the remaining catchments, an alternative conceptualization may 

be indicated; for example structure CM-C may be more appropriate for catchments where 

‘very-low’ values for both ‘c’ and ‘d’ were obtained – these correspond to locations 

where only a single soil zone tank may be required to explain the dynamics of the 

precipitation-runoff process. In general, normal values for these parameters (0.05 < c, d < 

0.95) indicating regions where surface-water storage, groundwater storage, and the river 

are well connected (map not shown), are found mainly along the eastern Appalachians, 
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the lower Upper-Mississippi and Ohio, and between the Pacific Northwest and 

California. This region is relatively humid and energy-limited (PE/P < 1.2, BF/P > 0.11 

and Q/P > 0.17), with more than 34% of total flow comes from groundwater storage (BFI 

> 0.34). Values indicating significant recharge to groundwater, but weak or non-existent 

connection between groundwater storage and the river (d < 0.05) are predominant in the 

Great Lakes region and New England. Values indicating weak connection between 

surface-water and groundwater (c < 0.05), or where the water table is so high that the 

distinction between them is not relevant to catchment behavior, are scattered throughout 

the USA.  

A.6.2 Evaluation of Snow Component Parameters (Train, Tsnow & m) 

As expected, there is strong geographical correspondence between the importance of 

snow storage and magnitudes of the parameters of the snow component (Figure 10). 

Values within the expected ranges are obtained for New England (HUC 01) and across 

the Western US. For Ohio and Upper Mississippi (HUCs 05 and 07), with lower 

importance of snow storage, the parameters tend to fall close to the boundaries, 

suggesting problems with the representation of snow processes in the model. In such 

cases either the snow conceptualization is inappropriate, or the dynamics of snow 

accumulation and melt are not significant for explaining water balance dynamics at the 

monthly time scale. 
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Parameter Train (temperature above which all precipitation falls as rain): Values 

between -2.5ºC and 0ºC are common in the Rocky Mountains, while lower values 

between -5.0ºC and -2.5ºC are seen in New England, suggesting a regional bias in 

temperature for the mountainous catchments since most of the observations are located in 

the lowlands. Very low Train (< -7.0ºC) results in none of the precipitation being 

classified as snow. Such values are obtained for most of the catchments in the snow-to-

no-snow transition zone in the lower Ohio Region, where the snow-model hypothesis 

appears to be ambiguous.  

Parameter Tsnow (temperature below which all precipitation falls as snow): The 

Western USA tends to have higher values of Tsnow than the East. Unreasonably low 

values are found for the snow-to-no-snow transition zone. 

Parameter m (snowmelt rate):

Beyond this, no strong relationships are found between snow parameters and the 

physical descriptors examined. While there is a clear positive tendency in the relationship 

between the temperature thresholds and catchment elevation and slope, and a clear 

inverse tendency between snowmelt rate and catchment elevation and slope, these 

relationships are clouded by the interdependence of topography and temperature. 

 Values between 0.5 and 0.8 are found for the Western 

and Eastern USA, while values close to 1.0 are found for the snow-to-no-snow transition 

zone. 
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A.7  Performance Evaluation on Independent Period 

We next examine model performance on an independent evaluation period not used 

for model identification. Specifically, the 764 catchment-calibrated models are evaluated 

on the decade 1981-90, using the diagnostic approach to classify catchment-model 

performance. In doing so, we recognize that it is typical for model performance to 

deteriorate somewhat when going from a calibration period to any period not used for 

calibration – this happens due to several reasons, including a) an unavoidable tendency of 

the MSE approach to force the model to fit some of the noise in the data, b) a failure of 

the hypothesis of invariance in catchment behaviors/structures/parameters between 

periods, c) deficiencies in the model structure hypothesis (model structure errors), d) not 

properly accounting for uncertainty and random chance in the simulation, identification 

and evaluation steps, and e) non-stationarities in the data and its measurement noise 

properties. Therefore, during calibration we set a higher standard and classify model 

performance into the two classes ‘Good’ (NSE > 0.75, |Δμq/μq| < 5% and |Δσq/σq| < 15%) 

and ‘Acceptable/Bad’ (all the rest), and during evaluation we relax the performance 

standards and classify model performance into the two classes ‘Good/Acceptable’ (NSE 

> 0.67, |Δμq/μq| < 10% and |Δσq/σq| < 30%) and ‘Bad’ (all the rest). 

Further, as an additional test we recalibrate the model for progressively longer time 

periods (two-decades 1951-1970, and three-decades 1951-1980) and perform the same 

examination of evaluation period (1981-1990) performance, to examine the marginal 

value of increasing the amount of information available during calibration.  
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Table 4 shows the contingency table of catchment-model performance. First we 

examine the case of ‘no-snow’ catchments. When we use the first decade of data for 

model calibration, 53% of the catchments are classified as ‘Good’ during calibration, but 

only 35% of these also remain ‘Good/Acceptable’ during evaluation.  As we increase the 

length of calibration data to two and three decades, the number of catchments classified 

as ‘Good’ during calibration drops only slightly (from 53%) to 52% and 50% 

respectively, while the number of these remaining ‘Good/Acceptable’ during evaluation 

increases only slightly (from 35%) to 37% and 40%. Meanwhile the number of 

catchments that are ‘Acceptable/Bad’ during calibration and ‘Bad’ during evaluation 

remains constant at around 30%. Clearly there is only a small marginal value of using 

additional data for ‘no-snow’ catchments if we are trying to gain improvements in model 

performance. Evaluation period observed and simulated hydrographs for two selected 

‘no-snow’ catchments are presented in Figure 13; the Chunky River (humid Southeastern 

USA) has good performance on all measures, and the Cowhouse Creek (arid Texas-Gulf 

region) has poor reproduction of water balance and flow variability; catchment locations 

are indicated in Figure 11. 

The ‘Evaluation-Good/Acceptable’ catchments (Figure 11) are located mainly in the 

South East (HUC 3) and the northern Pacific Coast (HUC 18), with ~90% of them in 

humid regions (having 0.4 < E/P < 0.8 and PE/P < 1.4), where the ‘abcd’ structure is 

apparently adequate to represent WB dynamics. The ‘Evaluation-Bad’ catchments are 

located mainly in the Texas-Gulf region (HUC 12) and southern California (HUC 18), 
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with 55% in regions having either high aridity index (PE/P > 1.4) or extreme runoff 

ratios (Q/P < 0.2 or Q/P > 0.6), where flow intermittency and/or sub-monthly variability 

of fluxes are of major importance. 

Next we examine the so-called ‘snow’ catchments (including those in the transition 

zone where the snow model hypothesis is ambiguous). When the first decade of data is 

used for model calibration, only 41% of the catchments are ‘Good’ during calibration and 

only 15% of these also remain ‘Good/Acceptable’ during evaluation.  Meanwhile the 

number of ‘Bad’ catchments increases from 59% to 85%. As the length of calibration 

data is increased to two and three decades, the number of catchments classified as ‘Good’ 

during calibration drops significantly (from 41%) to 29% and 23% respectively, while the 

number remaining ‘Good/Acceptable’ during evaluation increases only slightly (from 

15%) to 15% and 18%. Meanwhile the number of catchments that are ‘Acceptable/Bad’ 

during calibration and ‘Bad’ during evaluation increases continuously (from 52%) to 

64% and 66%. Clearly the marginal value of additional calibration data is not to gain 

improvements in model performance, but rather to reveal inadequacies in the model 

hypothesis and/or inconsistencies in the data. 

Overall, it becomes increasingly clear that the model hypothesis for ‘snow’ 

catchments is not well supported by the data. Only 18% of the ‘snow’ catchments show 

‘Good/Acceptable’ performance during evaluation and most of these (82 of 95) are 

located in the transition zone (Figure 11) where the representation of snow accumulation 

and melt is apparently not important to the water balance. Outside of the transition zone, 
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only 13 of the ‘snow’ catchments show ‘Good/Acceptable’ performance during 

evaluation – ten of these are in New England (HUC 1 and 2), one in the upper 

Mississippi, and two in the northern Rocky mountains. And contrary to a reviewers 

suggestion, we find no significant correspondence between catchment size and evaluation 

period performance in terms of all three criteria -- NSE, water balance, and variability; in 

fact the two largest catchments have NSE ~ 0.6, water balance errors < 10% and 

variability errors < 10% putting them in the ‘Good/Acceptable’ range. Evaluation period 

observed and simulated hydrographs for two selected ‘snow’ catchments are presented in 

Figure 13; the Fish River (northeastern USA) has good reproduction of water balance and 

flow variability, and the Smith Fork (Rocky Mountains) has poor reproduction of water 

balance and flow variability; locations are indicated on Figure 11. 

Finally, with regard to consistency of model performance across different decades, 

only 106 of the 339 ‘Good’ first-decade-calibration catchments (both snow and no-snow) 

remain ‘Good/Acceptable’ when tested in evaluation mode on the three subsequent 

periods. These are mainly ‘no-snow’ catchments located along the Pacific Coast and in 

the southeastern US (HUCs 03, 05, 11) excluding Florida. Overall, the analysis suggests 

the need for an improved approach to monthly time-scale water balance modeling across 

the US, particularly for arid regions with PE/P > 1.4 and for regions where snow 

processes contribute significantly to the monthly water balance. 
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A.8  Comparison with Previous Studies 

Among previous investigations, the most comparable is that of Hay and McCabe 

[2002] who calibrated a similar conceptual model (with different equations) to 44 

catchments across the USA. They extrapolated an Adjusted R2 calibration performance to 

1646 stations across the USA via multi-linear regression based on mean basin elevation 

and percentage of months with mean basin areal annual runoff < 5mm (R2 = 0.71); these 

explanatory variables are related to the catchment descriptors Ta, PE/P and Q/P found to 

have explanatory power in our study. However, when we apply the same procedure to our 

dataset, we obtain an R2 of only 0.34 using all 764 catchments, and 0.37 using 39 of the 

44 catchments used in their study (the remaining 5 were not in our data base). Further, 

when comparing our Adjusted R2 map to their extrapolated Adjusted R2 map (results not 

shown), we find generally lower performance in the snow regions and higher 

performance in the arid regions. This illustrates the dangers of using only a small 

numbers of catchments to extrapolate results across the USA. However, one important 

difference between our study and theirs is that Hay and McCabe [2002] search for the 

temperature and precipitation stations giving optimal calibration performance, whereas 

we assume the PRISM data to adequately correct for topographic effects and other biases. 

Generally, this comparison leads us to believe that precipitation biases may be significant 

for many catchments in the HCDN data set, compounded by problems with watershed 

delineation.  
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Three other continental scale water balance studies of importance are those of Milly 

[1994], Arnold et al. [1999] and Wolock and McCabe [1999] who compare 30-year mean 

annual estimates of runoff for the conterminous USA against observations; while all 

three show scatter plots, only one [Arnold et al. 1999] reports R2 values, which are on the 

order of 0.66-0.80. In comparison we obtain a very high R2 = 0.98 for the 30-year 

evaluation period (1951-1980), using parameters obtained by calibrating to the 10-year 

period (1951-1960). Figure 12 shows the spatial distribution of bias in 30-year mean 

annual runoff estimated by our approach. Catchments in New England and the 

Appalachian Mountains generally have significant negative bias (ΔQ < -50 mm), while 

several catchments along the Pacific Coast have significant positive bias (ΔQ > +50 mm). 

In general our results are consistent with those of the previous studies, although our 

biases are generally smaller; in our case 78% of catchments have absolute bias less than 

50 mm and 35% have bias less than 10 mm, compared with 45% and 18% reported by 

[Arnold et al. 1999]. Note, however, that this method of reporting model bias does not 

help to reveal significant errors in water balance and flow variability. For example, of the 

264 catchments having annual water balance errors smaller than 10 mm, as many as 21% 

have monthly water balance errors greater than 10% and variability errors greater than 

30% causing them to be classified as having ‘Bad’ performance. 

A.9  Summary and Conclusions 

The work presented here has explored the challenges involved in estimating water 

balance models for the conterminous USA at monthly time scale. A unique aspect of our 
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investigation is the use of a large dataset of 764 catchments, selected for its 

comprehensive coverage of hydro-geo-climatic conditions across the USA. Overall our 

analysis indicates that further iterations of the model development cycle are necessary -- 

based on a diagnostic multiple-criteria performance evaluation strategy and a search for 

the most parsimonious plausible model hypothesis. 

In particular, we find that to conduct a robust model evaluation it is not sufficient to 

rely upon conventional NSE and/or r2 aggregate statistics of model performance. To have 

some reasonable degree of confidence that the model can provide hydrologically 

consistent simulations of catchment behavior, it is also necessary to examine measures of 

water balance and hydrologic variability (and perhaps others). While this paper examines 

only the ability to reproduce the first two moments (mean and variance) of the 

distribution of flows, the mean being related to the overall runoff ratio and the variance 

being related to the slope of the so-called ‘flow duration curve’, a more robust approach 

could include other hydrologically relevant variables of interest including indices of 

temporal dynamics.  

Further, it is clear that even if the model displays “good” performance during 

calibration (in terms of NSE, water balance and variability), this is no guarantee of 

‘acceptable’ evaluation period performance. In this regard, our use of longer periods of 

data for model calibration did not help to improve overall model performance. Therefore, 

the problem seems not be one of insufficient data length, but rather one of inability of the 
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model structural hypothesis to represent the range of hydrological behaviors experienced 

across the continental USA. 

Overall, we find that the ‘abcd’ model structural hypothesis, implemented in lumped 

catchment scale fashion at monthly time step, is only suitable for about 35-40% of the 

‘no-snow’ catchments and 15-18% of the ‘snow’ catchments (when augmented with a 

simple temperature-based parameterization of snow accumulation and melt dynamics), 

most of the latter being located in the transition zone where snow dynamics appear to be 

unimportant at the monthly time scale. Model suitability (and hence performance in terms 

of NSE, water balance and flow variability) has a clear correspondence with geographical 

characteristics and major hydro-climatic controls; the variables having the greatest power 

to explain performance being the PE/P ratio (indicating aridity) and mean annual 

temperature Ta (related to factors including elevation, evapotranspiration, snow processes 

etc). In general, the model hypothesis is supported for humid/energy-limited catchments 

having PE/P < 1.4 located along the West Coast and throughout the East. Meanwhile the 

hypothesis fails for 30% of ‘no-snow’ and 65% of ‘snow’ catchments. These are mainly 

located in water-limited regions having PE/P > 1.4 located North to South across the dry 

central USA, the mountainous Western USA, and the Northern Plains where the 

existence of potholes radically impacts hydrological behavior. 

For catchments for which the ‘abcd’ model structure appears suitable, the estimated 

values for parameters ‘a’ and ‘b’ are found to fall comfortably within ranges reported in 

the literature, with a few exceptions. However, in as many as 50% of these cases the 
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estimated values for parameters ‘c’ and ‘d’ are either not well constrained, or correspond 

to situations possibly better explained by simplifications to the conceptual model 

structure.  This suggests two things. On the one hand, it seems necessary to find ways to 

better constrain the values of ‘c’ and ‘d’ during calibration. On the other, a more robust 

result would likely be obtained by a strategy of testing for appropriate model structural 

complexity – beginning with only an upper-zone water balance reservoir (having only 

two parameters ‘a’ and ‘b’) and progressively adding structural complexity as warranted. 

In this regard, it may be advisable to also test using a multiplier to correct for persistent 

precipitation biases. Of interest, and somewhat disturbing, is that we find no significant 

relationships between tested hydro-climatic catchment descriptors and the two parameters 

‘a’ and ‘b’ that control the overall water balance behavior (and to some degree the 

flashiness) of the model response. This issue clearly needs further investigation. 

In regard to catchments where the ‘augmented-abcd’ model appears suitable, we find 

strong geographical correspondence between the snow parameters (Train, Tsnow and m) and 

the relative importance of the snow storage. Values of the melt rate parameter m are 

found to be between 0.5 and 0.8, which is in contrast to the fixed value of m = 0.5 used 

for all catchments regardless of location by McCabe and Wolock [1999] and Hay and 

McCabe. [2002]. 

 For regions where the model hypothesis is found to be unsuitable, a considerable 

amount of further investigation is necessary to determine the reasons why, and for more 

suitable structural hypotheses to be proposed and tested. Towards that goal, the results 
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reported in this paper can provide some guidance. Our results clearly suggest that 

catchments in water-limited regions may need some alternative representation of the 

mechanisms by which water is partitioned into runoff, evapotranspiration and recharge. 

Similarly, most regions seem to require more sophisticated representations of the snow 

accumulation and melt process. It seems quite reasonable to suggest that some 

representation of the sub-monthly temporal and/or sub-catchment spatial distributions of 

hydrological fluxes may actually prove to be critical [e.g. Kling et al., 2006], or perhaps 

some process-based formulation that approximates the terms of the energy balance using 

daily data  [Todd Walter et al., 2005]. And while, in some cases, it may be possible to 

parameterize these sub-scale processes to enable continued modeling at the monthly-

catchment scale, in other cases such an approach may fail with the only recourse being to 

model at some finer spatio-temporal scale. Notwithstanding all this, we should also 

acknowledge that that several of the catchment descriptors being used in our 

classification methodology are simply estimates derived via other models - for example 

PPS and average SWE - and these have no doubt introduced to the uncertainty into our 

classification scheme. 

A.10 Recommendations for Future Work 

The conventional approach to identification of catchment-scale water balance models 

needs to be improved. Even when the data are of good quality, the procedure does not 

suitably constrain the model to give good reproduction of important hydrological 

behaviors (such as long-term water balance and flow variability) and, as a consequence, 
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reported values of NSE or r2 can be misleading. Further, we should continue to explore 

multiple alternative model hypotheses until an appropriate parsimonious structure (and 

spatio-temporal scale) for each region has been determined. Until these issues are 

resolved, water balance models of this kind cannot be reliably used to make inferences 

about the spatial and temporal dynamics of the continental water balance of the US, or to 

regionalize model structures and parameters to ungaged locations. 

In our ongoing work we seek to refine several elements of the methodology, so as to 

improve the robustness of the results and establish a more rigorous framework for model 

development and evaluation. In this regard, a few comments are in order: 

Data Sets: Datasets such as the HCDN constitute excellent test beds for model 

identification studies, and we must continue to develop their usefulness. Analysis of sub-

monthly and sub-catchment scale variability may help to identify locations where the 

lumped monthly approach is inadequate for representation of catchment scale water 

balance dynamics. Improved catchment delimitation using more detailed topographic 

information can help reduce bias errors in precipitation and other fluxes. Similarly, 

information about gage density could be useful to evaluate problems with the quality of 

the precipitation input. Consolidation of secondary information can help in development 

of better catchment descriptors and facilitate evaluation of model performance and 

parameters. Inclusion of additional indices can facilitate selection of model structures, 

and may also help to establish theoretical-conceptual limits on acceptable ranges for the 

hydro-climatic variables being simulated; e.g., it would be useful to know the expected 
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probability distribution of mean annual runoff ratio conditioned on soils, geology, 

topography, and vegetation information, and the conditions under extreme values might 

be considered acceptable, and what values might be considered suspicious. Also, for 

some regions (e.g., the Northern Plains) the model inputs appear to be insufficient, and in 

high elevation catchments the monthly temperature records may be insufficient for 

simulating the dynamics of snow. For these regions, and for higher elevations in the 

Western US, improvements in data acquisition may be needed. And, although not usable 

in our study since the data is only available starting from 1999, remotely sensed MODIS 

based snow cover mapping products could be useful in determining the extent to which a 

basin is impacted by snow.  

Catchment Classification: Our results reinforce the notion that a simple classification 

system based on common hydroclimatological descriptors (such as the ones used in the 

climate classification systems) can help in initial categorization of catchments and 

selection of appropriate conceptual model structures and parameterizations. Different 

levels of model performance within each classification could then be related to catchment 

characteristics such as the predominant soil type, geology and landscape. The goal will be 

a more sophisticated understanding of the methods by which model structures, and 

parameter values, can be regionalized. In this regard, the classification of snow regions 

needs considerable attention. The diagnostic process can benefit from more sophisticated 

methods for evaluating effects of snow storage on catchment dynamics, and could 

include the use of snow information from reanalysis datasets. Such a classification could 
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be used to extend the HCDN descriptors to help in identifying the relative importance of 

snow storage within a catchment. 

Model complexity and Parameter Uncertainty: There is a need for the model 

identification process to diagnostically consider alternative model structures with varying 

degrees of complexity, as suggested decades ago by Nash and Sutcliffe [1970]. For 

example, it might be useful to follow a progressive approach to introducing model 

complexity, as appropriate to the particular hydro-climatology and data conditions of the 

catchment region. Specific enhancements can include precipitation multipliers to correct 

for biases in the precipitation, the addition of rudimentary sublimation schemes for the 

snow storage, and accounting for recharge loss to groundwater. Further enhancements 

can include the inclusion of additional storages to account for soil water redistribution 

and/or routing, as necessary. For cases where large model errors tend to persist, machine 

learning and data mining tools could be used to explore the reasons. In this regard, and to 

help in correlation of parameters with catchment and hydro climatic descriptors, it would 

be useful to quantify the precision of parameter estimates. Estimates of the posterior 

parameter covariance matrix could be obtained in several ways, including the classical 

approach of explicit or finite-difference computation of derivatives [Gupta and 

Sorooshian, 1985], use of Monte-Carlo Markov Chain based optimization methods  

[Vrugt et al. 2003], or by application of bootstrapping in the computation of the 

performance criteria [Ebtehaj et al., in press]. 
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Metrics for assessing model performance: Future work should include an appropriate 

set of robust metrics that specifically target relevant hydroclimatological behaviors to be 

reproduced by the model [Gupta et al 2008, 2009]. Further, the value of a model in any 

region, should be evaluated against an appropriate baseline [Schaefli and Gupta, 2007] – 

evaluation against the long-term mean, as done by NSE, does not constitute a powerful 

test of model performance. Such baselines can include extensions of hydroclimatological 

frameworks [Milly, 1994] to generate metrics that progressively test with regards to the 

main patterns of seasonal variation. Similarly, a more robust test of model performance 

should take into account model complexity [e.g., Ye et al., 2008].  

Calibration strategy:

Finally, with this paper, we hope to encourage more rigorous evaluation and 

diagnosis of hydrologic models, using the large catchment datasets available in the US to 

evaluate and discuss model hypotheses and identification methods, and to identify 

locations where existing model representations are not adequate. Our data infrastructure 

 A calibration strategy based simply on optimizing a mean 

squared error type criterion appears to be inadequate for water balance modeling at the 

monthly time scale. Even in this relatively simple situation, a more sophisticated strategy 

based on multiple-criteria analysis appears to be necessary to properly reproduce the 

different aspects of catchment behavior to be simulated by the model. Further, an 

important test of model robustness is to ensure that the ‘optimal’ structure and parameters 

do not change with time, or do so in a well understood fashion that can be predicted using 

available indicators.  
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is developing rapidly [Beran and Piasecki, 2008] and robust methods to exploit the 

rapidly growing sources and quantities of information need to be developed. The days 

where a modeling study is based on analysis of the data from a ‘single’ catchment are (or 

should be) rapidly drawing to a close, and methods for calibrating and analyzing the 

results from hundreds (even thousands) of catchments under different conditions need to 

become part of our common practice.  While analytical tools to mine the data are now 

available, we need to continue formalizing our ability to consolidate hydrological 

knowledge and to identify gaps in understanding. Tools for handling large numbers of 

catchments can be improved by developing automated algorithms for defining clusters of 

stations having similar input-output mapping structures, testing different benchmarks to 

evaluate model assumptions, and for evaluating additional catchment signatures and 

indices. As always, we invite dialog on these and related issues of model identification. 
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A.12 Tables 

Table 1 Variables found to be important in the discrimination of NSE classes using 

decision trees 

 

(a) No Snow Catchments 

Catchments General Location E/P ≥ 0.96 E/P < 0.96 & 
Ta < 16˚C 

E/P < 0.96 & 
Ta ≥ 16˚C Total 

Good                    
(1.00 - 0.75) 

Predominant along NW 
coast; Southeast regions 4 129 47 180 

Acceptable                    
(0.67 - 0.75) 

Scattered along Southeast 
coast 0 5 37 42 

Poor                    
(0.59 - 0.67) Scattered 0 0 7 7 

Bad                          
(< 0.59) Mainly central  HUC 12,13 

9 1 2 12 

Total - 13 135 93 241 

(b) Snow Catchments 

Catchments General Location E/P ≥ 0.88 & 
Ta < 5˚C 

E/P ≥ 0.88 & 
Ta > 5˚C E/P < 0.88 Total 

Good                    
(1.00 - 0.75) 

Eastern HUC 01; scattered 
through HUC 17, 14 7 6 336 349 

Acceptable                    
(0.67 - 0.75) 

Scattered, mainly Northern 
Plains and HUC 02 8 2 65 75 

Poor                    
(0.59 - 0.67) 

Scattered, mainly Northern 
Plains  3 5 35 43 

Bad                        
(< 0.59) 

Northern Plains HUC 07, 
09 10 39 0 17 56 

Total - 57 13 453 523 
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Table 2 Variables found to be important in the discrimination of flow bias classes; 

(+) and (-) indicate positive and negative bias respectively 

 

a) No Snow  

 
Predominant 

HUC * 
PE/P>=1.4 & 
Q/P>=0.25 

PE/P>=1.4 & 
Q/P<0.25 

PE/P<1.4 & 
Q/P>=0.25 

PE/P<1.4 & 
Q/P<0.25 

Total 

Bad (+) - 0 8 0 0 8 

Acceptable (+) - 1 9 3 2 15 

Good (+) Scattered 3 15 58 8 84 

Good (-) Scattered 2 12 82 10 106 

Acceptable ( -) 5,6 1 1 16 2 20 

Bad - 6 0 0 8 0 8 

Total - 7 45 167 22 241 

b) Snow  

 
Predominant 

HUC * 
PE/P>=1.4 & 
Q/P>=0.25 

PE/P>=1.4 & 
Q/P<0.25 

PE/P<1.4 & 
Q/P>=0.25 

PE/P<1.4 & 
Q/P<0.25 

Total 

Bad (+) - 0 9 1 0 10 

Acceptable (+) - 2 16 10 3 31 

Good (+) Scattered 16 42 53 23 134 

Good (-) Scattered 18 30 162 11 221 

Acceptable ( -) 1,14 10 3 53 1 67 

Bad - 4,5 1 4 55 0 60 

Total - 47 104 334 38 523 

 

*HUC with more than 10 watersheds and more than 50% for the respective class 

 



103 

 

Table 3 Comparison of the ‘abcd’ parameters ranges with Alley [1984] and 

Vandewiele et al. [1992] 

Study Alley [1984] 
Vandewiele et al. 

[1992] 

This study ‘no-

snow’ 

This study 

‘snow’ 

Number of 

Catchments 
10 79 127 212 

Statistics 
Mean, C.V.a, 

[Range] 

Mean, 

[Range] 

Mean, C.V., 

[Range] 

Mean, C.V., 

[Range] 

Par. a 
0.992, .007, 

[0.975-0.999] 

0.986, 

[0.96-0.999] 

0.977,0.019, 

[0.873-0.999] 

0.933,0.17, 

[0.04-1.0] 

Par. b 
30, 0.35, 

[14-50] 

475, 

[260-1900] 

393,0.36, 

[133-922] 

401,0.81, 

[98-1590 a] 

Par. c 
0.16, 1.0, 

[0.01-0.46] 

0.270, 

[0.04-0.70] 

0.229,1.02, 

[0-1] 

0.21,1.23, 

[0-1] 

Par. d 
0.26, 1.5, 

[0.07-1.0] 

0.11, 

[0.0003-0.415] 

0.35,1.08, 

[0-1] 

0.25,1.39, 

[0-1] 

a Coefficient of Variation (C.V.) 

b For one catchment parameter b reached 4000 (maximum limit in the calibration) 
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Table 4 Contingency table for model performance during calibration and evaluation.  

 

  Evaluation - 1981-1990 

  No Snow  Snow 

  
Good/    

Acceptable 
Bad Total  Good/    

Acceptable 
Bad Total 

Ca
lib

ra
ti

on
   

   
   

19
51

-1
96

0 

Good 35% 17% 53%   8% 32% 41% 

Acceptable/Bad 17% 30% 47%  7% 52% 59% 

Total 53% 47% 241   15% 85% 523 

                 

Ca
lib

ra
ti

on
   

   
   

19
51

-1
97

0 

Good 37% 15% 52%   8% 21% 29% 

Acceptable/Bad 19% 29% 48%  7% 64% 71% 

Total 56% 44% 241   15% 85% 523 

                 

Ca
lib

ra
ti

on
   

   
   

19
51

-1
97

0 

Good 40% 10% 50%   7% 16% 23% 

Acceptable/Bad 20% 30% 50%  11% 66% 77% 

Total 60% 40% 241   18% 82% 523 
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A.13 Figures 

 
Figure 1 Locations of HCDN stations used in this analysis, classified as ‘snow’ ( ) 

and ‘no-snow’ ( ). HUC geographical regions level 2 are numbered from 01 to 18. 

Dashed lines indicate approximate contours of PPS. Hatched region indicates region 

where snow hypothesis was found to be ambiguous. 

•
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Figure 2 Structure of the ‘abcd’ model, with snow component added (dashed lines) 
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Figure 3 Map showing spatial distribution of NSE performance for the calibrated 

WB model hypothesis. Dashed lines show approximate PPS contours. Inset shows 

the cumulative distribution function of NSE performance, indicating thresholds 

used for the performance classification 
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Figure 4 Comparison of NSE, before and after adding the snow component, for the 

523 catchments classified as ‘snow’. 
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Figure 5 Comparison of NSE value to three diagnostic components 

(r, %Δμq/μq, %Δσq/σp) for ‘no-snow’ (+) and ‘snow’ (◊) catchments. 
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Figure 6 Classification of catchments based on bias (a) and variability errors (b). 

Note that Δσq/σp  thresholds of -30% and -15% correspond to α values of 0.70 and 

0.85 respectively.  
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Figure 7 Spatial distribution of calibration period model performance classified into 

Good, Acceptable and Bad. 
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Figure 8 Spatial distribution of parameter 'a' and 'b' 
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Figure 9 Simplified conceptual models based on the original ‘abcd’ formulation 
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Figure 10 Spatial distribution of the snow parameters (Tsnow, Train and m) for the 

catchments classified as ‘good’ during calibration. 
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Figure 11 Spatial distribution of the catchments with good or acceptable model 

performance on the evaluation (1981-1990). Parameters are those from the 30-year 

calibration period (1951-1980). Selected catchments are marked, for which 

hydrograph comparisons are shown in Figure 13; USGS 2475500 (no-snow) and 

USGS 1013500 (snow) have good/acceptable performance; USGS 8144500 (no-snow) 

and USGS 9128500 (snow) have bad performance. 
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Figure 12 Spatial distribution of the difference between mean annual simulated 

(QMS) and observed (QMO) runoff in mm/year 
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Figure 13 Evaluation period (1981-1990) hydrographs and cumulative hydrographs 

for 4 selected catchments; a) No-snow catchment in the humid southeastern USA 

having good performance; b) No-snow catchment in the arid Texas-Gulf region 

having poor reproduction of water balance and flow variability; c) Snow-catchment 

in the northeastern US having good reproduction of water balance and flow 

variability; d) Snow-catchment in the Rocky mountains having poor reproduction 

of water balance and flow variability. 
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A.14 Appendix: Decision trees used for the analysis of results 

Classification and Regression trees (CART) are a data mining technique used to explore 

nonparametric relations within a data set [Kumar et al., 2006]. CART algorithms in 

MATLAB (R2008b) were used to investigate the strength of relationships between 

watershed descriptors and error components. Explanatory predictors from each catchment 

(columns in Table 1) were tabulated along with corresponding classes, numerical values 

of error components and model parameters (Table 2). Decision trees were constructed by 

examining different combinations of climatic and physical predictors (rows in Table 1) to 

search for those having discriminatory power. At first, the trees were used to analyze 

relationships between model performance and existing HCDN catchment descriptors 

[Vogel and Sankarasubramanian, 2005]. Later, the analysis was augmented with 

descriptors computed directly from the time series data, and the Hydrologic-landscape 

regions classification [Wolock et al., 2004].  

To obtain the optimal node level for each tree, and to avoid over-fitting, errors from 

tree resubstitution and 10-fold cross-validation were compared. Once relevant variables 

were identified, visual inspection of scatter and parallel plots was used to check the 

results. 

To facilitate the analysis, and to allow for variation in catchment characteristics and 

processes, the analysis was performed separately for catchments in different 

classes/domains (Table 3). For example, predictors of performance were explored 

independently for different snow regions of the USA. Similarly when exploring 
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relationships between model parameters and descriptors, only locations with ‘Good’ 

performance were used. 
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Table 1 – Explanatory predictors and decision trees used to explore the results 
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Table 2 – Classes and regression values investigated with the trees 

Type Classes/Regression  
NSE  Good, acceptable or bad; NSE regression  

Performance 
classification Good, acceptable or bad; good or not good 

Flow bias  Good+, acceptable+, bad+, good-bias-, acceptable- 
or bad-; %Δμq/μq regression value 

Flow variability Good, acceptable or  bad; %Δσq/σq regression 

Parameters   Regressions for a, b, c and d; CM-A,CM-B, CM-C 
or CM-D 

Snow parameters  Regression for Train, m or Tsnow 

 

Table 3 – Filters used to select the catchments to construct the trees 

Domains Filters 
General All Stations 

Predominant snow dynamics 

No snow stations  

Snow Stations 

Transition zones 

Spatial 
HUCs  (Level 1) 

Groups of HUC's (West, Central, East) 

Performance classification 

Good stations 

Good and bad stations  

Acceptable stations 

Bad stations  

Error components 
Acceptable or poor flow bias 

Acceptable or poor flow variability 
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Abstract 

 

Methods to identify parsimonious and hydrologically consistent model structures are 

useful for evaluating dominance of hydrologic processes and representativeness of data. 

While Information Criteria based on principles of Maximum Likelihood provide a basis 

for evaluating appropriate model complexity, such an approach must be constrained to 

ensure hydrological consistency of the selected structures and parameter estimates. This 

study evaluates the suitability of several candidate model structures for lumped water 

balance modeling across the continental United States, using data from 307 snow-free 

catchments. Our procedure minimizes hydrologic errors in a transformed flow space 

selected to reduce flow distribution differences among catchments. The models are 

constrained to satisfy several tests of hydrologic consistency, and information criteria are 

used to evaluate model complexity relative to the data. Our results demonstrate that the 

principle of consistency provides a sensible basis for guiding the selection of model 

structures, and indicate strong spatial persistence of certain model structures across the 

continental US. Further work to untangle reasons for model structure predominance can 

help to relate conceptual model structures to physical characteristics of the catchments, 

facilitating the task of prediction in ungaged basins.  
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B.1  Introduction   

Despite decades of research into lumped catchment modeling, there has been no 

comprehensive investigation of the variability of water balance model structures (and 

their parameters) for large numbers of catchments across the United States (although a 

few related investigations are described in Martinez and Gupta [2010]). Recently, as a 

part of a broader investigation of diagnostic model evaluation, Martinez and Gupta 

[2010] used data from Hydro-Climate Data Network [HCDN; Vogel and 

Sankarasubramanian, 2005] to investigate the ability of a snow-augmented abcd model 

[Thomas, 1981] to simulate monthly water balance for 764 catchments across the 

conterminous United States (US). The model was found to be adequate for only 35-40% 

of the snow-free catchments, located mainly in humid/energy-limited catchments (aridity 

index, PE/P < 1.4) along the West Coast and throughout the Southeast. Further 

investigation of the snow-free catchments suggested that as many as 50% could be 

represented using more parsimonious model structures having only a single state variable.  

The aforementioned analysis showed that conventional statistics of model 

performance (Nash-Sutcliffe efficiency (NSE), Mean Squared Error (MSE), and/or 

correlation (r2)), must be augmented with at least water balance and flow variability 

information to obtain robust evaluation of model performance. Such analysis must 

account for the fact that components of NSE or MSE can interact during calibration 

resulting in poor model performance; in particular, underestimation of flow variance 

[Gupta et al., 2009; Martinez and Gupta, 2010].  
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This paper reports a systematic and hydrologically meaningful assessment and 

selection of conceptual structures for monthly water balance modeling across the 

continental US. Based on findings of Martinez and Gupta [2010] we limit the current 

investigation to catchments where snow processes are not significant. Important scientific 

questions addressed by this work include  

a) What is an appropriate method to identify parsimonious and hydrologically 

consistent model structures? 

b) How to perform such analysis for large numbers of catchments?  

Underlying this work is our interest in refining various elements of the model 

identification methodology, ensuring robustness of the results, and achieving a more 

rigorous framework for model identification and evaluation. We focus mainly on 

minimizing problems related with interaction of error components in the performance 

measure, and on implementing complexity metrics to facilitate comparison of model 

structures. Specific questions include:  

1) How to assess model complexity for conceptual models? 

2) How do complexity-ranking methods compare? 

3) What we can learn about the spatial variability of model structures?  

Building upon Martinez and Gupta [2010] we primarily investigate variants of the 

abcd model, but also draw upon structures of similar models (WASMOD and GR2M) 
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reported in the literature. We develop and test the methodology using a subset of pilot 

catchments, and then implement the methods on the larger dataset. 

B.2  Information Criteria, Maximum Likelihood, and the Principle of Hydrologic 

Consistency 

B.2.1 Information Criteria (IC) 

Statisticians have long been concerned with the problem of model complexity when 

fitting distributions to data, or when estimating time series models from observations. 

Because the Maximum Likelihood (ML) technique [Edwards 1972, Bard 1974] favors 

selection of models having higher degrees of freedom, measures for controlling model 

complexity have been proposed. Well known among these are the AIC [Akaike 1974], 

BIC [Schwarz 1978], and KIC [Kashyap, 1982] information criteria.  

In hydrology, the issue of type and complexity of model structures justifiable by 

available observations has been debated for decades [e.g., Jakeman and Hornberger 

1993; Young and Beven 1994, Atkinson et al., 2002; Fenicia et al., 2007]. Schoups et al. 

[2008] compared three methods for complexity control - cross validation, AIC, and 

structural risk minimization (SRM). Although SRM is able to consistently identify 

parsimonious models with properly identifiable parameters, it requires estimation of the 

Vapnik-Chernovenkis (VC) dimension, a procedure not well understood for hydrologic 

models [Pande et al., 2009]. In groundwater modeling, complexity control is commonly 

used in multi-model averaging [Poeter and Hill 2007; Singh et al., 2010]. Ye et al. [2008] 
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point out that neither BIC nor KIC require the existence of a true model in the set of 

alternatives, and that both will select the true model with probability one when included 

among the candidates. They show KIC to have better ability to discriminate among 

models by accounting for both quality of data and identifiability of parameters. 

Following Ye et al. [2008], this paper investigates use of BIC and KIC to compare 

alternative model structures:  

       (1) 

 (2) 

where smaller values indicate a more parsimonious model. For each model,  

corresponds to its ML parameter estimates, m to number of parameters estimated, Qo to 

vector of n observed streamflow values, and  to its Fisher information matrix: 

      (3) 

B.2.2 The Principle of Maximum Likelihood and its Implementation  

To compute BIC and KIC (eqns 1 and 2), an appropriate Likelihood function L must 

be specified and ML parameter estimates obtained. According to the ML principle, 

these estimates maximize the probability that resulting model residuals could have come 

from the statistical distribution giving rise to the data measurement errors; accordingly, a 

probability model of the measurement error process must be specified. Analytical 

BIC = −2 ln L θ̂ML | Qo( )



 + mln n( )

KIC = −2 ln L θ̂ML | Qo( )



 − 2 ln p θ̂ML( )+ mln n / 2π( )+ ln F

θ̂ML

F

Fij =
1
N

Fij = −
1
N
∂2 ln L θ | Qo( ) 

∂θi∂θ j θ =θ̂ML





θML
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methods for computing  require explicit expressions for first and second derivatives 

of L with respect to the parameters. In practice, the analytical approach can be avoided by 

non-linear optimization to maximize an implicit representation of L In many fields, it has 

become common to achieve this by minimizing MSE, based on arguments that this 

provides ML estimates when observation errors can be assumed independent, 

uncorrelated and identically normally distributed (iuind) with constant variance [Bard, 

1974 P.63]. Despite the questionable nature of these assumptions, hydrologists 

commonly use MSE of flow, or some transformation of flow, in parameter estimation 

[Sorooshian and Dracup, 1980; Vandewiele et al., 1992 Makhlouf and Michel 1994; 

Eckhardt and Arnold, 2001; Troy et al., 2008; Ruiz et al., 2010; Pechlivanidis et al.; 

2010]. 

B.2.3 The Principle of Hydrologic Consistency  

Common implementations of ML, if not used carefully, can unknowingly result in 

hydrologically inconsistent estimates for the model parameters. Due to limitations in 

model structure and quality of data, the assumptions that errors are iuind with constant 

error variance are difficult to meet [Gupta et al., 1998; Kavetski et al., 2006; Beven and 

Freer, 2001]. Strategies to improve validity of such assumptions include transformation 

of flow values to improve homoscedasticity of the residuals [Sorooshian and Dracup 

1980; Sorooshian et al., 1993; Alley 1984; Vandewiele et al., 1992; etc.]; an approach 

borrowed from time series modeling [Box and Jenkins, 1974]. For example, in the 
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Heteroscedastic Maximum Likelihood Estimation approach [HMLE; Sorooshian et al., 

1993], the flow transformation parameter is estimated during calibration.  

Although not often imposed in practice, any ML estimate must be constrained to 

obey (as closely as possible) the assumptions underlying specification of the selected 

Likelihood function. In this regard, it is important to also be careful that interaction of 

components of the Likelihood function is minimized. For example, Gupta et al. [2009] 

show that use of the MSE (or equivalently NSE) can readily lead to models (parameters) 

for which the residuals violate assumptions of having zero mean, and where the 

variability in model simulations tends to be significantly smaller than that of the 

observations.  

In selecting a model, therefore, it is not sufficient to rely upon the principle of 

Maximum Likelihood alone (appropriately constrained to obey underlying statistical 

assumptions) – we suggest that one must also call upon a ‘Principle of Hydrologic 

Consistency’, meaning that selected ML estimates must be constrained (as well as 

possible) to reproduce desired hydrological characteristics of the processes under 

investigation. This suggestion follows the Gupta et al. [2008] proposal that proper model 

evaluation requires not only robust statistical methods but also diagnostic tools based, for 

example, on the definition of hydrologic signatures rooted in hydrologic theory 

[Sivapalan 2003].  

In statistics, the Principle of Consistency is attributed by Edwards [1972 P.27] to 

Frank Ramsey (circa 1928): “In choosing a system, we have to compromise between two 
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principles: subject always to the proviso that the system must not contradict any facts we 

know, we choose (other things being equal) the simplest system, and (other things being 

equal) we choose the system which gives the highest chance to the facts we have 

observed. This last is Fisher's 'Principle of Maximum Likelihood', and gives the only 

method of verifying a system of chances.”; note that the word ‘system’ is used to mean 

‘model’. While it is common to focus on the reference to “simplest system” (aka the 

Principle of Parsimony) and to “the system that gives the highest chance to the facts 

observed” (aka Fisher’s Principle of Maximum Likelihood), note that Ramsey explicitly 

says “the system must not contradict any effects we know” (what we term the Principle 

of Consistency). Note also that Ramsey clearly makes the Principles of Parsimony and 

Maximum Likelihood subordinate to the Principle of Consistency, a prioritization we 

wholeheartedly agree with. 

B.2.4 Proposed Modification to the Information Criteria Approach  

Based on the arguments raised above, we replace  in equations (1) – (3) by the 

hydrologically (and statistically) constrained parameter estimates . Further, 

following Ye et al. [2008], the equations can be simplified, for the case of iuind 

homoscedastic measurement errors, to obtain: 

     (4) 

   (5) 

θ̂ML

θ̂HCML

BIC = n ln σ̂ HCML
2 θ( )( )+ mln n( )

KIC = n − m( )ln σ̂ HCML
2 θ( )( )− mln 2π( )+ ln H
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where  is the ML estimate of the variance of the errors (computed from the 

residuals), and is approximately equivalent to the mean squared error of model 

performance: 

         (6) 

To ensure better matching of underlying statistical assumptions, ML estimation will 

be conducted after transforming streamflow to obtain a more uniform distribution of 

values, although evaluation of hydrologic consistency will be carried out in the un-

transformed space. Following standard practice we use the power transformation  

with single transformation parameter λ to be estimated. Following Gupta et al. [2009] we 

minimize the following variation of the KGE criterion to obtain , thereby ensuring 

that water balance and flow variability errors are minimized: 

    (7) 

where r is the cross correlation between Qs and Qo, and α and β are ratios of standard 

deviations (σs(θ)/σo) and means (μs(θ)/μo) respectively of the simulated and observed 

flows. 

To estimate the Fisher Information matrix required by KIC (eqn 5) requires 

calculation of the Hessian matrix H matrix comprised of elements: 

          (8) 

σ̂ HCML
2 θ( )

σ̂ HCML
2 =

eTe
n θ =θ̂HCML

Qλ

θ̂HCML

2 2 2( 1) ( 1) ( 1)mKGE r α β= − + − + −

Hij =
∂2σ HCML

2

∂θi∂θ j θ =θ̂HCML
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When analytical derivatives are not available, estimates of H can be obtained via 

finite difference numerical approximation and/or automatic differentiation [Nocedal and 

Wright 1999], a standard practice in hydrologic modeling [Mein and Brown 1978; 

Williams and Yeh 1983; Xu and Vandewiele 1995; Abdulla et al. 1999].  

B.2.5 Some Additional Comments  

The procedure described above allows us to rank models in terms of statistically 

defensible complexity. The BIC and KIC Information Criteria balance model 

performance represented by  (which typically improves with increasing model 

complexity) against model complexity relative to information available in the data. The 

latter is represented by two terms – m the number of estimated parameters, and  the 

determinant of the parameter Hessian matrix (an estimate of the inverse parameter 

covariance matrix). As model complexity increases relative to information content of the 

data, the parameters will ultimately become less identifiable and more highly correlated, 

so that  increases.  

Further, by constraining the parameters to provide hydrologically consistent models, 

we ensure a suitably stringent test of model hypotheses. This latter step is critical in 

model selection based on Information criteria; Ye et al. [2010] point out the need to filter 

out models that provide unacceptable fit. Here, we apply several tests of consistency, 

adapted from strategies previously proposed for evaluation of monthly water balance 

models [Vandewiele et al., 1992; Xu 2001] and augmented with benchmark measures of 

σ̂ HCML
2 θ( )

H

H
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model performance [Schaefli and Gupta 2007]. Consistent with Ye et al. [2010], models 

that fail these tests will be rejected, regardless of ability to provide low values for the 

information criteria. 

Finally, to facilitate model comparison across catchments, it would be ideal if the 

flow transformation were model independent, related only to characteristics of the 

catchment and/or its flow statistics. The transformation would serve to improve matching 

of assumptions underlying the ML framework, and to facilitate extraction of information 

at all levels of flow. Unfortunately, no clear framework is available upon which to base 

quantification of differences in flow distributions across catchments. Therefore, we rely 

instead on empirical estimation of the flow transformation parameter λ at each catchment 

(as discussed later) and restrict the model intercomparison to assessment of defensible 

structural complexity at that catchment alone. 

B.3  Study of Water Balance Model Structural Complexity for the Conterminous US 

We use the procedure outlined above to investigate the selection of hydrologically 

consistent monthly water balance model structures for snow-free catchments across the 

continental United States. Our analysis proceeds as follows:  

a) Catchment selection (based on results from Martinez and Gupta [2010]), 

b) Selection of set of model hypotheses based on a diagnostic study of pilot 

catchments 

c) Calibration and evaluation of models 
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d) Filtering of catchments based on hydrological and statistical tests of consistency 

e) Ranking of model structures based on estimated values for the Information 

Criteria, and 

f) Spatial analysis of model structures 

The data consists of monthly records of streamflow, precipitation, potential 

evapotranspiration for 764 catchments previously used by Martinez and Gupta [2010]. 

These catchments are characterized by relatively small anthropogenic effects and, in 

general, we do not expect to see the systematic effects of geomorphologic features that 

may require the use of more sophisticated models (e.g., potholes in the northern plains or 

high elevation mountains through the western US). The data span a common 40-year time 

period (water years 1951-1990 inclusive) and was compiled by Vogel and 

Sankarasubramanian [2005] using the USGS HCDN dataset as a base [Slack et al., 1993] 

and monthly precipitation and temperature data from the PRISM dataset [Daly et al., 

1994] averaged for catchment area. Estimates of the Potential Evapotranspiration were 

obtained from temperature data using the Hargreaves equation [Hargreaves and Samani 

1982].  

B.3.1 Selection of Catchments, Models, and Flow Transformations 

B.3.1.1 Catchment selection 

We restrict our attention to 323 catchments for which the effect of snow storage is 

unimportant at monthly time scale (241 catchments), or where addition of a snow 
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accumulation and melt module did not provide statistically significant improvement in 

model performance while acceptable-to-good model performance was achieved (82 

catchments) by Martinez and Gupta [2010]. These ‘snow-free’ catchments are located 

thought the southeastern quadrant of the conterminous US and scattered across the 

Pacific Coast (Figure 5).  

The catchments were then filtered based on area and annual hydro-climatic 

descriptors to eliminate those with obvious inconsistencies in water balance or strong 

differences from rest of the dataset (8 catchments). Figure 1 shows the distribution of 

catchment areas, plot of aridity index (PET/P) vs. evaporation ratio ((P-Q)/Q) [Budyko 

1974], and plot of annual precipitation vs. runoff ratio [Ponce and Shetty 1994]. The 

mean catchment area is ~1300 km2 with 90% between 170 and 13300 km2. The aridity 

index (PET/P) covers a broad range of values lying mostly between 0.5 and 4. The mean 

annual precipitation ranges from 500 to 2500 mm, with most values falling between 1000 

and 1500 mm. Consistent with the simple model structures included in this investigation, 

8 catchments having flow intermittence greater than 10% during any year were 

eliminated. The 16 catchments removed are in the central region (HUC 12) and southern 

California (HUC 18). Finally, 307 catchments remained. 

Next, 17 pilot catchments were selected for testing of the calibration and evaluation 

procedures, and to help in identifying data quality problems. These include 10 catchments 

having “good” performance and 7 having “bad” performance (on independent evaluation 
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periods) following the classification methodology presented in Martinez and Gupta 

[2010]. 

B.3.1.2 Selection of Set of Model Hypotheses 

For the set of monthly water balance model structure hypotheses we examine several 

alternatives (Figure 2), based on the primary hypothesis that one or two state variables 

are sufficient to facilitate modeling of the partitioning-storage-release dynamics in snow-

free catchments at monthly time scale. In all cases the model is driven by precipitation 

(P) and potential evapotranspiration (PE) and estimates streamflow (Q) and 

evapotranspiration (E) as outputs.  

The ‘abcd’ model, proposed by Thomas [1981] and studied in detail by Alley [1984] 

consists of a conceptual two-store representation of the upper zone soil moisture (XU) 

and lower zone soil moisture (XL) (see appendix for model equations). Precipitation is 

partitioned into direct runoff (QU), groundwater outflow to the channel (QL), and actual 

evapotranspiration (AE). Two conceptual quantities, available water (WAt=Pt+XUt-1) and 

evaporation opportunity (EOt=Et+XUt) define the state variables of the model. The model 

has four parameters; ‘a’ controls propensity of runoff via the relationship between WAt 

and EOt, ‘b’ represents water holding capacity of the upper soil zone, ‘c’ partitions water 

available for runoff (WAt - EOt) between QUt and recharge to groundwater Rt, and ‘d’ 

controls the linear recession of the lower soil zone. Discussion of equations of the ‘abcd’ 

and other water balance models can be found in Alley [1984], while background 

regarding types of applications and model architectures appears in Xu and Singh [1998]. 
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Although the model has only one structural formulation, simpler variants can be achieved 

by setting parameters ‘c’ and/or ‘d’ to zero. 

The WASMOD model, proposed by Vandewiele et al. [1992] and extended by Xu 

and Vandewiele [1995] and Xu [2001], was implemented at global scale by Widén-

Nilsson et al. [2007]. The model has one soil storage, plus an optional snow storage. 

Alternative parameterizations for evapotranspiration, baseflow and fastflow allow 

definition of multiple model structures. It has been tested mainly for humid catchments 

with areas less than 4000 km2, but also for some arid, semi-arid and high latitude regions 

[Xu et al., 1996]. Vandewiele et al. [1992] found no single formulation to be optimal for 

all locations.  

The GR2M model was proposed by Mouelhi et al. [2006] in which a parent model 

structure was developed based on previous model testing [Makhlouf and Michel 1994; 

Perrin et al., 2003]. It has 2 state variables, an upper production store and a lower routing 

store, and 5 parameters controlling various options to connect or bypass stores, allowing 

for 32 different configurations. Based on testing on 410 catchments globally, they 

recommend a specific model configuration having two calibration parameters – with the 

other 3 fixed at predefined values. A distinctive characteristic of GR2M is the external 

gain/loss term that allows water to be added or removed from the system. 

Based on preliminary testing on the pilot catchments we use the following model 

structures for this study – abcd, a simpler variant we call ab, two variants of WASMOD, 

and the standard formulation of GR2M. Detailed formulations appear in the appendix.  
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B.3.1.3 Selection of flow transformation 

To characterize and understand differences in streamflow distribution between 

catchments, we examined the following three flow transformations:  

        (9) 

         (10) 

   with -1<λ<1     (11) 

The log transformation (LQ) is commonly used to improve fitting of low flows; a 

value of 1 is added to Qo to avoid zero values and distortions generated by trace values of 

streamflow. The root transformation (RQ) is reported to provide a more uniform 

distribution of simulation errors [Vandewiele et al., 1992]. The λ transformation (λQ) is 

similar to that used in the HMLE Estimator. Two values for λ were tested - λ = 0.25 

(λ0.25), an average value taken from the literature, and λopt , a value optimized to provide 

closest fit to a uniform distribution. 

To achieve the latter, the normalized flow duration curve (FCDQN) of the λQ 

transformed flows was fit to the linear flow duration curve (FDCQL), representing an 

idealized situation in which flow values are evenly distributed between 0 and 1, the mean 

and median are the same, and the ranges for the top and bottom quantiles are identical.  

    (12) 

LQ = log Qo +1( )

RQ = Qo

λQ =
Qo

λ

λ

FDCQN =
FDCQ λQ( )− min λQo( )
max λQo( )− min λQo( )
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       (13) 

The error to linear fit (EF; eqn 14) is normalized by the maximum possible error to 

match the FDCQN (0.5), to obtain values on the range [0,1]. To assess the effects of 

transformation, we use an adjusted coefficient of variation (CVadj) to minimize distortions 

in the computations (which can occur if the values become much larger than the standard 

deviation). 

   (14) 

    (15) 

To illustrate impacts that flow transformation can have, we examine Q, RQ, LQ, 

λ0.25Q, and  λoptQ for two catchments with contrasting climate (Figure 3). In the arid 

catchment, the large skew in original flow distribution results in large values for EF and 

CVadj , which decrease when transformations are applied, with λoptQ being closest to a 

uniform distribution (as indicated by both EF and CVadj). Note that the ranking, in terms 

of EF, varies for the arid and humid locations; λ0.25Q is ranked second for the arid 

location, while the log transformation is second for the humid catchment. 

Cumulative distribution functions of CVadj and EF for all 307 catchments are shown 

in Figures 4a and 4b. Most values of CVadj are below 1 after flow transformation. 

Transformation λoptQ exhibits the greatest power to reduce CVadj resulting in a range that 

FDCQL = 1,  1−
1

N −1
,  ...,  0

EF =
1

2N
FDCQN i( )− FDCQL i( )

i=1

N

∑

CVadj =
std λQ − min λQ( )( )

mean λQ − min λQ( )( )
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is small compared to that of Q; in most cases CVadj is reduced to below 0.5. The 

distribution of EF exhibits a similar ranking to CVadj, with Q having the highest EF 

followed by RT, LT, λ0.25Q and  λoptQ. The anomalous undesirable behavior of LQ 

towards the left side of each plot is caused by zero flow values. Despite different attempts 

at correction, we were unable to offset zero and low flow values in a satisfactory way; 

consequently LQ was excluded from the calibration trials reported later. 

Figure 5 shows the spatial distribution of EF for λoptQ, indicating geographic 

controls on the effect of transformation. Low values (EF < 0.10) appear along the Pacific 

Coast and higher values in central Texas. A geographic control with high EF is seen 

along the Appalachian Mountains. The rest of the catchments have intermediate to low 

values of EF. The figure insert shows that CVadj and EF are strongly negatively 

correlated for λoptQ, in contrast with weaker positive correlation found for Qo and weaker 

non-monotonic relations for RQ and λ0.25Q (plots not shown). 

To account for climatic variability, λ was calculated using the full 40 years of data; 

tests with shorter periods did not show significant differences. To confirm robustness, 

tests of EF were performed using different decades, and using only values between the 

2% and 98% quantiles (Q02 and Q99); no significant differences were found in ranking of 

transformations or in magnitudes of EF and λopt.  
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B.3.2 Calibration and Filtering of Models for Consistency 

B.3.2.1 Effects of flow transformation on model calibration 

Using the pilot catchments, we examine the effects of calibration using MSE and 

KGE, before and  after ap plyin g  the RQ, λ0.25Q and λoptQ transformations. We report 

results for the abcd model, calibrated using the Shuffled Complex Evolution algorithm 

[SCE-UA; Duan et al., 1992]. Statistics are reported in the space of untransformed flows, 

for 10 years of calibration and 30 years of evaluation (similar results were observed for 

other lengths of evaluation period). Figures 6a and 6c compare water balance (Δμ=(μs-

μo)/μo) and flow variability (Δσ=(σs-σo)/σo) errors. Overall the errors are small, usually 

less than 10%. With the MSE optimization, flow variability tends to be underestimated 

(consistent with theoretical expectation reported by Gupta et al. [2009]). When using 

KGE, the error in matching flow variability (Δσ) tends to be more evenly distributed 

around zero. 

Figures 6b and 6d compare bias errors for the bottom and top flow quartiles (ΔQb= 

(Qsb-Qob)/Qob and ΔQt= (Qst-Qot)/Qot respectively). For both MSE and KGE, biases for 

ΔQb are larger than for ΔQt, indicating tendency to overestimate low flows and 

underestimate high flows. Transformations tend to produce smaller |ΔQt| and a slight 

increase in |ΔQb|. For both calibration criteria, each pilot catchment follows a trajectory 

that can correlates with changing (decreasing) EF. As ΔEF becomes more negative, the 

reduction in ΔQb is larger. No systematic changes in parameters values or in partitioning 

of flow were found. 
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Given 40 years of record, a series of tests were performed to identify whether period 

of calibration has a strong influence on model performance or estimated parameters. 

Calibrations were conducted using ten (1951-1960) and thirty (1951-1980) continuous 

years, and 10 randomly selected years from 1951-1970. Model performance was 

evaluated on 1981-1990. No large differences in performance or parameter estimates 

were observed. For most of the 307 catchments, 10 years of data contained sufficient 

information to identify the parameters (in these regions no strong changes in the hydro-

climatic series are observed - contrary to the Northern Plains where snow effects are 

significant). Consequently, the 10-year period (1951-1960) was selected for the 

remainder of the study. 

B.3.2.2 Filtering of models for consistency 

Each model structure was next calibrated to all 307 catchments, using KGEm applied 

to λoptQ transformed flows as objective function ( ) and SCE-UA as search 

algorithm. Parameter ranges were defined according to specifications for each model 

(Appendix). BIC and KIC measures of performance were computed to assess acceptable 

degree of model complexity relative to information content of data. Model residuals were 

examined for the calibration and several evaluation periods.  

A series of filters (summarized in Table 1) were applied to each calibrated model. 

Three filters are related to model benchmarks computed in the untransformed flow space: 

1) Nash-Sutcliffe Efficiency (NSE) compares against the variance of observations, 2) 

)(2 θσ HCML
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Adjusted Precipitation Efficiency (ADPE) compares against a simple model based on 

scaling precipitation by runoff ratio [Schaefli and Gupta 2007], and 3) Climate Efficiency 

(CLIME) compares against climatology. Catchments with negative ADPE and CLIME 

and NSE < 0.5 were rejected as having unacceptable fit. 

    

Three filters are related to statistical properties of the untransformed flow time 

series: 4) Water Balance error (Δμ), 5) Flow Variability error (Δσ), and 6) Cross-

correlation between simulated and observed flows (r). Catchments with Δμ > 10%, Δσ > 

15%, or r < 0.6 were rejected as having unacceptable fit. 

Three filters are related to statistical properties of the residuals. T-student tests [Xu 

2001] were used to evaluate the magnitude and seasonality of untransformed flow 

residuals: 7) Test for zero mean of residuals (tμ), 8) Bias for bottom (ΔQb), top (ΔQt), and 

central (ΔQc) quartiles, and 9) Number of months with bias equal to zero (NQMi). Given 

the strength of these tests, a model was considered acceptable if it passed at least two of 

the quartile tests, and passed the monthly bias test for more than 10 months. 

Finally, autocorrelation of the residuals was examined by evaluating: 10) Fraction of 

lags outside the 95% confidence interval (%rout). A threshold of 20% was used based on 

testing on pilot catchments (few catchments would pass the theoretical 5%).  

NSE = 1−
MSE
σO

2
ADPE = 1−

MSE
MSEAdj. Precip

CLIME = 1−
MSE

MSEClimatology
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The filter thresholds used were selected to provide a reasonable basis for model 

rejection, by examining diagnostic plots such as Figure 7a and 7b. These show results for 

WASMOD1 and abcd for the Falling River in Virginia (USGS: 02064000). The nine 

subplots compare Qo and Qs in terms of (i) time series, (ii) scatter plot, (iii) residual 

magnitude versus Qo, (iv) flow duration curves, (v) mean monthly flows, (vi) 

autocorrelation plot, (vii) quartile mean comparison, (viii) mean monthly residuals, and 

(ix) histogram of residuals. Subplots (ii) and (iii) illustrate underestimation of peak flows 

by WASMOD1 and better matching by abcd. Similar improvements are also seen in flow 

duration curves (iv) and monthly flows (v), where horizontal lines indicate observed 

quantiles and dashed lines indicate one-standard deviation intervals, to account for 

monthly variability. Subplots (vi) show the abcd model to have smaller lagged 

autocorrelations. Subplots (vii) and (viii) indicate with square symbols which quantiles 

and months pass the t-student tests, while triangles indicate failures. Here, subplot (vii) 

confirms statistically what is seen in subplots (ii) and (iii), while subplot (viii) indicates 

that WASMOD1 has problems representing the winter behavior of this catchment. 

Consistent with the other tests, the histogram of residuals (iv) for abcd has a more normal 

distribution.  

Finally, a visual analysis of evolution of total storage within the catchment was 

conducted to check for possible deficiencies in our approach. Storage (ΔX) was 

computed as precipitation (P) minus evaporation (E) and streamflow (Q) at every time 
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step (ΔX=P-E-Q). For the models passing the tests described above, no systematic biases 

were found. 

Figure 8 summarizes the results of filtering for consistency. Tests that flagged 

(rejected) a larger number of models were tμ, Δμ, Δσ, and ΔQi. Model structures that most 

commonly failed the tests were – the two variants of WASMOD (90% of catchments), 

GR2M (80%), ab (50%), and abcd (40%). The proportion of failure for every test was 

similar, although in the case of the NQMi filter the model GR2M was flagged more often 

than usual, while abcd almost never failed. 

To evaluate overlap among different filters Figure 9 shows, for 4 model structures, 

the fraction of catchments where filters had the same outcome. The filters are organized 

in descending order of correspondence to the combined effect of all the filters (a model is 

rejected when it fails at least one filter). The filters appear to work in different ways for 

each model. For abcd, filters NQMi and r tend to differ with the final outcome, while tμ 

tends to agree with rejection. Model ab shows a similar type of ranking although here the 

filters that tend to differ are r and CLIME. Models GR2M and WASMOD2 tend to pass 

the model benchmark tests but fail many of the other filters. By examining the weighted 

combined rank of the filters we find that tμ, Δμ, and ΔQ agree most closely with the final 

decision (rank higher), while r, CLIME and ADPE rank lower. Overall, this suggests that 

a) the benchmarks thresholds could be set much higher in future iterations, b) that the 

flow bias test is the hardest for all models to pass, and c) some of the filters may be 

redundant and could be eliminated (e.g., r and ADPE).  
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Figure 10 shows the spatial distribution of number of models (max = 5) retained at 

each study catchment. More models passed the consistency tests along the Appalachian 

Mountains and the Pacific Coast than at other locations (red and orange markers). 

Locations where no

Finally, robustness of the filter process was evaluated by comparing performance 

between calibration (1951-1960) and evaluation (1961-1990) periods. Evaluation showed 

an overall deterioration of performance, especially in terms of flow bias components. For 

40% of the catchments the NSE benchmark indicated improvement in performance. In 

only 10 catchments was the deterioration of NSE greater than 20%; located mainly in the 

Southwest and Central regions these are indicated by red circles in Figure 11, and only 

one model passed the consistency tests at these locations. 

 models passed the tests (black markers) are in Central Texas, along 

the Coastal Regions in HUC 3, and along the western margin of the Appalachians. 

B.3.3 Evaluation of Model Complexity 

Consistency filtering left several plausible model structures for each catchment (191 

of the original 307). For 85 locations, the parameters estimated for abcd corresponded 

closely with values obtained for the more parsimonious ab; at these locations abcd was 

removed from consideration. Catchments where no model passed the tests were 

eliminated from further analysis, although retained to understand reasons for poor 

performance (Section 3.4). Next we evaluate, based on the Information Criteria, which 

model structure is most appropriate for each location.  
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B.3.3.1 Models selected using BIC 

First, we examine the selection of models based on the Bayes Information Criterion 

(BIC; Equation 4), which balances performance represented by against complexity 

represented by number of parameters m, without considering the degree of identifiability 

of those parameters (this factor appears later in the discussion regarding KIC). Figure 11a 

shows the spatial distribution of model structures selected by BIC for the 79 locations 

with more than one model available, plus the 112 locations with only one model. The 

most common structures are the 2-parameter ab (98 catchments) followed by the standard 

4-parameter abcd (68 catchments). Model ab is prevalent along the eastern coastline, and 

also in Ohio (HUC 5) and the eastern Arkansas-White-Red (HUC 11), while abcd is 

prevalent along the Appalachians and the Gulf Coast. The GR2M variant (16 catchments) 

clusters in three locations, the Appalachians, Pacific Coast and arid south-central US. The 

WASMOD2 variant (7 catchments) clusters in the arid south-central region. WASMOD1 

was selected for only 2 catchments in the southern Appalachians. 

Figure 12 shows a plot of catchments sorted by value of BIC. Since 


σ HCML
2  is usually 

between 0 and 1, to obtain positive values of BIC and KIC, we scale KGEm of the 

transformed flows (λoptQ) by the number of observations ln σ HCML
2( )= ln n ⋅KGEm( ). For 

each catchment, the plot shows the associated complexity ranking relative to information 

content of the data (smaller values are desirable). For locations with worse model 

performance (to the left), fewer models pass the consistency tests - the most common 

being abcd and ab. To the right (better performance), two or more models are more 

σ̂ HCML
2
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common. Models ab, abcd and GR2M occur across the entire range. Also, WASMOD 

tends to have larger BIC. 

B.3.3.2 Models selected using KIC and Fisher Information 

Computation of KIC requires an estimate of the Hessian matrix H of the parameters. 

This was obtained using the MATLAB fmincon algorithm, based on central finite 

differences and the interior point algorithm [Watlz et al., 2006]. Preliminary testing on 

the pilot catchments showed the Matlab estimate to be consistent with an estimate based 

on Monte-Carlo random parameter sampling. 

The KIC ranking is similar to that of BIC, with slightly fewer ab models (85 instead 

of 98) and more abcd models (81 instead of 68). These changes are summarized in Table 

2 (rows inform the numbers of catchments for each model using BIC while columns do 

the same for KIC). To understand the changes we examined the components of the BIC 

and KIC criteria. For BIC we found that while the difference between likelihood terms (

) favors abcd by a slight margin it is offset in favor of ab by the difference in 

parameter penalization terms ( ). For KIC, the effects of the parameter and Fisher 

Information terms together also favor abcd. Changes in classification are randomly 

scattered across the southeast. The sorted KIC and BIC plots are similar, having 

catchments with more models to the right (lower KIC, or equivalently better 

performance).  

)ln( 2
HCMLN σ

)ln(nm



160 

 

A closer examination of the relative importance of each term in KIC, for the 47 

catchments where abcd is selected, reveals that the complexity terms (parameter number 

and Fisher Information) contribute only 2% to the total, while the difference in the 

performance term (Likelihood) is about 20% of the total. Since BIC and KIC do not 

provide significantly different results, we further analyzed the distribution of the Fisher 

term (ln(|H|), Figure 13) for the 79 catchments with more than one model available. 

Overall, WASMOD parameters tend to be the most identifiable, followed by abcd, ab and 

GR2M; this is consistent with the fact that parsimony was a key concern during 

WASMOD development [Vandewiele et al., 1992]. On the other hand, GR2M is the 

result of a stepwise model development process, based on a 6-parameters parent model 

structure with some of those parameters fixed to provide good performance (on average) 

in a large number of catchments. The Fisher term ln(|H|) for abcd and ab has 

intermediate values for catchments where GR2M and WASMOD models are available. If 

we use only the Fisher term to rank catchments (Table 2b), 23 of the catchments for 

which abcd or ab were formerly selected now rank the WASMOD variants as best, with 

WASMOD1 being predominant along the Pacific Coast and WASMOD2 in HUC 03. For 

only 35 of the 79 catchments did the model with best parameter identifiability (ln(|H|) 

also rank best in terms of BIC; those models are indicated on Figure 13 by the ‘X’ 

symbol. 
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B.3.4 Association of Model Structures with Hydro-Climatic Patterns 

Figure 11 suggests an association of different model structures with hydro-climatic 

characteristics of the study catchments. We therefore examined the correspondence of 

model structures with hydro-climatology variables, Landform, Soil, Geology and Climate 

layers from the dataset of Hydrologic Landscape Regions [Wolock et al., 2004]. 

GR2M appears in two distinct hydro-climatic regions - mountainous energy limited 

(PET/P < 1, Appalachians and Pacific Northwest), and water limited (PET/P > 1, south 

central US). In the former, the external gain/loss term X2 provides a degree of flexibility 

useful for simulating large variability in flow values. The value indicates a pattern of gain 

(X2 > 1) along the Pacific Coast and Appalachians, and loss elsewhere. 

WASMOD appears mainly in the south central US (transition between humid and 

sub-humid climates) where the aridity ratio (PET/P) is close to 1. Its single store structure 

is compatible with the predominant landform (plains) and geology (dominated by 

bedrock), where an additional state variable is not required to model the behavior of 

baseflow. 

No descriptors were found to explain the selection of abcd or its simpler variant ab, 

although some association with climate and geomorphic properties can be inferred. ab is 

predominant both west of the Appalachian Mountains (humid, with landforms such as 

plains and plateaus and predominantly impermeable soils) and east of the Appalachians 

(humid, plains, permeable soils, and bedrock geology). However, abcd is concentrated in 

three regions characterized mostly by humid climates – the Appalachians, mountains of 
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the Pacific Northwest (permeable soils and impermeable bedrock geology common), and 

Gulf Coast (mix of mountains and plains, permeable and impermeable soils, and bedrock 

geology).  

Regions for which all the model structures failed consistency tests (Figure 10) are the 

central US (HUC 12), coastal South Atlantic (HUC 03), western Appalachians, and 

confluence of the Missouri (HUCs 07, 10 and 11). abcd and ab tend to fail more often in 

the Texas-Gulf region (HUC 12), and this tendency is shared by the WASMOD variants; 

GR2M tends to fail less often for this region. That all the structures tend to fail here may 

indicate inability of monthly time-scale data to capture the dynamics of this region. That 

GR2M performs better, albeit with a relatively high loss term (X2 < 1) may also indicate 

that a gain/loss mechanism should be included in the other structures in future. 

Other observations are: (a) GR2M tends to pass the consistency tests along the 

Appalachians, Pacific Coast, and to lesser extent the central region (HUC 12). 

Simulations for the eastern Arkansas-White-Red region (HUC 11) exhibited strong 

residual autocorrelations and underestimation of peak flows, and may be caused by 

limitations in the storage/partitioning parameterization; (b) WASMOD1 tends to fail less 

along the Pacific Coast, western margin of Appalachians, and central regions, and 

WASMOD2 tends to fail more along the Pacific Coast; (c) Single-state-variable 

formulations (ab and WASMOD variants) seem to give better performance for 

catchments in HUC 05; (d) Overall poor performance is seen on the western side of the 

Appalachians, along the Valley and Ridge Province [Fenneman and Johnson, 1946] 
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characterized by elongated parallel valleys and well developed karst topography; (e) 

Failure of models in the Gulf of Mexico/Florida region (HUC 03) may derive from 

characteristics of precipitation (being influenced by coastal effects), and occurrence of 

karst systems. Further investigation of these issues will require more detailed datasets. 

B.4  Discussion 

This study has explored the variability in suitable water balance model structures 

using data from 307 snow-free catchments across the United States. The results enable us 

to better understand the challenges in selection of model structures and evaluation of 

model complexity. Below, we discuss findings related to our key study questions. 

B.4.1 What is an appropriate method to identify parsimonious and hydrologically 

consistent model structures? 

We have rooted our method for model identification in the ‘Principle of 

Consistency’, based on constraining the selection of ML estimates to reproduce desired 

hydrological/statistical characteristics of the monthly water balance dynamics, and 

selection of a parsimonious model that balances model performance with structural 

complexity. The method seems well capable of identifying suitable model structures that 

give reasonable performance during evaluation. It also indicates that none of the model 

structures tested are suitable in certain regions, although this result could also be caused 

by limitations in the data and will require more detailed examination. Our results indicate 

that commonly used benchmark tests (such as NSE) do not provide a sufficiently 
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stringent evaluation of model performance and consistency, and that the flow bias test 

may be much harder for models to pass. 

B.4.2 How to perform such an analysis for large numbers of catchments?  

Unlike previous hydrological studies of model complexity, this study examined 

results for a large number of catchments with limited prior knowledge regarding 

suitability of model structures or relative importance of performance versus model 

complexity. Our approach enabled a continental scale study using large national datasets. 

In doing so, we found it necessary to account for the impact of variations in streamflow 

distribution. Although unable to obtain an optimal flow transformation, our results 

suggest that a λoptQ transformation can minimize variability in the adjusted coefficient 

(CVajd) across catchments and provide a flow transformation that weights across levels of 

flow in a more uniform way, thereby better facilitating the extraction of information. To 

handle large numbers of catchments, we also found it important to pre-screen catchments 

for data inconsistencies and dominant processes not represented by the model(s). Further, 

the use of a distributed sample of pilot catchments enabled testing and fine-tuning of the 

identification process.  

B.4.3 How to assess model complexity for conceptual models? 

Filtering of models for hydrological and statistical consistency provides important 

information, useful for eliminating inadequate model structures. This step alone led to 

rejection of all candidate structures at 116 locations. Further, only one structure passed 
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the test in 112 of the catchments, greatly simplifying the selection of structures using 

Information Criteria to only 79 remaining catchments. Closer examination of the results 

of the consistency tests provided useful information about relative strengths/ weaknesses 

and strengths of models. Note that the final outcome correlates with the consistency 

filters in different ways for each model/location - this illustrates the dangers inherent in 

oversimplifying the evaluation and also supports the usefulness of a diagnostic multiple 

criteria approach [Gupta et al., 2008].  

B.4.4 How do ranking methods compare? 

In the case of these very low order models, the complexity terms in the BIC and KIC 

Information criteria were dominated by the performance term; however, this will likely 

not be the case for models with larger numbers of parameters to be identified. Consistent 

with this, a great many catchments even failed the consistency tests, the complexity test 

was required in only 79 catchments, and only 33 catchments had more than 3 structures 

to be compared. Differences in model selection between BIC and KIC were found only in 

15 catchments, and arose mainly from relative differences in the Likelihood term and 

number of parameters, rather than from the identifiability (Fisher Information) term. Of 

course, we have used numerical methods to estimate the latter, and this issue may require 

further investigation.  
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B.4.5 What we can learn about the spatial variability of model structures? 

We were unable to discover simple rules, based on hydroclimatic descriptors, for the 

selection of model structures. However, the dominance of certain model structures in 

regions associated with particular hydroclimatic and geomorphic characteristics is 

encouraging. The results suggest that the most successful model, abcd, could possibly 

benefit by augmentation with a gain/loss term in regions where GR2M performed well. 

Similarly, the difference in dominance of WASMOD variants between the Pacific Coast 

and Southeastern regions suggests that baseflow should be parameterized differently in 

those two regions. We are still unable to explain precisely why the 2-storage abcd or 1-

storage ab structures perform better in various catchment locations. However, the pattern 

of model structures found (including locations of failures) can serve as a basis for future 

detailed investigations to identify better rules for model selection and for regionalization. 

B.5  Conclusions and recommendations for future work 

We have found strong spatial persistence of certain model structures across the 

continental US. Further work to untangle the reasons for model structure predominance 

can help to relate conceptual model structures to physical characteristics of the 

catchments, facilitating the task of prediction in ungaged basins [Sivapalan et al., 2003].  

We have demonstrated that the principle of hydrologic consistency provides a strong 

basis for guiding selection of model structures. Our results clearly show the need to 

evaluate models (including those of different levels of complexity) based on both 

performance and on degree of identifiability (relative to the information content of the 
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data). Since our study did not provide cases where models with similar performance had 

different degrees of identifiability (as indicated by ln(|H|)) this issue may require further 

investigation. Another issue to be examined is the impact of uncertainty in the data. It is 

also worth noting however, that for models with considerably greater process complexity, 

the representation of model by a single aggregate Likelihood measure is likely to prove 

inadequate as a basis for model discrimination. Instead, a multiple-criteria inference 

procedure will be necessary – either as a full multiple-criteria analysis or (as in this 

study) by imposing consistency tests to be passed at some suitable level (consistent with 

the notion of behavioral consistency introduced by Hornberger and Spear [1981]).  

In this regard, a more systematic and refined procedure for evaluation of model 

consistency may be required. In this process it is necessary to provide sufficient 

flexibility to accept model structures when they fail certain filters, while on the other 

hand providing an assessment of how well the model passes a consistency test. Similarly, 

methods to quantify the relationships between models and catchment characteristics 

should incorporate information regarding the sub-catchment scale variability of 

characteristics as well as prior Likelihood of the suitability of a model structure; methods 

of fuzzy logic and data mining may prove beneficial in this regard.  

Finally, difficulties in the inference process arise, particularly when working with 

large numbers of catchments, due to strong variations in flow distributions (particularly 

when strongly skewed), and when dealing with intermittent flows. This issue is important 

to ensuring proper extraction of information from the data, and will require creative 



168 

 

thinking – it is possible that a number of different (complementary) approaches to 

information extraction may eventually prove necessary. 

As always, we invite and encourage dialog and collaboration on these and other 

aspects of model identification, diagnostic evaluation, and hydrologically consistent 

reconciliation of models with data. 
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B.7 Appendix: Model Equations 

Fluxes: P: monthly rainfall [mm] 

PE: monthly potential evapotranspiration [mm] 

AE: Actual Evapotranspiration [mm] 

Q: streamflow [mm] 

abcd and ab model equations:: 

States:  XU: Upper water storage [mm] 

XL: Lower water storage [mm] 
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Parameters: a: propensity runoff to occur well before the soils are saturated to capacity 

[-] (0<a<1) 

b: water holding capacity (proportional to depth) of the upper soil zone 

[mm] (b>0) 

c: partition runoff between upper and lower flow [-] (0 < c < 1) 

d: linear release rate from lower store [-] (0 < d < 1) 

For the ab model, parameters c and d are set equal to zero. 

Equations: 

     (A1-1) 

 (A1-2) 

exp( / )t t tXU EO PE b= ⋅ −     (A1-3) 

t t tAE EO XU= −      (A1-4) 
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Note that in the Makhlouf and Michel [1994] comparison of a two-parameter model 

to with abcd, the update of XLt is carried out in a way different to the original 

formulations in Thomas [1981] and can introduce bias to the results. 

 

GR2M model: 

States:  S: level in production store [mm] 

R: level in routing store [mm] 

Parameters: X1: Capacity of the production store [mm] (X1>=0) 

X2: Water exchange coefficient [-] (X2>=0) 

Equations: 

  with 
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      (A2-6) 

      (A2-7) 

      (A2-8) 

 

WASMOD1 and WASMOD2: 

States:  SM: water storage [mm] 

Parameters: a4: Parameter controlling evaporation equation [-] (0<a4<1) 

a5: rate slow flow component [-] (a5 >0) 

a6: rate fast flow component [-] (a6>0) 

Equations: 

       (A3-1) 

     (A3-2) 

      (A3-3) 

 with  (A3-4) 

       (A3-5) 

      (A3-6) 

For WASMOD1 b1=2 and b2= 1 and for WASMOD2 b1=2 and b2=2. 
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B.9 Tables 

Table 1. Criteria used to evaluate hydrologic consistency of the models 

Code Criteria Description Acceptable Fit 

F1 NSE Nash Sutcliffe Efficiency NSE > 0.5 

F2 ADPE Adjusted precipitation benchmark ADPE > 0.0 

F3 CLIME Hydroclimatic benchmark CLIME > 0.0 

F4 Δμ Water balance error Δμ < 10 % 

F5 Δσ Flow variability error Δσ < 15% 

F6 r Correlation between observed and simulated 
flows r > 0.60 

F7 tμ Statistical test for zero mean residuals* Passing test 

F8 

ΔQb Bias for the bottom quartile of the flows* 
At least two of 

the tests is 
passed 

ΔQt Bias for the top quartile of the flows* 

ΔQC Bias for the central quartiles of the flows* 

F9 NQMi Total of months with bias equal to zero* NQMi > 10 

F10 %rout 
Percentage of the autocorrelation lags is outside 
of the confidence 95% bounds %rout < 20% 

* t-student test is applied to determine the level of significance 
 

  



180 

 

 

Table 2. Comparison between ranking methods 

a)  KIC RANKING 

  abcd ab GR2
M WASMOD1 WASMOD2 TOTAL 

BI
C

 R
A

N
K

IN
G

 abcd 47 0 0 0 0 47 
ab 11 12 2 0 0 25 

GR2M 1 0 3 0 0 4 
WASMOD

1 
1 0 0 1 0 2 

WASMOD
2 

0 0 0 0 1 1 

TOTAL 60 12 5 1 1 79 
 

b)  ln(H) RANKING 

  abcd ab GR2
M WASMOD1 WASMOD2 TOTAL 

BI
C

 R
A

N
K

IN
G

 abcd 22 12 0 6 7 47 
ab 4 11 0 3 7 25 

GR2M 0 3 1 0 0 4 
WASMOD

1 
0 0 0 1 1 2 

WASMOD
2 

0 0 0 1 0 1 

TOTAL 26 26 1 11 15 79 
 

  



181 

 

B.10 Figures 

 
Figure 1 Physical descriptors for the catchments selected in this study: a) area, b) 

aridity ratio (PET/P) vs. evaporation ratio  ((P-Q)/Q) and c) runoff coefficient (Q/P) 
vs. mean annual precipitation (P). Catchments with abnormal values and high 

intermittency of the flow were eliminated. 
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Figure 2 Model structures used in this analysis 
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Figure 3. Comparison of flow transformations for an arid catchment and a 

humid catchment. The numbers in brackets in the legend represent EF and CVadj 
respectively. 
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Figure 4. (a) Adjusted Coefficient of variation, CVadj and (b) error to linear fit, 

EF for the 307 catchments considered in the analysis 

 
  



185 

 

  
Figure 5 Error to linear fit obtained using λoptQ transformation. Observe in 

the insert the strong negative correlation between EF and CVadj when the λoptQ 

transformation is applied.  

  



186 

 

  
Figure 6. Effect of the flow transformation on the evaluation results of the abcd 

Model using MSE (a,b) and KGE (c,d) during the entire period (1951-1990) and 
calibration from (1951-1990) 
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Figure 7 Sample of diagnostic plots (calibration period) used to filter 
catchments for the WASMOD1 (a) and abcd (b) models. These results correspond to 

USGS: 02064000 station at the Falling River VA   
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Figure 8 Fraction of catchments with unacceptable fit for each model 

discriminated by filter type 
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Figure 9 Fraction of catchments with the same filter outcome for abcd, ab, 
GR2M and WASMOD2. Only catchments that failed at least one of the tests are 

shown. The filters are sorted in descending order by the degree of correspondence to 
at least one to fail. 
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Figure 10. Available models after filtering 
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Figure 11. Spatial variability of model structures selected by filtering and BIC 
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Figure 12. Distribution of BIC values for each location with models available 
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Figure 13. ln(|H|) values for each location with more than one available model. 

Filled markers correspond to best model using BIC ranking. X symbol indicates the 

35 models that rank first with BIC and the most identifiable parameters as 

measured by ln(|H|) 
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Abstract 

 

Aggregate squared error measures, such as Mean Squared Error (MSE) and Nash-

Sutcliffe Efficiency (NSE) are commonly used for identification, calibration and 

evaluation of models. Recent work has shown that MSE (and hence NSE) decomposes 

into components representing bias error, variability error, and linear correlation, and that 

these components can interact in ways that cause optimal model performance to be 

overestimated, while achieving poor representation of relevant hydrologic behaviors such 

as water balance and flood peaks. As part of an effort to improve diagnostic power in 

model evaluation, this paper discusses how any aggregate measure of model performance 

can easily be modified via a penalty function approach to ensure proper reproduction of 

important system behaviors, thereby avoiding the need to implement formal multi-criteria 

optimization. To illustrate the approach, we use a penalized MSE criterion to calibrate a 

monthly water balance model to 241 watersheds in the United States, discuss the impact 

on estimated values of parameters, and show that the consequent hydrologic performance 

of the model is improved. The analysis and results help further our understanding of how 

performance criteria should be constructed and applied in the identification, calibration 

and evaluation of models. 
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C.1  Introduction 

Aggregate squared error type measures are widely used for identification, calibration 

and evaluation of models, two of the most common being the Mean Squared Error 

criterion (MSE, or sometimes the Root Mean Squared Error, RMSE) and its normalized 

version, the Nash-Sutcliffe Efficiency (NSE) [Nash and Sutcliffe, 1970] defined as:  

   (1) 

     (2) 

where  and are the observed and model simulated values respectively, θ are the 

model parameters (constrained to be selected from within some feasible space ), and 

 is the variance of the observed time series. Such measures, or similar ones obtained 

by first transforming the times series to be compared (e.g., using a power or log 

transformation), are widely used in the calibration of both lumped and distributed 

catchment models [Gan and Biftu, 1996; Refsgaard, 1997] to streamflow fluxes, and also 

in the calibration of land surface parameterizations to energy fluxes and soil moisture 

[Melesse and Nangia, 2005; Xia et al., 2002].  

However, despite their extensive use, such criteria exhibit relatively low power in 

helping to discriminate between alternative model hypotheses, or for providing specific 

information regarding which model components remain weak [Gupta et al., 2008,2009; 
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Martinez and Gupta, 2010a], leading to inferences either that parameters are poorly 

identifiable [Kuczera and Mroczkowski, 1998], models are too complex relative to the 

information in the data [Jakeman and Hornberger, 1993], or that competing models 

cannot be distinguished using available information [Beven and Freer, 2001]. As 

discussed by Gupta et al. [2008], it can be inappropriate to draw such inferences using 

diagnostically or discriminatorily weak model identification procedures. Further, as 

model complexity continues to increase, the need to develop model evaluation procedures 

that are more discriminatory, informative and robust becomes ever more pressing. 

To design better model performance criteria, it is important to understand the ways in 

which the measures in current use extract information from the data. Murphy [1988] 

investigated the MSE measure and demonstrated its relationship to the correlation 

coefficient, and discussed the implications in the context of climate models. More 

recently, Gupta et al., [2009] showed that the MSE can be written as: 

  (3) 

in which the total MSE decomposes into three components, and similarly: 

 (4) 

Here and  represent the errors in reproducing the 

mean and standard deviation of the observed time series, and  represents the 

inability of the model to reproduce its timing and shape, where  measures the linear 

MSE = ∆µ2 + ∆σ 2 + 2σ sσ o (1− r )

NSE =
∆µ
σ o
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correlation between  and . In other words, when optimizing the MSE criterion to 

calibrate a model to observed data, the procedure is equivalent to a weighted multi-

criteria approach in which we seek to simultaneously match the first two moments of the 

probability distribution function (pdf’s) of the simulated series to that of the observed 

data, while maximizing the linear correlation between the two. A hydrologic 

interpretation is that setting  is equivalent to achieving long-term water balance, 

setting is equivalent to getting the variability of the flows correct (and hence the 

slope of the flow duration curve), and maximizing the value of  is equivalent to 

maximizing the reproduction of hydrograph timing and shape. 

However, the form of the MSE decomposition reveals several interesting defects. Let 

 denote the ‘optimal’ model parameters obtained by minimizing MSE, so that the 

‘MSE optimal’ value of the criterion is indicated by , where the 

superscript m indicates optimal according to MSE. Similarly let 

and  represent the corresponding ‘MSE optimal’ 

values of the mean, standard deviation and correlation coefficient.  

1) By setting to zero the derivatives of MSE with respect to and  (these are 

the three terms that can be adjusted by varying the parameters θ of the model), we 

find that MSE is minimized when  and , and the optimal value 

achieved is . Here, the result that  is critical.  

qt
s qt

o
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Because the model is an imperfect representation of reality, and because the 

observed data contain measurement errors, the optimal value of the correlation 

coefficient  can never reach 1.0 (i.e., ) and hence the post-calibration 

value of  will be smaller than its observed counterpart (i.e., ). In other 

words, it is expected that the ‘optimal’ parameters obtained by calibrating the 

model to minimize MSE (or maximize NSE) will invariably be such that the 

simulated time series underestimates the variability of the observed data. As noted 

by Gupta et al. [2009], this effect is commonly seen in watershed modeling as 

under prediction of the flow peaks and over prediction of the recessions if model 

parameters θ can control μs, σs, and r.  

2) The sensitivity coefficients  and  are 

generally small compared to  particularly when close to the 

optimal solution where , and 

. In fact, the sensitivity  is always negative 

for , and will approach the value  at the optimum, 

while  and . As a consequence, there will be a 

stronger tendency to minimize the value of the third component of MSE, by 

driving  while permitting and  to take on values different from 

zero.  

r rm < 1

σ s
m σ s

m < σ o

dMSE dµs = 2∆µ dMSE dσ s = 2(σ s − r  σ o )
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So, the practical consequence of calibrating a model to minimize MSE will tend to 

select model parameters  that maximize the linear correlation between the observed 

and modeled quantities being compared, with a mean error close to zero, but with a 

simulated variability that is less than the observed by a degree determined by the 

achievable linear correlation. Further, because of the weak sensitivities of MSE to  

and in the region of the optimal solution, the quantities  and  may not be well 

constrained – in other words the optimization procedure may terminate at parameters for 

which  and . This can be particularly true if using evolutionary 

(population) search algorithms such as Shuffled Complex Evolution [Duan et al 1992], 

genetic algorithm [Wang, 1991], etc., or even Gauss Newton type algorithms for which 

termination of the search occurs when the gradient becomes smaller than some threshold 

value. These consequences have been documented for commonly used parameter 

estimation methods in 49 watersheds in Austria [Gupta et al., 2009], and 764 watersheds 

across the conterminous United States [Martinez and Gupta, 2010a], and will be seen 

again for the case study reported in this paper. 

A less clear consequence of calibrating to minimize MSE (maximize NSE) is that this 

action can lead to overestimation of model performance – i.e., we may conclude that the 

model is better than it actually is. Our argument is predicated on the assumption that a 

‘good’ model should reproduce the behaviors reflected in the data in a meaningful way – 

in hydrology this usually means that the model should reproduce (among other things) 

the observed water balance and hydrologic variability. We have seen that the ‘MSE 

θm

∆µ

∆σ µs
m σ s

m

∆µ ≠ 0 σ s ≠ rmσ o
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optimal’ model will achieve  with  and ; note that 

this corresponds to: 

        (5)  

If, however, we constrain our optimization to allow only selection of parameter 

values  within the subset  of all possible solutions in  that meet the conditions 

and , then the best value of MSE we can achieve will be 

, which corresponds to: 

        (6) 

Taking the difference of these two terms we get: 

     (7) 

or equivalently: 

      (8) 

One can further show that  (see Appendix C.7), so that: 

   (9) 

or equivalently: 

   (10) 
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Figure 1 shows clearly that  over the practical range of values, although the 

difference  never exceeds 0.15 and is less than 0.1 for values in the upper 

ranges of . Similarly Figure 2 shows that  is smaller than  (and hence 

is larger than ) by very significant amounts for practical values of MSE or 

NSE. 

The main objective of this paper is to explore the benefits of pursuing a model 

calibration strategy in which we constrain the solutions to ensure that and 

 so that, for watershed models, water balance and hydrologic variability are 

preserved, as well to facilitate the addition of additional measures in a framework 

compatible with previous approaches used in numerical optimization. An analysis along 

these lines was presented in Gupta et al [2009] wherein a objective function approach 

was followed in which equal weighting was applied to minimizing three error 

components computed as ,  and . Here, we instead develop a 

‘Penalized MSE’ approach in which standard optimization strategies can be applied, but 

in such a way that and  are ensured, for some arbitrarily small values 

of  and . We demonstrate the practical consequences of this approach in the context 

of monthly water balance modeling for 241 watersheds across the conterminous US, and 

explain how this approach can be used to combine additional criteria to better constraint 

the parameters and guarantee the consistency of the models.  

rm > rp
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Section 2 develops the penalty function approach, and discusses various details of its 

implementation including the choice of  and .  Section 3 describes the model, data 

and optimization methods used, and presents model calibration results in which the 

Standard-MSE and the Penalized-MSE approaches are compared. In addition to exploring 

model performance during calibration, we discuss the consequences of these strategies on 

the selected ‘optimal’ parameter sets, and examine the implications for model 

performance on several independent evaluation periods. Section 4 explores how well the 

parameters are constrained in terms of the initial penalty terms and illustrate the basis to 

rank additional error terms. Finally, section 5 discusses the implications of these 

theoretical and practical results, and suggests potential extensions of the methodology to 

help ensure the preservation of other hydrological properties during model identification. 

C.2  Penalty Function Approach 

The general constrained minimization problem can be written as: 

     (11) 

The classic approach to solving this problem is to convert it into an unconstrained 

minimization problem by adding the constraint equation to the function to be minimized, 

weighted by a Lagrange parameter [Nocedal and Wright, 1999]: 

      (12) 

εµ εσ

min
wrt  θ

F θ( )  subject to  G θ( )= 0

min
wrt  θ

FP θ( )= F θ( )+ λG θ( )
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In solving this unconstrained problem, we must select an appropriate value for the 

Lagrange weighting parameter λ so that the solution is penalized for selecting parameters 

 for which (see Bard [1974] for details of solution procedures).  Here we will 

follow an alternative multiplicative penalty approach such that:  

       (13) 

where  whenever . In particular, we choose a form for  

such that  when x=0 and increases monotonically with . This will ensure 

that  whenever the constraints are satisfied, and that  will become 

progressively larger with stronger violations of the constraints. Such approaches had been 

applied in the past in the context of hydrologic modeling, for example to control 

parameter values from moving away from a prior distribution [Simunek and Van 

Genuchten,1996; Parker et al, 2008] and to facilitate the regularization and the inclusion 

of signatures of hydrologic behavior in distributed models Pokhrel and Gupta [2009].  

In general, the penalty function  can be either linear or non-linear in form.  

Here we will use the simple non-linear form: 

        (14) 

where z > 1 and T > 0. Simple calculus shows that, in general, the strength of the 

penalty is less sensitive to the choice of z than to T. Here we will fix z = e, where e is the 

base of the natural logarithm (e = 2.718…), also known as the Euler number. The 

behavior of the resulting penalty function is illustrated in figure 3 where it can be seen 

θ G θ( )≠ 0

FP θ( )= F θ( )P G θ( )( )

P G θ( )( )> 1 G θ( )≠ 0 P x( )
P x( )= 1 x

FP θ( )= F θ( ) FP θ( )

P x( )

P x( )= z
x
T
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that smaller values of T cause the penalty function to increase more rapidly with 

violations of the constraint. 

In cases, such as ours, where there is more one equality constraint to be satisfied (xi = 

0, i = 1,…, Nc), we can generalize the multiplicative penalty to the form:  

   (15) 

Because this form ensures that only the worst constraint offender is active, the 

constraint formulations and size of thresholds must be selected properly to ensure that we 

obtain the behavior desired. This issue will be illustrated and discussed further during the 

case study. 

C.3  Case Study: Water Balance Modeling for the Conterminous US 

The objective of this case study is to model the monthly water balance for several 

catchments within the continental US. Martinez and Gupta [2010a] discuss this problem 

in the context of a larger study involving 764 catchments that span the hydro-climatic 

range of the US. They used a standard MSE based calibration procedure and found that 

many of the model calibrations did not properly conserve water balance or reproduce the 

observed hydrologic variability. In this study, we investigate the ability of a Penalized-

MSE approach to provide calibrations with improved model performance, and focus on 

catchments identified by Martinez and Gupta [2010a] for which the ‘abcd’ monthly 

water balance model appears to be a reasonable initial model hypothesis.  

P xi ,..., xNc( )= max exp x1 T1( ),...,exp xc TNc( ){ }
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C.3.1  Data Set Used 

The hydro-climatological data used in this work is a sub-set of the 1376 station data 

set compiled by Vogel and Sankarasubramanian [2005], consisting of streamflow, 

precipitation, potential evapotranspiration, and average daily minimum and maximum 

temperatures for each month.  The data is arranged into water years, as conventionally 

defined over periods from October 1 to September 30. Our data sub-set consists of 241 

stations in the South Central, South Eastern and Coastal Pacific regions (figure 4), for 

which snow storage and dynamics are not significant, and for which data spanning a 

common 40-year time period (water years 1951-1990 inclusive) are available.  

The streamflow data was originally compiled by the USGS to study surface water 

conditions throughout the US [Slack et al., 1993], and selected to be relatively unaffected 

by human influences such as streamflow regulation, impacts of groundwater pumping, or 

changes in measurement device, and with a USGS accuracy rating of at least “good”. The 

precipitation and average minimum and maximum daily temperature data were computed 

by Vogel and Sankarasubramanian [2005] from the PRISM (Precipitation Elevation 

Regression on Independent Slopes Model) climate analysis system data set [Daly et al., 

1994]). They also estimated monthly potential evaporation using the Hargreaves and 

Samani [1982] method, from monthly time series of average minimum and maximum 

temperature and extraterrestrial solar radiation. More details are provided in Martinez and 

Gupta [2009]. 
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C.3.2  The ‘abcd’ Water Balance Model 

The ‘abcd’ water balance model (figure 5) has two state variables and is described in 

detail by Alley [1984]. The upper soil-moisture accounting storage (XU), from which 

evapotranspiration occurs, has non-linear dynamics controlled by the two parameters ‘a’ 

and ‘b’. It accepts monthly precipitation (P) and potential evapotranspiration (PE) as 

inputs and generates estimates of precipitation excess (PX). The parameter ‘a’ controls 

the propensity of water to be released before the upper zone becomes fully saturated, and 

parameter ‘b’ represents the maximum storage capacity of the upper zone (XU ≤ b). The 

recharge parameter ‘c’ partitions PX into two components, a fast streamflow component 

(QU) that is delivered immediately to the catchment outlet, and a groundwater recharge 

component (GR) that is input to the lower soil moisture storage (XL). The lower storage 

is assumed to be effectively infinite in capacity, and has linear dynamics controlled by 

the recession coefficient ‘d’. It generates a slow streamflow component (QL), which is 

added to the fast component (QU) to become the streamflow discharge (Q) at the 

catchment outlet. 

The nonlinear dynamics of the upper storage are controlled by the equation: 

    (16) 

where WA represents water availability and EO represents evapotranspiration 

opportunity in the upper zone, defined as  and . 

  
EOt (WAt ) =

WAt + b
2a

−
WAt + b

2a







2

−
WAt ⋅b

a

  WAt = PTt + XUt−1  EOt = Et + XUt
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Evapotranspiration opportunity is further partitioned into actual evapotranspiration Et and 

residual soil moisture storage XUt by the non-linear relationship 

. The recharge and fast streamflow components are 

computed as  and , and the slow 

streamflow components is computed as . Finally total streamflow is 

computed as . For more details see Alley [1984], Sankarasubramanian 

and Vogel [2005] and Martinez and Gupta [2010a]. 

C.3.3  Procedure for Parameter Estimation via Automatic Calibration 

For each of the 241 catchments, we estimate the four parameters (a,b,c,d) and two 

initial state variables (XU0, XL0) by calibrating the model to match observed input-output 

behavior for a ten year period (WY 1951-1960). Parameter optimization is carried out 

using the Shuffled Complex Evolution algorithm (SCE-UA; Duan et al. [1992]) with 8 

complexes and a maximum of 60,000 function evaluations (termination generally 

occurred with much fewer iterations based on function convergence). The optimized 

variables were constrained to remain within feasible ranges defined as follows: 

parameters a, c, and d (dimensionless) were allowed to vary over the feasible range (0, 

1], and parameter ‘b’ and the initial state values XU0 and XL0 (dimension mm) were 

allowed to vary on the range [1, 4000]. Calibration runs were conducted using both the 

conventional MSE criterion and a penalized form of the MSE, defined as 

, where: 

)}/exp(1{ bPEEOE ttt −−⋅=

  Rt = c ⋅ (WAt − EOt )   QUt = (1− c) ⋅ (WAt − EOt )

 QLt = d ⋅ XLt

 Qt = QUt + QLt

MSEP θ( )= MSE θ( )⋅P G θ( )( )
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 (17) 

The first term in  penalizes deviations of  from  thereby 

preserving long-term water balance, and the second term penalizes deviations of  

from  thereby preserving the variability in the flow distribution. To simplify the 

implementation, the thresholds Tµ and Tσ were set to the same magnitude (T) and 

maintained at a constant value throughout each calibration run. At first T was set at 0.25 

(based on arguments presented in Appendix C.8) and was then reduced progressively in 

subsequent runs until the constraints were found to be properly satisfied (i.e., 

 and ). 

C.3.4 Calibration Results 

Although the calibration runs were performed to minimize MSE (and MSEP), we 

show the calibrated model performance results in terms of the normalized statistic NSE 

(see equation 2). In the following text, the superscripts m and superscript p denote 

calibration with MSE and MSEP respectively. The top of row of figure 6 shows the 

relationship of NSEm to rm, ∆μm/μo and ∆σm/σo for all 241 watersheds, when the model is 

calibrated using the standard MSE approach. As expected, the results in figure 6a1 

closely follow the theoretical line 


NSEm : rm
2  (equation 5). However figures 6a2 and 6a3 

show that, even for the relatively high values of NSEm > 0.75 we can have water balance 

P( G θ( )) = max exp
µs θ( )− µo( )

µo
Tµ









 ,  exp

σ s θ( )− σ o( )
σ o

Tσ























P G θ( )( ) µs θ( ) µo

σ s θ( )

σ o

∆µ / µo ≤ εµ = 0.01 ∆σ /σ o ≤ εσ = 0.01
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errors on the order of ±10% and variability errors greater than -15% (larger than the 

theoretical expectation of ∆σ m σ ≤ NSEm −1 ). The middle row shows the results 

when the model is calibrated using MSEP approach, with T = 0.25. Figures 6b1-6b3 show 

the results for NSEp closely following the theoretical line 


NSE p : 2rp −1 (equation 6), 

but that the choice of threshold T is not strong enough to ensure that ∆μp/μo ~ 0 and 

∆σp/σo ~ 0 for all of the watersheds. We discuss this lack of convergence below. In 

contrast, figures 6c1-6c3 show that when we use T = 0.05, the algorithm converges to the 

expected theoretical results for all cases. 

The poor convergence of MSEP when using T = 0.25 is explained using figure 7.  

Here we present a scatter plot showing how Δσ/σo and Δμ/μo change when we go from the 

standard MSE to the penalized MSEP calibration. The MSE results, shown using un-filled 

dots, tend to fall in a cone-shaped region with negative Δσ/σo and both positive and 

negative Δμ/μo . When we use MSEP with T = 0.25, shown using filled dots, most of the 

results converge to the origin [∆μp/μo ~ 0, ∆σp/σo ~ 0], but several points terminate along 

the ±1:1 lines. This result is an artifact of the form of the selected penalty function in 

which only the worst constraint offender is active.  As a result, the smaller constraint 

error components can actually become larger during the search, as long as they remain 

smaller than the largest constraint error component. The problem is easily solved by 

progressively reducing the value of T until all points converge to the origin – in our case 

achieved by reducing T to 0.05. However, the result illustrates an important issue. In 
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cases where it is not possible (due to model or data limitations) to force one or more of 

the constraints to be satisfied, it may be necessary to treat the individual constraint 

thresholds independently, in which case one may need to “trade-off” the degree of 

matching of different constraints in a manner similar to multiple-criteria analysis. 

Finally, figure 8 shows a comparison of model performance using MSE and MSEP. It 

clearly shows that use of the standard MSE approach can result in significant 

overestimation of model performance while having large errors in reproduction of μo and 

σo for many catchments; here we see that a value of NSEm~0.75 can be associated with a 

value of NSEp~0.3, and that lower values of NSEm can even have NSEp<0. The difference 

in model performance increases significantly as NSE becomes worse, in a manner largely 

consistent with the theoretical relationship (see Appendix C.9).  

Parameter Estimates 

Next, we discuss the impacts of using standard MSE and penalized MSE on the values 

of the estimated model parameters. Here we will look only at results for the 149 

catchments with NSEp > 0.75 as the results will be less meaningful when the model is a 

poor representation of catchment behavior. In particular, we examine the changes in 

parameters ∆θ = θ p −θm when going from MSE to MSEP.  

Figure 9 shows the cumulative distribution plots for ∆θ . The dimensionless 

parameters (a, c and d) are compared directly, while the remaining (b, XUo and XLo) are 

compared in terms of their differences normalized by the value obtained by the MSEP 
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approach. For parameter a, 79% of the catchments with |∆a| > 0.001 show an increase in 

value (figure 9a). This change comes about mainly in response to the constraint 

on ∆μp/μo

For parameter b, 89% of the catchments with |∆b|/bp > 0.05 show a reduction in value 

(figure 9b). This change comes about mainly in response to the need to increase the 

variability in modeled streamflow so that the constraint ∆σp/σo ~ 0 is satisfied. This 

makes physical sense, because as the capacity b of the upper zone becomes smaller, the 

model is able to respond more rapidly to increases in precipitation, resulting in a better 

match to the observed hydrologic variability. In general, the reduction in magnitude of 

the upper zone capacity is from 0 to 70% with an average reduction of about 25%.  

~ 0, which makes physical sense. As parameter a becomes closer to 1.0, the 

“propensity of the model to release water before the upper zone is saturated” is reduced, 

so that more water is available for evapo-transpiration, thereby improving the long-term 

water balance. 

Similarly 85% of the catchments with |∆c| > 0.001 show a decrease in value of 

parameter c, (figure 9d), and 75% of the catchments with |∆d| > 0.001 show an increase 

in value of parameter d (figure 9c). These changes are also consistent with the need to 

increase the variability in modeled streamflow so that the constraint ∆σp/σo ~ 0 is 

satisfied. The smaller recharge parameter c translates into a larger quick flow component, 

and the larger lower zone recession rate parameter d translates into a faster slow flow 

response. 
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Examining the subplots for the initial upper zone state variable (XUo; figure 9e) and 

initial lower zone state variable (XLo; figure 9e) we see that the distribution of changes in 

XUo generally tracks the changes in upper zone capacity parameter b, and the distribution 

of changes in XLo generally tracks the changes in lower zone recession rate parameter d. 

This can be interpreted as interdependence of these values with adjustments in XUo and 

XLo being made to preserve long-term water balance ∆μp/μo

Evaluation Period Performance 

~ 0 and the parameters (a, b, c 

and d) controlling the dynamics of model behavior are changed. 

Finally, we examine the impact of standard MSE and penalized MSEP calibrations on 

model performance (and its consistency) during independent evaluation periods. Figure 

10 shows two rows of subplots – the top row corresponds to the 10-year calibration 

period (WY 1951-1960), and the second row shows results for three 10-year evaluation 

periods (WY’s 1961-1970, 1971-1980 and 1981-1990), none of which was used in model 

calibration. For each evaluation period, statistics were computed only for the last nine 

years so that the uncertain initial model states are allowed to “warm up” during the first 

year. 

The four columns of subplots show the cumulative distribution functions for the NSE, 

r, ∆μ/μo and ∆σ/σo performance statistics respectively. Several things are immediately 

apparent: 
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1) The penalized MSEP approach consistently gives lower NSE performance on all 

periods (calibration and evaluation).  

2) For both methods, there is a consistent drop in NSE performance from calibration 

to evaluation periods. In general, the drop in evaluation period performance is 

larger for catchments with poor calibration period performance.  

3) The penalized MSEP approach gives only slightly lower values for the linear 

correlation coefficient r during evaluation.   

4) During calibration, the standard MSE approach gives a distribution of ∆μ/μo 

values that centers on 0.0 (indicating good long-term water balance), whereas the 

penalized MSEP is constrained to give ∆μ/μo ~ 0 for all catchments. During 

evaluation, however, the distribution of values obtained by both approaches is 

similar, with a slight shift in the means of the distributions towards 

underestimation. Further, the variances of the distributions increase from 

calibration to evaluation period, indicating a drop in consistency of model 

performance (as also indicated by the NSE statistic). 

5) During calibration, the standard MSE approach gives a negative mean for the 

distribution of ∆σ/σo values indicating severe underestimation of hydrologic 

variability, whereas the penalized MSEP is constrained to give ∆σ/σo ~ 0 for all 

catchments. During evaluation, however, the penalized MSEP continues to 

maintain a distribution mean close to 0.0, while the standard MSE still 

underestimates hydrologic variability. Interestingly, during evaluation, the spreads 
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of the MSE and MSEP distributions are similar (both have similar slopes), 

indicating similar statistical variance in distributions of ∆σ/σo performance. 

C.4  Parameter constraints and ranking of penalty terms 

To further understand how the penalty approach can be used to match relevant 

hydrologic criteria, we examine how model parameters are constrained by using contour 

plots of MSE and several error terms relevant to water balance modeling in catchments 

where the structure of the abcd model appears to be consistent and parsimonious 

[Martinez and Gupta, 2010b]. The information obtained from this assessment was used to 

test additional criteria that constraint the parameters and to decide the relative importance 

of each penalty term by adjusting the value of the threshold parameters in the penalty 

function.  

Figure 11 presents contour plots using of parameters a and b (top row) and 

parameters c and d (bottom row) which are typical for catchments where the abcd model 

structure is identifiable for the upper and lower storage. These contours were generated 

using 200 by 200 grids scaled to match the parameter space explored during optimization 

while the remaining two parameter values on each case were fixed at the optimum values 

given by MSE minimization. To facilitate the comparison of the contours, a green cross is 

used to indicate the optimum parameter value in terms of MSE and a red triangle to 

indicate the minimum value of each variable. For MSE normalized by 2
oσ , the contours 

of parameters a and b are constrained to smaller and steeper region of the parameter 
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space, while the contours for c and d are less constrained and reveal a much flatter space. 

This behavior matches the expected importance of the parameters in terms of MSE, since 

parameters a and b control the water available to evapotranspiration and overall shape of 

the hydrograph while parameters c and d are related to the lower storage and recession 

characteristics.  

To understand how the penalty terms contribute to an improved constraint of the 

model parameters, the second and third columns of Figure 11 depict / oµ µ∆ and / oσ σ∆

components respectively. From the top row, it can be seen that parameter a is constrained 

by / oµ µ∆  while parameter b is constrained by / oσ σ∆ . In the case of parameters c and 

d, / oµ µ∆  does not provide a strong constraint for parameter c nor d, while / oσ σ∆  

provides some constraint to parameter c but shows a strong parameter interaction with 

parameter d. By overlapping the overall flow bias and variability components, it is clear 

that parameters a and b are reasonably well constrained by the narrow intersection of 

these components, while parameters c and d have a much larger intersection zone which 

suggest further exploration of additional measures to guarantee parameter identifiability 

and hydrologic consistency of the model.  

Several measures were explored to obtain an improved identifiability of parameters c 

and d, including several terms of the autocorrelation function and normalized bias for 

different portions of the hydrograph. The fourth column in Figure 11 presents the 

contours of one of these terms generated by constraining only the bottom lower quartile 
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of the flows ( /LF LFoµ µ∆ ). In this case, the equivalent to the 15% band of flow bias is 

much smaller and provides a better constraint of parameter c, especially for the lower 

range between 0 and 0.2. These desirable effects are then included to the penalty function 

by an additional term that is controlled by threshold TμLF following the notation of 

equation 15. 

 Following the inspection of the penalty terms, contours of the penalty function were 

examined to understand the impact of the thresholds that control the strength of the 

penalty terms. After initial testing using T values with equal magnitude for each penalty 

term, it was observed that the penalty function for parameter c and d was dominated by 

the strong interaction observed in / oσ σ∆  (contours not shown). To provide a better 

constraint of parameters c and d, stronger importance was assigned to the low flow bias 

term by setting TμLF equal to 0.05, followed by the water balance term (Tμ=0.065) and 

then by the flow variability component (Tμ=0.125). As a result of the raking of the 

penalty terms, parameters c and d are constrained to a much smaller region as shown on 

the bottom right of Figure 11.  

To evaluate the impact of additional penalty terms, a subset of 68 catchments where 

the abcd is expected to utilize both upper and lower storage was used to perform 

calibration using the following optimization functions: the standard MSE criterion, the 

penalty function MSEP with the two terms studied in Section 3, the KGE criterion 

introduced by Gupta et al. [2009] to avoid parameter interaction, and a MSEP function 
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with the ranked penalty terms chosen in the contour plot analysis. Figure 12 compares the 

cumulative distribution functions for the NSE, / LFµ µ∆ , / oσ σ∆ , and /LF LFoµ µ∆

components obtained from these functions. In this case, the entire record of data 

available, that includes the initial calibration decade and three additional evaluation 

decades, was used to provide a more robust evaluation. These results are consistent with 

the previous explanations about reduction of NSE, relative similar results for the bias 

component and improvement on the variability of the flow bias. They also show the 

similarities between KGE and the penalty function on flow bias and variability. However, 

the addition of the low flow component shows, at the bottom right of Figure 12, a 

tendency of the parameters sets obtained with MSEP and ranked T to have an inferior 

flow bias for the bottom flow quartile that is not obtained when constraining with MSEP 

nor KGE. 

C.5  Conclusions 

This paper has discussed some of the limitations of using an aggregate squared-error 

type model performance criterion, in a single-criterion mode, for model identification. 

The theoretical results are easily generalized to other aggregate squared-error type 

performance measures, such as those obtained by non-linear transformations (e.g., 

logarithm or power) of the model outputs. We show that single-criterion calibration using 

such a measure can result in model parameters that do not preserve important 

hydrological (statistical) properties of the catchment output response; here we focus on 

long-term water balance (mean error) and variability (variance error) violations, which 
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are explicit components of the overall MSE (and hence NSE). This paper proposes the use 

of a ‘Penalized MSE’ approach, which acts to constrain the calibration so as to ensure 

that these hydrological (statistical) properties are preserved. Important advantages, when 

compared to multiple-criterion approaches [Gupta et al 1998] are that it requires only 

very little re-programming of existing single-criterion model calibration codes, provides 

the flexibility to control the importance of additional criteria, and has a formulation 

similar to previous efforts on penalization in numerical optimization.  

We demonstrate the practical consequences of the approach by comparing MSE and 

MSEP calibrations of the ‘abcd’ monthly water balance model for 241 watersheds in the 

conterminous US. The MSEP approach clearly gives better representation of catchment 

hydrological behavior - this improvement is more striking for variability than for water 

balance, primarily because the model seems (on average) to be doing a good job at 

reproducing water balance across the catchments (figure 6a2 shows equal tendency to 

over and underestimation of ∆μm/μo). To achieve this, the cost is a small, but consistent 

drop in the NSE and r statistics, but the model performance remains consistent within the 

three independent evaluation periods. The increases in the spreads of the ∆μ/μo and ∆σ/σo 

distributions (figure 10) is interesting; while the exact reason for this behavior is not well 

understood (see similar finding in Gupta et al [2009]), it can be attributed to one or more 

of a variety of causes including model structural error, insufficient length of calibration 

data, errors in input data, not accounting for parameter uncertainty, and not accounting 

for uncertainty in the computed statistics (the latter two requiring a more rigorous 
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Bayesian approach). It is also possible that the two constraints, penalizing errors in long-

term water balance and hydrologic variability, are insufficient to properly constrain the 

parameters (and thereby improve the consistency of performance) of the model.  

We note, in passing, that we also compared the penalty function approach to the use 

of the KGE criterion proposed in Gupta et al [2009] in which the terms (r-1)2, (∆σ/σo)2 

and (∆μ/μo)2 are equally weighted and hence ∆μ/μo

 As a final note, it is possible for the penalty function approached proposed here to 

“fail” under conditions where it is not possible to force one or more of the constraints to 

be satisfied. This can happen due to severe data limitations, such as large negative bias 

errors in precipitation, or in cases where the model structure is not appropriate for 

simulating the desired behaviors of the catchment. Such a result should not be interpreted 

 and ∆σ/σo are not specifically 

constrained to be zero; the results were very similar as shown in Figure 12. However, the 

analysis of the error components contours and comparison with the penalty function that 

also includes ∆μLF/μLFo shows that additional term can be included to increase consistency 

and that an equal weighting it is not necessarily the best option. Following Gupta et al 

2008, we argue that a ‘good’ model should reproduce all relevant (i.e., signature) 

behaviors of the catchment reflected in the data - hence it becomes important to establish 

precisely which behaviors are meaningful, particularly in a model diagnostic sense. The 

hypothesis that such a set of signature behaviors will be sufficient to properly constrain 

the parameters (and hence performance) of the model was partially explored with the 

contour plot analysis but requires further investigation. 
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as “negative” but rather as informative in a diagnostic sense, because it can help us to 

identify weakness in the model and/or data, and help point towards their resolution 

[Gupta et al 2008]. Where it is necessary to proceed towards an ‘acceptable’ model 

calibration, instead of making model structural improvements, the penalty function 

approach can be extended to treat the individual constraint thresholds independently, and 

to “trade-off” the degree of matching of different constraints in a manner similar to 

multiple-criteria analysis. As always, we invite dialog and collaboration on these and 

related issues of reconciling models with observational data. 
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C.7 Appendix: Relationship between rm and rp 

Lets define again MSE and its decomposition in error components, 
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Now lets derivate expression A1 against each of the components that depend on the 

model parameters θ during the calibration, 
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By setting these three derivatives to zero we get respectively, 
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By reformulating A2 conditioned by penalty P to µs=µo and σs=σo, 
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C.8 Appendix: Guidelines selection of T values 

In regard to the magnitude of the thresholds, an inspection of the constraints to the error 

components show that, 

|∆μ|/μo ≤ Tμ  

|∆σ|/σo ≤ Tσ  

can be transformed as,  
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and the by adding B1, B2 into in A1, 
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Since in an ideal case under the penalty function, 
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These inequalities can be later used as a guidance to select thresholds for a specific 

problem. In this case, for the preliminary calibration using MSE, with average values of r 

= 0.90 (rp=0.85) and σo/μo=1.32, a value of T=0.25 appear to be appropriate to start the 

calibrations using the penalty function, as 

0.252<<2*(1.32)2*(1-0.85)     0.0625 << 0.52 

0.052<<2*(1.32)2*(1-0.85)     0.0025 << 0.52 

and  

0.252<<2*(1-0.85)           0.0625 << 0.30 
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0.052<<2*(1-0.85)       0.0025 << 0.30 

Note also that the ratio 
o

o

µ
σ  will control the difference between Tµ and Tσ. 

C.9 Appendix: Relationship between MSE and MSEP 

If we force µs=µo and σs=σo then 
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C.11 Figures 

 

Figure 1. Theoretical relationship between rm and rp. Observe the maximum 

difference (~0.15) at rm~0.44. 
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Figure 2. Differences between expected theoretical values of MSE and NSE for 

different values of rm. 
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Figure 3. Behavior of the penalty function P(|x|)=exp(|X|/T) for different values of 

(T). 
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Figure 4. Location of the 241 watersheds included in the study 
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Figure 5. Conceptual diagram of the abcd monthly water balance model 

 



237 

 

 

Figure 6. Results of the calibration using different objective functions showing the error components 

r, Δσ/σo and Δμ/μo for 241 catchments. (a) Standard MSE, (b) Penalized MSE using T = 0.25 (c) 

Penalized MSE using T = 0.05. Also shown on subplots a1, b1, c1 and a3 are the theoretical 

relationships. 
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Figure 7. Scatterplot of Δμ/μo versus Δσ/σo for standard MSE and penalized MSE with T = 0.25.  

As an indication of non-convergence, the penalized MSE error components follow the ±1:1 lines. 
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Figure 8. Comparison of NSEp (T=0.05) versus NSEm. Notice that NSEp ≤ NSEm due to 

requiring that Δμ/μo= 0 and Δσ/σo = 0. The dashed line is the theoretical relationship between NSEp 

and NSEm.  
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Figure 9a. Overall impact of the penalty function in the distribution of the calibrated parameters for catchments with 

NSEp > 0.75. 
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Figure 9b. Overall impact of the penalty function in the distribution of the calibrated parameters for catchments with 

NSEp and full activation of the lower tank.  
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Figure 10. Comparison of NSE, r, Δµ/µo, and Δσ/σo statistics of model performance for the calibration period (WY 1951-60, top row) and three 

independent evaluation periods (WY’s 1961-70, 1971-80 and 1981-90, bottom row) 
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Figure 11. Contour plots for MSE/σo
2, Δµ/µo, Δσ/σo, ΔµLF/µLFo, and the penalty function log(P) using ranked values of T for each term. The top row 

depict parameters a and b, while the bottom row depict parameters c and d. Green cross indicates the optimum value using MSE, while the red triangle 

indicates the minimum value of each variable.
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Figure 12. Comparison of the objective functions, MSE, MSEP and MSEP with ranked values of T in 

terms of the NSE, Δµ/µo, Δσ/σo and ΔµLF/µLFo, statistics during the entire record (1951-1990) using 

parameters estimated from calibration period (1951-1960) for 68 catchments where the abcd model 

structure was selected using hydrologic consistency and parsimony criteria. 
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