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ABSTRACT

With increasing model complexity there is a pressing need for new methods that can
be used to mine information from large volumes of model results and available data. This
work explores strategies to identify and evaluate the causes of discrepancy between
models and data related to hydrologic processes, and to increase our knowledge about
watershed input-output relationships. In this context, we evaluate the performance of the
abcd monthly water balance model for 764 watersheds in the conterminous United States.
The work required integration of the Hydro-Climatic Data Network dataset with various
kinds of spatial information, and a diagnostic approach to relating model performance
with assumptions and characteristics of the basins. The diagnostic process was
implemented via classification of watersheds, evaluation of hydrologic signatures and the
identification of dominant processes. Knowledge acquired during this process was used
to test modifications of the model for hydrologic regions where the performance was
“poor”.
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1. INTRODUCTION
1.1. Background

Watershed models have become an indispensable tool for the assessment,
management and use of water resources. They provide mechanisms to anticipate
catchment behavior and evaluate the consequences of natural or human-induced changes.
For hydrologists, such models are especially useful in the evaluation of assumptions and
theories about the dominant hydrologic processes in a basin. Continuing innovation in
data acquisition and computing technologies, and increasing modeling requirements have
resulted in models that represent water-related processes with more detail in space and
time. Given the tremendous heterogeneity of watershed conditions and increasing
amounts of data to analyze, the consolidation of watershed knowledge now requires the
identification of formal strategies to diagnose the deficiencies of models and integrate the
information obtained from specific studies where detailed observations and analyses are
possible.

An examination of the model development process should facilitate the identification
of those stages where more efforts should be concentrated to overcome the challenges
generated by the increasing amounts of data involved in watershed modeling. One of the
key missions of hydrologic science is to continually improve observations of
hydrological phenomena in support of the development of a more robust conceptual
model. Eventually these improvements in understanding are assimilated into current or
new theories and tested by simulating the processes using numerical models. The validity
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of the model can then be tested by comparing its input-state-output behavior to
observational data. By doing this, the essential aspects of the knowledge about the system
of interest are represented and tested [Eykhoff, 1974].

Successive evaluation of the closeness between the observed and simulated fields is
used then to evaluate and improve the formulations of the conceptual and mathematical
models. The evaluation of closeness can be divided in at least two different categories
[Gupta et al., 2007]. The first and most commonly used refers to a quantitative evaluation
of closeness by calculating numerical values that reflect the similarity between the
observed and simulated fields in a way that represents the accuracy and precision of the
predictions. Generally, a mathematical transformation of the residual values (i.e.
minimum square error or percentage of bias) or some statistical measure (i.e. coefficient
of determination or Nash-Sutcliffe efficiency) is used in such a calculation. This family
of methods generally does not incorporate the nature of the conceptual model or other
contextual information from the basin’s conditions.

A second category includes the qualitative aspects of the differences between the
observed and modeled fields. Data features from the model are evaluated through
consistency checks against the behaviors observed in reality. Measures of this kind
include evaluating the ability of the model to reproduce spatial patterns or respond to
different inputs. For example, a qualitative measure can be associated with discrepancies
in timing of the peak events of a streamflow series and the comparison of the trigger
mechanisms in the watershed and the model. Other examples, includes a evaluation of
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the capability of the model to reproduce the flow duration curve or the water balance
components at larger time scales. These methods require a sufficient conceptual
understanding to be applied.

As data and model complexity increase, the methods to evaluate models and
integrate information must necessarily also increase in sophistication. In that sense, it is
useful to study the process by which “data” becomes “information” and “knowledge” and
how this problem has been studied from the perspective of other fields of science. The
Data, Information, Knowledge and Wisdom (DIKW) hierarchy has been proposed by
several authors [Ackoff, 1989; Cleveland, 1982; Zeleny, 1987] in the area of Knowledge
Management and Information Science. This hierarchy relates a series of fuzzy steps in the
process of constructing knowledge and wisdom. The DIKW hierarchy can be explained
by providing a description of its components. Data is understood as a raw product of
observations. Data do not have value until they are processed into a usable form.
Information is generated by studying relationships within the data in a certain context
[Gupta and Liu, 2006]. When information is constructed and stored, it is possible to
answer questions related to the variables involved, magnitudes, the location or the timing
of the events. Knowledge is then a refined understanding of information from different
perspectives and an explanation of how the system works. The transmission of
knowledge is possible by learning, which implies its dynamicity and variability
depending on the person’s experience. Finally, wisdom represents the understanding of
fundamental principles whereby the knowledge is established.

Once wisdom is

constructed it is possible to develop scenario analyses or explore several alternatives.
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We see from the above that context has an effect on our perception, the exploration
of data, and the subsequent construction of other levels of understanding. In order to
facilitate the generation of information in the modeling process, hydrologists need a
much richer evaluation of the data produced by watershed models. In the case of
hydrologic science, the ideal context would be one generated from the available
information and knowledge about basins having similar characteristics or behaviors.

As mentioned before, the most common approach to evaluating the performance of a
hydrologic model is the calculation of single measures of average model performance
that summarize and quantify the closeness between the observed and modeled time
series. This kind of approach uses a reduced context since little information from the
problem is included in the design and construction of the measure. In other words, the
complexity of the model evaluation problem is oversimplified by aggregating the
information about the errors in model response into a single value [Gupta and Liu,
2006]. In practice, however, some context is added by supplementing the use of the
quantitative measure with qualitative visual inspection of different aspects of the
simulation.

Patterns reveal organization within the data. As the information contained in the
pattern represents key features of the system, the pattern becomes more useful [Grayson
and Bloschl, 2001]. Patterns bring together (connect or relate) information about the
hydrologic processes on different time and space scales and help to discriminate
properties among watersheds having different characteristics. In hydrology the
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identification and evaluation of patterns is affected by limited sampling and measurement
errors. The assimilation and interpretation of hydrologic patterns is limited by the
knowledge of the system and the testing methods, which, conversely, is increased when
more information about the patterns is available. Current catchment research initiatives
focus on the identification of feedbacks between pattern and processes, over a range of
scales, and the reason that these connections arise [Sivapalan, 2005].

A consistent process for the generation of knowledge requires a condensation of data
into relevant information, but without the oversimplification that would obscure
information and limit its assimilation. The effective and efficient evaluation of closeness
therefore requires a broader view, where different contextual bases can provide several
alternative approaches to analysis. One way to accomplish this task is by comparing
different signatures and indices detected within the outputs of the model and the
observations [Gupta and Liu, 2006]. The selection of such measures depends on the
processes and scales of interest, the current understanding of the processes, and the
availability of data, among others. The nature of information is often characterized by
complex relationships that need to be handled. In this regard, the classification of
watersheds and the detection of dominant patterns are useful in the identification of
model problems and the consolidation of knowledge about watershed systems. The
following sections illustrate the motivation behind this research, and discuss some
important concepts needed to state the problems investigated in this work.
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1.2. The Diagnostic Approach

Diagnosis is a concept developed historically within the field of medicine, to refer to
the identification of a disease from its signs and symptoms. The term diagnosis is
commonly understood as the investigation or analysis of the cause or nature of a
condition, situation, or problem [Merriam-Webster, 2003]. Rigorous formulations of the
diagnosis process had been stated within different fields, to cope with the increasing
complexity of engineered devices and sampling methods. In artificial intelligence, modelbased diagnosis has been defined as the identification of components in a system which,
when assumed to be functioning abnormally, will explain the discrepancy between the
observed and correct system behavior [Reiter, 1987]. The extension of these principles is
fundamental to several applications of computer-supported diagnosis and testing in
engineering, including fields like circuit or software design and automotive engineering
[Peischl and Wotawa, 2003].

A primary assumption underlying model-based diagnostic methods is that the
structure of the system, as well as the relationships among its components, is fixed. In
this way, the diagnosis cannot detect errors in the structure of the system, instead only
situations where the behavior of the components differs from the expected. Abductive
diagnosis requires that both the normal and faulty behaviors of components are available
and represented within the model description [Lamperti and Zanella, 2003]. Several
authors [Console and Torasso, 1991; ten Teije and van Harmelen, 1994] have proposed
frameworks for a diagnostic theory using computational logic. These definitions have
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been extended to include specific conditions like the nature and quality of observations,
the contextual information, the dynamics on the behavior or context, and the definition of
diagnosis (consistency-based or abductive).

The diagnosis of hydrologic models implies that knowledge about hydrologic
processes can be integrated and tested. Principles developed via applications of artificial
intelligence provide examples about how to accomplish this goal. First, several
implementations [Korbicz, 2004] of expert systems show how to formalize knowledge
about different systems and behaviors. Second, logical frameworks highlight the
importance of different contextual bases and sources of information [Brusoni et al., 1998]
and provide rigorous logical formulations for cases when knowledge is not complete
[Console et al., 1989]. These works show how, for example, the elaboration of different
diagnostic interpretations, the identification of missing knowledge towards which
attention should be focused, and the hierarchization of knowledge is possible. However,
there are difficult technical challenges to be overcome in the earth sciences, since natural
systems are characteristically difficult to represent and quantify.

In the field of watershed hydrology, the steps towards the development of a formal
diagnostic approach to model evaluation can be divided into at least two related areas.
First and more generally, is the diagnosis of the conceptual model structure, wherein a
model is tested in such a way as to reveal the conditions under which the model is
capable of reproducing the observed input-state-output behaviors. This is broad form of
testing, which seeks to identify the kinds of circumstances under which the structure of
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the model represents the overall behavior of the system. For example, a model structure
can be tested against several datasets reflecting a variety of hydrological conditions, to
determine the conditions under which the model is capable of reproducing the behavior
of the system and also, based on the available contextual information, to explain the
underlying reasons for that. This approach, involving the identification and explanation
of signature behaviors, can later become the basis for generalization of information and
the classification of watershed types.

The second area refers to the development of “diagnostic” methods whereby the
performance of the model is constrained to be consistent with the observations. The main
objective then is to increase the diagnostic “power” of the evaluation [Wagener and
Gupta, 2005]. Gupta et al., [2007] propose a diagnostic strategy based on the use of
theory-based signatures extracted from the input-state-output (I-S-O) observations which
contain important information/patterns. These signatures are compared with the
corresponding I-S-O signature values extracted from the model results. In this way, the
principal mechanism for evaluating the differences between model outputs and
observations is not a simple comparison of error residuals, but it is based on a formal and
explicit quantification of the differences or similarities in the characteristic behaviors of
the watershed system and the model. This approach aims to facilitate internal diagnosis of
the hydrologic model by the evaluation of signatures behaviors reflected in the data.
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1.3. Literature Review

The implementation of diagnostic approaches in the evaluation of hydrologic models
contains valuable elements that can be used to address important challenges in hydrology.
Part of the debate about how to consolidate knowledge in hydrologic science is related to
the reconciliation of upward and downward approaches [Sivapalan, 2005]. In the upward
approach, processes at the catchment scale are usually explained by the fitting together of
small-scale process theories. This reductionist method is defined by the existence of
nonlinear relationships and feedback between processes. On the other hand, downward
approaches start “with trying to find a distinct conceptual node directly at the level of
interest (or higher) and then looks for the steps that could have led to it from a lower
level” [Klemes, 1983]. In this case, the downward approach is intended to synthesize
knowledge in a hierarchical way where relevant information is selected at each scale
level. Increasing analytical capabilities and studies on experimental basins are continually
helping to improve our understanding of phenomena at different scales. However, efforts
to generalize these findings are inhibited by the lack of methods or tools to compare the
characteristics of the basins. A diagnostic approach could provide a basis for compiling
the knowledge about different basins and to reconcile the upward and downward
methods.

New technological developments are seen in every field of Hydrology. New methods
to gather information from the components of the water balances are continually being
developed to provide more insights about the processes (i.e. streamflow data [Costa et
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al., 2006], snow [Marshall et al., 2007] and potential evapotranspiration [Ramillien et al.,
2006]). Radar networks provide spatial coverage of precipitation events [Jayawickreme
and

Hyndman, 2007], while comprehensive datasets are being developed from the

integration of several remote sensing sources (i.e. TRMM, Nexrad) [Hong et al., 2005].
Increasing interest is being focused on the development of multidisciplinary observatories
to support multi-scale and multi-process studies [Reed et al., 2006] related to
hydrological science. These initiatives not only propose the deployment of measurement
campaigns but also the creation of open data standards and computing systems to
facilitate sharing and analysis at multiple scales [Hooper and

Maidment, 2004].

Similarly the analysis of complex datasets is facilitated by advances in several areas of
technical computing such as grid computing [Wang et al., 2005], data mining [Damle and
Yalcin, 2007], artificial neural networks and fuzzy inference systems [Chang et al.,
2005].

The data assimilation community also recognizes advances in technology as being
the driver of not only traditional forecasting applications, but also areas such as
reanalysis, model diagnosis, model parameterization and experimental design. Results
from data assimilation can be used to obtain new information about watershed processes
by extending and integrating diverse data sources [McLaughlin et al., 2005]. Hydrologic
fluxes on larger scales can be integrated into detailed observations and models. In the
case of the water balance of the United States, several datasets [Lenters et al., 2000] had
been developed to evaluate water balance components and for comparison with results
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from coupled energy/water balance models. Observations are here seen in a larger
context, which facilitates the checking of consistency between models and data.

Climate modeling and climate change assessment are providing clear leadership in
the development of diagnostic methods which aim to improve the consistency between
data and model predictions. An important initiative in this regard is the Program for
Climate Model Diagnosis and Intercomparison (PCMDI) which seeks to develop
improved methods and tools for the diagnosis and intercomparison of general circulations
models that simulate climate. It efforts concentrate on providing support for model
intercomparison, developing methods for model parametrization, and identifying robust
mechanism to detect climate-change. As a component of the Atmospheric Model
Intercomparison Program, the Working Group on Numerical Experimentation has
proposed a standard set of diagnostic descriptors of mean climate.

The diagnostic

measures include sets of plots and averages of global and regional averages of energy and
water fluxes on annual and seasonal scale, horizontal maps of several physical variables
and fluxes and horizontal maps of differences of seasonal averages [Atmospheric Model
Intercomparison Project, ]. Part of their effort is concentrated on the comparison of
several global circulation models for the assessment of global change, where it is
important to identify methods to compare model outputs. For example, Gnanadesikan and
Stouffer [2006] propose the use of bioclimatic classification systems as a mechanism to
filter model errors as well as to highlight impacts that may be particularly important for
the terrestrial biosphere.
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The success of the diagnostic process relies on the existing knowledge about system
behavior. As complex relationships among the processes and system structure emerge,
classification schemes can facilitate the organization of knowledge into classes of
interest. Generally, while no single classification system may be able to capture all
relevant aspects of the system of interest; they can provide the common ground for
discussion and prioritization of the most important aspects. Classification becomes more
difficult when the knowledge about the systems is not complete or when it is difficult to
sample the properties of the system. Knowledge and sampling techniques in hydrology
are clearly affected by these factors. The fact is that the use of watershed classification
systems has not yet become widespread for the selection of model structures or
management tasks [McDonnell and Woods, 2004].

Important efforts in classification had been conducted in several fields related to
watershed hydrology, such as the classification of natural rivers [Rosgen, 1994] and
climates. (i.e. Koppen or Holdridge). Another example is the description of watershed
systems in United States, landscape units having been defined by studying combinations
of land-surface slope, hydraulic properties of the soil and geology, and the difference
between precipitation and evapotranspiration [Winter, 2001]. Similarly, there have been
important efforts to describe streamflow and hydroclimatology at continental scale [Lins,
1997] and to identify hydrologic indices for characterizing streamflow regimes [Olden
and Poff, 2003].

23

1.4. Summary and Problem Statement

Watershed models constitute a valuable tool for the description of hydrologic process
at the scale of interest. As the complexity of model structure and data involved in the
analysis increase, it becomes necessary to develop methods for the proper extraction of
information for calibration and evaluation of models. A meaningful approach to the
extract relevant information from hydrology relevant data is the identification of
signatures descriptors of hydrologic behavior in the data that can provide information
about the relationship between different process and between different scales. An
efficient evaluation of signatures and methods for diagnosis requires the implementation
of classification systems that comprehensively and concisely summarizes existing
knowledge about the watershed systems. Recent advances in artificial intelligence in the
fields of medicine and engineering have shown how diagnostic approaches can be
important mechanisms to identify discrepancies in models and, more important, to
organize knowledge about a natural system and deal with missing knowledge.

The analysis presented in this thesis is first related to structural diagnosis, where a
popular water balance model is tested under a variety of hydro-climatic conditions. The
study also analyzes several theory-based signatures with the goal of providing a broader
context for future diagnostic analysis.

The problem tackled in this work is the absence of well-developed formal methods to
diagnose the discrepancies between numerical models and watershed systems. In
particular, we are interested in showing how a more consistent diagnostic approach in the
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evaluation of hydrologic modeling is needed to understand the limitations of the model
and study possible improvements. To provide an answer to this problem, we illustrate the
advantages of a diagnostic approach in the modeling of the monthly water balance for a
large number of watersheds throughout the continental USA. A water balance model
having a structure that can be related to the important input-output transformations
generated by the system will be evaluated under different conditions.

Our approach to addressing this problem is to show how a classification system
facilitates the identification of patterns in the hydroclimatic time series that are relevant
to the identification of different processes and to the corresponding evaluation of the
hydrologic model. Ideally the use of a classification system should facilitate the
identification of different watersheds with characteristics forms and invariant patterns. A
corresponding model formulation is needed, so that the conceptual and mathematical
model can take advantage of the information provided by the classification system.
Watersheds where the data is not adequate to represent the dynamic nature of the water
balance should be also identified. The development of more refined models and data
acquisition techniques can take advantage of these classification systems.

1.5. Scope and Organization

This project investigates the application of the abcd model [Thomas , 1981] to 764
watersheds using information available from the Hydro-Climatic Data Network HCDN
[Vogel and Sankarasubramanian, 2005], consisting of monthly precipitation, potential
evapotranspiration and streamflow from unimpaired watersheds in the conterminous
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United States. Classification and detailed diagnostic analysis of the data sets is done by
means of a cluster analysis which examines the performance of Artificial Neural
Networks for each cluster. Physical variables and signatures reported in the literature are
related to the classification by the use of a GIS database. The diagnostic process is
achieved by the identification of dominant processes and the analysis of the time series.
Knowledge acquired during this process is used to detect regions where future work
should be concentrated and to test modifications of the model in hydrologic regions
where the performance is poor.

By evaluating the hydrological data and diagnosing the model problems we seek to
extend existing knowledge about how hydro-climatic signatures can be used to classify
watersheds and evaluate the structure of hydrological models. The emphasis will be
focused on identifying conditions under which the model can or cannot emulate the main
features of the water balance and on detecting regions or conditions where the data does
not contain sufficient information to represent the runoff processes.

This document is organized as follows: Chapter 2 provides a literature review of
advances of watershed classification, monthly water balance models, and methods for the
evaluation and diagnosis of watershed models. Chapter 3 describes the structure of the
abcd model, a detailed description of the HCDN dataset and secondary data used in this
analysis as well as methods for the comparison of the watersheds and model
performance. In Chapter 4 we illustrate how a classification scheme can facilitate
improved analysis of the characteristics of the basin, performance of the model, the
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relationship with other physical factors, the comparison to hydroclimatological signatures
and the analysis of model modifications. Finally, chapter 5 summarizes the conclusions
of this work and provides some final comments about this diagnostic approach.
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2. LITERATURE REVIEW
2.1. Advances in Watershed Classification

Watershed classification had been used in several applications of hydrology and
water management with a limited scope (Table 1). In most cases, the classification is used
as a mechanism to inform water managers about how to prioritize the application of
methods and policies in the solution of environmental problems in water bodies.
Predominant physical characteristics in the watershed (i.e. climate, land cover, soil
information, etc) and process of interest are used to discriminate between different
categories. In general, a variety of statistical methods such as cluster analysis, principal
components and discriminat analysis are used to relate physical information of the
watersheds. Such studies had resulted in the development of useful management tools.
However, as discussed earlier in Chapter 1, no major reports exist on the use of
classification systems to select a model structure based on the watershed characteristics
or dominant processes observed [McDonnell and Woods, 2004].

Wagener et al. [2007] provide a discussion on the topic of watershed classification,
including an overview of existing approaches, and suggest some essential aspects that
should be incorporated in a general classification scheme. They propose 4 main
requirements for such a classification framework: 1) that catchment form and
hydroclimatic conditions be mapped to catchment function across different scales; 2) that
catchment functions should be related to the concepts of partitioning, storage and release
of water, and transmission within the catchment as connecting process; 3) that a treatment

28

of the various uncertainties in the measurements and mappings be included; and 4) that
an emphasis be first placed on streamflow (since this data is readily available) but that
more complex variables and processes be incorporated later. One important work
mentioned by Wagener et al. (2007) is the Dunne diagram, portrayed as a generalization
of the ideal classification system, in which the occurrence of various runoff processes is
connected to climate, land cover, topography and soils controls [Dunne, 1983]. The
following paragraphs present a review of studies that used data related to these controls
and studies related to watershed processes at the continental scale.

Table 1
Application

Methods

Examples of Watershed Classification
Variables or aspects of
Location
/Classes
interest

Flood frequency
analysis

Cluster Multivariate
Algorithm.

Assessment of
aquatic
ecosystems

Selection of small
watersheds (14-digit
HUCs).
Sampling land cover
characteristics.
Cluster Analysis.

Relationship of
streamflow regime
to watershed
characteristics

Principal Components.
Discriminant Function
Analysis.
Classification and
Regression Tree Analysis.

Lake-water,
chemistry and
terrestrial
characteristics

Canonical Discriminant
Analysis

Area, stream length, channel
slope, stream density,
rainfall, soil moisture deficit,
soil type, lake storage
Land cover (forested,
agricultural and urban),
median slope, median
elevation, variance of land
covers in selected stream
convergence points
Hydrogeomorphic region,
fraction mature forest,
fraction watershed storage
(lake + wetland/ watershed
area) and several flow
indices
Lake chemistry variables
Ratios of Wetland and Forest
Area to Lake Volume

Assessment for
land and river
salinity control

Develop conceptual
models for salinisation.
Assessment of
characteristics.
Selection of the model.

Constants: Topography,
physiography, aquifer
properties, etc.
Variables: Climate, land use,
groundwater level, etc.

Authors

Scotland, UK
168 basins/
5 classes

Sinclair and
Acreman [1986]

Mid-Atlantic
region , US/
5 resulting
clusters

Wardrop et al.
[2005]

Western Lake
Superior/
48 Sites

Detenbeck et al.
[2005]

Lakes in the
northeastern
USA/7
Classes

Momen and Zehr
[1998]

Australia/
15 Models of
Salinisation

Coram [1998]
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The principal tools used to catalog river basin information in the United States are
the Hydrologic Unit Maps together with the Hydrologic Unit Codes (HUC) [Seaber et
al., 1987]. The system organizes watersheds in terms of their geographic location using a
hierarchical notation ranging from “cataloging units” to “regions”. The HUC system is
widely used in the creation of datasets and compilation of information related to the
watersheds in the United States. Although this system provides an important tool for
watershed management, the aggregation of the classification units is based only on
geographical information and does not capture other important aspects of the hydrology
of the system. For instance, Lins [1997] points out that the 18 major HUC regions do not
represent patterns of streamflow variability or hydroclimatology. Nevertheless, the HUC
classification of regions had been used to study the occurrence of streamflow patterns at
the continental scale [Sankarasubramanian and Vogel, 2002].

Lins [1997] used data from the HCDN dataset to identify dominant regions that help
to explain various aspects of streamflow variability including their seasonality, month-tomonth persistence and relationship to atmospheric and oceanic conditions. Eleven distinct
and independent regional streamflow regimes in the United States were identified using a
Rotated Principal Components Analysis (RPCA) methodology. The study identified
changes and anomalies in the dominant streamflow patterns for the different regions of
the country and revealed regions having differing streamflow patterns. The seasonal
characteristics and the spatial location of these patterns were found to be linked to the
seasonally varying paths of primary and secondary storm tracks.
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Wolock and McCabe [1999] studied the principal aspects that explain the 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 can help to explain most of the spatial variability.

Further, the

inclusion of soil-moisture-storage capacity and variations in climatic water supply and
demand as explanatory variables helped to reduce the error in estimated mean annual
runoff, especially in locations where the periods of supply and demand are not aligned.

Berger and Entekhabi [2001] studied the physiographic features and regional climate
of 10 basins throughout the United States to examine the 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. Using analogous descriptors,
Sankarasubramanian and Vogel [2002] developed similar expressions for hundreds of
watersheds in the conterminous United States. In a similar study, Mohamoud and Michel
[1994] studied the relationship of different landscape and climatic descriptors to the
hydrologic response of watersheds in the Mid-Atlantic region. Their results identified the
dryness index and mean monthly rainfall are the best predictors of hydrologic response,
and included the derivation of relationships between landscape-climatic descriptors and
hydrologic response descriptors along with comparison of the basins under high,
medium, and low flow conditions. Winter [2001] defined the concept of a hydrologic
landscape, and classified the landscape of United States in terms of land-surface slope,
hydraulic properties of soils and geological setting, and the difference between
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precipitation and evapotranspiration. He proposed the use of such a framework as a
mechanism to synthesize information from the local to national scale and facilitate the
comparison of hydrologic processes under a variety of conditions.

2.2. Monthly Water Balance Models

Methods for the classification of watersheds rely on a variety of different criteria
including the difference between precipitation and potential evapotranspiration, and
information related to storage capacity. Therefore, the classification of watersheds relies
in part on the quantification of the components of the water balance. The computation of
these components at monthly time steps using the water balance equation can help in
understanding the nature of the principal watershed storage mechanisms and their
response to the main hydro-climatic drivers.

Spatially lumped conceptual models are often used to represent rainfall-runoff
processes and to estimate the components of the water balance. At monthly time steps,
models having small numbers of parameters, such as those proposed by Thornthwaite,
Palmer or Thomas (see comparison of these models by Alley [1984]), can provide a
reasonably satisfactory accounting of the water fluxes of a basin. For finer temporal
resolutions, models having larger numbers of parameters (such as the Sacramento Soil
Moisture Accounting (SAC-SMA) model [Burnash et al., 1973]) are commonly used to
capture the increased dynamical complexity of the processes. In general, the latter models
are more difficult to implement because of several factors, including greater data
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requirements quality and the need of multi-objective calibration techniques [Gupta et al.,
1998].

Thornthwaite’s interests were initially centered on a detailed characterization of the
water balance components in the context of agricultural planning, especially in terms of
soil moisture requirements. These interests have been extended in a myriad of different
directions ranging from biological assessment to water supply planning. Vandewiele et
and Xu [1992] report four situations where monthly rainfall-evaporation-runoff models
can be useful: 1) to fill gaps in runoff data when rain and evaporation data are available,
so as to generate longer time series; 2) to obtain model parameter estimates for ungaged
basins (extrapolated from similar catchments) in order to create estimates of unobserved
time series; 3) to disaggregate model results to smaller time scales (for instance weekly or
daily); and 4) to generate estimates of moisture time series, that are relevant to fields such
as agriculture.

Adding to these four situations, Xu and Singh [1998] highlight the importance of
monthly water balance in regions where the snow accumulation process is an important
component of the water balance, and hence the calculation of energy balance is more
difficult. Snowmelt is commonly modeled using a temperature index approach that
depends on the temperature and a melt factor. They also describe how monthly water
balance models can be used to perform climate change impact assessments. Alley [1985]
and Xu and Vandewiele [1995] discuss how flow forecasting and simulation can be used
in design and control of water resource systems (i.e., for irrigation or hydropower
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generation). Gleick [1987] shows how a monthly water balance model can provide
considerable information on the regional hydrologic effects of climatic change.

Xu and Singh [1998], in a review of monthly water balance models, propose
classifying models into four categories based on the inputs used in the calculations:
models using precipitation as input, models using rainfall and temperature as input,
models using monthly rainfall and potential evapotranspiration as input and models using
daily input data.

Models using precipitation as input are the most simplified representation. In
general, such models consider a partition of the water between fast and slow components
and provide some sort of delay by the use of a linear tank. Evapotranspiration is usually
calculated as a fraction of precipitation and the remainder is conceived as runoff or
infiltration. Model differences arise according to whether such fractions change with time
or not and the complexity of the equations. The simple assumption about
evapotranspiration may fail, especially during wet months when the water available for
evaporation can be greater than the rainfall amount. An example in this category is the
early “abc” model recently used by Huard and Mailhot [2006].

Models with temperature and potential evapotranspiration are considered here in the
same category, because in most cases potential evapotranspiration values are calculated
using empirical formulas (i.e. Thornthwaite, Hargreaves or Penman) based on
temperature. Such models usually include two storages: a soil moisture storage which is
related to evapotranspiration via non-linear equations, and a water surplus or groundwater
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storage that holds water that eventually will be transformed into streamflow. Examples of
such models include the T-model, P-model, and the “abcd” model [Alley, 1984]. Models
in this group have also been customized to specific regions of the world, such as the
Pitman Model for South Africa [Pitman, 1973]; the GR2M model for France [Makhlouf
and Michel, 1994]; and its different variants proposed by Vandewiele and Xu [1992] for
small basins in Belgium, China, and Burma.

The last category is constituted by models which use daily data and generally
incorporate larger numbers of parameters to model streamflow at the monthly time step.
The use of daily data can improve the modeling process since more details about process
dynamics can be represented. In some cases, the daily data on precipitation allows a more
realistic representation of infiltration processes while in other cases, the precipitation and
temperature data help in the quantification of the accumulation and melting of snow.

2.3. Evaluation Methods

In the context of this research, evaluation methods assess how well a model is
capable of reproducing the dynamics occurring in a watershed system. Both quantitative
and qualitative approaches are in use, including methods such as the analysis of residuals,
statistical analysis, visual analysis, and comparison to similar systems or expected
behavior. In the context of this research, we are interested in evaluation methods
designed to interrogate hydrologic models in terms of their ability to reproduce watershed
behavior and to assist in selection of the “best” structure and set of parameters. In
general, the power of techniques to evaluate models seems to have fallen behind in
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comparison to the sophistication of techniques used to build models, and there exists no
unique “best” approach to evaluation, since the process must take into consideration the
primary purpose of the model. Several authors have proposed guidelines related to
important aspects of the evaluation process. The following paragraphs describe three of
these works by increasing level of complexity.

In the early literature on hydrologic modeling, the evaluation process was largely
focused on the definition of statistics that are meaningful to describe and compare model
performance. A proposal by the ASCE Task Committee on the evaluation of hydrologic
models includes [ASCE Task Committee, 1993] a guideline for the minimum statistical
information to be presented in the evaluation and comparison of a hydrologic model. The
guideline was divided in two sections, one for continuous hydrographs, which proposed
the following measures: deviation of runoff volumes, the Nash-Sutcliffe coefficient, and
a measure related to the average flow in the period of time. The second section was
dedicated to single event modeling, and proposed the following measures: simple percent
error in peak, sum of square residuals, and total sum of squared and absolute residuals.

Klemes [1986] proposed a hierarchical scheme with two major categories, stationary
and non-stationary conditions, which are each subsequently divided into another two
categories that depend on whether the simulation was done in the same basin used for
calibration or in a different basin. His tests aim to assess the validity of the model in
space and time, and under different climatic conditions. Such a verification process is
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necessarily more robust but time-consuming and is consequently not fully applied in the
majority of cases [Perrin et al., 2001].

Wagener et al. [2003] presented a framework for the identification and evaluation of
conceptual rainfall-runoff models. They proposed that the evaluation should be
conducted with respect to at least three dimensions: performance, uncertainty, and
realism (or verification of assumptions). The first dimension quantifies the difference in
behavior between the model and the real system. Traditionally, this has been done using
single criteria residual-based measures borrowed from regression analysis. However, as
the necessity to extract more information from the time series increases, a combination of
several measures of performance has been incorporated into a multi-objective evaluation
and calibration strategy [Gupta et al., 2003] has been shown to be effective in
interrogating different features (or behaviors) in the data and to facilitate the improved
estimation of parameters. A related approach involves the analysis of different portions of
the data time series using several objective functions that relate to different mechanisms
occurring in the basin, i.e. driven or non-driven flow [Boyle et al., 2000].

The second dimension that must be taken into consideration in the evaluation of
models is the uncertainty in the models and their parameter estimates. Current approaches
commonly select a group of models with different structures and parameter values and
later assign some degree of credibility to each model. Confidence intervals are then
assigned to the outputs of the model depending on the degree of credibility established in
the previous step. Examples of this kind of approach include the Generalized Likelihood
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Uncertainty Estimation (GLUE) methodology [Beven and Freer, 2001], the Bayesian
Recursive Estimation (BaRE) methodology [Thiemann et al., 2001], and the Shuffled
Complex Evolution Metropolis algorithm [Vrugt et al., 2003]. Such methods provide a
way forward in the evaluation of uncertainty, although more development is needed. A
major limitation of most of these approaches is the difficulty in discriminating among
different sources of uncertainty such as parameters, data, and model structure [Wagener,
2003].

The third dimension is related to the testing of assumptions involved in the definition
of model components and structure (as being a true or sufficient representation of reality)
and in the representation of processes within the model. In this case it is important to
establish hypotheses that can be individually tested and related to components (or
hypotheses) of the model. One way to approach this problem is by the extraction of
periods of specific information from the time series using the multi-objective approach.
For example, in the identification and evaluation of parameter sets, Boyle et al. [2000]
showed how the Root Mean Square Error (RMSE) after the transformation of the flows
emphasizes on the performance of the low (non-driven) flow while the standard RMSE
stresses on the high flows.. Another way is to incorporate information from additional
sources, such as the isotopic composition or water chemistry [Son and Sivapalan, 2007].
A third approach is use of time-recursive strategies such as the Dynamic Identifiability
Analysis (DYNIA) method which aims to objectively localize data periods having high
identifiability of a specific parameter and to detect failures in model structures [Wagener
et al., 2003].
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2.4. Diagnostic Methods

Diagnosis is an important step that goes beyond the evaluation of the model. While
in evaluation, the model hypotheses made in the model specification are examined by
comparing model responses to system observations, 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. Once a 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.
Given increasing model complexity and increasing availability of datasets and
enhancements in computational power, it is becoming increasingly important to formalize
the methods and tools used to support and carry out the diagnostic process. The following
cases illustrate from different perspectives and tools how it is possible to diagnose the
problems with a model.

Diagnostic studies in hydrology entail the identification of model errors and possible
improvements in model structure. The monthly water balance model comparison analysis
reported by Alley [1984] is an example of how an evaluation process can be used for
improvement of the model. Alley studied variations of the Thornthwaite-Mather (T)
model, the Palmer model, and the abcd model. These models have relatively small
numbers of parameters and very simple structures that differ mainly in the representation
of relationships between actual and potential evapotranspiration, the treatment of soil
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moisture storage and the recharge. The evaluation used 50-year records of monthly
streamflow at 10 different watersheds in northern New Jersey, and pointed to a series of
problems in the identification of the parameters in certain conditions and models. After
comparing the model structures and analyzing previous findings on the seasonal variation
of recharge, modifications to the threshold concept in the T model were proposed and
shown to be statistically valid for 6 of the stations. However, no major guidelines were
given about the type of watershed where such modifications can be used to improve the
performance of the T model.

Klemes [1983] proposed a systematic downward approach to find the model having
the most parsimonious structure and parameters that, ideally, are deduced or constrained
by existing information about the watershed. An example of how the downward approach
can be used in a diagnosis sense was shown by Son and Sivapalan [2007] after modeling
the rainfall-runoff response of a catchment in Western Australia. They used information
from deuterium data and groundwater level dynamics to improve the structure of the
water balance model and reduce parameter uncertainty.

A further example of how a diagnostic approach can be extended to include more
information about watersheds was given by Vogel and Sankarasubramanian [2003] who
proposed a method to evaluate watershed models without recourse to calibration. They
evaluated the ability of two annual water balance models to represent the observed
covariance relationship between the hydroclimatic variables and the streamflow. Their
proposed test of the model hypothesis is to be performed before calibration by checking
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to see if the input-output covariance statistics of a specific basin can be reproduced by the
model, by sampling its dynamical behavior over the feasible parameter space. The
authors point out that this approach can be extended to reproduce other features of
interest by including additional information, depending on the process of interest. The
proposed additional information can be analog to the hydrologic signatures and similarity
indices described by Sivapalan [2005] or the empirical relationships tested by Yadav et
al. [2007].

The study of residual errors can be considered to be a diagnostic method if the results
of the analysis allow some inference about the nature of the problem. Pebesma et al.
[2005] analyzed error time series from two rainfall-runoff event models, and used graphs
and a recalibration procedure (a method to model the error) to predict the variability of
the error. Although this approach is not a mechanism to solve the problem of the model,
the recalibration is seen by the authors to be a diagnostic tool that relates the magnitude
and direction of the error to different model inputs such as rainfall.

In watershed hydrology, advances in methods for the diagnostic evaluation of
hydrologic models have been made by comparing the performance of different monthly
rainfall-runoff models for several watersheds and in different contexts. In contrast to the
community-based infrastructure of the PCMDI, mentioned in Chapter 1, these
comparison analyses have been carried out independently by small groups of researchers.
Such studies [Makhlouf and Michel, 1994; Perrin et al., 2001; Vandewiele and Xu, 1992;
Xu and Vandewiele, 1995] have provided useful suggestions about the model structures
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appropriate to specific regions. However, they have not reported strategies or
mechanisms for identifying in a systematic way the appropriate model structure from
observable watershed characteristics. Yet, recent developments in the utilization of
hydrologic indices and signatures provide hints about how such mechanism can be
created. Yadav et al. [2007] developed a model independent pilot study to predict
streamflow in ungaged basins using a hydrological model and empirical information
obtained from relationships between watershed structure, climate, and watershed
response. Since this approach is model independent and allows the identification of
relationships between physical characteristics and patterns of the watershed response,
further investigation in this direction should contribute to the further development and
construction of diagnostic tools.

Relating Reiter’s definition of diagnosis (see chapter 1) to a diagnostic approach in
hydrology implies 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 streamflow values, and there are no
well accepted methods to identify the different sources of model error. We identify at
least three general categories of diagnostic methods:

1) The use of different measures of performance in combination with multi-objective
optimization, or the selection of specific time series that allow the evaluation of
different aspects of the model. These methods are more or less similar to the ones
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mentioned in the performance and uncertainty dimensions proposed by Wagener
et al. [2003]
2) The use of experimental approaches where additional information about the
process and components of the models is generated from field measurements
related to the states of the system (i.e. groundwater level related to storage in the
model) or some indirect measurement of the fluxes (i.e. percentage of new water
related to partition of precipitation). The challenge here is to make the
measurements compatible to the quantities represented by the model,
3) An 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.

2.5. Summary and Discussion

Much of the past effort at watershed classification has been concentrated on specific
issues including risk and water resources management. However, in recent years, the role
of classification as a mechanism to integrate knowledge about hydrologic systems has
been recognized by the hydrologic community. Recent work had shown how the
identification and validation of similarity indices and hydrologic signatures are an
important way to discriminate the dominant behaviors, functions and processes occurring
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in the watersheds. Datasets for the conterminous United States have been created to study
several aspects related to climate and other physical parameters.

The importance of monthly water balance modeling had been illustrated using
several examples and the description of different model types. The review of such work
shows how hydro-climatic information is an important factor in the classification of
watersheds and how this information can be generated and evaluated through lumped
water balance models. However, no single model structure had been found capable of
representing all the climatic-watershed conditions, and no existing work provides a
classification of watersheds that relates physical characteristics with specific model
structures.

Evaluation methods are key tools necessary for the interrogation of hydrologic
models in terms of their ability to adequately represent observed watershed behavior and
assist in the selection of best structures and sets of parameters. Methods of evaluation
can be considered in terms of three dimensions: performance, uncertainty, and realism
[Wagener et al., 2003]. Diagnostic methods are a specific and powerful kind of
evaluation strategy that aim at the detection of which model components or aspects are
responsible for the erroneous simulation behavior or at the detection of system processes
that are not represented correctly.

The goal of this thesis is to evaluate and diagnose deficiencies in the abcd Monthly
Water Balance model structure with respect to quantification of the streamflow and other
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water balance components in the United States, using the HCDN dataset. The study will
focus on the following questions:

-

How well does the abcd model perform at monthly time step over the continental
USA?

-

Which kinds of hydro-climatic and physical information can help in the classification
of watersheds and in explaining dominant processes and model performance at the
monthly time step?

-

In which geographical regions is the HCDN dataset capable of representing the
important dynamics of the monthly water balance?

-

How can the modeling process be improved and what modification to the abcd model
can help to improve its performance?

The analysis of the abcd model using the Hydroclimatological Dataset Network data
set will provide insight into the dominant processes at monthly time scale for a large
number of locations in the conterminous United States. By using the HCDN data series
and the secondary information associated with the dataset, information generated from
the calculation of indices and measures reported in the literature will be used together
with cluster analysis to classify basins, and to provide a better understanding of processes
at the catchment scale. Results from the modeling process, and additional work using
artificial Neural Networks will be used to evaluate the informativeness of the data to be
used in the monthly water balance computations. The knowledge accumulated through
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the diagnosis process will be used to propose model improvements in locations where the
data is believed to adequately capture the dynamics of the monthly water balance.
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3. MODEL DESCRIPTION, DATASETS & METHODS
3.1. Introduction

The following chapter describes the formulation of the abcd model and the data used
in the calculation of the water balance in a large number of locations of the conterminous
United States as well as the methods used for the watershed classification and the
diagnosis of the model. First, a derivation of the abcd model equations and explanations
of model parameters is done from the water balance equation. The next section provides a
description of the time series and the spatial data used to explain the watershed behavior
and the performance of the model. Finally, a brief survey of the techniques used to
calibrate the model and to interpret the data is given in Section 3.4.

3.2. The abcd Model

The “abcd” model was developed by Thomas [1981] to estimate the components of
the water balance at monthly time step in water assessment studies. This model shares
structural similarity with other monthly water balance models (refer to Section 2.2) and
conceptual rainfall-runoff models at the daily time step, such as HyMod [Boyle, 2000]
(although the abcd model lacks a routing component). Several authors have used this
model in various contexts including: comparison studies [Alley, 1984], model
development and benchmarking [Makhlouf and Michel, 1994], watershed regionalization
[Fernandez et al., 2000], and an analysis of US climatology at the annual time step
[Sankarasubramanian and Vogel, 2002].
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The conceptual framework of all water balance models having only a few parameters
was established by Thornthwaite in the 1940’s [Alley, 1984]. Such models assume that
the soil has some moisture capacity and that the moisture excess contributes to the
streamflow when the maximum moisture capacity is reached and rainfall is larger than
the potential evapotranspiration. At the monthly time step, this assumption can be
represented as:

ΔQt = ( Pt − PEt ) + S t −1 − Φ t

for St = Φt (3.1)

where ΔQt is the excess of water at the end of month t, Pt is the rain in the month t,

PEt represents potential evapotranspiration, St −1 and St indicate soil moisture for the
previous and actual time steps respectively, and Φt is the soil moisture capacity of the
soil. In other cases (when St ≠ Φt ), equation 1 is reduced to ΔQt = 0 .

Other variants of the models developed by Thornthwaite and Mather exist, which use
more realistic representations of infiltration by allowing this process to occur under soils
with a moisture deficit. One method to simulate this condition is the use of a partition
coefficient to represent the fraction of precipitation that is transformed into direct runoff
before the calculation of other water balance components.

The abcd model is a further improvement in that direction and can be explained by
applying the continuity equation to the soil region between the ground surface and
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aquifer table (Figure 1), which represents a hypothetical region from which
evapotranspiration can occur. From this control volume, it is possible to express that:

Pt − ETt − GRt − Rot = ΔS = St − St −1

(3.2)

where Rot represents the direct runoff at the end of the month t and GRt is the
groundwater recharge on the same period.

Equation 3.2 can be rearranged to obtain:

( Pt + S t −1 ) = ( ETt + S t ) + Rot + GRt

(3.3)

which allows the definition of the main state variables of the model: the first portion
of the equation is called “available water” (Wt) and the second is called
“evapotranspiration opportunity” (Yt).

Wt = Pt + St −1

(3.4)

Yt = Et + St

(3.5)

In this sense, the core of the model is the definition of Yt as a non-linear function of
Wt by the following equation having two parameters a and b:

W +b
⎛ W + b ⎞ Wt ⋅ b
Yt (Wt ) = t
− ⎜ t
⎟ −
2a
a
⎝ 2a ⎠
2

(3.6)
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that guarantees Yt ≤ Wt , Yo′ = 1 and Y∞′ = 0 , as represented in Figure 2. The parameter
a controls the concavity of the relationship between Wt and Yt and reproduces “the
propensity in many catchments for runoff to occur well before the soils are saturated to
capacity” [Thomas , 1981]. On the other hand, parameter b represents the capacity
(depth) of the upper tank for holding soil moisture.

The partitioning of available water Wt between Et and St is achieved by relating the
rate of loss of soil moisture to potential evapotranspiration as indicated bellow:

dS
PE ⋅ S
=−
dt
b

(3.7)

Solving this differential equation and setting St-1 = Yt, the soil moisture at month t
can be represented as:

St = Yt e

− PEt
b

(3.8)

Direct runoff (Rot) is distinguished from the groundwater recharge (GRt) by using a
partition coefficient c, so that:

Rot = (1 − c)(Wt − Yt )
GFt = c(Wt − Yt )

(3.9)

(3.10)
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The groundwater discharge to the stream is modeled as a fraction, d, of the water
stored in the aquifer:

Qgt = d ⋅ Gt

(3.11)

Parameter d is therefore a linear coefficient analogous to the inverse value of the
groundwater residence time. According to this, groundwater storage at the end of period t
is defined by the following expression

Gt = Gt −1 + c(Wt − Yt ) − d ⋅ Gt

(3.12)

Finally, the streamflow of the basin at the end of the month t is defined as the sum of
direct runoff and groundwater discharge:

Qt = (1 − c)(Wt − Yt ) + d ⋅ Gt

(3.13)
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Pt

ETt

Rot

a

St=f(Wt, Yt)

b
c

GRt

d

Qgt

Gt=f(Wt, Yt)

Pt − ETt − GRt − Roi = ΔS = St − St −1
( Pt + S t − 1 ) − ( ET t + S t ) = Ro t + GR t
Available Water (Wt)
Figure 1

Evapotranspiration Opportunity (Yt)
Water balance formulation of the abcd model

Yt(Wt)

b

W +b
⎛ W + b ⎞ Wt ⋅ b
− ⎜ t
Yt (Wt ) = t
⎟ −
2a
a
⎝ 2a ⎠
2

a=1
a<1

b
Figure 2

Wt

Idealized relationship between available water and evaporation opportunity

Regarding the parameter intervals and initial states, parameters a, c and d can take
values between 0 and 1 while parameter b is greater that zero and close in magnitude to
the mean annual precipitation. Implementation of the model algorithm requires also
requires specification of the initial states for soil moisture storage and groundwater
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storage which can either be estimated by using a “warm up” period or including the
initial states as two additional parameters during model calibration.

3.3. Datasets

The main dataset used in this study was compiled by Vogel and Sankarasubramanian
[2005] and contains monthly times series of precipitation and potential evapotranspiration
for 1337 watersheds in the conterminous United States (Figure 3).

Data files and

secondary information for each station were obtained from the Oak Ridge National
Laboratory Distributed Active Archive Center at http://www.daac.ornl.gov. Additionally,
streamflow time series from the US Geological Service (USGS) of the corresponding
stations were extracted from the National Water Information System (NWIS) at
http://waterdata.usgs.gov/nwis.

The hydroclimatological data was codified in terms of water years, which start on
October 1 and end on September 30 of the next calendar year. In the work reported in this
document, 764 stations of this dataset sharing a common data coverage of 40 years
(1950-1990) of precipitation, potential evapotranspiration and streamflow were used to
run the monthly simulations of the model and to perform basic hydro-climatological
analysis. The following sections describe the details of the data used for the calibration of
the model and the classification of the watersheds.
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3.3.1.

Streamflow Data

The streamflow data used in this report is a component of the Hydro-Climatic Data
Network (HCDN) prepared by the USGS to study surface water conditions throughout
the United States [Slack et al., 1993] and which contains records from 1659 different sites
between 1874 and 1988. This dataset was collected to obtain a dataset sensitive to the
effects of climate variability, without human influences such as streamflow regulation or
changes in the sampling devices. Lins [1999] mentioned criteria used to select the
stations for the HCDN, which included: availability in electronic format, minimum length
of 20 years (except in areas with low spatial coverage), USGS accuracy ratings of at least
“good” for the streamflow records, and unimpaired basin conditions (i.e. no streamflow
regulation or reduction of flow by groundwater pumping).
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Figure 3

HCDN stations selected for the analysis
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3.3.2.

Precipitation, Temperature and Potential Evaporation Data

Vogel and Sankarasubramanian [2005] report that precipitation and average
minimum and maximum daily temperature values were obtained from the Precipitation
Elevation Regression on Independent Slopes Model (PRISM) climate analysis system
which collects average value of precipitation in 0.5° monthly time series grids [Daly et

al., 1994]. PRISM uses point data and a digital elevation model (DEM) to generate
estimates of climatic parameters in grid format. PRISM provides physical realism to the
interpolation process by incorporating regressions between the variable of interest and the
topography (elevation). Lumped values of precipitation and temperature for 1291 were
calculated using the average valuate within watershed boundaries derived from a USGS
30 arc-second DEM.

Monthly potential evaporation was calculated using a method introduced by
Hargreaves and Samani [1982] which uses monthly time series of average minimum and
maximum temperature data, extracted from the HCDN dataset, together with
extraterrestrial solar radiation. The method proposed by Duffie and Beckman [1991] was
used to calculate extraterrestrial solar radiation values after obtaining the average value
from a 0.1° grid.

3.3.3.

Secondary data

Secondary data used in this study to perform the evaluation and diagnostic analysis
included:
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-

HCDN Auxiliary tables: These tables attached to the monthly HCDN dataset provide
secondary information about the basins including:

name of the station, area,

hydroclimatic variables averaged from the PRISM database, topographical
parameters and soil parameters. Additionally, some parameters developed in a study
to improve low streamflow prediction were also considered [McDonnell and Woods,
2004].
-

Hydrologic units map: These classify the watersheds of the United States into four
levels (regions, sub-regions, accounting units and cataloging units). It was obtained
from the USGS at http://water.usgs.gov/GIS/huc.html.

-

Hydro1k DEM: This was derived from the global USGS 30 arc-second DEM, and
corrected for channel and watershed delineation. The GIS files were obtained from
the

Center

for

Earth

Resources

Observation

and

Science

(EROS)

at

http://edc.usgs.gov/.
-

Hydrologic landscape regions map: This was developed to group watersheds in the
United States with regard to their landscape and climate characteristics [Winter,
2001]. Available at http://water.usgs.gov/maps.html

-

Arc-hydro USA: This is an implementation of the ArcGIS Hydro Data model for the
continental United States. The dataset prepared by the Center for Research in Water
Resources at Austin (See GIS Hydro 2002, at http://www.crwr.utexas.edu/) provides
channel delineation, watershed boundaries and location of sampling points.

-

UMD – Global Land Cover Classification: A 1km spatial resolution land cover
classification generated from the Advanced Very High Resolution Radiometer by
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Hansen et al. [2000]. The files are available through the Global Land Cover Facility
Center at the University of Maryland (http://glcf.umiacs.umd.edu/).

3.4. Methods
3.4.1.

Sensitivity analysis and automatic calibration

A parameter sensitivity (perturbation) analysis was used in this study to select the
strategy to be used in the automatic calibration of the 764 stations. Perturbation of the
parameters was carried out to study the variations in the modeled streamflow and define
the feasible ranges for the automatic calibration.

Further, several measures of

performance were inspected to select the one to be used as objective function.

The Shuffled Complex Evolution (SCE-UA) algorithm [Duan et al., 1992] was used
to perform the calibration (parameter estimation) for the stations considered in the
analysis. This method has been used extensively in the calibration of conceptual rainfallrunoff models, including the abcd model at annual and monthly time steps
[Sankarasubramanian and Vogel, 2002; 2003]. The SCE algorithm is a combination of
random and deterministic strategies for global optimization; the technique was designed
to overcome common problems in the calibration of hydrological models that are
reflected in several features of their response surface such as: the presence of several
regions of attraction and local optima, roughness generated by discontinuous derivatives,
flatness around and the occurrence of long and curved ridges.
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3.4.2.

Cluster Analysis

Hierarchical clustering is used to group the watersheds by means of the following
steps 1 : 1) similarity comparison between every pair of streamflow records (one per
watershed) in the dataset, 2) generation of binary clusters (selecting pairs of streamflow
series with the highest correlation) which are grouped later into hierarchical trees by
associating binary clusters into high order pairs until all the clusters form a single tree,
and 3) selection of an optimum height to partition the hierarchical tree into clusters. Once
the clusters are obtained, it is possible to perform a detailed analysis of the characteristics
of each group.

3.4.3.

Classification Trees

A decision tree is a data analysis tool that allows for the identification, in a
hierarchical manner, of the most important variables relevant to the identification of an
outcome or characteristic. The algorithmic implementation used in this analysis is the one
provided by the Statistical Toolbox of Matlab and explained by Breiman et al., [1984].

3.4.4.

Artificial Neural Networks

An Artificial Neural Network (ANN) is a data processing system that is composed of
a number of processing elements (analogous to biological neurons) and weights between

1

Statistics Toolbox 6 User’s Guide at http://www.mathworks.com/access/helpdesk/help/toolbox/stats/
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those elements that imitate the impulse transmission in a nervous system. The ASCE
Task Committee on ANN [2000a; 2000b] presented a complete review of applications of
ANN in hydrology. For the research reported in this thesis, the Multilayer Perceptron
(MLP) structure was used to simulate the rainfall/runoff process. The MLP is a feedforward neural network structure trained using the standard back-propagation algorithm.
MLP are supervised networks that require objective data to be trained. With one or two
hidden layers, they can approximate virtually any input-output map. They have been
shown to approximate the performance of optimal statistical classifiers in difficult
problems. Only one hidden layer was used for the identification of the optimal structure
as results suggested by previous authors [Tokar and Markus, 2000]. In this study the
Netlab toolbox developed by Nabney [2004] was used for the ANN calculations.

3.4.5.

Signatures and measures of variability

A set of different evaluation/diagnostic tools were used to inspect the results from
the modeling and to explain the variability in performance:

-

Climatic descriptors: The Budyko curve, which relates the ratio between evaporation
and precipitation to the aridity index (potential evapotranspiration over precipitation)
[Sankarasubramanian and Vogel, 2002], is used to discriminate among different
climatic regions.

-

Water balance: Graphs of the cumulative water balance components as explained by
Yilmaz [2007] were used to evaluate the performance of the model and discriminate
the behavior of each cluster.

60

-

Flow Duration curve: Visual analysis and specific streamflow information such as
presence of streamflow and the distribution of the values were used to study the flow
characteristics from the watersheds and the model [Yilmaz, 2007].

-

Flow indices: Streamflow indices as reported in Shamir [Shamir et al., 2005], Olden
and Jones [Eykhoff, 1974] and Yadav et al [Yadav et al., 2007] are used to explore
patterns in the clusters generated in the classification.

-

Physiographic descriptors: As a mechanism to study the hydrologic response of the
basins in regard to climate and physiographic parameters. Relationships similar as the
explored by Berger and Entekhabi [2001].

3.5. Summary

A detailed description of the equations and parameters of the abcd model is provided
after manipulating the terms of the water balance equation and following assumptions
about the saturation excess runoff generation, the soil moisture and groundwater storages,
and the partition between direct runoff and groundwater recharge. The model description
is followed by naming the sources of the time series used in the model and the spatial
data employed to interpret the modeling results and to discriminate the watersheds
according to physical characteristics and input-output response. Tools used for the model
calibration, watershed classification, and comparison of the watershed characteristics are
described later. Chapter 4 will make use of these data and methods to provide a detailed
description of the abcd model performance and to identify the conditions and locations
where these model assumptions are valid.
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4. DIAGNOSTIC STUDY
The following chapter summarizes the results of the diagnostic evaluation of the
abcd model in the conterminous United States using the HCDN dataset. The first section
documents the criteria used for the automated calibration of the model to the selected
stations. Section 4.2 shows how cluster analysis and Artificial Neural Networks (ANN)
modeling were used to separate the basins into groups having similar streamflow patterns
and input-output relationships. Section 4.3 studies the dominant physical patterns,
watershed indices, and hydrologic processes occurring in each cluster. Factors related to
the performance of the model in every cluster are identified in section 4.4, and
summarized in the form of a table. A discussion about model modifications is provided in
section 4.5, which also includes the results of a model modification incorporating snow
accumulation.

4.1. Sensitivity Analysis and Calibration

This section describes how the abcd model was calibrated using the data from the
HCDN dataset. Given the large size of the dataset and the several sources of data, a
database containing the time series and physical characteristics of watersheds was created
to facilitate the calculations and the compilation of the results. A set of Matlab scripts
were created to automate access to the data and to enable execution of the routines for
each set of station data.
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Before calibration of the Model to the 764 station data sets, a sensitivity analysis was
carried out to identify the parameter search intervals and the constants used in the SCEUA algorithm. Initial streamflow simulations were generated and a one-dimensional
sensitivity analysis were carried out for a subset of 30 watersheds distributed throughout
the country, to examine the importance of each of the four model parameters and to test
different approaches for the calibration of the initial states. Figure 4 shows the results of
the abcd model after SCE calibration at the Lumber River (Station 2134500) in North
Carolina, which is typical for stations with low model error and Nash-Sutcliffe efficiency
above 0.70. To facilitate the comparison of the results in different watersheds, all the
fluxes are normalized by parameter b. These plots include the precipitation (PP);
maximum and minimum temperature (Tmax and Tmin); potential and actual
evapotranspiration (PET and AET); and the modeled and real streamflow (QQm and QQd)
in standard and logarithmic scale for the time period 1951 to 1960.
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Figure 4

Results of the simulation for the station 2134500

Figure 5 and Figure 6 illustrate the one-dimensional sensitivity analysis response for
different objective functions as the model parameters are varied. In Figure 5, the standard
Minimum Square Error (MSE Avg) is shown as an example of objective functions that
exhibit a well-defined concave and smooth behavior. These functions include variations
of the MSE using different transformations such as Logarithmic (MSE Log), Box-Cox
(MSE Box), and Flow Normalization (MSE N); the average value of correlation (COR
Avg); and a variation for optimization of the Nash-Sutcliffe Efficiency (NSE Opt). On
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the other hand, objective functions such as Absolute Bias (Bias Abs), shown in Figure 6,
or the Minimum Absolute difference (Min Abs) have strong discontinuities and low
sensitivity with consequent poor identification of the optimal parameters.

Figure 5

Typical one dimensional sensitivity plots for MSE Avg (Station 211000) similar to
MSE Log, MSE Box, MSE NAvg, NSE Opt, COR Avg

The sensitivity plots also revealed the relative importance of each parameter in
relationship to the model error. Generally, the parameter b, which represent the size of
the soil moisture storage tank is the most sensitive, followed by parameter a, and then by
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parameter c or d. Sensitivity plots from most of the stations showed a similar shape,
although in some cases, optimum values of parameters c or d were found within the limits
of the intervals.

Figure 6

Typical one dimensional sensitivity plots for BIAS Abs (Station 211000) similar to
MIN Abs

A two-dimensional sensitivity analysis procedure was next used to study the
interaction of the estimated parameters for the subset stations. Figure 7 shows the result
of such analysis for the Yadkin River in North Carolina (Station 211100). The surfaces
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were generated using the MSE criterion; they display a well-behaved concave and
continuous behavior, which can be readily searched by the SCE-UA algorithm. Since, in
this work, the primary criterion for the calibration of the model was the replication of the
major streamflow events, the MSE was selected as objective function to calibrate the 764
stations.

Figure 7

Typical response surface using MSE Avg for stations with good model performance
(Station: 211000)

The algorithm constants used by the SCE-UA method were carefully adjusted to
ensure proper convergence of the method to a solution for the problems under
investigation here, and to minimize the computation times since the same calibration
routine was used for all the 764 stations. Since there is considerable variability of initial
soil moisture conditions among all the stations, the initial states were added to the
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calibration, resulting in 6 variables to calibrate, the four abcd parameters and the initial
soil and groundwater storage sizes.

The parameters obtained in the calibration of the 764 stations and error statistics
were then stored in the database for further analysis. Individual plots for each watershed
were generated for visual inspection and an interactive tool was developed in Matlab to
query the results and inspect the time series and model results. Figure 8 shows the results
of the calibrations reported in terms of the NSE of the training period (1951-1960) as a
performance evaluation measure. Box plots of the parameters obtained in the calibration
were generated (Figure 9) and had similar distribution to the ones obtained by
Sankarasubramanian and Vogel [2002] who used the same dataset and model, but for an
annual time step.

The distribution of varying model performance across the continental US suggests
the existence of physical factors that influence the performance of the model. To establish
the locations and conditions where the abcd model performs well, a cluster analysis was
performed (reported in the next section) to group the basins by dominant features of the
streamflow.
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Figure 8

NSE of abcd model calibration for the conterminous US using data from 1951 to 1960
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Figure 9

Parameters obtained after the calibration for the 764 stations

4.2. Cluster Analysis and ANN Modeling

Cluster Analysis was used to separate the stations into groups according to their
streamflow correlation. The homogeneity of these watershed clusters in regard to their
ability to transform the HCDN inputs (precipitation, potential evapotranspiration, and
mean temperatures) into streamflow was studied by means of ANN modeling as
described below. The idea behind this analysis was to find a single ANN model structure
(having a specific number of inputs and time lags) and set of ANN’s weights for a
representative station in each cluster that has the ability to reproduce the input-output
behavior of normalized streamflow for all the stations in that cluster. Clusters that
showed high residuals in the ANN-generated streamflow were further subdivided into
smaller clusters until the resulting residual distributions were either smaller or more
uniform.
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As before with the organization of the time series into a database, information
about the spatial properties of the system was organized into a Geographic Information
System (GIS) with a common projection system so that the distribution of the watersheds
and the clusters could be studied. The physical characteristics and dominant signatures of
each cluster will be discussed later in section 4.3.

4.2.1.

Cluster Analysis

Monthly streamflow data for the period 1950 to 1960 was used in the cluster
analysis. The cross correlation among the time series of each station was used as measure
of similarity. Once the matrix correlation was calculated, several methods were tested to
measure the similarity distance between the series and to generate a hierarchical cluster
tree. The optimum tree was identified using the cophenetic correlation coefficient as
criterion. Two graphical tools were employed to visualize the results and to identify the
optimum threshold to divide the tree: first, a dendrogram plot to visualize the number of
branches (groups), and second, a map with the location of the clusters to compare the
spatial distribution of the clusters against the results of the abcd modeling.
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Figure 10

Results from the cluster analysis using a threshold of 0.75
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A threshold of 0.75 was selected after noticing how the cluster distribution share
some similarities with the abcd model performance obtained in the calibration. Due to its
spatial location cluster 3 was divided into 3 East (31), 3 Central (3), and 3 West (32); and
cluster 12 was divided into cluster 12 East (12) and cluster 12 West (121). The spatial
locations of the clusters can be seen in Figure 10. The performance of the abcd model
was next studied in relation to the cluster classification by comparing the cumulative
distribution functions of NSE by cluster in Figure 11.

Figure 11

Cumulative distribution function of the NSE for the clusters with more than 10
stations
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4.2.2.

Evaluation of the Clustering using Artificial Neural Networks

In this analysis a Multilayer Perceptron (MLP) structure with one hidden layer was
used to simulate the rainfall/runoff process (Figure 12). 42 different structure
configurations with a variable number of time lags between 0 and 3 for the precipitation,
potential evapotranspiration, minimum temperature and maximum temperature, and
between 1 and 3 for the streamflow values, were tested for each representative station.
The number of hidden nodes was varied in proportional to the number of inputs, and the
number of iterations to obtain the network weights was set at 150 after examining the
performance for different numbers of iterations and the time required for each calibration.
A multi-objective approach was used to select the optimal structure (Figure 13 a) from
the 42 configurations. The optimal structure was the Pareto point closest to the origin in a
bi-dimensional plot of the NSE of the training and evaluation periods. The stations were
trained using data for the period 1950 to 1960, and the evaluation period was 1960 to
1970.

Figure 12

Example of the ANN-MLP structure used in the analysis
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`
(b)

(a)
Figure 13

Example of pareto criteria used to select the optimal structure for station 11468000
and set of weights of cluster 12

Table 2 illustrates the results of the semi-automatic calibration applied to the nine
representative stations. Most of the clusters had a high NSE (>0.9). In general, stations
located in southern clusters required less inputs and time lags, while stations affected by
snow required the use of temperature values to obtain the optimum results.

Table 2

Optimal structures for the representative
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Once the calibration using the representative structure was done for all the stations,
the weights of the stations with the best performance from each cluster were chosen by a
training-evaluation criterion (Figure 13 b). These weights were used later to calculate the
normalized flow for all stations within the corresponding cluster. The map in Figure 14
shows the NSE of normalized flow for all 764 stations. The map shows that clusters 31,
12, 121 and 13 performed well using the common weights; clusters 1, 4 and 9 have a
variable performance distribution; and clusters 3 and 32 performed badly because the
weights from the cluster 31 were used to generate the flow in those stations.

From visual inspection of Figure 14, it was clear, that some of the clusters could be
further subdivided into smaller groups to obtain better performance of the ANN using
common weights. The following describes the cluster divisions that were done to
improve the performance of the ANN models. Cluster 1 was split into three parts: the
main mountainous regions in the center, the accumulation of stations in the northern part
of Rio Grande Basin (101), and the subset along the Sierra Nevada in California (102).
Cluster 12 West (121) was divided into southern and northern regions (121 and 1201).
Cluster 3, in the center, was divided into three different sections: cluster 301 in the
southern region, cluster 302 in the northwestern region, and a new cluster 3 formed by
the remaining stations in the northeastern region. From cluster 12 were extracted a subset
of stations along the southeastern (122) and southwestern regions (123). The subdivision
process was stopped when none of the sub-regions showed a strong difference in
performance, or if the performance of the group as a whole was low.
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Figure 14

Results of the ANN modeling using the weights of 9 stations

77

Figure 15

Results of the ANN modeling using the weights of 19 stations
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Figure 16

Cluster distribution after the ANN modeling
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Table 3 Overall performance of the clusters after ANN modeling using common weights

Figure 15 shows the ANN performance after subdivision of the clusters and selection
of 19 representative stations. Figure 1 and Table 3 illustrate the performance produced by
dividing the watershed into more homogeneous clusters. From these results is seen that
clusters with small size in the northern region of the country (such as 10 and 302) had the
lowest (poorest) performance in terms of modeling of normalized flow. On the other
hand, clusters 12, 31, and 121 showed the greatest (best) performance, indicating a strong
similarity in the precipitation/runoff transformation across locations.

The classification obtained in this section provides important guidelines about the
distribution of streamflow patterns and the nature of the input-output relationships in the
watersheds. The procedure used to discretize the watersheds and to find optimal ANN
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models per cluster can be improved and automated in the future. The information
contained in the time series was the main component used for the classification of the
watershed. In the following section, the relationship with other physical variables and
watershed indices will be explored.

4.3. Physical Characteristics of the Watershed Clusters

In this section, the watershed clusters identified earlier are examined in terms of
physical information and watershed indices, to understand the differences and dominant
hydrological processes. To facilitate the analysis of the information, this section is
divided by different sources of information and analysis techniques. At the end, the
knowledge acquired during the comparison of the physical characteristics is summarized
into decision trees, which help to explain the cluster distribution.

4.3.1.

Digital Elevation Model and HCDN Auxiliary Information

The Hydro1k Digital Elevation Model and auxiliary information from the HCDN
database were included into the GIS for comparison with the clusters. Besides values of
mean elevation and slope for each watershed, different indices related to the
characteristics of the low flow, evaporation, snow, temperature, and soil were analyzed.
One of the principal differences among the clusters was the presence of snow
accumulation processes. Figure 17 illustrates the elevation distribution, while Figure 18
and Figure 19 show the maximum temperature and the percentage of precipitation as
snow respectively.
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Figure 17

Digital elevation model and cluster distribution

82

Figure 18

Maximum temperature in the winter and cluster distribution
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Figure 19

Percentage of precipitation as snow and cluster distribution
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Several patterns were discovered through these comparisons. Watersheds in clusters
1, 101, and 102 align well with regions of low winter temperatures, high proportion of
precipitation as snow, and high elevations. Cluster 3 has varying distributions of
temperature and lower snow quantities. On the other hand, cluster 12, located in the
Southeast, shows low occurrence of snow with varying temperature profiles.

Small clusters in the central US are related to localized climatic tendencies and
intermediate to relatively high temperatures. The Florida peninsula differs from
elsewhere in the southeast due to irregular periodicity of streamflow. Detailed visual
inspection of the times series was used to identify peculiarities in the time series. Some of
the stations in clusters 4 and 10 had intermittent flow. Stations along the West Coast and
cluster 1 present a well-defined regular cycle of precipitation, while stations in the
Missouri and Upper Mississippi present fluctuations in the intensity and periodicity of the
wet seasons.

4.3.2.

Hydrologic-Landscape Regions (HLR)

The predominant climate, geology, landform, soil, and HLR units for each watershed
were extracted from the Hydrologic-Landscape Regions map using a statistical-spatial
utility developed by Hirabayashi and Kroll [2007]. The data obtained from this GIS
operation was tabulated by clusters to identify the main differences among the
watersheds.
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Figure 20 displays the HLR climatic distribution that was used to extract the
predominant units for each basin. The location of cluster 1 matches well with the
semiarid region. The separation of clusters 12 and 122 matches the partition of humid and
subhumid units.

Similarly the partition of cluster 121 and 1201 agrees with the

discontinuity of humid and semiarid environment along the coast of California. Also, it is
seen how Cluster 4 lies in an arid region and how the other small clusters in the center
vary from arid to subhumid.

Table 4 synthesizes the variability of the other variables. Predominant landform
results provided a numerical quantification of the aspects seen in the visual analysis in
Section 4.3.1. Cluster 12 is not uniform in the distribution of landforms, geology or soil,
although the predominant climate is humid (88%). Small cluster such as 9, 121, and 121,
belong to a single unit. For clusters 4, 10, and 302, with poor performance in the cluster
evaluation with ANN, there is no homogeneity in predominant landform, soil or geology.

86

Figure 20

HLR Climate information
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Table 4

Predominant HLR characteristics
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4.3.3.

Land Cover Units

Following a similar procedure to the one used in Section 4.3.2, land cover units from
the UMD-AVHRR map (Figure 21) were extracted for each watershed. This information
was tabulated later into Table 5, which highlights the two most predominant land cover
units by cluster.

The distribution of the predominant land cover is heterogeneous. Forests or
woodland are above 50% in clusters 31, 3, and 121. Cropland is predominant for more
than 50% of the watersheds in clusters 10 and 302. Shrubland is predominant for cluster
in arid regions such as 4, 9 122 and 13. Bare ground is predominant in clusters 301, 14.
As noticed before in the analysis of the HLR units, cluster 12 shows considerable
heterogeneity in land cover.

4.3.4.

Long-term Hydroclimatology

Budyko’s curve summarize the long-term hydroclimatology of a region, by relating
the ratio of potential evapotranspiration to precipitation and the ratio of mean annual
evapotranspiration to precipitation [Budyko, 1974]. In this case, mean annual values of
the potential evapotranspiration and precipitation where obtained from the period 1951 to
1990. Since the values of mean actual evapotranspiration are not available, an
approximation to this value was generated by subtracting the mean streamflow from the
mean precipitation. Plots of the Budyko curve are shown in Figure 22.
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Figure 21

Distribution of the UMD-AVHRR Land Cover units
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Table 5

Two most predominant Land Cover classes by cluster
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Figure 22

Budyko’s plots for each cluster
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The Budyko plots provide information regarding the hydroclimatic variation of the
watersheds. A number of clusters (31, 9, 12, 122 and 123) are seen to be concentrated at
specific locations along the humid regions of the curve. In contrast, scattered behavior is
seen for clusters located in mountainous and semi-arid regions such as 1, 102, and 302;
and in cluster 121 located along the Pacific coast.

4.3.5.

Flow duration curve

Different variations of the flow duration curve were examined to explore the
characteristics of the streamflow on each cluster. In this case, streamflow data between
1951 and 1990 was used to calculate the cumulative distribution function using different
flow normalizations. The use of logarithm scale was used to help in the process of
analyzing low (Figure 23) and high flows (Figure 24). To compare the magnitude of the
flows, the mean value for the 1, 10, 33, 66, 90 and 99 percentiles is represented by the
use of box plots (Figure 25).

The plots of the duration curve revealed the occurrence of various flow conditions
and patterns. The occurrence of low or intermittent flow is predominant in clusters 4, 10,
1201, 12, and 14. Well defined and similar flow distributions are seen in clusters 1, 31,
32 or 12. In regard to the high flows shown in Figure 24, clusters 302, 1201 and 13 are
representative of stations with strong peaks in winter. From Figure 25 can be seen how
the highest peaks in monthly flow occur in clusters 1 and 121, while the peak monthly
flows with the lowest magnitude occur in clusters 7 and 10.
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Figure 23

Duration curve of the normalized streamflow highlighting low flows
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Figure 24

Duration curve of the normalized streamflow highlighting high flows
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Figure 25

Percentiles of the flow duration curve
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4.3.6.

Decision Trees

The information acquired from the previous analysis of the physical characteristics
was next used to choose the decision variables in the trees that discriminate the
watersheds into the groups obtained in the cluster analysis. The variables tested on the
trees included the 23 watershed indices, or variables, stored in the HCDN database and a
number of variables derived obtained from GIS analysis or the manipulation of the time
series.

The first decision tree shown in this section uses percentage of precipitation as snow
(PPS), maximum temperature in the winter (WinterTmax), area, slope, elevation (Elev)
and evaporation between May and October (MayEvap). The resulting tree had an error of
8% in training and 22% in validation after using 60% of the stations for the training. The
most decisive variable was MayEvap followed by PPS and WinterTMax.
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Figure 26

Decision Tree generated from HCDN secondary data

A second decision tree using three variables from the previous one (PPS, Elev,
Slope) plus the runoff ratio (Q/P), the aridity index (PE/P), and average value of the 1%
and 99% exceedance (P1 and P99), and is shown in Figure 27.

Figure 27

Decision Tree with PPS, Elev, Slope, Q/P, PE/P, P1 and P99
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In this case, using a similar number of stations for training (60%), the error was 10%
in the calibration and 20% in the validation. Again, an index related to the climatic
distribution was the most important followed by the snow related parameters. The 1% of
exceedance was only useful to discriminate between stations of clusters 12 and 121 in a
particular situation.

Figure 28

Decision Tree with physiographic and climatic descriptors

As a mechanism to compare with other index combinations explored in the literature
[Vogel and

Sankarasubramanian, 2003], a third decision tree (Figure 28) was

constructed using the length of the main stream in the watershed (Str. Length), the
relative infiltration capacity (i/K), the ratio of precipitation to potential evapotranspiration
(P/PE), the ratio of streamflow to precipitation (Q/P), the area, and the slope. For this
case the error was 23 % in the training and 44% in evaluation. Since no winter variables
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were used here, most of the clusters were discriminated by P/PE, followed by the slope
and the relative infiltration capacity.

4.4. Model Diagnosis

The following section illustrates the evaluation of the abcd model for every cluster
considered and the analysis of factors that are related to the model performance. First, the
performance of the abcd model is evaluated by using different benchmark models. Split
sample tests and ANN modeling were used to infer locations where the transformation of
precipitation into output is difficult to map due to problems in the data. Finally, the main
factors that are significant to model performance are presented by means of a decision
tree and a summary table.

4.4.1.

Evaluation of Model Performance

The distribution of performance by cluster was studied by examining statistics, and
by plotting the cumulative distribution function of NSE values. Later, to understand the
importance of seasonality effects and the validity of model assumptions in different
locations, the abcd model was compared against two additional models: the monthly
mean flow and the Adjusted Precipitation Model (APM), which is a simple linear
transformation of the precipitation multiplied by the runoff ratio and shifted by a lag that
minimizes the residuals [Schaeffli and Gupta, 2007].

The performance of the abcd model is related to the cluster classification by
comparing the cumulative distribution functions in Figure 29. As reference, the
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performance of the abcd model is plotted in terms of predominant HLR unit in Figure 30.
From these plots it is evident how the cluster classification provides a greater
discriminatory power in regard to the model performance.

Figure 29

Performance of the abcd model by watershed clusters
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Figure 30

Performance of the abcd model by predominant HLR units

Figure 31 presents the performance of the monthly mean flow as a model to calculate
streamflow using NSE. In this case, the results indicate a strong seasonality effect in
clusters 1, and to lesser degree along the west-central part of the Appalachian Mountains.
Watersheds in these regions have a high proportion of precipitation as snow and low
temperatures. . The comparison of the abcd model using the Monthly Mean Flow
benchmark model is plotted later in Figure 32. Using this benchmark, the clusters with
the best performance are 121, 1021, 13, and 14, while the clusters with the worst
performance are 102, 1, 101, 302, 3 and 31.
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Figure 31

Performance of the monthly mean flow as a model of streamflow using NSE
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Figure 32

Performance of the abcd model using the monthly mean flow as benchmark
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The second model used for comparative evaluation against the abcd model was the
Adjusted Precipitation model. The performance of this model is seen in Figure 33. The
model performs especially well along the west coast in cluster 121, which suggests that in
this region the simulation of the streamflow is not very challenging, since a simple linear
transformation and lag of precipitation can reproduce the pattern of streamflow. The
worst performance occurs in clusters 3, 301, and 302. The distribution of the Adjusted
Precipitation Benchmark values are similar to the ones obtained using NSE.

4.4.2.

Split sample test using the abcd and ANN models

The difference in model performance for training and evaluation periods was
explored by comparing the performance of the models using parameters calibrated for the
period 1951 to 1960 against the time series of the following four decades. The difference
in model performance was represented by mapping the difference between the NSE of
the training period and the NSE of the evaluation period for each watershed (Figure 35).
The differences in performance were also studied by plotting the cumulative distribution
function of the training and the three evaluation periods (Figure 36). Additionally, results
from the ANN calibration reported in the previous section were used to evaluate the
information content in the time series by comparing the performance of the calibration
and validation periods for different periods of time.

The major differences in performance occur for clusters 301, 13 and 7. The
difference between NSE of the training and evaluation periods is less than 0.05 for
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Figure 33

Performance of the adjusted precipitation model using NSE
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Figure 34

Performance of the abcd model using a simple linear relationship as benchmark model
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Figure 35

Performance of the abcd model for the validation period (1961-1970) using the parameters form 1951-1960
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Figure 36

Comparison of the performance in the validation period for three different decades

clusters 121, 3, and some regions of cluster 12. Similar results were found for the
following decades.

As a mechanism to explore the nature of the input and output relationship in the
dataset, ANN structures derived in the classification analysis in Section 4.2 were used to
simulate the streamflow at each station. In this case, the weights of the neural networks
were calibrated for each station using the period 1951 to 1960. Figure 37 illustrates the
results of the training using a common number of iterations (150), while Figure 1 shows
the results of the validation period of the next decade (1961-1970).
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Figure 37

Performance of the ANN in the training period
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Figure 38

Performance of the ANN in the evaluation period
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These results suggest that the locations with the most difficulty in mapping the input
and output relationships are located in the central part of the country, especially in
clusters 3, 301, 302, 10, 14, 13 and 4. Stations in those locations showed a relatively low
performance during both training and evaluation periods.

4.4.3.

Decision Tree Analysis

Knowledge acquired through the evaluation of the physical characteristics of the
model and the diagnostic evaluation of the model was used to construct decision trees so
as to identify the most important indices influencing model performance. The decision
tree used PPS, WinterTmax, PE/P, Q/P, P99 as inputs and three ranges of NSE as outputs
for different groups of watersheds.

Figure 39

Decision Tree to discriminate the performance in all the stations
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This tree, shown in Figure 39 had an error of 28% during evaluation when 550 out of
764 were used for the calibration. It can be seen from this tree, that the most important
factor in discrimination of model performance is the presence of snow accumulation
process, as demonstrated by the relative importance of the PPS and WinterTmax
variables.

Figure 40

Decision Tree to discriminate the performance in Cluster 12, 122, 123

When only watersheds derived from cluster 12 (12, 122, 123, 121 and 1201) were
considered for the elaboration of the tree, the influence of cold season processes was still
evident. However, in this case, the normalized value of 99% of flow exceedance (P99)
was also important to discriminate some stations with intermittent flow. In this case, the
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error in the calibration was 20% and no evaluation was done since the number of stations
was small. Finally, a third decision tree with only stations from clusters in arid regions (4,
7, 9, 10, 13, and 14) is shown in Figure 41. In this case, the runoff ratio was the most
relevant variable, followed again by the maximum temperature in the winter.

Figure 41

4.4.4.

Decision Tree to discriminate the performance in clusters 4 , 7, 9, 10, 13, and 14

Summary Table

Next, a detailed analysis and comparison of the predominant characteristics of each
cluster was done to identify and describe the dominant processes occurring. This analysis
emphasizes the identification of conditions where the assumptions of the abcd model are
valid to represent the streamflow at monthly time step using the HCDN dataset.
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Table 6

Results of the model diagnosis analysis
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4.5. Model Modification

Since the most important factor influencing the performance of the model was
determined to be the incorporation of snow accumulation and melting processes, a series
of model modifications were tested to simulate this process. An additional tank was
added to the abcd model to account for snow storage and melting, using a temperature
index similar to the one discussed by McCabe et al. [1999]. Figure 42 illustrates the
addition of such component to the abcd structure, using two temperature thresholds to
define the accumulation of snow: temperature of snow (Ts) and temperature of rain (Tr).
In this case, the total precipitation (TPt) is divided into rain (Pt) and snow storage (SNt)
by a linear transformation of the maximum temperature (Tm). Correspondingly, the snow
melt (SMt) is controlled by the same linear relationship. Figure 32 depicts the results of
this modification for the Saint John River in Maine.

This new model structure was tested at clusters where the influence of snow was
evident. For cluster 1, the improvement in performance was mixed (Figure 44 a). In
contrast, the addition of the snow component model in cluster 31 (New England Region)
had a significant improvement in performance for all watersheds as shown in Figure 44 b.

Several reasons appear to be related to the overall improvement of cluster 31. The
temperature variation in this region seems to guarantee long periods of snow
accumulation that are not disturbed by sudden changes and therefore facilitates the use of
the Temperature Index approach. Further, soils in this cluster are permeable, which
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indicates the presence of shallow groundwater flow, similar to the one described by the
model structure. In addition, evidence from ANN modeling indicates that the inputoutput relationship can be mapped easily. On the other hand, for regions such as Cluster
1, where the performance was predominantly low, the watersheds are located in highaltitude mountainous regions with variable distribution of temperature and radiation and
limitation in the estimation and interpolation of energy and water fluxes.
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Model Modification to account for Snow accumulation
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Figure 43

Typical output of the Model Modification for Snow
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(a)

(b)
Figure 44

Performance of the Snow for different clusters

4.6. Summary

The abcd model was calibrated for 764 stations of the HCDN dataset using the SCEUA algorithm after studying the results from sensitivity analysis and several strategies to

119

initialize the states of the model. The distribution of the model performance was studied
initially using the NSE of the calibration period (1951-1960). Cluster classification using
hierarchical binary trees and ANN modeling were used later to separate the watersheds
according to their streamflow similarities and input-output relationship. The physical
characteristics and dominant processes occurring on each watershed group obtained in
the cluster analysis were studied by comparing the data against topographic information
from the Hydro1K DEM; climate, soil, geology and landscape layers stored in the
Hydrologic-Landscape Regions Map; land cover units derived from the UMD-AVHRR
dataset; climatic and streamflow patterns derived from the time series; and secondary
data from compiled in the HCDN dataset. Knowledge acquired during the comparison of
the physical characteristics was organized into decision trees.

The physical variables which influence the model performance throughout different
locations were studied by comparing the information obtained for the study of the
physical characteristics and evaluating the model performance using different benchmark
models. Furthermore, the model performance for training and evaluation periods as well
as the informativeness the data was examined by split sample test and ANN modeling of
the stations. In a similar way, decision trees were used to summarize the importance of
the physical variables in the model performance. A summary table describing the
characteristics of each cluster and their performance is given at the end of Section 4.4. In
the last section, the results from the diagnostic analysis were used to identify regions

120

where a temperature-index modification can improve the simulation of the streamflow in
a significant manner.
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5. CONCLUSIONS
5.1. Summary

The abcd model captures the main features of the monthly streamflow in watersheds
located throughout the Southeastern and Pacific Coast regions. Stations located in these
regions are generally characterized by humid and sub-humid climates, low influence of
snow accumulation processes, permeable soils, and several landform types.

Flow

duration curve (exceedance probability) plots reveal the existence of perennial flow and
similar streamflow patterns in adjacent watersheds. For more than 50% of the stations in
these regions, the Nash Sutcliffe Efficiency (NSE) statistic of the model residuals is
larger than 0.8, which indicates that most of the dominant streamflow features are
captured by the model, with relatively small values of residual error and bias (usually less
than 10%).

For watersheds located in arid and semiarid environments with impermeable soils the
abcd model exhibits an intermediate level of performance. In these watersheds,
intermittent flow may occur for some portions of the year and the interannual variation of
streamflow is higher than in humid regions. Generally, the abcd model in these regions
achieves an NSE statistic value of around 0.7 and captures the main features of the
streamflow hydrograph, but occasionally exhibits a high bias.
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In locations subject to the effects of a strong cold winter, the abcd model is not able
to reproduce the features of the streamflow hydrograph. Three different groups of
watersheds appear in this category: a) watersheds in the western mountainous regions
having semiarid climate, high snow water equivalent content and strong seasonal effect;
b) watersheds in the northern plains having high interannual variation of precipitation and
streamflow, impermeable soils, and a high percentage of cropland or bare ground land
cover type; and c) watersheds in the New England region characterized by humid climate
and woodland or a mixed forest land cover type.

The analysis of several types of information using a decision tree approach revealed
that indices related to snow accumulation processes, including the percentage of
precipitation as snow and the maximum temperature in the winter, exhibit the highest
discriminatory power for distribution of watersheds into clusters and for prediction of
model performance. Climatic and water availability indices, including the aridity index
and runoff ratio, were next in order of importance for watershed characterization. In
addition, indicators of specific flow features like intermittent flow were also useful.

An important source of information for understanding dominant watershed processes
is the Hydrologic Landscape Regions map, because landform, soil and geology contain
indicators about possible flow generation mechanisms. Clusters with combinations of
permeable soil and geology, required for the generation of shallow groundwater flow, had
the best ‘abcd’ Model performance; understandably, since the model structure most
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closely resembles this process. In contrast, the performance of the model was poor in
watersheds having impermeable soils or geology with their corresponding rapid overland
flow generation mechanisms.

Finally, the use of benchmarks models proved to be a useful method for the
identification of dominant processes and seasonal effects. The performance of the
monthly mean ‘abcd’ Model revealed the location of watersheds having strong
seasonality and percentage of snow. On the other hand, the results from Adjusted
Precipitation Model indicated regions where the assumptions about the direct
transformation of precipitation into streamflow were reasonable.

5.2. Conclusions

A diagnostic evaluation of the ‘abcd’ watershed model provided a means to identify
missing knowledge, and to detect regions for which the ‘abcd’ conceptual representation
of hydrological processes is inadequate. Adoption of a watershed classification system
related to the hydrologic processes occurring in a basin can facilitate the evaluation of
hydrologic models under different conditions and help in the organization of knowledge
about hydro-climatic signatures and patterns.

To improve the performance of the ‘abcd’ Model, it is necessary to make
modifications to account for snow accumulation processes. Approaches to this problem
include the implementation of temperature indices for the partition of precipitation
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between rain and snow, and the incorporation of mechanisms to freeze the water stored in
the soil (water in the model tanks). However, the ability to implement such improvements
is limited by the information content of the data and may require the use of finer timescale data to capture the dynamics of snow accumulation and release.

Additional aspects that can be improved in the Model include the representation of
intermittent flow and of overland flow mechanisms, by modifying the assumptions of
runoff generation and storage. Other strategy that could be useful for improving the
model and understanding dominant hydrologic processes is the development of a separate
component (using auxiliary information) to simulate the error obtained by the water
balance model.

The integration and analysis of several sources of data and information has helped in
the development of a more detailed conceptual understanding of the challenges involved
in water balance modeling for the conterminous United States. In this regard, diagnostic
approaches to hydrologic modeling can help in integrating different contextual bases and
in improving the selection of conceptual models.

5.3. Contributions

A detailed diagnosis of the abcd model at monthly time step for the continental
United States was carried out by integrating different sources of physical information and
analysis techniques. This work documented the location of regions with different
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dominant hydrologic processes and levels of model performance. The results of this
research describe regions of the country where the HCDN dataset and abcd model cannot
represent the water balance dynamics and improvements in model structure and data
acquisition are needed.

This work also illustrates the challenges and advantages of integrating information
from a large number of watersheds and developing robust classification systems to relate
dominant hydrologic processes and conceptual representations. The methods used in the
watershed classification studied the discriminatory power of several signatures of
hydrologic behavior in regard to their ability to explain model performance.

With respect to the testing of model modifications for the snow processes, it was
detected a region where a temperature index-based approach can increase the
performance of the abcd model by adding a simple snow storage mechanism. In the same
way, the analysis of the physical information and modeling results provide the locations
of watersheds where additional model modifications and possible data are required.

5.4. Recommendations

The HCDN dataset constitutes an excellent testbed for studies involving
classification and generalization of watershed processes at the monthly time step. Future
work in the construction of a most robust dataset may include the following tasks: the
improvement of watershed delimitation by using more detailed topographic information;
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the consolidation of secondary information from other datasets to infer flow generation
processes; and, the preparation of detailed datasets in time and space for representative
stations.

In the extension of the HCDN dataset, methods to reduce the redundancy of the
watersheds indices should be considered. Also, the integration of this dataset with
topological organization about the watershed should facilitate working with nested basins
and flow network information.

In regard to the use of the Hydrological Landscape Region (HLR) map in the
characterization of watersheds at monthly time step, additional information related to the
accumulation and release of snow should be added so as to help in identification of
watershed units having uniform hydrologic response.

Future work in the exploration of tools to handle large numbers of watershed units
can be improved by developing automated algorithms to define groups of stations having
similar input-output mapping structures, testing different benchmarks to evaluate model
assumptions, and evaluating additional watershed signatures and indices
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