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ABSTRACT

A perennial streamflow hydrograph, when measured at the outlet of a basin,

continuously and without interruption, can be considered as an integral measure of

hydrologic responses. Some of the theoretical and practical aspects of treating

streamflow hydrographs as integral indicators of basin properties are addressed in this

dissertation. This dissertation is divided into two parts. In the first part, a framework to

identify and evaluate whether a streamflow variable is consistent and distinguishable in a

given time scale and therefore can be considered as a streamflow index, is developed.

The suggested framework is evaluated using as an example two streamflow variables that

describe some aspects of the hydrograph shape.

In the second part of the dissertation, the utilization of these streamflow indices in

hydrologic model parameter estimation is demonstrated. It is assumed that streamflow

indices that are evaluated on long streamflow records include large variability of climatic

scenarios. Therefore, regardless of climate variability, the consistency and

distinguishability are maintained the indices are more related to physical properties of a

basin. Consequently, the problem of estimating model parameters that are related to

basin properties can be approached by a comparison of indices between the observed and

simulated streamflow.

Three case studies are presented: the first demonstrates that using the streamflow

index which describes the shape of the hydrograph in the parameter estimation processes

improves consistency of prediction skill of the 5-parameter HYMOD model in the Leaf

River, Mississippi. The second case study explores an important property of the shape
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descriptors as being relatively insensitive to errors in the data. Such property can be

potentially used to identify key sources of uncertainty and to select model parameters that

are less affected by data errors. In the final case study, the shape descriptors were used to

derive the parameters of the gamma function as a model for the basin's Instantaneous

Unit Hydrograph (IUH).
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CHAPTER ONE

INTRODUCTION AND SCOPE

1.1 PROBLEM STATEMENT

A reliable hydrologic model is defined as one that consistently generates plausible

prediction of streamflow within a broad range of climate and basins conditions with

acceptable precision and accuracy (Melching 1995). Such a model provides decision

makers with an objective and quantitative tool for effective water resources management,

sustainable land-use planning, and flood warning. Over the past three decades, backed by

increasing computational power, an abundance of mechanistic and conceptual hydrologic

models, that are geared to represent environmental processes and to predict the

hydrologic response at a basin scale, have been developed (e.g., Singh 1995). However,

many of the current available prediction methods are often associated with large

uncertainties (e.g., Dunne 1998).

Aiming to reduce the uncertainty and increase prediction reliability, research

endeavors have focused on improving the representation of process descriptions,

hydrologic data acquisitions, interpolations/extrapolations at the pertinent scale (time and

space), and on model parameter estimation that represent the basin physiographic

conditions and account for common heterogeneities (Beven 1993). This dissertation,

which aims to improve model prediction reliability, emphasizes the parameter estimation

aspects of hydrologic models.

A common practice in hydrologic modeling (reviewed extensively in Chapter

Two) is to tune model parameters so that the simulation output converges to the measured
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runoff. This tuning is conducted by optimizing (maximize or minimize as appropriate) a

selected criterion (i.e., objective function), which commonly aggregates the residuals

over the extent of the record (e.g., simple least square). The use of such procedures that

are based on mathematical regression theories carries a suite of statistical assumptions

regarding the distribution of the residuals (discussed further in Chapter Two). The uses

of these methods might possibly yield parameters that are unjustifiable based on physical

knowledge of the basin, and perform poor when evaluated on an independent data set (vs.

the calibration period) (see e.g., Duan et al. 1993; Gupta et al. 1998; Burnash 1995).

In this dissertation, addressing the risks mentioned above, a supplementary

approach for hydrologic model parameter estimation is suggested. It is important to

mention that the suggested approach does not contradict with other existing optimization

schemes; in fact, it might be incorporated in hybrid procedures to strengthen traditional

optimization approaches.

The rationale of this dissertation is demonstrated with the following imaginary

supposition. Let us assume, for the sake of argument, that a selected hydrologic model

has the potential and the degrees of freedom to be reliable for a given basin, and that the

data collected are suitable to represent the input (precipitation) and output fluxes (runoff,

evapotranspiration) of the system. Therefore, it is reasonable to conclude that the task of

attaining the skill of the model depends largely on the selection of parameters that

correspond to the physiographic properties of a specific basin. Let us assign this task of

model parameter estimation to a person that lacks a priori knowledge, training, and

education of existing statistical and mathematical techniques, such as optimization, curve
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fitting, and regression techniques. This person is called hereafter the Intuitive

Hydrologist (IH). The task of the IH is to find a set of model parameters that provide a

streamflow behavior which is most similar to the streamflow record. The definition of

similarity and the objectives/purposes of model predictions will be left for the

interpretation of the IH.

Unfortunately, our scientific education and a priori knowledge influence our

ability to play this role, makes the following thoughts speculative at best. It is speculated

that the IH would first describe the unique apparent traits of the hydrograph using

linguistics descriptions. S/he might describe the apparent dramatic extremes, the

dominant shape, the level of smoothness, seasonal dynamic, etc. In the next step, the IH

would develop and formulate measures (non-parametric) that correspond to those traits

identified at the first step. Last, the IH would look for model parameters that plausibly

reproduce these formulated measures in the model simulation.

Arguably, the strengths of the described approach are that the criteria for a

plausible set of parameters depend on information which is derived from streamflow

hydrograph diagnosis; as a result, the model will capture properties that are clearly

attributed to the physiographic properties of the basin. These measures - which will be

simple, descriptive, and intuitive - do not require a priori statistical measure assumptions

or an imposed surrogate model. Finally, the IH will presumably select a suite of

measures to be reproduced and hence will develop a multi-objective framework for the

parameter estimation.



1 6

The rationale set by this imaginary IH is central in this dissertation, which

develops data diagnostic tools that extract information about basin physical properties. In

other words, this study explores diagnostic methods that derive information from

streamflow data which are intuitive, descriptive, heuristic, and non-parametric. This

derived information is further implemented in a hydrologic model, specifically to derive

plausible model parameters that better represent the basin physical properties. The

central hypothesis of this research is that following the above-described logic may

improve the prediction consistency and therefore enhance model's reliability.

1.2 OBJECTIVES

The two main objectives of this dissertation are as follows: (1) develop a

diagnostic framework that identifies signals in the streamflow hydrograph which are

likely to have valuable information about the basin intrinsic physiographic properties;

and (2) develop applications that make use of the above-mentioned streamflow signals

within the hydrologic modeling context in order to improve the model's skills and

prediction reliability.

The underlying assumption evoked in this study is that streamflow variables

which are consistent over a long streamflow record are mainly affected by the basin

physiographic properties. This assumption is qualified if the analyzed streamflow record

represents a variety of climatic conditions. Hydrological models that reproduce such

consistent streamflow variables can be perceived as models which capture some of the

dominant physical properties of the basin. Therefore, selecting model parameters that
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maintain these signals are parameters which describe basin properties and are expected to

improve the model's reliability.

1.3 ORGANIZATION

This dissertation is organized in five chapters, as follows: Chapter Two presents

material relevant to the understanding of this study. In the first part of the chapter, the

hydrologic model parameter estimation procedure is reviewed, and the second part

reviews the approaches of streamflow data analyses with an emphasis on information

extraction from the data. In Chapter Three, the concept of streamflow indices is

introduced through a comprehensive demonstration of two streamflow variables that

specifically describe the integrative shape of the hydrograph (hereafter regard to as shape

descriptors). The chapter begins with discussing the conditions that must be evaluated

for a selected streamflow variable in order to be considered as an index. In the other

sections of Chapter Three, the two shape descriptors are thoroughly evaluated for

streamflow indices in different basins and within the context of different time scales. In

Chapter Four, the implementation of the shape descriptors that were presented previously

into hydrologic modeling is explored in three different case studies.

The first case study presents parameters estimation of the 5-parameter hydrologic

model (HYMOD) in a comprehensive sensitivity analyses, calibration and evaluation of

performance. In the second case study, the advantages of these specific indices as

relatively non-sensitive to error in the data are demonstrated. Last, these shape

descriptors were used to derive the basin's instantaneous unit hydrograph. Conclusions
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and summary of the research, and suggestions for future extensions of this work, are

provided in Chapter Five.
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CHAPTER 2

LITERATURE REVIEW

2.1 INTRODUCTION

In this chapter, the material relevant to the understanding of this study is

presented in two main sections. The first section (2.2) reviews issues and approaches in

hydrologic models automatic calibration. The second section (2.3) reviews past studies

that utilized information gained from streamflow data analyses.

2.2 PARAMETER ESTIMATION IN HYDROLOGIC MODELS

2.2.1 Background—Definitions in Hydrologic Models

Many computer-based basin scale hydrologic models have been developed in

recent years. These models, which predict runoff and soil-moisture responses to

precipitation and temperature forcing, are often structured as a set of equations that

express governing laws of physical processes, empirical relationships, and conservation

principles. In general, the transformation of rainfall into runoff is accomplished in two

sequential steps: precipitation excess generation over the basin, and flow routing to a

point of interest (i.e., basin outlet).

Hydrologic models can be grouped into two major modeling approaches. The first

approach is the physically based models, which describe the watershed processes

explicitly in a set of equations that attempt to represent physical concepts. The parameter

estimation in such physical models, by definition, must represent physical properties that

can either be measured directly (e.g., basin area) or indirectly inferred from field data
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collection (e.g., hydraulic conductivity). However, because of the heterogeneity in basin

properties and the spatial scale differences between the measurements and the area that

the parameters represent, it is common to practice parameters tuning to achieve so-called

"effective parameters".

The second group of models is the Conceptual Rainfall Runoff (CRR) models,

which relax the explicit physical representation to general descriptions of the dominant

hydrological processes. These models, which are widely used in operational practices,

generally represent the moisture states of the system with several interconnected

subsystems using empirical and/or heuristic equations describing the runoff-generation

processes. CRR models maintain conservation principles and use control volumes over

which state variables and fluxes are temporally and spatially averaged. In theory, the

parameters of these models relate (explicitly or implicitly) to the basin physical

characteristics and therefore provide the flexibility to adapt a model to a specific basin by

selecting a unique and realistic set of parameters. While most parameters are related to

physical properties, the reality is that the majority of the CRR parameters cannot be

directly inferred from measurements and observations.

The two general strategies for parameter estimation are a priori estimation and

model calibration. In the former, parameters are selected from measured spatial data

describing the physical properties of the basin (e.g., topography, soil, vegetation). The

latter involves the selection of a parameter set that performs as close as possible to the

basin-measured hydrologic response. Because the two strategies require different types of

data, clearly the selection of a parameter estimation strategy is dictated by the availability
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and quality of the data and information. A priori parameter estimation, by definition, is

the preferred strategy for physical models. The extension of a priori estimation to CRR

models is motivated by the availability of spatial GIS and remotely sensed spectral data

and the scarcity of streamflow monitored basins. Developing a priori parameter

estimation procedures for CRR models provides a first-cut estimation that is physically

sound and potentially can be applied in unmonitored basins. An example of such an a

priori method is using GIS soil data (STATSGO) to derive the SAC-SMA model

parameters (Duan et al. 2001; Koren et al. 2000).

Calibration can be classified further to manual and automatic. When performed

by well-trained individuals, manual calibration was reported to outweigh the other

strategies (for example Bumash 1995). Manual calibration uses a subjective process of

visualization and comparison of the model output and the observed data to evaluate the

ability of the model to simulate specific aspects of the hydrograph behavior. This

strategy restrains the subjective intuitive elements that are the strengths of the

professional manual operators. The chief objective of such a calibration as it is conveyed

in the NWS SAC-SMA Manual Calibration Report is to minimize the biases to a point in

which errors appear random. The biases in this manual are defined as overall bias,

seasonal bias, and bias related to flow average and extremes. However, the manual

calibration of current CRR models is complicated, requires long training, is labor

intensive, and the outcome depends on the modeler capabilities (Boyle et al. 2000).

Automatic calibration, on the other hand, is objective and relatively easy to

implement. These automatic methods have evolved and have become considerably more
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effective and efficient over the past three decades. However, issues such as errors in the

model structures, errors in the data, parameter dependency, scales, and the multi-

objectives nature of the models, potentially yield parameter values that are conceptually

unrealistic (see e.g., Duan et al. 1993; Gupta et al. 1998). Therefore, these methods are

often not favored in the operational realm. In the following section, the research and

development in the automatic calibration are reviewed.

2.2.2 Evolution of Automatic Calibration

The goal of the automatic calibration is to provide a parameter set that is realistic

and provides stable and consistent accurate model prediction. Automatic calibration is

practiced through a selection of parameters that generate simulation which is closest to

the measured hydrological response. The closeness of fit is measured using mathematical

criteria (objective function) that are objective in the sense that, by selecting a specific

objective function, explicit rules for the selection of acceptable parameters are made. The

calibration problem is then reduced to a mathematical task of searching for the parameter

set that best meets these explicit rules. The selection of a particular objective function

clearly impacts the simulation outcome (Diskin and Simon 1977) and depends on the

goal of the hydrologic modeling exercise.

Classical statistically based objective functions, which rely on fitting the model to

the data by minimizing the residuals variance and bias, assume perfect model structure.

The residuals hereafter are regarded to as the differences between the observed and

simulated streamflow. These methods are well-documented in the hydrological literature
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(Dawdy and O'Donnell 1965; Nash and Sutcliffe 1970; Diskin and Simon 1977; Rao and

Han 1987; among others). In these studies, it was assumed that the residuals are

temporally stationary (e.g., no trend), independent (e.g., no temporal auto correlation

structure), normally identically distributed with zero mean (i.e., no bias), and constant

variance (i.e., homoscedastic).

In reality, however, because models at best partially describe the complexity of

the natural system, the above assumptions about the residuals distribution are seldom

satisfied. For example, it is a general principle that, as a measurement of almost any

quantity increases the associated variance also increases. This non-constant variance

(heteroscedastic) is commonly displayed in hydrologic model residuals. Sorooshian and

Dracup (1980) developed a maximum likelihood-based objective function that claimed to

improve the description of the stochastic nature of the streamflow hydrograph mainly by

accounting for the heteroscedasity inherit nature of the residual distribution. It was

reported that this method selects model parameters that improved the model reliability

(Sorooshian et al. 1983; Ibbitt and Hutchinson 1984).

The majority of the above-proposed objective functions are some variation of the

following regression theory-based equation:

OF =1w,(obs,—sim, )Y

1=1

where obs t is a given vector of observed streamflow variables and the corresponding

vector sim t of the modeled values at time moments t = 1...T, the wt is introduced in order

to emphasize the relative importance of fit for certain moments of time (if they are
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equally important, then all w t are equal to 1). The exponent y is a coefficient that defines

the central tendency of the optimization. For instance, larger y values emphasize larger

residuals, which are associated with higher flow values. These functions aggregate the

residuals over the length of the record that is used for calibration to a numeral value

which must to be optimized (minimize or maximize as appropriate).

It is important to comprehend the tradeoffs, implications, and assumptions

resulting from a selection of a given objective function in a hydrological context. In the

case of the residual-based objective functions, the first assumption is that minimizing the

residuals and achieving residuals which are randomly distributed yields an unbiased

simulation with minimal errors. Second, the objective functions treat the residuals as a

distribution of independent random variables that are normally and identically distributed

with zero mean and constant variance.

When evaluated in a hydrologic context, the implication of the above assumptions

must be constantly evaluated. Some of the pitfalls of these assumptions are:

1. The residuals do not carry probabilistic properties that represent the system

(Gupta et al. 1998).

2. The residuals are weakly related to the physical properties of the system, because

it is a surrogate measure that depends on the observation and the model.

Arguably, it is the observed streamflow data that contain the information about

the physical system.
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3. Flow sequence is an important property of the hydrograph in various scales (i.e.,

daily and seasonal scale); treating the residuals as independent random variables

ignores this time dependency in the calibration processes.

4. In hydrology, the success of a given model should be evaluated by its capacity to

predict various flow conditions. These functions emphasize a central trend in the

hydrograph, which depend mainly on the selection of the y coefficient. As a

result, they lack the ability to describe the level of variability that is a specific

signal of the basin (Poff et al. 1997).

5. The success of the optimization procedure is commonly attained through

minimizing or maximizing the objective function as appropriate, whereas the

ultimate test should check for residuals that are unbiased and randomly

distributed. The practice of optimizing the objective function encourage a fit of

the overall biased, however, poses a risk of over-fitting the parameter to fit the

random component of the model.

A selection of an objective function is associated with a multi-dimensional

response surface of the parameters. The complexity of the response surface terrain

depends on model structural complexity, parameter interaction (Sorooshian and Gupta

1985; Plinston 1972), model non-linearity (Kitanidis and Bras 1980a,b; Kuczera 1988),

and model structure errors (Kuczera 1982). Moreover, the response surface complexity

depends on the input data (i.e., scale of data and error-corrupted data (Sorooshian and

Dracup 1980; Kuczera 1983a,b). Complex response surfaces, which often exist in



26

conceptual watershed models, require global optimization algorithms that search for

optimal parameters and escape local optima (Beck 1987; Duan et al. 1992). Duan et al.

(1992) developed the Shuffled Complex Evolution-University of Arizona (SCE-UA),

which is a global search optimization algorithm. The algorithm, which has been tested

intensively (Sorooshian et al. 1993; Gan and Biftu 1996; Kuczera 1997) specifically in

hydrologic models, demonstrated superiority in the efficiency and consistency of finding

the optimal parameters set when compared to other search algorithms.

The complex response surfaces of the parameters in many cases reported to yield

undefined optimal parameter sets (for example, Zhang and Lindstrbm 1997; Sugawara

1995). These observations initiated a debate regarding the nature of hydrologic models.

Beven (1992) argue that multiple sets of parameters are equally likely to represent the

system represented by the model given the available data. They termed this concept

"equifinality". This notion, which relies on the probabilistic theory, is termed by van

Straten and Keesman (1991) as "equally probable" and by Klepper et al. (1991) as

"acceptable behavior". The implications of these hypotheses are that a given basin can

have numerous parameter sets with parameter values that are clearly different, which

provide predictions that are equally acceptable, however, not similar. A different view or

possible explanation of the equifinality is that the models are complex in relation to the

information content in the data and there is a need to develop models that can be

supported by the data (Jakeman and Hornberger 1993). This concept of equally likely

was argued by Gupta et al. (1998), who claimed that the hydrological model is by nature
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has multiple objectives, and that a single objective function is commonly insufficient to

extract adequate information from the data.

Accepting the latter two arguments is at the heart of this work, which proposes a

method to extract more information from streamflow data. The additional information

must be reproduced in the simulated streamflow and thus provide an additional measure

that sorts some of the "equal likely" parameter sets. In addition, it is arguable that the

existence of more independent information measures enhances the value of the data and

provides a base for more descriptive (complex) models.

2.2.3 Approaches for Calibration Improvements

Contemporary studies attempt to improve the operational model calibration realm

by developing hybrid procedures that incorporate the strength of expert calibration into

the automatic strategies. The goal is to emulate heuristic-intelligence and subjective

intuitive elements, that are the strength of the professional manual operators, into the

automatic optimization procedures. In the following paragraphs, a variety of directions

and challenges along this line are reviewed.

2.2.3.1 Multiple Information Approach

Many approaches to enhance the reliability of model prediction that focus on

improvement of parameter identifiablity are based on increasing the amount of data and

information content used in the optimization problem. The fundamental assumption is

that the different sources of data and information are compatible or consistent with each
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other, such that the parameters inferred from each are the same. Increasing the amount of

data includes, for example, the introduction of other sources of measurements such as

groundwater levels and soil moisture (Kuczera 1982), 0 18 isotope measurements (Hooper

et al. 1988) and multiple stream chemical constituents in hydro-bio-geo-chemical models

(Meixner et al. 1999; Seibert and McDonnell. 2002).

In the case of conceptual rainfall runoff models, the information content

extraction of the streamflow record is enhanced by: (1) calibrating different segments of

the hydrograph independently (Boyle et al. 2000), (2) using several residual-based

objective functions that capture different aspects of model residuals (Gupta et al. 1998),

or (c) considering multiple temporal aggregation periods to represent the dominant

hydrologic response at various temporal scales (Parada et al. 2002).

One algorithm that searches the parameter space in multi-objective response

surfaces is the Multi-Objectives Complex Evolution algorithm (MOCOM-UA). The

MOCOM-UA algorithm was developed by Yapo et al. (1998) and used by Gupta et al.

(1998), Bastidas et al. (1999), Beldring (2002), to name few. The algorithm was recently

refined by Vrugt et al. (2003) to provide uncertainty bounds associated with the

parameters. The central theme of the algorithm is based on identifying numerous

possible optimal parameter sets; each optimal set matches the hydrograph for a specific

objective and consequently, compromises other objectives (hereafter called the pareto

set). The solution of the optimal pareto set contains information on parameter

uncertainty, model complexity, and the level of tradeoff one risks by selecting a

parameter set from within the pareto optimal set.
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2.2.3.2. Stepwise Procedures

A stepwise calibration is a procedure in which a group of parameters that are

sensitive to a specific hydrological response is sequentially calibrated. Sugawara et al.

(1979) presented the use of the duration curve as a method to define dominant sub-

periods that are controlled by different hydrological processes. He used the sub-periods

to calibrate the corresponding components of the Tank-Model. Harlin (1991)

implemented this concept on the Scandinavian HBV hydrological model and divided the

hydrograph to periods that are dominated by rain, flood, snowmelt-flood, and baseflow.

This procedure was modified by Zhang and Lindstr6m (1997) to include the selection of

single events as sub-periods and a detailed set of objective functions, each was geared to

a specific subset of parameters. They concluded that two parameters related to the soil-

moisture accounting subroutine have a linear relationship that provides many

combinations that are equally well. One of these parameters is claimed to represent

landscape features that could be estimated from basin data.

Hogue et al. (2000) developed a multi-step automatic procedure, specifically for

the Sacramento Soil Moisture Accounting Model, which is used operationally by several

of the National Weather Service River Forecast Centers. In this procedure, a selected

group of parameters that are associated with different processes is calibrated sequentially,

and the hydrologist evaluates the output after each step. This approach maintains benefits

of the intuitive human touch, significantly shortens manual calibration time, and

reportedly yields a performance that is comparable to current manual procedures (Hogue

et al. 2000, 2002).
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Another approach to enhance information content in calibration is to use a single

flux in different temporal scales. For example, Parada et al. (2002) proposed a procedure

that uses wavelet analysis to define the temporal scales that are dominant in the basin

hydrologic response. Their calibration procedure maintains these dominant frequencies

found by the wavelet analysis in the model simulations.

The study of Sugawara (1995) is clearly a reference that utilizes information

derived from streamflow data analyses into the calibration process. He analyzed several

basins from the upper Nile River in which the rain is dominated by local showers that

cover small areas, and he concluded that using the rainfall data alone to predict runoff

was not sufficient. He reported "In some cases nearly all the stations may record heavy

rain but the discharge from the basin is small on the other hand, the rain-gauges may

recorded very little but the discharge is large. Therefore the calculated discharge from the

rainfall may not show a good fit to the observed discharge." As a result, he experimented

with calibrating the model solely based on the hydrograph slope of the discharge and

monthly flow values.

The work of Sugawara (1995) presented both the challenge and opportunity to

explore the utility of hydrograph characteristics in model calibration. It presents the

argument that, by careful analyses of various characteristics of a given hydrograph, one

not only gains insight into the basins' overall hydrologic behavior, but also obtains

quantitative information that can be used for model calibration. Investigating this

argument and extending its practical applicability is at the heart of this dissertation. In

the following sections, attempts to utilize hydrograph characteristics in assessing the
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hydrologic properties of watersheds are reviewed. The objectives of this review are to

emphasize the practical utilities of such analyses and to provide the necessary

foundations for extending this concept into the line of work on model calibration.

2.3 HYDROGRAPH INDICES

2.3.1 Information Content in Streamflow Hydrographs

Klemes (2000) defined geophysical signals as imprints of specific mechanisms

that "first have to be detected and then have to be linked by meaningful, i.e., causal

relationships". In hydrology, a major difficulty facing the usage of infoimation extended

from hydrographs is a linguistic problem. The body of the hydrologic literature is in fact

rich with jargon such as hydrologic response, basin signature, basin signal, and basin

footprint, which lack a unifying framework of definitions that can serve as a reference

point for adequate assessment of the value of these studies beyond their specific basins.

The usage of these terms commonly acknowledge that unique characteristics of

basins are reflected in the streamflow as a result of basins' geomorphology and climatic

variations (Wooldridge et al. 2001). In general, most terminology describes the

streamflow hydrograph and not the actual hydrologic behavior and its manifestation as

responses in the streamflow. Recent studies (Jothityangkoon et al. 2001; Farmer et al.

2003) used three "water balance signatures" derived from streamflow data to evaluate the

procedures of downward model construction strategies and evaluated the level of model

complexity required to reproduce these signatures. The signatures that were used are the

following three curves: (1) inter-annual variability of water yield; (2) mean monthly
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variation of runoff (regime curve); and (3) the duration curve of daily flow. Within the

context of this dissertation, claiming that a variable is a signature or index must be proven

in a procedure that will be elaborated further in Chapter three.

Evaluating the model performance by checking the ability to reproduce

signatures, as opposed to using a function that aggregates the residuals, demonstrates the

potential in improving model reliability and encourages the development of methods that

extract more signatures from the hydrograph. In an attempt to address the lack of

uniform framework for streamflow analyses, one has to establish a common ground by

defining key terms:

Hydrological response: This is perhaps one of the most widely used terms. An

Internet search engine (google) yields more than 100,000 references on "hydrological

response" key words. In the context of this paper, hydrological response is defined as

the streamflow resulting from the basin physical properties and conditions in response to

climate. A streamflow hydrograph is a common representation of the hydrologic

response.

Streamflow variable: This is numeral information extracted from the hydrograph

either from mathematical derivation (e.g., autocorrelation), linguistic description (e.g.,

categorical description of predictability), parametric (e.g., annual mean flow), or non-

parametric statistics (e.g., median annual flow).

Streamflow signature /signal /indices (terms are used interchangeably): This is a

streamflow variable that is related to a specific basin and, as a result, is expected to recur
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(consistent) and be distinguished and unique for a given basin. In the context of this

dissertation, re-occurrence, uniqueness, and distinguishability must be evaluated.

Streamflow variability: This is an adjective that describes the level of dispersion

in the hydrograph. Note that this might be measured with different variables (e.g.,

variance coefficient of skew and range) that some of the variables might be streamflow

indices as well.

To summarize this section with an example of the implication of the above

definitions, Richter et al. 1996 used the term "hydrologic indicators" mainly to develop a

tool for identifying an hydrologic alteration (elaborated further in Section 2.3.2.). These

indicators are numeral values extracted from streamflow data (some examples are mean

monthly flow, maximum 1-day flow, and minimum 14-day flow). Applying the

definition framework offered above, those "indicators" are considered streamflow

variables. In order for those "indicators" to be considered as streamflow indices,

additional analyses must be conducted to determine if these variables are sensitive

enough to capture unique and distinguishable characteristics of a given basin.

2.3.2. Streamflow Variables

Calculated from streamflow hydrographs, streamflow variables range from

statistical moments (e.g., median, coefficient of variation, and skewness coefficient) to

more complex statistical analyses as are often used in time series analyses and pattern

recognition practices (e.g., spectral frequency analysis). Some complex streamflow

variables use terms such as stability, predictability, dependability, regularity, equability,
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constancy, contingency, and uniformity to assess the ability to define patterns in a variety

of contexts and meaning. A popular measure defined by Colwell (1974) provided an

explicit definition of pattern predictability for a discrete categorical dataset. He used

consistency and contingency measures defined as variability of the state of the system

and the variability over time, respectively. Quantifying predictability in a continuous

data set is more difficult and usually requires a qualitative implicit approach.

The need to understand the impact of various flow regimes on rivers' ecological

systems motivated a research field that quantifies different flow regimes which are

ecologically meaningful. This effort is led by ecologists, arguing that hydrological

literature is concerned mainly with statistics and frequencies of floods, which does not

meet the objectives of ecological science. Richter et al. (1996) and Poff et al. (1997)

suggested five critical flow regime components that regulate ecological processes in river

ecosystems:

(1) Magnitude of flow,

(2) Frequency of occurrence of flow above a given magnitude,

(3) Duration of time associated with specific flow conditions,

(4) Timing or predictability of flows of defined magnitude, and

(5) Rate of changes or flashiness of flow.

An excellent review by Poff et al. (1997) provided evidences and examples that

substantiate the importance of these listed components in different rivers, riparian, and

basin ecological communities.
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The availability of long streamflow records enables the quantification and

representation of the flow variables mentioned above. These variables are usually non-

parametric ratios, with some hydrologic meaning, that are extracted from a long time

series. Richter et al. (1996, 1997) developed a set of 33 annual Indicators of Hydrologic

Alterations (IHA). The IHA was developed mainly to assess, in an ecologically

meaningful manner, the affect of alterations in a basin on the flow regime. These

indicators have become widely used in river restoration, conservation, and ecologic

studies that require classification and nominal description of riverine flow regimes. Poff

et al. (1997) described a wide range of streamflow indices and their potential role as a

means to characterize the relationship between streamflow conditions, the streams, and

their riparian fauna and flora. Their work demonstrated the usefulness of intuitive

measures of flow, which are independent of any specific statistical assumption, yet are

capable of identifying signals representing integral long-term behavior of the watershed.

Puckridge et al. (1998) selected 23 streamflow variables that were thought to be

appropriate to study the effect of flow variability on the ecology of large basins.

Although the majority of the flow variables in Puckridge et al. (1998) are different from

the IHA, their selection was guided by the five flow regimes characteristics that are

ecologically significant, as recommended by Richter et al. (1996). Clausen and Biggs

(2000) investigated 35 flow variables and their identifiability and ability to explain

different aspects of the flow regime. The key conclusion of their study is that many of

the flow variables are dependent and provide redundant information. They call for a
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responsible selection of flow variables that is based on comprehensive data analyses in

order to select relatively independent measures that are supported by the data.

The Clausen and Biggs (2000) conclusion that more analyses are required to

define whether a flow variable is an appropriate measure provided a good support for

additional analyses of streamflow variables in order to use them in an effective way that

is supported by the existing data. Defining variables that represent the streamflow in an

intuitive approach, with minimum statistical assumptions, is an important element of this

dissertation. In the context of hydrologic models, addressing the described objectives of

the ecological communities that deal with a continuous hydrological response of the basin

provides a model that better reflects the physical processes. Currently, the majority of

hydrologic models address engineering objectives (i.e., extreme conditions and total

flow), which often do not require a complete continuous description of the hydrological

response.

2.3.2. Stochastic Hydrology and Streamflow Analysis

It is noteworthy that hydrologists have commonly used data analyses as a means

to achieve predictability by identifying unique basin signatures. The most pertinent

examples are from the field of stochastic hydrology, which aims to generate synthetic

streamflow sequences that are statistically indistinguishable from the observations. It

analyzes the probabilistic parameters of streamflow to identify categories in the data and

often uses pattern recognition methods. The parameters of the selected stochastic model
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must be estimated from historical data analysis. Consequently, the underlying assumption

is that because the invoked parameters are derived from the data, they are presumed to be

basin related to a certain degree.

These methods are applicable when used to synthesize annual and seasonal time

series of streamflow. A common procedure is a low—order periodic autoregressive model

that reproduces the first lags of the auto-covariance and the means and variance (Hannan

1955 and others). However, an increase in temporal resolution of the problem (say

monthly or daily) creates joint probability distribution of the flow sequences that implies

high-dimensional density function. Recognizing this problem, a large volume of

literature has been developed on disaggregation methods (Harmes and Campbell 1967;

Valencia and Schaake 1973; and many others). In these methods, flow sequences are

generated in a given aggregation level and then disaggregated to smaller time scales

while preserving the correlation structure and the statistical moments of the aggregated

flow. Although the parameters derived from stochastic models are assumed to represent

intrinsic properties of the basin, these parameters explicitly or implicitly inherit

assumptions on the probability distribution of underlying streamflow. Therefore, the

ability of assigned probability distribution to describe the actual streamflow introduces a

potential for uncertain predictions.

2.4 SUMMARY AND CONCLUSIONS

The reliability of hydrologic models is ultimately measured as the capability of

models to consistently predict with acceptable accuracy and precision. One direction to
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improve model reliability is estimating model parameters that are the best representation

of a given basin. The first part of the literature review describes the state-of-the-art

hydrologic model calibration techniques and their evolution. Although parameter

estimation theory and techniques have substantially advanced over the years, concerns

about model reliability are raised often enough to warrant further investigation.

This review specifically discusses the current common criteria (objective

functions) for model parameter selection, which are based on mathematical functions that

aggregate the residuals. These mathematical criteria treat the model residual as a

statistical distribution of independent random variables. These assumptions and

simplifications might be violated, because the streamflow hydrograph is a dynamic

feature that has a dependency on various time scales and represents a complex natural

system.

Attempting to select model parameters that better represent a given basin the topic

of streamflow variables and streamflow signatures as new measures that incorporate

integrative information of the streamflow (as opposed to the residuals) is investigated.

As a first step, a set of definitions is introduced to distinguish between streamflow indices

and streamflow variables. In short, streamflow indices are numeral streamflow variables

that are consistent and distinguishable for a given basin. These indices are explored as a

new set of measures that can potentially supplement the commonly used objective

functions and hopefully improve model reliability.

This review is strongly influenced by the ecological sciences literature. In this

field, there is an ongoing effort to develop measures that relate different components of
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the flow regime to stream biodiversity and the effect of changes (natural or

anthropogenic) on the fauna and flora in the stream and riparian corridors. These

developed measures are usually non-parametric streamflow variables that can be easily

derived from the hydrograph and attempt to represent a specific flow regime.

In this dissertation, the need to appropriately diagnose if a streamflow variable is

a streamflow signature before it is implemented in the context of hydrologic modeling is

investigated. In Chapter Three the conditions that must be met in order to constitute a

flow signature are defined and tested.
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CHAPTER THREE

FROM STREAMFLOW VARIABLES TO STREAMFLOW INDICES

3.1 INTRODUCTION

In this chapter, the concept of streamflow indices is introduced through a

comprehensive demonstration of two streamflow variables that specifically describe the

shape of the hydrograph. In Section 3.2, these shape descriptors (streamflow variables)

are introduced. Section 3.3 contains a theoretical discussion on the hydrologic context

and meaning of the shape descriptors. In Section 3.4, the evaluation of the shape

descriptors as streamflow indices is presented. This evaluation is conducted on 19

selected perermial headwaters. In this section, the effect of basic basin properties on the

shape descriptors is examined. Subsequently, in the next sub-sections, the streamflow

indices conditions, which are consistency and distinguishability, are evaluated on the

selected basins. Last, in Section 3.4, the importance of the temporal scale in the context

of streamflow indices is discussed and demonstrated.

The sensitivity of the shape descriptors to basin physical properties is further

tested in Section 3.5 on two basins that had a notable anthropogenic perturbation that

affected the streamflow. A numerical study that provides some insight into the dominant

basin processes that are associated with these shape descriptors is presented in Section

3.6. Finally, a summary of the findings of this chapter is provided in Section 3.7.
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3.2 HYDROGRAPH SHAPE DESCRIPTORS

Of particular interest to rainfall-runoff modeling is the streamflow variable

introduced by Morin et al. (2001). In that work, the conceptual basin response time scale

is defined as the time aggregation at which the precipitation hyetograph and streamflow

hydrograph are of comparable shape. At such a time scale, one can reasonably identify

the contribution of each precipitation event to streamflow. To provide an objective

measure of shape similarities, Morin et al. (2002) developed the Peak Density (PD)

measure that is derived independently for the aggregated hyetograph and the hydrograph

to approximate the smoothness and match of shape. When applied to five small (<150

km2) ephemeral basins representing various climate regions (semi-arid and arid) and land

uses (urban and rural), the Peak Density utilization enabled the calculation of a unique

and stable response time scale for each of the five basins.

In the following, the conceptual framework underlying Peak Density is extended

by proposing two complementary shape descriptors: the Rising Limb Density (RLD),

which is similar to Morin's Peak Density, and the Declining Limb Density (DLD). By

definition (Figure 3.1), RLD and DLD describe the ratio between the number of peaks

(Npk) and the total cumulative duration of the rising (TR) or declining (TD) limbs of the

hydrograph, respectively. For a given streamflow time series:

\ N
RLDV -1 )= 	

TR

(1)



DLD(r i )= N "k
TD

The RLD and DLD (hereafter, limb densities LD), which are the inverse of the

mean time to peak and mean time of recession limbs, respectively, provide a measure of

noisiness level (Morin et al. 2002), and therefore are given in frequency units (f 1 ).

While the extraction of RLD and DLD for a given time period (T) (e.g., monthly,

annual, or, bi-annual) does not require major computational efforts, there are issues that

must be addressed in a subjective manner. In this study, cases of constant flow, which is

defined as two consecutive time steps with equal flow magnitude, are disregarded. These

cases seldom occurred in the data sets used in this study. All time steps that were shown

a positive or negative change from the previous time step (regardless of the magnitude of

change) were included in the calculation of the cumulative duration of rising (TR) or

declining (TD) limb, respectively. In addition, all of the observed peaks were included in

the derivation of the LD, while a peak is defined as a time step that has a higher value

from the previous and latter time steps. The LD were derived for each segmented time

period separately. For example, the annual LD time period values were derived for each

water year (1 October —30 September) separately.

In the following discussion, some of the potential consequences in the

aforementioned procedure are discussed further by referring to the bullets shown in

Figure 3.1:

42
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Figure 3.1 Schematic example of Rising Limb Density (RLD) and Declining Limb
Density (DLD) calculation, derived from a streamflow hydrograph.

1. In this case, both pk 1 and pk2 are considered as peaks for the LD calculations,

although, in some cases these peaks might be a result of the same precipitation

event.

2. A constant flow occurred during dt6, therefore, these time steps are disregarded

from the LD calculation.

3. During dt8, no peak is registered because a constant flow is observed. These

times during At7 and At9 are registered as rising and declining limbs,

respectively.
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4. In this case, a constant flow during Atio and dt12 is interrupted by a short rise

during At11 The LD algorithm in the current form counts the rising time and

disregards the constant flow.

5. In this case, the rising limb associated with pk 3 is started at T (At 13). The peak is

registered toward the LDT+ 1 . Moreover, At13 and At14 are registered as rising limb

in RLDT and RLDT+1, respectively.

This described approach of applying the LD measures directly on relatively pre-

processed streamflow data sets implies that minimum prior assumptions are assigned.

This is thought to sustain robust objective measures that are more reliable when applied

to numerous basins. The attempt to present such robust measures that are applied on raw

data with minimum pre-processing obviously aggregates distinct basin processes and

dampens important signals. For example, no attempt is done in this procedure to separate

the quick recession, which is related to basin drainage of episodic precipitation events

and the groundwater contribution to the baseflow. This separation, although important,

requires a certain model that must be tuned to the properties and initial and boundary

conditions of a specific basin.

The fact that all of the peaks were considered towards the LD derivation

regardless of their magnitude is another example of the aggregation of effects created

from different causes in a single measure. It is clear that an observed peak flow might be

a result of different hydrologic processes, such as precipitation, snow melt or, small peak

from noisy data.
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Obviously, a tradeoff between the level of data processing and the attempt to

maintain a robust measure must be considered. In this study, as demonstrated in the

following chapters, the aggregated measures such as the LD still maintain valuable

information that can be utilized in hydrologic modeling.

Note that these LD measures are unlike the traditional time to peak and time of

recession parameters (Chow et al. 1988), which are event-base variables that are

preferably derived from a single peak hydrograph and are highly sensitive to the basin

antecedence condition and the storm characteristics. The LD measures are derived from

a long time series (e.g., seasonal, annual); therefore, averaging the effects of a variety of

climate conditions (i.e., precipitation temporal and spatial variability) is a potential

indicator of the dominant processes controlling the basin response.

In the following chapters, the relationship between the overall shape of the

hydrograph and the LD is demonstrated. As such, both variables might be termed shape

descriptors. Shape descriptors, in conjunction with color and texture, are commonly used

in image processing science to perform tasks such as pattern recognition, image retrieval,

and similarity analysis. One way of classifying variably complex shape descriptors is

mathematically (i.e., Fourier-based) or heuristic (e.g., elongatedness, rectangularity, and

compactness) (Sonka et al. 1999). While the methods to formulate and apply shape

descriptors to image analyses are not explored, it is important to note that, for any object,

an effective shape descriptor is one that describes the object's behavior in a (a) compact,

(b) formal, (c) easily calculable, (d) consistent, and (e) distinguishable manner. Such a
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descriptor would allow for rapid comparison of the object's shape with those of other

objects (Cagliari 2001; Mignotte 2002).

The implication, from a hydrologic modeling point of view, of the above

argument is that many observation-prediction comparison problems (e.g., calibration) can

be viewed as shape comparison problems, which can be addressed using a combination of

shape descriptors to compare the different behavior modes of observed and modeled

hydrographs and common residual-based objective functions to quantify the magnitude of

the local differences between the two.

3.3 HYDROLOGIC CONTEXT OF SHAPE DESCRIPTORS

When measured against the properties of effective shape descriptors (a through e

in Section 3.2.1), both RLD and DLD satisfy conditions (a), (b), and (c) from an applied

point of view. This can be attributed to the fact that, as a visual one-dimensional object, a

hydrograph is a simple object, with well-defined boundaries that do not require complex

mathematical transformations common to the formulation of shape descriptors of more

complex objects (e.g., 2D renditions of 3D objects). However, the temporal

dimensionality of a streamflow hydrograph and the fact that a hydrograph represents the

integral response of watersheds, conditions (d) and (e) must be placed in hydrological

context before formal tests can be designed to evaluate the proposed descriptors.

First, consistency (condition d) requires that shape descriptors be stable when

calculated using records from a given basin, but under ranges of climatic conditions. An
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indication of consistency is small dispersion of the probability distribution of, for

example, annually calculated LD over a long record.

Second, distinguishability (condition e) requires that shape descriptors calculated

from the hydrographs of two different basins be distinguishable. In other words, a level

of sensitivity must be demonstrated that allows for distinguishing between basins that

have different hydrologic responses. If one considers the annually computed LD, then

distinguishability can be demonstrated if the statistics of the probability distributions

from two different basins are significantly different.

The evaluation of consistency and distinguishability of a particular index requires

that a hydrograph from a number of basins with known and documented differences in

their hydrologic responses be compared. In the absence of an exact hydrologic

explanation of differences between any given streamflow variables, data from a single

basin could be used if a well-documented perturbation that significantly changes the

hydrologic response could be identified. Example of perturbations might be land-cover

change such as fire, logging, erosion, change in land use or direct effects on the stream

such as flow regulation structures, and diversions.

Stewart-Oaten et al. (1992) reviewed the assumptions implied in such analyses

from an ecological investigation context. They argued that, given sufficient record length

before and after the perturbation, the following assumptions are considered: (1)

• additivity — the effect of the perturbation is the same for all dates; (2) independence — the

samples are not correlated; and (3) the statistical distributions before and after the
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perturbation are identical. However, a major concern is that perturbation studies in large

natural systems cannot be easily replicated in most cases.

As mentioned above, the second approach to evaluate consistency and

distinguishability is to analyze and compare data from a large number of basins.

Although this approach relaxes the assumption posed by Stewart-Oaten et al. (1992), it

introduces a new suite of concerns. Most notable is concern pertinent to the assumption

that the selected basins have maintained their physical properties throughout the record

extent, and that no significant anthropogenic or natural perturbations (e.g., major floods,

earthquakes) that affected the basin's hydrologic response occurred.

A major dilemma, which is known in many branches of hydrologic studies, is the

issue of climate stationarity. On the one hand, the presence of non-stationarity in a

hydrologic record can be attributed to climate variability as well as to potential

anthropogenic factors. In both cases, the causal relationship between the source of non-

stationarity and hydrologic response can be difficult to discern. On the other hand, non-

stationarity, in general, and more particularly, trend (change in mean) pose a significant

challenge to the identification of streamflow variables intra-annual statistics.

Lins and Slack (1998) studied the trend of daily flow in the conterminous U.S.

and, while they found cases of observed trend, mainly in the lower magnitude of flow,

trend was not conclusive statistically for the majority of the basins. Because of the

above-mentioned concerns, the process of extracting streamflow indices must be

preceded by trend/shift analyses of the record. In the study described below, no apparent
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trend was observed, and therefore the data selected for the study were assumed to be

stationary.

3.4 DATA SETS ANALYSES OF HYDROGRAPHS FROM 19 BASINS

3.4.1 Data

To evaluate the conditions under which the proposed shape descriptors (RLD and

DLD) are consistent and distinguishable, mean daily streamflow records from 19 mid-

sized basins (223-4790 km2) with long (45-105 years) streamflow data were analyzed.

The data were acquired from the stream-gauging program of the U.S Geological Survey

(USGS). The selected basins are all perennial with minimal flow regulations that

represent various climatic regions with no notable land cover/use changes. All of the

selected basins have an average response time to an episodic precipitation event that

extended beyond one day.

The records are marked as "provisional", which indicates that they have not been

subjected to quality control procedures. This provisional nature of the data although

might compromise research quality is commonly used in operational hydrology and

hydrologic research. In addition, the potential non-systematic error due to the provisional

nature of the data is outweighed by the historical record's length.

For each water year (October 1-September 30), annual values of RLD and DLD

were calculated for each of the 19 basins. A list of the 19 studied basins, USGS station

number, the record's duration, basin area, channel length, mean daily precipitation,

percent forest, and the minimum mean temperature in January are provided in Table 3.1.
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In addition, the sample descriptive statistics that include the mean, median, maximum,

minimum, and coefficient of variance of the annual LD, are provided in Table 3.2. A

map indicating the location of the basins is shown in Figure 3.2.

Figure 3.2 A map of the 19 studied basins locations
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Table 3.2 Descriptive statistics of the annual RLD and DLD of the 19 basins

Rising Limb Density (RLD ) Declining Limb Density (DLD)

Basin # mean
(day')

median
(day')

max
(day')

min
(day')

CV mean
(day')

median
(day')

max
(day')

min
(day')

CV

1 0.486 0.486 0.583 0.393 0.072 0.233 0.233 0.303 0.153 0.103
2 0.484 0.487 0.596 0.400 0.085 0.211 0.211 0.289 0.170 0.108
3 0.316 0.317 0.471 0.152 0.218 0.184 0.186 0.362 0.080 0.328
4 0.534 0.533 0.626 0.425 0.069 0.241 0.240 0.343 0.189 0.117
5 0.398 0.395 0.523 0.213 0.173 0.113 0.114 0.155 0.079 0.157
6 0.339 0.337 0.449 0.231 0.149 0.177 0.174 0.286 0.115 0.178
7 0.413 0.423 0.692 0.156 0.310 0.195 0.183 0.437 0.061 0.313
8 0.437 0.432 0.553 0.230 0.118 0.218 0.211 0.301 0.165 0.157
9 0.466 0.466 0.605 0.395 0.097 0.201 0.195 0.347 0.139 0.177
10 0.413 0.415 0.491 0.307 0.110 0.186 0.185 0.256 0.126 0.148
11 0.450 0.458 0.535 0.287 0.114 0.175 0.165 0.270 0.110 0.190
12 0.422 0.422 0.514 0.333 0.084 0.222 0.224 0.287 0.170 0.124
13 0.376 0.377 0.462 0.267 0.100 0.179 0.175 0.250 0.145 0.120
14 0.408 0.406 0.486 0.323 0.090 0.203 0.200 0.269 0.147 0.150
15 0.365 0.365 0.667 0.197 0.19 0.118 0.112 0.333 0.071 0.300
16 0.493 0.492 0.638 0.326 0.10 0.227 0.228 0.345 0.128 0.149
17 0.362 0.364 0.486 0.212 0.15 0.134 0.131 0.204 0.081 0.187
18 0.253 0.250 0.361 0.142 0.201 0.116 0.114 0.190 0.066 0.226
19 0.394 0.394 0.484 0.314 0.093 0.184 0.184 0.228 0.138 0.111

52
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The use of a daily time step for the annual LD implies that the theoretical range

of LD can be 1 to infinitesimal. However, the observed maximum values are 0.69 and

0.44 and minimum of 0.14 and 0.06 for RLD and DLD, respectively.

Typical annual hydrographs of the log-transformed flow from six basins are

plotted in Figure 3.3 in sorted RLD values. The flow transformation was done for

display proposes of the hydrograph. It is apparent that, except for two basins (French

Broad River at Asheville and French Broad River at Blantyre which is a sub-basin of the

former), hydrographs from different basins have frequencies and seasonal patterns that

are markedly distinctive.
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In Figure 3.4, a 50-day record of the transformed flow illustrates the relationship

between shape descriptors, the duration of the rising and the declining limbs, and the

frequencies of peaks. Figure 3.4f, for example, which exhibits a long rising period

compared to 3.4a, consequently has a smaller RLD value. These figures demonstrate the

type of information that can be discerned by using shape descriptors, RLD and DLD

included.
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Figure 3.4 Log-transformed streamflow 1989 (50 days) of six basins
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3.4.2 RLD and DLD Sensitivity to Basin Characteristics

Obviously, the establishment of quantitative relationships between the basin

physical properties and the LD can facilitate, among other things, the regionalization of

hydrological models for ungauged basins. However, as will be demonstrated in this

section, no clear relationship between LD and a well-defined basin property considered

here can be discerned.

In Figure 3.5, the mean annual RLD and DLD values are plotted against some of

the basin characteristics. Figures 3.5a,b represent physical properties of the basins, while

Figures 3.5c,d capture some of the basins' climatic signatures. In all of the figures, a

linear trend line was added in addition to the correlation coefficient values. It is evident

that the resulted R2 were not shown a significant indication of linear relationships.

However, in some of the figures, an apparent functional relationship between the LD

values and the basin characteristics can be visually discerned.

Basin area by itself has the weakest relationship to the LD (Figure 3.5a). On the

other hand, forested basins in general yielded higher RLD values (Figure 3.5b). This

positive relationship with percent forest cover might be perceived as counterintuitive;

because higher RLD values indicate a noisy hydrograph, and forest cover increases the

roughness of the land surface, which attenuate surface flow and smooth the streamflow.

Investigating some of the climatic signatures of the basins, positive relationships

were clearly found between the mean daily precipitation and the RLD and DLD (Figure

3.5c). The assumption that, in general, wetter years consist of more frequent rainfall

events that contribute to the noisiness of the hydrograph, supports this observation of
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positive relationship observation. Last, the minimum mean January temperature, which

is an indicator for a frozen season, is plotted against the LD in Figure 3.5d. In this figure,

the coldest basins have low RLD and no other relationships are apparent. It might be that

this variable is not a sufficient indicator for classifying the basins' seasonality.

Figure 3.5 Relationships between mean annual RLD and DLD to (a) basin area, (b) mean
daily precipitation, (c) percent forest, and (d) the mean minimum temperature in January
plotted for the 19 studied basins
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The ratio of length of flow (the longest channel in the basin) and the basin area

are plotted for the (a) RLD and (b) DLD in Figure 3.6. A smaller ratio value indicates

that the basins have a more elongated shape and a relatively long channel. In such basins,

the processes in the main channel are probably dominant over the hillslope processes.

Figure 3.6 Relationships between (a) mean annual RLD, (b) mean annual DLD, (c)
annual RLD coefficient of variance, and (d) annual DLD coefficient of variance to the
ratio between basin flow length and the basin area for the 19 studied basins
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It appears that the relationship, although not statistically significant, indicates that

higher LD values are associated with basins that have higher ratios. It can be speculated

that basins which are dominated by hillslope processes (high ratio values) might show a

larger impact of the spatial variability on the flow and, as a results, higher variability in

the hydrograph. This is indicated in Figures 3.6c,d in which large coefficient of variance

of the LD is associated with low ratios, while the high ratio values observed small

variations (dispersion).

Certainly, the analyses presented above are limited, and a quantitative relationship

between basin properties and LD requires further morphologic, topographic, land

use/cover, and climatologic investigation, which are beyond the scope of this study.

3.4.3 Consistency

As mentioned above, a small dispersion of the probability of annually calculated

RLD and DLD over a long record may be used to measure consistency. As can be seen

from the summary statistics provided in Table 3.2, the coefficients of variation (ratio

between the sample standard deviation and the mean) for the majority of the 19 studied

basins were relatively small (<20%), which indicates relatively small dispersion from the

sample mean. For the Redwood River, Cedar Creek, and Le Sueur River (basins 3, 7,

and 18, respectively), higher coefficients of variation were observed for both RLD and

DLD and for DLD only in the Elk River (basin 15).
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In Figure 3.7 the mean bounded with standard deviation bars of the annually

computed RLD and DLD for each of the 19 basins, is present. It can be seen that the

ranges are reasonably low relative to the possible range of values (04 1). Furthermore, it

can be seen in table 3.2 that the sample mean and median of the intra-annual RLD and the

DLD are very close in their values for all of the basins. In general, similarity between the

mean and median values indicates a central tendency behavior with a symmetrical

distribution (small skew).

3.4.4 Distinguishability

Distinguishability can be inferred if the measure is sensitive enough to distinguish

among basins with different responses. Statistically, a pair-wise comparison between the

distributions of annually computed LD belonging to a suite of basins with different

hydrologic characteristics could be conducted. The annual RLD and DLD distributions

from each basin to the other 18 basins (342 combinations) were compared. A statistical

Z-test, which assumes normal distribution and a known population variance, was

conducted for each pair of the 342 combinations. The relatively long data records, and the

resulted small coefficient of variance and symmetrical distribution, thought to be

properties that satisfy the underlying assumptions of the Z-test. A superscript over the

mean in Table 3.3 indicates basins with comparable distributions with 95% confidence.

Less then 9% and 15% of basin combinations have similar population of RLD and DLD,

respectively. However, some basins have a population similar to as much as seven other
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basins (Redwood River for DLD and Cedar Creek for both descriptors). These basins

are, as expected, the ones with the larger variability.

Figure 3.7 Mean and standard deviation bars of annual RLD and DLD (basins are sorted
in ascending basin area)
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Table 3.3 Comparison of annual RLD and DLD distributions using Z-test analysis among
the basins. The superscript numbers indicate that, within 95% confidence, the basins
share the same normal distribution with the indicated basin number.

No. Basins RLD
mean (day -1 )

DLD
mean (day)

1 Blackwater R., Davis, WV 0.486 2' 16 0.233

2 Tygart Valley, Dailey, WV 0.484 1 ' 16 0.211

3 Minnesota R. Redwood River near 0.316 0.184
Marshall, MN 6,7,10,11,13,19

4 French Broad R., Blantyre, NC 0.534 0.241

5 Baron Fork, Eldon, OK 0.398 7,9'19 0.113 15' 18

6 Des Moines R., North River near 0.339 0.177 3 ' 11 ' 13' 19

Norwalk, IA
7 Des Moines R., Cedar Creek near 0.4135,8,10,12,14, 0.195 2,3,9,10,13,14

Bussey, IA 19 ,19

8 Des Moines R., South River near 0.437" 0.218 2' 12' 16

Ackworth, IA
9 Blue R., Blue, OK 0.466 0.201 7' 14

10 Des Moines R., Middle River near 0.413 7'12 ' 14 0.186 3 ' 13 ' 19

Indianola, IA
11 Illinois R., Watts, OK 0.450 8 0.175 3 '6' 13' 19

12 Conasauga R., Tilton, GA 0.422 7'10 0.222 8'16

13 Leaf R. near Collins, MS 0.376 0.179 3 '6' 1149

14 White R., Noblesville, IN 0.408 5'7J
0 0.203 2'7,9

15 Elk R., Tiff, MO 0.365 13 ' 17 0.118 	5'17' 18

16 French Broad R., Asheville, NC 0.493 1 '2 0.227 1 ' 12

17 Illinois R., Tahlequah, OK 0.362 13 ' 15 0.134

18 Minnesota R., Le Sueur River near 0.253 0.116 5'15

Rapidan, MN
19 Flint R., Culloden Atlanta, GA 0.394 5 0.184 3'10' 13

3.4.5 Temporal Scale

The LD and other streamflow indices are highly dependent on the temporal scale

of the data and, therefore, the consistency and distinguishability conditions must be

always evaluated within a temporal scale context.
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This dependency implies that a streamflow variable can be an index in a given

temporal scale (e.g., RLD calculated annually from mean daily flow); however, this

might fail to be an index in a different temporal scale (e.g., RLD calculated monthly from

hourly data). The scale context with regard to the LD is demonstrated below.

0.8 -	 Leaf River

0.7 -

0.6 -

RLD
0.5 -

12
1 0.4

	 DID

0.3

0.2

0.1

o
1-day	 2-days	 3-days	 7-days 14-days	 28-days

Figure 3.8 Mean and standard deviation bars of annual RLD and DLD for the Leaf River
calculated for different moving average aggregations

In the first example, annual (time period) RLD and DLD from the Leaf River

(basin 13) were derived for various moving-average aggregation intervals of the daily

data (i.e., 2, 3, 7, 14, and 28 days). This method artificially demonstrates the effect of

different data resolutions on the LD. It is shown in Figure 3.8 that longer aggregation

intervals reduce the consistency of the LD, which is indicated by the larger dispersion of
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the distribution of both the RLD and DLD. Moreover, the mean values of the various

aggregation intervals are also shown to be time-scale dependent.

In Figure 3.9, the RLD and DLD statistics were derived using various time

periods (i.e., monthly, 3 monthly, annually, and bi-annually). These values were

calculated for the Blue River (basin 9) and Cedar Creek (basin 7), which are

characterized by small and large intra-annual shape descriptors dispersions, respectively

(Table 3.2 and Figure 3.7).

From Figure 3.9, the following can be observed: (1) the mean values of the

RLD and the DLD for both basins are stable and do not change with the time period; (2)

in general, increasing the length of the time period decreases the dispersion (increase

consistency) of the LD; and (3) in the Blue River, the change from the annual to bi-

annual time period does not yield a significant consistency improvement; however, for

Cedar Creek, the bi-annual time period significantly improves the RLD and DLD

consistency.
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Figure 3.9 Monthly, seasonal (3-monthly), annual, and bi-annual mean and standard
deviation bars of the RLD and DLD calculated for Blue River and Des Moines Cedar
Creek

The impact of the basins' seasonal dynamic on the variability of the annual shape

descriptor is demonstrated in Figures 3.10 and 3.11. Both figures were constructed by

dividing the water years into quarters of three months, each beginning in October. For

each quarter time period, the mean and standard deviation of the multiple years RLD and

DLD were plotted for 16 basins (Figures 3.10 and 3.11, respectively). LD values varied
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when derived for different quarter year sequences, which is associated with the effect of

seasonal dynamics in the basins.

Figure 3.10 Intra-annual seasonal distribution mean and standard deviation of the RLD of
16 basins.
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A general observation for all of the analyzed basins is that the RLD values for the

summer months (July - September) are the highest. The higher RLD values during the

warmer summer months, which is an indication of noisier hydrographs, are probably due

to higher variability in the precipitation characteristics in these basins.

Figure 3.11 Intra-annual seasonal distribution mean and standard deviation of the DLD of
16 basins
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The basins that observed higher seasonal differences of RLD values (Redwood,

Des Moines North, Cedar, South and Middle basins 3, 6, 7, 8, and 10, respectively) are

basins with winter frozen streams (Figure 3.10). On the other hand, except for the

Redwood River (basin 3), which shows large differences in the seasonal DLD, the other

frozen basins did not display seasonal DLD patterns that are distinct from the rest of the

basins (Figure 3.11). In summary, the apparent seasonal variability of the RLD and DLD

in the basins, although not quantitatively conclusive, is demonstrated to have a major

impact on the LD variability.

3.5 DATA SETS WITH KNOWN PERTURBATIONS

In this chapter, a different approach to evaluate the consistency and

distinguishability (i.e., the conditions required to substantiate a streamflow index from a

streamflow variable) is evaluated. Two examples of data sets with known perturbations

and sufficient length of data for the pre- and post-perturbations were acquired to evaluate

the LD as streamflow indices. The first data set was acquired from the H.J Andrews

Experimental Forest, which is a unique data set of two small adjacent basins in which one

was treated with a 100% clear-cut and the other was left as a control basin. The second

data set was acquired from the USGS for the Roanoke River at Roanoke Rapid, North

Carolina, and it represents a river where a dam and a reservoir were constructed.

Although the two examples represent anthropogenic modified hydrologic

conditions, the need to divide the record into pre- and post-perturbations resulted in

reducing the sample size, which consequently affected the significance of the consistency
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and distinguishability statistical tests. It is evident that, while major perturbations can

cause a significant change in the hydrologic response, some changes are permanent and

some are transient. The transient changes, such as the clear-cut at the Andrews

Experimental Forest, results in a non-stationary condition until a new balance in the post-

treatment is achieved.

3.5.1 Andrews Experimental Forest

The sensitivity of the LD to changes in the land cover was evaluated using a data

set provided by the H.J. Andrews Experimental Forest personnel. Nestled in the central

Cascade Range of Oregon, the H.J. Andrews Experimental Forest is a living laboratory

that provides opportunities for the study of forest and stream ecosystems. Currently, it is

a part of the National Science Foundation Long Term Ecological Research (NSF-LTER)

program and is administered cooperatively by the USDA Forest Service, Pacific

Northwest Research Station, Oregon State University, and the Willamette National

Forest.

A long-term 30-minute streamflow data record (1952-1998) from two adjacent

tributaries of the Lookout Creek was acquired. Basin 1 (1 km2) underwent a 100% clear-

cut treatment between 1962-1966, prescribed burning in 1966, and later replanted. Basin

2 (0.6 km2), with similar properties as basin 1, is untouched to serve as an experimental

control.

In Figure 3.12, the implication of different time aggregations on a single storm is

shown. It seems that the 3- and 5-hour aggregations smoothed the noises associated with
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the 30-minute time step, while at the same time, maintained the hydrographs primary

features. Thus, the RLD and DLD analysis was subsequently conducted using the 3-hour

aggregation.
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Visual comparison of the basins' annual RLD and DLD generated for 3-hour time

steps is provided in Figures 3.12 and 3.13, respectively. It can be seen that RLDs were

high in both basins between 1967-1975. These exceptionally high values are attributed to

higher frequency of rainfall events during this period (Jones and Grant 1996). It is also

possible that geomorphologic changes caused by three large floods that occurred in 1964-

65 (Swanson et al. 1998) may have contributed to this period of high LD values.

Notwithstanding these exceptional high RLD values (1967-1975) the plots

indicate that basin 1 annual RLDs are higher in the post-treatment than in the pre-

treatment, and the RLD for basin 2 is stable with no apparent trend. However, it seems

that no observable changes were detected in the DLDs and that both the RLD and the

DLD cannot be considered as consistent measures as evident by the overlapping of the

central tendency and the dispersion (mean and standard deviation, respectively). It can

be seen in Table 3.4 that, for example, the RLD in both basins increased. This lack of

consistency in the measure might be attributed to the small sample size.

Table 3.4 Comparison of bimonthly of mean and standard deviation for a 10-year period
before and after the clear-cut for basins 1 and 2

RLD (3-hour-1)
Average	 STD

DLD (3-hour -1)
Average	 STD

Basin 1 (52-62) 0.156 0.042 0.05 0.02
Basin 1 (75-85) 0.173 0.044 0.06 0.02
Basin 2 (52-63) 0.214 0.069 0.05 0.02
Basin 2 (75-85) 0.238 0.075 0.06 0.02
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(100% clear-cut between 1962-66 prescribed burning in 1966), and basin 2 (control).

3.5.2 Roanoke River in North Carolina

Daily mean streamflow data (1912-2001) for the Roanoke River at the Roanoke

Rapid (21500 km2 drainage area) was acquired from the USGS. The flow at this location
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was affected by the construction of a dam on the upper watershed of the Smith River in

1950, followed by the construction of the Kerr reservoir for flood control purposes. In

1955, Rapid Lake was completed for hydropower generation. Two additional small

reservoirs were also constructed upstream of the Roanoke Rapid, but they do not have a

large capacity to store floodwater and were assumed not to affect the daily streamflow. A

hydrograph and typical pre- and post-dam construction annual hydrographs are shown in

Figure 3.15.

Figure 3.15 Hydrographs of the record extent, typical pre-dam (1942) and post-dam
(1975) years
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Figure 3.16 represents the annual LD for the record extent. It can be seen in the

figure that DLD shows a marked increase in values, which implies a shorter average

declining period. The RLD also shows an apparent increase, but it is not as significant as

that observed for DLD. The mean and the standard deviation of the shape descriptors for

the pre-dam (1913-1949) and post-dam (1956 —2001) are shown in Table 3.5.

Figure 3.16 Annual mean daily RLD and DLD of the Roanoke River at Roanoke
Rapid, North Carolina (1912-2001)

If it is assumed that the frequency of peaks had not been changed in the post-dam

flow regime, then the increase in the LD values indicates a decrease in the cumulative

time of the declining and rising limbs. It is speculated that the lake absorption of the
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upper basin baseflow reduced the baseflow in the dam downstream, which is the main

factor that contributed to the post-dam DLD changes.

Table 3.5 Roanoke River pre- and post-dam mean and standard deviation of the RLD and
DLD

RLD	 DLD
Average STD Average STD

Pre-dam (1913-1949)
Post-dam (1956-2001)

0.42

0.49

0.063

0.061

0.26

0.48

0.047

0.047

3.6 PROCESSES WHICH DOMINATE THE SHAPE DESCRIPTORS

The identification of empirical relationships between the LD and well-defined

basin characteristics requires detailed topographic, morphologic, soil, and land-cover

analyses. Because of the complexity of such analysis, and the large number of potential

factors that can affect RLD and DLD, a preliminary understanding of factors that can

potentially affect shape descriptors must be gained to guide the above-mentioned

analyses. Such an understanding may be achieved through the utilization of simple

hydrologic models, with well-defined process components that can yield some insight

into these key factors, or perhaps, groups of factors, that can affect the long-term shape of

the hydro graph.

As mentioned in Section 3.4.2, there seems to be a relationship between LD and

basin characteristics that affects the timing of the hydrograph. Further investigation of

this effect can be initiated using the well-defined instantaneous unit hydrograph concept
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as the means to provide a control mechanism over the shape and scale of the hydrograph.

In this experiment, a synthetic rainfall time series was applied to a simple basin

model that consists of rainfall abstraction and watershed routing components. The simple

Phi Index (Chow et al. 1988), which is a commonly used constant threshold that

partitions precipitation into abstraction and excess rainfall, was used in lieu of a rainfall-

runoff model. The routing process was executed using a synthetic Instantaneous Unit

Hydrograph (IUH). The IUH is represented as a cascade of (n) identical linear reservoirs

with infinite capacity and equal depletion coefficients k. This arrangement results in a F

function representation of the IUH (Nash, 1957).

The parameters (n, k) control the shape and scale of the unit hydro graph and are

related to the gamma distribution's first two moments. The model parameters (Phi, k,

and n) were selected randomly using the Monte Carlo simulation. The following a priori

parameter range and conditions were selected: Phi [0-75%] of the maximum flow, n

integer values [2-10], and k [1-10]. The LD were calculated for the synthesized runoff,

and differences between the LD of the calculated and measured mean daily streamflow

for this water year are plotted in Figure 3.17.

Visual inspection of Figure 3.17 indicates that the proposed LD, while relatively

insensitive to the Phi parameter, are sensitive to routing and runoff delay parameters.

Given that a zero difference between observed and simulated LD is favored, it can be

noticed that they do not give a unique single combination that results in zero LD

residuals. It is interesting to note that RLD and DLD are sensitive to the unit hydrograph

for lower and higher values of n and k, respectively. This finding indicates the sensitivity
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of the shape descriptors to the routing components; it also emphasizes the interaction and

lack of unique solution in the gamma distribution application as an instantaneous unit

hydrograph that accommodates the hydrograph shape as it is measured by the LD.

Figure 3.17 Synthetic rainfall applied to a simple model consists of the Phi Index and
Instantaneous Unit Hydrograph. The sensitivity of the (a) RLD and (b) DLD to the Phi
index and the gamma distribution parameters (k and n) is demonstrated using the Monte
Carlo simulation. The y-axis is ARLD and ADLD of simulated and "true" streamflow.
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3.7 MAJOR FINDING IN CHAPTER 3

In this chapter, a procedure was established to evaluate the effectiveness of

streamflow variables as streamflow indices. Consistency, distinguishability and time

scale were identified as chief criteria that must be evaluated when indices are considered.

Two streamflow variables that are descriptive of the hydrograph shape were introduced

(Rising/Declining Limb Density, RLD and DLD, respectively). The effectiveness of

these flow variables as streamflow indices was thoroughly examined using three case

studies. Although the case studies were presented in context of RLD and DLD, it is

reasonable to propose that these tests can be generally applied to a wide range of

streamflow indices.

In the first case study, the consistency, distinguishability, and time scale effect

were tested on long records of mean daily streamflow data from 19 basins. The length of

the data and the number of basins provide an opportunity to conduct statistical tests that

are pertinent to the above-mentioned criteria. With respect to RLD and DLD which were

calculated annually from the mean daily flow, the results indicated that, for the majority

of the basins, the RLD and the DLD are consistent measures and are distinguishable.

In the second and the third data sets, the ability of LD to detect changes in

streamflow pattern caused by anthropogenic perturbations was examined. Historical

records of pre- and post-treatment from two adjacent basins in the Oregon Cascade were

examined. One basin was treated by 100% forest clear-cut, and the other basin was left

as a control. In this case, it can be concluded that, although the RLD was visually
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distinguishable, the measure is not consistent enough to be a change detection tool in a

statistical sense.

In the third data set, a streamflow perturbation due to dam construction on the

Roanoke River in North Carolina was examined. In this case, the DLD was clearly

effective in distinguishing between the pre- and post-dam streamflow. Finally, it was

demonstrated through a simplified model and synthetic data set that the LD are

dominated by routing processes.

In the following chapter, the utilization of the LD streamflow indices in the

context of hydrological modeling is demonstrated.
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CHAPTER FOUR

SHAPE DESCRIPTORS AND HYDROLOGIC MODELS

4.1 INTRODUCTION

In Chapter Three, the two proposed hydrograph shape descriptors were shown to

be streamflow indices that carry information relevant to basin physical properties. In this

chapter, practical implications on hydrologic modeling of the above-mentioned capacity

are investigated. The development of modeling applications of streamflow indices is

based on the following argument: "The ability of a hydrologic model to reproduce

streamflow indices, when extracted from a sufficiently long record, can be used as a

measure of model performance with respect to the entire streamflow record". The

implication of this argument is that, by including these indices in the calibration process,

the set of parameters that both minimizes the error and preserves the key long-term

characteristics of the hydrograph indices is likely to better represent the physical

characteristics of the basin. In other words, the preservation of streamflow indices, when

considered as one of the objectives of model calibration, can lead to improved model

reliability.

With respect to any streamflow index, testing the above-mentioned argument

involves answering the following questions:

1. Is the index sensitive to some or all model parameters?

2. If so, does the index improve the model performance when used in

calibration?

3. If so, what aspects of model performance are improved?
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4. Are there any other aspects that are likely to be deteriorated?

5. What are the effects of data (input and output) errors on the effectiveness of

model calibration when preserving the index among the calibration

objectives?

To answer these questions with respect to RLD and DLD, their utility in model

calibration is investigated through two case studies. In the first case study, which

attempts to answer the first four questions, the sensitivity of LD to the parameters of the

HYdrogical MODel (HYMOD) is investigated. Then, the post-calibration model

performances, with and without index preservation, are compared to provide a

quantitative assessment of the utility of LD as calibration objectives. This case study is

presented in Section 4-2. Investigating question 5 is the subject of Section 4.3, where a

case study involving the introduction of various error sources to a synthetic data set is

presented. The effects of the timing errors, as well as errors in magnitude, on the results

of model calibration are discussed to provide an assessment of the reliability of LD

preservation as an objective function.

Section 4.4 further investigates the relationship between the two shape descriptors

and basin-routing processes using the well-documented Instantaneous Unit Hydrograph.

IUH, being a conceptual model of basin-routing processes, allows one to isolate these

processes from the runoff-generation process and to further investigate the potential use

of the two proposed indices in hydrologic modeling.
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4.2 MODEL PARAMETERS ESTIMATION

4.2.1 Introduction and Scope

In the following case study, the potential use of the LD for model parameter

estimation is evaluated. The study is conducted using data from the Leaf River,

Mississippi, to identify parameters for the five-parameter HYdrological MODels

(HYMOD). The underlying hypothesis, which is investigated in this study, is that

because the annual LD are "consistent and distinguishable" indices for the study basin

(Figure 3.7 and Tables 3.2 and 3.3), preserving these indices in the simulation results in

parameters that are more indicative of the basin's physical characteristics. Such

parameters will also improve model predictive performance. This better representation of

the physical properties of the basin should consequently improve the model prediction

consistency and model skill.

Generally, the first step in any modeling exercise is to understand the relationship

between model parameters and the model output resulting from a selected objective

function. This is accomplished through sensitivity analyses. The sensitivity analysis is

followed by a multi-objective stepwise calibration scheme that first selects the

parameters, which reproduce the shape descriptors and then calibrates the remaining

parameters using a standard residual objective function. The rationale of employing a

stepwise scheme is that forcing the model first to reproduce RLD and DLD and then

calibrating for magnitudes results in an improved model performance for both shape and

magnitude of hydro graph.
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Finally, to evaluate the hypothesis stated above, the results of the model

performance are compared against a batch calibration scheme using a set of quantitative

and qualitative evaluation criteria that emphasizes different hydrologic regimes.

4.2.2 Hydrologic Model (HYMOD)

The HYMOD model, which is depicted in Figure 4.1, was originally proposed by

Boyle (2001) as a response to the call by Jakeman and Hornberger (1993) for the

development of a model with a complexity level suitable for capturing typical and

commonly measured hydrologic fluxes. The objective of the model, which was later used

by Wagener et al. (2001) and Vrugt et al. (2003), is to provide a research tool for

scientific evaluation purposes. HYMOD is a "hybrid model" with a non-linear

component that partitions precipitation into precipitation excess and a linear routing

component which consists of a series of three identical quick-release reservoirs in parallel

with a single reservoir corresponding to slow release. Actual evaporation is equal to the

potential evaporation, if sufficient soil moisture is available; otherwise, it is equal to the

available soil-moisture content. The model has five parameters which require calibration.

These parameters are listed in Table 4.1, together with their physically meaningful ranges

(Boyle et al. 2001).
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Table 4.1. The HYMOD parameters and their accepted range (Boyle et al. 2001)

Parameter descriptions: Min Max

Cmax(L) - Maximum storage capacity in the basin 1 500

Bexp (-) - Spatial variability of soil-moisture distribution within the basin 0 2

Alpha (-) - Flow distribution between the quick and the slow linear reservoirs 0 1

Rq(day-1 ) - Residence time of the quick-release reservoir 0 1

Rs(day-1 ) - Residence time of the slow-release reservoir 0.0001 0.1

Figure 4.1 Schematic description of the HYdrological MODel (HYMOD) structure.
ER1(t) and ER2(t) excess rainfall depend on the basin storage capacity distribution
function. C-max is the maximum storage capacity, a is a parameter that partitions the
excess rainfall between the two linear reservoirs, and Rq and Rs are the residence time
coefficients in the single and triple reservoir/s, respectively.
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4.2.3 Sensitivity Analysis

The objective of the Sensitivity Analysis (SA) is to identify the effect of each of

the five model parameters on the LD. To address parameter interaction and dependency,

the widely used Global Sensitivity Analysis (GSA) procedure (Spear and Hornberger

1980) is selected for the analysis. In this procedure, the output from a series of Monte

Carlo (MC) simulations is divided into behavioral and non-behavioral populations. In

each MC simulation, a parameter set is selected from a uniform distribution and

independently of the other parameters. The division into behavioral and non-behavioral

populations is based on a comparison between the simulated and measured LD. These

two populations are compared using the non-parametric Kolmogorov-Smimov (KS),

while a difference between the distributions of the populations is an indication for a

sensitive parameter.

Twelve water years (WY 1949-61) from the humid Leaf River at Collins,

Mississippi (1944 km2) were used to represent a range of hydrological conditions.

Quality controlled data that include daily precipitation, mean daily flow, and estimates of

potential evaporation were acquired from the Hydrological Research Lab (HRL) of the

National Weather Service. As seen previously in Table 3.2 and Figure 3.7, the

hydrograph time series from the Leaf River yields relatively consistent shape descriptors

and RLD and DLD that are distinguishable from 18 and 14 other basins, respectively

(Table 3.3).

Four thousand MC simulations were performed to sample model parameters from

their reasonable ranges (Table 4.1). For each sampled parameter vector, the associated
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RLD and DLD were calculated annually from the simulated daily streamfiow, and the

differences between LD obtained from the simulated and measured streamfiow were

calculated. This analysis was repeated multiple times using various random seeds and

yielded repeatable results, which is an indication that the sampling of the model

parameter space is adequate for this study.

The results of the 4000 simulations are plotted in Figure 4.2, where ARLD and

ADLD (i.e., each dot on the graph represents the resulting differences between the

measured and simulated RLD and DLD) are plotted as functions of each of the five

model parameters. It is clear from Figures 4.2d and 4.2i that both LD are very sensitive

to the quick-release depletion coefficient (Rq), and a strong functional relationship

between Rq and LD exists. The remaining model parameters do not appear to have a

notable functional relationship with the LD.

The sensitivity of RLD and DLD to Rq is emphasized by the high values of the

correlation coefficients between Rq and the two shape descriptors (p (Rq,RD) = 0.91 and p

(Rq,DLD) 0.90), while correlations of the other four parameters with the shape descriptors

were less then 0.2 (Table 4.2).

Notably, the correlation between the two shape descriptors is also very high

(0.94), which implies that, for parameter estimation, the information retrieved from one

descriptor is sufficient. The high correlation between the descriptors is partly a result of

the calculation method used to derive them. Both LD measure density and, as a result,

depend on the a priori definition of peaks. It can also be seen that:
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RLDTJ 

DLD TR

Because the LD are calculated on finite time periods, TR and Ti. are highly correlated.

Further understanding of such a relationship can be gained from Figure 4.3.

Figure 4.3a (similar to Figure 4.2d) represents the 1-dimensional response surface of Rq

with respect to RLD, where each dot on the graph represents a single parameter set. A

band of parameter sets concentrates with minimum variability around what seems to be a

functional relationship between RLD and Rq. Such a functional relationship becomes

more pronounced for Rq > 0.65 t', indicating minimal effects of the remaining

parameters and their interactions. In Figures 4.3b,c, the parameters a and Rs were held

constant, one at a time. The results indicate that, while the objective function is more

sensitive to Rs (from 4.3c) than to a (4.3b), the interaction between the two parameters is

the main reason for the spread of values in the objective function space (4.3a). Finally,

when both parameters were held constant (4.3d), it became obvious that Rq is the

dominant parameter in determining RLD values, with minimal effect from the remaining

two parameters (Bexp and Cmax).

Table 4.2 Sensitivity analyses results: (1) nonparametric Kolmogorov-Smirnov test
between the RLD behavioral and the non-behavioral normalized cumulative distribution.
The first column shows the maximum differences between the two distributions, and the
second column provides the probability that the two distributions are similar. (2)
correlation Coefficient values between the parameters and the resulting RLD and DLD.

Parameters KS test
(p) — probability	 max differences

Correlation test
PRLD	 PDLD

Cmax (L) 0.08 0.91 0.05 0.15
Bexp 0.06 0.99 0.03 -0.03
Alpha 0.12 0.47 0.00 0.00
Rq(day-1 ) 0.47 0.0 0.10 0.11
Rs(day-1 ) 0.11 0.58 0.91 0.90
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Figure 4.2 Global Monte Carlo sensitivity simulations (4000). The differences between
the measured and simulated RLD (a-e) and DLD (f-j) are presented as a function of the
normalized HYMOD parameter ranges.
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Similar to any residual-based approach, if one considers RLD as a key model

output, then an optimal parameter set would be attained when the difference between

observed and simulated RLDs approaches zero. From Figure 4.3a, it is apparent that

many parameter sets with 0 > Rq < 0.5 met this criterion, with the majority of values

being close to 0.5. Given that low Rq values are associated with hydrographs which are

too smooth (Figure 4.5d to be discussed below), it can be said that optimal points,

observed in Figure 4.3a below Rq < 0.4, can be reasonably considered as unfavorable

solutions (local minima). Similar behavior was observed for DLD and, again, because the

correlation between the LD is high, it is decided to proceed only with the RLD for the

sensitivity analyses and the parameter estimation study.

The population of the parameter sets was divided further into behavioral and non-

behavioral parameter sub-sets. The division was conducted such that simulations which

yielded absolute ARLD that are equal to or less than 0.05 were considered to be

behavioral. These thresholds provide that about 10% of the simulations were considered

as behavioral. The cumulative distributions of the shape descriptors of both the

behavioral and non-behavioral were compared using the non-parametric Kolmogorov-

Smirnov (KS) test. Plots of the cumulative distributions are presented in Figure 4.4, and

the results of the KS test are provided in Table 4.2.

In this KS test, the two independent samples are tested as to whether they come

from the same distribution by comparing the two-sample cumulative distribution

functions. In Table 4.2, the probability that these two samples are similar and the

maximum difference between the two cumulative distributions of the samples are
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presented. Using the KS test, it is again demonstrated that Rq is the only model

parameter which has significantly different behavioral and non-behavioral distributions.

It is seen in Table 4.2 and Figure 4.4 that, for the Rq, the behavioral and non-behavioral

samples have the largest distance and the probability that these distributions are similar is

close to zero.

Figure 4.3 The effect of changing the Rq parameter on the RLD using the Monte Carlo
simulation. (a) All of the parameters were selected randomly, (b) a was held constant (0.5
day-1 ), (c) Rs was held constant (0.0001 day-I ), and (d) both a and Rs were held constant.

Qualitatively, a representative annual hydrograph can be used to emphasize the

relationship between Rq and LD. In Figure 4.5b such a hydrograph is presented for the
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water year 1952-1953. The daily precipitation for the period is presented in Figure 4.5a.

The overall shape of the historical hydrograph, which is depicted in Figure 4.5b, is

associated with values of 0.35 and 0.17 for RLD and DLD, respectively. In Figures

4.5d,e, the water year was simulated with four parameters that remained constant (250,

1.2, 0.8, and 0.0003 for Cmax, Bexp, a, and Rs, respectively), and Rq, which was

assigned the values of 0.9 and 0.1, respectively. These Rq values represent the two limits

of the reasonable Rq range (Table 4.1). It is evident that, when a small Rq value is

assigned, the longer residence time within the three quick-release reservoirs produced a

smooth hydrograph, indicating substantial flow attenuation. This hydrograph also

corresponds with low values of RLD and DLD (0.07 and 0.04, respectively) or, more

basically, with longer rising limbs and lesser peaks. Conversely, the higher Rq value,

which corresponds with faster draining (i.e., quicker release), produced a hydrograph

shape that mirrors the hyetograph of the excess rainfall. In addition, as expected, this

hydrograph corresponded with shorter rising and declining limbs values and higher RLD

and DLD values (0.68 and 0.23, respectively).

Looking again at Figure 4.3 shows that a Rq value of 0.5 is a preferred value that

have ARLD that approach zero. In fact, assigning a value of 0.5 to Rq (Figure 4.5c)

significantly improves the shape similarity between observed and simulated hydrographs.
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Figure 4.4 Global Sensitivity Analysis for the RLD to the five parameters of the
HYMOD. The plots compare the cumulative distributions of the behavioral and the non-
behavioral RLDs as a function of the normalized model parameters.
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Figure 4.5 Simulation of the Leaf River basin (WY 1952-53) basin with different values
of the quick-release parameter (Rq). The upper figure is the observed streamflow. (a)
daily cumulative precipitation, (b), observed mean daily flow, and (c-e) HYMOD
simulations with 0.5, 0.9, and 0.1 Rq values, respectively.
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4.2.4 Calibration

In this section, the utility of the shape descriptors as an objective function in the

calibration procedure is demonstrated. To incorporate the RLD in the calibration

procedure, a sequential 2-step parameter estimation scheme was developed. As found in

Section 4.2.3, the RLD and DLD are highly correlated and, therefore, only RLD is used

in the calibration study. In the first calibration step, an appropriate Rq was selected as the

mode of the behavioral distribution from an MC simulation, as indicated in Section 4.2.3.

The remaining four parameters, in the successive second calibration step, were then

calibrated using the Shuffled Complex Evolution (SCE-UA) algorithm (Duan et al.

1993). The SCE-UA is a single-objective global optimization search procedure.

According to Sorooshian et al. (1993), Gan and Biftu (1996), Kuczera (1997), and others,

in hydrological models, the SCE-UA is generally robust, effective, and efficient in

converging to the global optimum

The 2-step approach was compared to SCE—UA calibration for all five

parameters. As discussed in the literature review (Section 2.2), the estimation of an

optimal parameter set is dependent upon the response surface associated with a selected

objective function. In order to partially account for this dependency, the comparison

between the 1- and 2-step calibration schemes is conducted for three different

formulations of objective functions in the SCE-UA algorithm.

The objective functions are (1) Root Mean Square Error (RMSE), (2) Absolute

Error (ABS), and (3) Heteroscadestic Maximum Likelihood Error (HMLE). These

objective functions accommodate different aspects of the hydrograph response mode.
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First, the Root Mean Square Error (RMSE), a commonly used objective function,

assumes constant variance of the residuals and emphasizes large errors. Formally it is

calculated by:

RMSE = q lobs )2 (3)

where qs"" and q0 	the model simulated and the observed flow, respectively, and N is

the number of observations.

Second, the Absolute Error (ABS), minimizes the overall deviation of the flow:

1 N	 ohs	 sin,ABS = —
td=1 1 'N

(4)

Third, the Heteroscadestic (non-constant variance) Maximum Likelihood Error

(HMLE) objective function (Sorooshian and Dracup 1980) seeks to stabilize the variance

of the residuals:

HMLE = 1	 ,,ohs	 sim
N	 1,tran.s1 brmed	 t,traimfbrmed)2

(5)

where qt,transfon-ned is the Box-Cox power transformation (Box and Cox 1964).

The transformation formulation is:



(q + 1) a - 1
tran.slinined A

where k is a scale parameter, which is assigned a value of 0.3 based recommendation by

Misirly et al. (2002). The Box-Cox flow transformation was used to relate the variance

of the error at each time step to its magnitude to yield normally distributed residuals with

zero mean and constant variance.

To account for the dependency of the parameters on the data sets used for the

calibration, nine consecutive sequences of four water years each (1948-1984) were

selected for the calibration. For each sequence, the first year was used as a spin time to

establish reliable initial conditions of the state variables.

To summarize, 54 parameter vectors were obtained from the aforementioned

calibration study. The parameter vectors consisted of:

• Nine sequences of calibration data sets.

• Three different objective functions in the SCE-UA algorithm.

• Two calibration approaches (1- and 2-step).

In Table 4.3, the minimum and maximum parameter values from the nine

calibration sequences are shown for the three objective functions. Notably, when Rq was

derived using RLD analysis, it was stable and certain for all nine calibrations data sets.

96

(6)
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Table 4.3 Range of parameter values obtained from the calibration of the nine sequences
for the three objective functions using the 1- and 2-steps.  

1 step	 2 steps 
Min Max Min Max

Cmax	 134.5 457.2	 135	 432

Bexp	 0.12	 1.46	 0.13	 1.3

a	 0.756	 0.989	 0.757	 0.99

Rs	 0.0001 0.06	 0.0001	 0.066

Rq	 0.44	 0.505	 0.5	 0.5

RMSE      

ABS
Cmax	 333.5	 461.4	 178.1	 454.0

Bexp	 0.41	 1.503	 0.42	 1.632

a	 0.225	 0.836	 0.294	 0.836

Rs	 0.032	 0.095	 0.036	 0.095

Rq	 0.291	 0.638	 0.5	 0.5

HMLE
Cmax	 178.1	 331.7	 176.25	 330.5

Bexp	 0.3	 0.6	 0.29	 0.5

a	 0.735	 0.859	 0.723	 0.84

Rs	 0.0001 0.01	 0.003	 0.016

Rq	 0.43	 0.49	 0.5	 0.5

Previous studies have demonstrated that Rq is an identifiable parameter which

could be estimated with minimum uncertainty (Vrugt et al. 2003; and Wagener et al.

2001). However, it appears from the calibration experiment conducted (Table 4.3) that

the uncertainty in Rq depends on the selected objective function. For example, while the

range of Rq was small for HMLE (0.43-0.49), it showed much wider dispersion with

respect to the Absolute Error (0.291-0.638). Arguably, by reducing the number of

parameters whose identification depends on the selection of a given objective function,

the likelihood of improving model performance increases.
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4.2.5 Evaluation of Model Performance

4.2.5.1 Short- and Long-Term Evaluation

As mentioned in Section 1.1, the reliability of a hydrologic model is defined as

the model's ability to consistently reproduce the historical record with minimal errors.

Because successful model calibration requires, in many instances, the utilization of the

maximum possible amount of information, the larger portion of the record is usually

assigned to the calibration exercise, while the remaining few years of record are used for

model validation. Arguably, when investigating a new parameter estimation approach,

the ability of such an approach to improve model performance must be evaluated for both

short and long records, when available.

Motivated by the above argument, the effect of the RLD-based 2-steps approach

on improving the performance of the HYMOD model was investigated for both short-

and long-term records from the Leaf River basin. The record, which encompasses 40

water years (1948-1988), was used in the following manner. First, with respect to the

long-term performance evaluation, the model was run continuously between WY 1948-

1984 using the nine parameter sets obtained in Section 4.2.4. For each parameter set,

WY 1948, which was used as a model spin-up time, was eliminated from the evaluation.

Second, with respect to the short-term performance evaluation, only one 4-year

calibration sequence was used to parameterize the model (WY 1956-1960). Then, the

remaining years were used to construct 39 staggered sequences of evaluation periods

(1948-1950, 1950-1951, etc.). Again, for each of these sequences, only the second
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simulation year was used in the evaluation, with the first year eliminated as a model spin-

up.

To address the model's ability to capture various components of the streamflow

hydrograph, three quantitative evaluation criteria were used: (1) the Nash-Sutcliffe

Efficiency (NSE) coefficient, (2) percent bias, and (3) RLD. The Nash-Sutcliffe

Efficiency coefficient (Nash and Sutcliffe 1970) is a normalized indicator of a model's

ability to explain the observed variance. It measures the relative magnitude of the

residual variance ("noise") to the variance of the flow ("information"). The ideal value of

the coefficient is 1.0, and values > 0.0 indicate that the model performed better than

prediction provided by the statistics (mean and variance) of the observations. Negative

coefficient values indicate that predictions obtained from the observation statistics

outweigh model predictions. The NSE is formulated as follows:

NSE = 1 -	 (q ì 'bs - q ;vim )2 E (//n	 ()I's )2
	

(7)
1=1
	 =1

%Bias measures the model's ability to predict the volume of the flow:

%Bias =	 (q ob,v, - qrn)	 q(/bA x 100	 (8)
1=1	 1=1

ARLD as defined in this dissertation measure the model's ability to capture the

shape of the hydrograph.
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Table 4.4 summarizes the number of cases in which the 2-step approach improved

the scores of the evaluation criteria in comparison to the 1-step calibration approach. The

comparison was conducted for 18 cases that consist of calibration with three objective

functions and three evaluation criteria, and each combination was evaluated for the long-

and short-term. Overall, it can be seen from the Table 4.4 that, in 14 out of 18 cases, the

2-step approach scores higher than 50%. This is an indication that the 2-step approach

has an overall better performance as is indicated by the selected evaluation criteria. It can

be observed that the 2-step approach improved the short-term model performance when

the Absolute Error (ABS) was used for calibration. However, for the long-term, the ABS

improved only the model %Bias and the NSE. With respect to RMSE, there is a slight

improvement in the %Bias and the RLD; the NSE criteria did not improve with the 2-step

calibration approach. The RMSE objective function and the NSE are highly correlated

and, therefore, a favored performance of the 1-step approach is expected.

When the HMLE was used in the calibration, the %Bias and the NSE

performance of the 2-step approach reduced for the short-term and improved for the long-

term.

The performance of the RLD as a measure of consistency in shape significantly

improves for all cases. The improvement in the RLD scores provides yet more evidence

that the shape descriptors may describe a recurrent consistent signal in the hydrograph.

Although the 2-step approach used the RLD as an objective function for the first step, the

fact that this measure is captured when evaluated on an independent data set is a
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reassuring sign that the RLD is a consistent streamflow variable that can be considered

based on the definition in Section 2.3.1 as a streamflow index.

Differences in performance among the objective functions might be attributed to

the level of independency (orthogonality) existing between them. To clarify the previous

statement, it was found in the sensitivity analysis described in Section 4.2.3 that Rq has a

correlation coefficient of 0.05 and 0.89 to the bias and RMSE, respectively. Therefore,

by using the ABS in the sequential 2-step approach, additive new information is gained at

each step because of the relative independence between the RLD and %bias.

Table 4.4 Number of cases in which the 2-step approach improves the score of the NSE,
%Bias, and RLD, when evaluated on short- and long-term data sets.

Objective
Function

Evaluation
Criteria:

Dataset Improvement

RMSE %Bias short-term 21/39 (53%)
NSE short-term 12/39 (30%)
RLD short-term 35/39 (89%)
%Bias long-term 6/9 (67%)
N SE long-term 3/9 (34%)
RLD long-term 8/9 (89%)

ABS: %Bias short-term 29/39 (74%)
NSE short-term 39/39 (100%)
RLD short-term 33/39 (85%)
%Bias long-term 5/9 (55%)
NSE long-term 7/9 (78%)
RLD long-term 8/9 (89%)

HMLE %Bias short-term 17/39 (43%)
NSE short-term 13/39 (34%)
RLD short-term 36/39 (92%)
%Bias long-term 5/9 (55%)
NSE long-term 6/9 (67%)
RLD long-term 9/9 (100%)
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4.2.5.2 High Flow Evaluation

Prediction of large flow events ought to consider the magnitude and timing of the

flow. Therefore, a comparison between the largest events in both the simulation and

observation is thought to adequately measure the model performance in simulating the

high flow events. In this evaluation, the residuals of the measured daily mean flow that

exceed 300 M3 S-1 (157 events in 40 years) and the simulation from the calibrated

sequence of 1956-60 were compared between the two calibration approaches (Figure

4.6). Smaller residuals shown in Figure 4.6 indicate better performance; thus, scores

below the 1:1 line are interpreted as better performance for the 2-step calibration

approach.

The 2-step calibration approach was significantly improved high flow predictions

when the HMLE (4.6c) was used (143 events were improved out of 159, 90%). The

RMSE (4.6a) also showed considerable cases of improvement (64% of the events);

however, in the Absolute Error (4.6b), the 1-step approach was found better in 68% of

the large events.

Note that the above analysis also indicates that HYMOD, in general,

underestimates high flow events, and that some of the residual exceed even the threshold

of the 300 m3s-1.
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Figure 4.6 Residuals of events greater then 300 m3 s4 . Results scoring below the 1:1 line
indicate better performance for the 2-step approach.

4.2.5.3 Low Flow Evaluation

The low flow components of the hydrograph are often described as being complex

because of the variability that exists among individual recession curves (e.g., Tallaksen

1995). To evaluate the low flow component of the hydrograph, a qualitative graphical
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comparison of transformed hydrographs is used. In Figure 4.7, the Box-Cox transformed

flow was plotted for WY 1983, which was selected as an example. In this figure, the

circles represent the observed, the dotted line indicates the 1-step simulation, and the

solid thicker line gives the 2-step simulation.
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Figure 4.7 Box-Cox transformed flow of WY 1984. Transformation enables the
inspection of low flow events.

An overall improvement is demonstrated by using the 2-step calibration in the

simulation of the hydrograph low flow components (Figure 4.7). These improvements

are demonstrated by the consistency of better fitting of the recession limb shape and
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subsequent low flow. The 2-step approach for all objective functions used in the

calibrations (Figures 4.7a-c) showed better depiction of low flow periods. The

improvement is expressed in the starting time of the falling limb decay, the better match

of the shape of the decay, and the better magnitude match of the baseflow.

It appears that the 2-step calibration approach improved the model performance

for both the low and high flow events. It is speculated that in attempting to maintain the

shape in the first step, improve the timing of the simulation, and therefore in the second

step, the calibration was focused on improving the magnitudes of the flow.
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4.3 SENSITIVITY OF THE SHAPE DESCRIPTORS TO DATA ERRORS

4.3.1 Errors Inherited in Model Parameters

The measuring of errors in hydrologic models is commonly accomplished by

using an objective function that quantifies the deviation between observations and

predictions. Such measured error combines the propagation of various sources of

uncertainties. The determination of the sources of uncertainties associated with

hydrologic modeling, although an important task, is in practice difficult.

In general, sources of uncertainties in hydrologic predictions can be attributed to:

(1) model structure (i.e., the capability of the model structure to describe the system in an

efficient and parsimonious manner), (2) model parameters (i.e., the ability of the selected

model parameters to represent the system's physical properties), and (3) data (i.e., the

capacity and sufficiency of the collected data to represent different scale (space and time)

aggregations). There are two sources of error in data, both of which relate to the degree at

which measurements represent the measured process. First, there is the error in

measurements, which can be attributed to faulty devices, human error, and recording

errors (see, for example, the scanning of a rain-gauge drum). Second, there is the

uncertainty associated with interpolation, extrapolation, and scale aggregation of highly

variable spatial and temporal processes and characteristics.

In the context of hydrologic modeling, data errors are typically ignored because of

the recognition that the model's incomplete representation of the natural system is

probably the major source of predictive uncertainty (Chatfield 1995). Yet, a reliable

record of rainfall and runoff data is vital to the accuracy of model simulation. Troutman
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(1983) showed that the calibration process transfers errors and uncertainties from the data

to model parameters and results in biased parameter values (i.e., deviation from true

values). However, because of the curve-fitting nature of the calibration process, the

performances of the models, which are calibrated based on erroneous data, are not greatly

different from those using true data. This is especially applicable when the data and the

parameters values are within the range of observations. The above statement implies that

accurate predictions can be obtained as long as the errors and uncertainties in the input

data are consistent with those associated with the data used to calibrate the model.

It is well documented that errors and uncertainties in runoff prediction often result

from misrepresentation of rainfall fields, both in time and space (Michaud and

Sorooshian 1994; Goodrich et al. 1990; Fault's et al. 1995, to name a few). On the other

hand, streamflow data errors are assumed to be relatively small compared to errors in

precipitation. Errors in runoff data generally result from measurement errors of depth,

pulsation of flow, vertical distribution of velocities, measurement of horizontal angles,

computation of sub-sections, and instrument error which are usually magnified in low-

flow (Sauer and Meyer 1992).

A review by Melching (1995) summarized the primary sources of errors in

precipitation data. These errors can be classified into three types: systematic, non-

systematic, and timing errors. Systematic errors are defined as biased measures of

reality. Rainfall measurements from rain gauges are typically associated with systematic

underestimation because of:

1. Gauge locations that consistently represent a portion of the mean.
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2. Wind, adhesion evaporation and snow (Groisman and Legates 1994)

3. The reposition delays of tipping buckets in high-intensity rainfall events.

On the contrary, radar-derived precipitation tends to systematically overestimate the

precipitation (Krajewski and Smith 2002).

The second type of error is the non-systematic error, which is characterized as

random error with variable biases. This error is mainly a result of variability in rainfall

intensities and of the inability of measuring devices to represent the spatial variability of

the precipitation.

The third error type, which is the timing error, results from time synchronization

between different data collection instruments. An example of the timing error is

synchronization of a rain-gauge network and synchronization between rain gauges and

streamflow gauges.

Most of the studies addressing the effect of erroneous precipitation data on

hydrologic predictions (Kavetski et al. 2002; Troutman 1982,1983; Kitanidis and Bras

1980a) require a priori specification of an explicit model of the error. Such model error

must be based on prior knowledge and/or assumptions.

Having demonstrated the usefulness of the LD (shape descriptors) as objective

functions in a multi-steps calibration framework, the LD sensitivity to errors in input and

output data must be investigated before they can be adequately utilized. The formulation

of the LD, which presents information about the shape of the time series, does not

consider the formulation basic properties such as magnitude and the timing of flow

events. This is believed to be advantageous in cases in which magnitude and timing
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errors persist. Based on the above review of the error sources in the data, it is fair to

assume that the common errors persist in hydrologic operation concerned with magnitude

and timing. Furthermore, it is assumed that, regardless of these errors, the basic

information on the integral behavior is preserved in the data and can be learned from the

shape. In the following sections, an approach that quantitatively assesses the sensitivity of

RLD and DLD to such errors is proposed and demonstrated.

4.3.2 Methods

Two years of cumulative daily rainfall data from the Leaf River (WY 1952-1953)

were used as input in this study. These typical years include a variety of hydrologic

regimes. Synthetic "true runoff" was generated using a set of "true parameter" values

(Cmax = 250, Bexp = 0.7, a = 0.5. Rs = 0.01 and Rq = 0.5). As is the case in many

synthetic studies, the model is assumed to be "perfect". In other words, the model

structure accurately captures all of the processes, which convert precipitation into excess

rainfall, and thereafter into streamflow. The assumption allows the identification of the

contributions of each of the remaining sources of error (input, output, parameters) to the

total model error. Here, again, the first simulated year was used as spinning time and

thereafter discarded from the analysis, and only the second year was used for

performance evaluation.

Three types of errors were introduced to the precipitation (input) and the runoff

(output) data. The input errors were introduced prior to the model simulation, while the

output errors were introduced to the "true" streamflow (no model runs).
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First, the systematic errors were introduced as overestimation multipliers of (5,

15, 25, 50, and 100 %) of the magnitude at each time step. Second, the non-systematic

error was introduced in terms of flow variance. For each time step, a corresponding

value, that is either an overestimation or underestimation error, was calculated as follows:

for each variable Xt (rainfall, and runoff) at the tth time step:

X' t = Xt [1+(R

where, Xt ' is the resulting erroneous value, R is the normally distributed random number

N(0,1), and E is the mean error; in this study, Ei = (0.05, 0.15, 0.25, 0.50, and 1).

Because the above equation produces heteroscedastic errors, the variance depends on the

magnitude of variable.

Third, timing errors were introduced by simply shifting the rainfall data time

series forward 1, 2, 3, and 4 time steps to create a synchronization error between the

runoff and the rainfall.

Finally, a fourth type of error that represents a model structure error was

introduced. This error was introduced by overestimating the quick-release (Rq)

parameter systematically using the aforementioned multipliers (E), while the input and

output were not perturbed. To summarize, seven cases of errors are considered: three

types of data errors (systematic, non-systematic, and timing) were introduced once to the

precipitation and once to the runoff, and an additional case in which the error was

introduced to the quick-release (Rq) model parameter.
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It is important to acknowledge that this study does not attempt to quantify the

value of errors. Thus, these selected errors, which might be occasionally exaggerated, are

used here as a tool to demonstrate a concept. In each error simulation, the differences

between the true and simulated RLD, DLD, RMSE, and Bias were calculated using the

"true" simulation to represent the observations. In order to compare objective functions

that have different units, all of the results were reported as cumulative values of the

relative change of difference. The procedure to calculate the relative change of

difference is illustrated in Table 4.5.

Table 4.5 An example of standardization of RMSE as a function of increased systematic
error in the precipitation. This type of standardization is repeated for all of the scenarios
and presented in Figures 4.8-4.11.

% error
(a)

RMSE
(b)

RMSE/change in error
(c)

Cumulative RMSE
(d)

(1) 0 0 0 0
(2) 5 7.4 1.5=(b2-b1)/(a2-al) 1.5=c l+c2
(3) 15 22.3 1.5=(b3-b2)/(a3-a2) 3.0=c2+c3
(4) 25 36.5 1.4	 " 4.4
(5) 50 74.8 1.5	 " 5.9
(6) 100 161.6 1.7 7.7

4.3.3 Results and Discussion

The effects of systematic data error on (a) precipitation and (b) runoff (a and b,

respectively) on the four evaluation criteria (RLD, DLD, RMSE, and bias) are illustrated

in Figure 4.8. It is shown in the figure that an increase in systematic errors in input

and/or output increases the bias and the RMSE. However, RLD and DLD showed very
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small changes when input errors were considered and no changes at all when the errors

were introduced to the output (Figure 4.8b).

Figure 4.8 Cumulative relative changes of ARLD, ADLD, RMSE, and bias as functions
of systematic overestimation errors in (a) rainfall, and (b) runoff.

Figures 4.9a,b show the effect of non-systematic error in precipitation (4.9a) and

runoff (4.9b) on the evaluation criteria. Because the magnitude of the relative cumulative

change of the RMSE is significantly larger, it is presented with a separate y-axis. The
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RMSE shows the greatest response to errors, while the bias shows an increase of about

10% with increased error. Because the non-systematic errors can either under- or over-

estimate the real data values, changes in the bias already occurred with a small error

(5%), while an increase of errors had a small impact on the bias.

Figure 4.9 Cumulative relative changes of ARLD, ADLD, RMSE, and bias as functions
of non-systematic error in (a) rainfall, and (b) runoff.
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With respect to precipitation, both shape descriptors exhibited negligible

changes. For runoff, on the other hand, the two shape descriptors exhibited changes with

small error (5%) and remained constant as the error increased. The fact that the RLD and

DLD do not consider flow magnitude, but rather measure the response to episodic events,

might explain the relative insensitivity to systematic and non-systematic errors in input

and output data. The procedure described above for introduction of non-systematic errors

to the runoff resulted in a noisy apparent line, which appears as an unrealistic error. In

this case, a small non-systematic error is sufficient to create this noisy apparent, and the

error magnitude has only a secondary effect on the shape.

The effects of timing errors on the four evaluation criteria are illustrated in Figure

4.10. As seen in Figure 4.10a, which corresponds to errors in precipitation, and 4.10b,

which corresponds with runoff errors, RMSE was substantially more sensitive to timing

errors in input and/or output than all other evaluation criteria. The LD showed very little

changes associated with the time shifts introduced to the input and output.

Figure 4.11 illustrates the effect of errors in the quick-release parameter (Rq) on

the four evaluation criteria. Clearly, both RLD and DLD were sensitive to errors in Rq.

However, RMSE continued to show the largest values of relative changes induced by

errors in the parameter. The bias has shown minimal changes with errors.

To summarize the above observations, the following statements can be posed:

• The RMSE was found the most sensitive to all of the error types.

• The bias is relatively not sensitive to errors in the Rq parameter but was

found sensitive to errors in the data.
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• The RLD and DLD were found sensitive to the errors in the Rq parameter

and relatively insensitive to data errors.

Figure 4.10 Cumulative relative changes of ARLD, VDLD, RMSE, and bias as functions
of forward time shift in the (a) rainfall, and (b) runoff
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Figure 4.11 Cumulative relative changes of ARLD, ADLD, RMSE, and bias as functions
of increasing error in the Rq parameter.

4.3.4. Practical Implications of RLD and DLD Insensitivity to Data Errors

The one-dimensional response surfaces of RMSE and RLD are plotted as

functions of Rq value in Figure 4.12. From Figure 4.12a, it can be observed that, when a

relatively small non-systematic error was introduced to model input (i.e., precipitation),

RMSE remained a viable objective function. However, when the magnitude of systematic

errors increased, the shape of the RMSE response surface changed in two different

aspects. First, the value of the optimal Rq decreases with errors. Second, a wide valley

became evident, which may affect the convergence of automatic calibration approaches.
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On the other hand, RLD, while displaying a substantially rougher surface, maintained

both the location and identifiability of Rq despite the substantial increase in non-

systematic error.

Figure 4.12 The one-dimensional response surfaces of (a) RMSE, and (b) ARLD as
functions of Rq for precipitation without and with non-systematic errors.

Figure 4.13 illustrates the Rq response surfaces of the RLD and RMSE as a

function of time errors. Here, the shape of the RMSE surface apparently did not change,

but the optimal Rq had a higher value for the erroneous data. From Figure 4.13b, it is

clearly seen that the optimal Rq associated with the erroneous data is identical to that
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associated with clean (no error) data. This again demonstrates the insensitivity of the

shape descriptors to data error and their potential utility in extracting relevant model

parameters that better represent similar aspects of the system.

Figure 4.13 The one-dimensional response surfaces of (a) RMSE, and (b) ARLD as
functions of Rq for precipitation without and with a synchronization (time shift) error.
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4.4 UNIT HYDROGRAPH DERIVATION USING RLD

4.4.1 Introduction and Scope

This case study demonstrates the potential use of RLD to parameterize the routing

component of a hydrologic model. In specific, the use of RLD to derive an optimal

empirical Unit Hydrograph (UH) is demonstrated. Traditional methods used to derive

unit hydrograph from historical records isolate one or few episodic precipitation events

together with their corresponding streamflow hydrograph.

The utilization of both precipitation and runoff in identifying UH introduces a

suite of potential uncertainties into the derived UH. Among these are uncertainties that

are associated with: (1) representation of the spatial and temporal variability of

precipitation; (2) arbitrary delineation of base-flow component; and (3) the matching and

segmentations of precipitation events and their corresponding streamflow.

It can be argued that deriving unit hydrographs from streamflow records only, if

possible, may eliminate some of the above-mentioned sources of uncertainties. If a shape

descriptor such as the RLD, which provide information regarding the basin's timing and

control of streamflow process, can be employed in such a process, it would provide the

advantage of representing the long-term behavior of the basin as opposed to a few

episodic events. In the following case study, the potential use of the RLD to

parameterize a 2-parameter unit hydrograph model is demonstrated.
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4.4.2 Unit Hydrograph (UH) Concept

The UH concept was developed in the early 1930s (Sherman 1932) to determine

the direct runoff from the hyetograph of effective rainfall. It is defined as the hydrograph

of a direct runoff resulting from one unit of effective rainfall occurring uniformly over

the basin at a uniform rate during a given period of time. Accepting the assumptions of

linearity and invariance time enables the estimation of a hydrograph to any given excess

rainfall using proportional and additive operations. The Instantaneous Unit Hydrograph

(IUH) is defined as the unit hydrograph resulting from infinitesimal duration of effective

rain. This is a conceptual representation of a system and can be related to basin

properties. One method to estimate IUH is to conceptually represent the basin as a series

of n identical linear reservoirs with an identical depletion coefficient (k) (Nash 1957).

Mathematically, the Nash model is equivalent to a gamma function representation of

flow:

a 	 (tk-lrec-tik)

kr,

where n and k can be regarded as scale and shape parameters, respectively; t represents

the corresponding time step and F„ = (n — 1)! .
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4.4.3 Methods

The cumuli ative rainfall (mm 6-hour4) record from the Leaf River basin (WY

1952-53) was used as model input. In order to generate excess rainfall, which is the part

of the rainfall that produces runoff, a Phi Index (Phi = 3 mm) method was selected

(Figure 4.14a). The Phi Index is defined as a selected constant rainfall rate above which

the rainfall volume equals the runoff volume. The generated excess rainfall was routed

using the normalized 6-hr UH that was acquired from the Lower Mississippi (LM), RFC

for the Leaf River (Figure 4.14b) to generate a synthetic "true" streamflow (Figure

4.14c). To estimate the above-mentioned UH, the LM-RFC utilized a GIS analysis

procedure commonly used in the NWS (UHG Technical Manual NWS; Bob Stucky, LM-

RFC NWS, personal communication 2003). This procedure is based on a time-area

approach (Clark 1945), which relates time to the portion of the basin which contributes

runoff during that travel time. The basin is divided into areas of equal travel time

("isochrones"), and the area and the travel time parameters for the UH derivation are

estimated from spatial GIS layers.

The effectiveness of the RLD to estimate the Nash model parameters was

evaluated by comparing the "true" streamflow to the simulations. Simulations of the

streamflow were generated using the excess rainfall as input and the Nash model (gamma

function) as a routing procedure. Three hundreds parameterization combinations of the

Nash model were simulated in which n are integers from 1 to 10 and k range from 0.2 to

6 in 0.2 increments. For each simulation, the RLD was calculated, and the response
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surface of the ARLD (i.e., the differences between the synthetic and simulated

streamflow) is shown in Figure 4.15.

Figure 4.14 Generated synthetic flow for the Leaf River: (a) 6-hour excess rainfall; (b)
notnialized [0-1] UH acquired from the NWS; and (c) generated synthetic flow using b to
route a.

Note that the Nash model is IUH and it had to be converted to a 6-hour UH in

order to enable comparison to the NWS 6-hour UH. However, the UH converted from the

IUH (using the slope of the cumulative bin area of the IUH) and the IUH appear to have
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similar shapes. Therefore, here the 6-hour UH and the Nash IUH were normalized to

provide comparable model output.

Figure 4.15 The response surface of the ARLD (absolute differences between the
synthetic hydrograph) as a function of k and n parameters in the Nash model.

4.4.4 Results and Discussion

It is shown in Figure 4.15 that the RLD response surface has an extended valley

(marked with a black line). This extended valley indicates that the k and n parameters are

strongly related to each other, and that there is no unique solution which satisfies the

RLD objective (ARLD 0). The best nine combinations of k and n that produced

ARLD smaller than 0.01, are shown in Figure 4.16. The corresponding ensemble
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simulation resulting from these nine best parameter combinations is shown in Figure 4.17

for a 100-day period at 6-hour time steps. Moreover, the simulation of the optimal k and n

(1.6 and 5, respectively) based on the ARLD is shown in Figure 4.18.

,

.,

n

N'
--

1

0 1 1 I t I 1

0	 0,4 1.2 1.6 2,0 2.4 2.8 3.2 3.6 4.0

Figure 4.16 The nine n and k that yielded ARLD <0.01.

It is evident from evaluating both Figures 4.17 and 4.18 that the Nash model

results provide a very good prediction of the synthetic flow derived from the UH that was

acquired from the NWS. Note that, because of the aforementioned normalizing

procedure applied to the UH and the IUH, the magnitude of streamflow should not be
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considered in the performance evaluation. However, other aspects of the hydrograph,

such as timing and shape of the rising and declining limbs, should be considered and,

clearly, are captured very well. This good performance, although derived from a

synthetic study, demonstrates the potential of the RLD as a tool for routing model

parameter estimations.

Figure 4.17 Ensemble simulations of the nine k and n combinations that yielded ARLD <
0.01.
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Figure 4.18 The optimal Nash model simulation with regard to ARLD (k — 1.6, n = 5)
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4.5 SUMMARY

Three case studies were presented in this chapter as demonstrations of the Rising

Limb Density (RLD) and the Declining Limb Density (DLD) utility in hydrologic

modeling. The first application focused on parameter estimation of the 5-parameter

HYMOD model. Both measures were found to be very sensitive to the depletion

coefficient of the quick-flow reservoir (Rq) and were also highly interdependent. A 2-

step sequential calibration procedure was proposed to utilize the information content of

RLD into the parameter estimation. In the first step, the RLD is used to estimate the

quick-release depletion coefficient parameter. In the second step, three standard residual-

based objective functions were used in the SCE-UA automatic calibration procedure to

identify the remaining four parameters.

Calibration experiments were conducted for nine different streamflow record

sequences of four years each. In all cases, the 2-step approach resulted in marked

improvement in the parameter estimation. Further evaluations using common validation

measures such as the Nash-Sutcliffe Efficiency Coefficient demonstrated the utility of

RLD in improving the reliability of the model. In this 2-step procedure, the reliability

was also pronounced by the model's ability to better capture long- and short-term

hydrograph characteristics and low and high flow events.

In the second case study, the use of the shape descriptors as measures, which are

relatively insensitive to magnitude and timing errors in the data, was explored. Three

types of errors (systematic, non-systematic, and timing), which are considered to

represent errors in precipitation and streamflow hydrographs, were evaluated. Except for
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non-systematic error in streamflow, all of the introduced errors apparently did not affect

the RLD and DLD, but had a significant impact on the absolute bias and RMSE. On the

other hand, when error was introduced to the Rq parameter, both RLD and DLD became

sensitive together with the RMSE, while the bias did not show sensitivity to the errors in

the Rq parameter.

The implication of the RLD and DLD relative insensitivity to data error facilitates

the following: (1) estimating parameter sets that are less biased by data errors; and (2) the

estimation of the different sources of errors contributed to the total error.

The third case study explored the potential use of the RLD in determining unit

hydrograph parameters. Using the 2-parameter gamma function, the shape of the 6-hour

Unit Hydrograph of the Leaf River basin that was acquired from the LM-RFC NWS was

reconstructed with a high degree of accuracy. This method has two key advantages: (1)

only streamflow data are used which eliminate various sources of uncertainties; and (2)

the method considers a long-term streamflow data set, as opposed to traditional methods

that consider episodic events, which describe the overall behavior of the basin under

various hydrologic conditions.
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CHAPTER FIVE

CONCLUSIONS AND FURTHER RESEARCH

5.1 CLOSING REMARKS

The primary objective of this research was to explore the concept of streamflow

indices as an alternative source of information that is suitable for hydrologic studies.

These indices were defined as numeral information extracted from the basin hydrographs,

with the expectation to be consistent when analyzed for a given basin and distinguishable

when compared among basins. Descriptive of different aspects of the basin's hydrologic

response, streamflow indices may include information that corresponds with physical

properties of the basin. Although the case studies were presented in the context of RLD

and DLD, it is reasonable to propose that these criteria can be generally applied to a wide

range of streamflow indices. The implementation of streamflow indices in the hydrologic

modeling context was also explored.

Although this research advocates the use of streamflow indices to hydrologic

parameter estimation practices, it does not contradict traditional practical methods. The

following list is a summary of the apparent advantages gained by practicing the use of the

RLD and DLD:

• Simple and intuitive.

• Descriptive of integrative behavior/s of different aspects of the hydrologic

response.

• Relatively insensitive to uncertainty resulting from data magnitude and timing

errors.
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• Potential augmentative information for a multi-criteria evaluation procedure.

• Non-parametric and model-independent measures.

• Minimal a priori statistical distribution assumptions.

Initially, this study was motivated by the need to improve hydrologic models

representative of the actual system (Klemés 1986; Dunne 1998; Beven 2001; Sivapalan

2003, for example). A common agreement among many studies is that the modeling

practices have to rely on new type of observations to improve understanding of dominant

hydrologic processes (Klemes 1986; Dunne 1998, Beven 2001; Sivapalan 2003, for

example). Seibert and McDonnell (2003) addressed these calls, for example, by utilizing

"soft data" in parameter estimations of conceptual models. They defined soft data as

"qualitative knowledge gained from the experimentalist that cannot be used directly as

exact numbers, but that can be useful through fuzzy measures of model simulation and

parameter value acceptability". Soft data may be based on "hard" measurements (e.g.,

runoff), yet these measurements require some interpretation or manipulation by a

hydrologist before being useful in model testing. Streamflow indices can be considered

as knowledge interpolated from hard data (e.g., runoff) and, as such, satisfy part of the

definition stated above.
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5.2. SUMMARY

This study attempted to address the following objectives:

(1) Develop a hydrograph-based procedure that is capable of conveying

information regarding basin properties.

(2) Develop and test the hypothesis that streamflow indices are useful in (a)

detecting changes in basin physical characteristics and (b) improving the

identification of hydrologic models.

With respect to objective 1, the major findings and contributions are:

1. A streamflow index is defined as a streamflow variable that is consistent

and distinguishable.

2. Two streamflow variables that describe the shape of the hydrograph were

introduced: Rising/Declining Limb Density, RLD and DLD, respectively

and their effectiveness as streamflow indices was thoroughly examined on

19 selected basins.

3. With respect to annual RLD and DLD calculated from the mean daily

flow, for the majority of the basins, the RLD and DLD are consistent and

distinguishable measures.

4. The RLD and DLD appear to describe channel and hillslope routing

processes in the basin.
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5. The LD appear to have some functional relationship to some basin

properties, although no significant relationship to a distinctive basin

property is identified in this study.

With respect to objective 2, the major findings and contributions are:

1. The RLD and DLD were found to be effective in detecting notable land-

cover change and a notable flow perturbation.

2. The utilization of the RLD in the 5-parameter HYMOD model parameter

estimation improved the model reliability and predictive skill. The

improvement is expressed in overall statistics of the flow and the

prediction of high and low flow for the long- and short-term.

3. Both RLD and DLD were shown to be, on the one hand, relatively

insensitive to magnitude and timing errors in the data and, on the other

hand, sensitive to error in the model parameters.

4. The potential of the RLD to aid in estimation of a Unit Hydrograph model

was demonstrated. In this demonstration, an annual streamflow record that

represents a variety of hydrologic conditions was used.

5.2 RECOMMENDATIONS FOR FUTHER RESEARCH

This study is envisioned as an initial one that incorporates intuitive observed

measures into the mechanistic hydrologic modeling identifications. Pursuing this study, a

set of questions regarding future research arose, some of which are thought to carry
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scientific merit. The research presented here focused on the utilization of the shape

descriptors as case study examples for a "proof of concept". An ultimate procedure that

builds upon the recommendation of this study would enable estimation of the parameters

of a hydrologic model based only on streamflow signals. In fact, a study, in which a suite

of indices was used to estimate the 13 parameters of the Sacramento Soil Moisture

Accounting model, is currently in progress.

It would be interesting and useful to identify relationships between the various

streamflow indices and available spatial data layers (GIS), and develop quantitative

relationships that provide a method to predict streamflow indices from spatial analyses.

Such a study-although might appearing ambitious- is thought to have two major

implications in the hydrologic modeling of streamflow: (1) assist in identifying the major

processes that dominate streamflow production at a basin scale; and (2) applied toward

knowledge transfer to un gauged basins and advance hydrologic prediction in un-gauged

basins.

An additional advantage that arose from the study analysis is the potential

to derive indices which are sensitive to a specific source of error and relatively insensitive

to other errors that contribute to the overall uncertainties. The uncertainty source is a

major issue in the hydrologic literature. With almost no exception, the error in the

modeling exercise is considered lumped and additive. There is a need to discriminate

among the sources of the errors and identify the contribution of different modeling

components (i.e., model structures, parameters, and fluxes) to the error. Dissection of the

error sources is also an interesting potential application of the streamflow indices.
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Finally, the indices can be used for identification to detect the impact of land-

cover/use changes and long-term climate changes if sufficiently long-term streamflow

data exist. The indices can also be a tool for classification of basins based on the signals

for ecological and management practices and classification for a land-cover change to see

the effect which climate change has on the hydrologic response.
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