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The USDA-ARS and SARH-INIFAP conduct a binational project entitled 

"Developing New Conservation Management Systems" which objective is to provide 

agricultural production strategies that preserve natural resources and the environment. 

Watershed simulation models play an important role in this project because watershed 

response can be predicted as a flinction of management decisions in different scenarios. 

Current modeling technology requires development of large databases to parameterize 

watershed simulation models. Simplification of this process will contribute significantly in 

accomplishing the general objective on both sides of the border. 

The SWAT model —Soil and Water Assessment Tool— was selected for this project 

since it allows for long term spatially distributed watershed response simulation. Available 

records on daily rainfall, surface runoff, and soil erosion from subwatersheds at the Walnut 

Gulch Experimental Watershed were used to study the effect of parameter value variation 

and its spatial aggregation on model output accuracy. The methodology included the 

integration of input databases with information from previous studies and field surveys. 

Statistical analysis of measured data included the double mass technique, model calibration, 

sensitivity analysis both the univariate and the multivariate approaches. The eflect of 

aggregating spatially input data on model output accuracy was evaluated to determine the 

size of subwatershed for which databases must be developed in semiarid environments using 

the SWAT model. 
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Results of this research showed that Curve Number is the most influencing 

parameter for both water and sediment yield. Other parameters that were important include 

hillslope steepness and those related to channel dimensions and hydraulic properties of 

channel alluvium. Regarding their spatial aggregation, it was observed that model accuracy 

is proportional to the number of subwatersheds in a nonlinear manner. Non significant 

increase in model accuracy was observed when watershed discretization yields mean 

sub watershed size lower than 1.2 square kilometers. This value is consistent with other 

studies and it represents the level of spatial aggregation of the input data for which model 

accuracy reaches its maximum. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Problem statement 

It is widely recognized that resource management decisions at the watershed level 

must be supported by a precise representation of the soil and water quality and quantity 

dynamics. Spatial and temporal variation of hydrologic processes may enable decision 

makers to maximize income with minimum environmental impact. Accurate data on stream 

flows (volume and peak runoff), sediment yield, and watershed surface conditions are 

required for optimum resource management decisions. Since in most of watersheds water 

yield and related processes are not measured, decision models are useful tools only if 

hydrologic simulation data are available. 

Hydrologic modeling is characterized by high complexity due to spatial variability 

of surface parameters and the dynamic behavior of the involved processes (Carlson et al., 

1993). These characteristics make costly and time consuming hydrologic field studies 

because many resources are required to describe in detail the spatial variation of 

precipitation, vegetation, soil features, and terrain forms (Holmgren, 1994). Moreover, any 

change of these variables affects the hydrologic response at the watershed level. Several 

efforts have been done to solve this complexity (McKim et al., 1993). The most successful 

approach is the so-called distributed hydrologic model (Wigmosta et al., 1994). Geographic 

Information Systems have been efficiently used to parameterize distributed hydrologic 



models (Warren et al, 1989, Connors and Gardner, 1991; Morera-Beita, 1991; Drayton et 

al., 1992; Srinivasan and Arnold, 1994; Mellerowicz er a/., 1994). 

Hydrologic models are partially based on arbitrary assumptions because addressing 

the physical basis of all output variables is not accurately possible. Also, parameter 

estimation and model complexity usually induce errors that cause uncertainties of the model 

output (Young, 1983; Singh, 1988). According to Mc Laughlin (1983), complex models 

do not necessarily improve the prediction accuracy, but worsen the use and interpretation 

of results. 

The USDA - Agricultural Research Service has focused water resources research 

on the development of process-based hydrologic models (Renard at al., 1993). Examples 

of those are the Water Erosion Prediction Project, WEPP (Lane and Hearing, 1989) and the 

Kinematic Runoff and Erosion Model, KINEROS (Woolhiser e/a/., 1990). Process-based 

distributed models offer the possibility of reducing uncertainty while increasing the 

extrapolation capacity, at the cost of increasing the number of parameters. In contrast, 

empirical models can be managed easily on a reduced range of conditions. Any combination 

of these approaches may result in increased accuracy, simplicity, and extrapolation power 

of the hydrologic forecast on poorly instrumented watersheds. 

The Soil and Water Assessment Tool (SWAT) is a semi-empirical distributed 

hydrologic model (Arnold et a/., 1994). The objective of SWAT is to predict the effect of 

management practices on the chemical characteristics of runoff and sediments for ungaged 

and complex watersheds. SWAT is the integration of the Simulator for Water Resources 



in Rural Basins, SWRRB (Williams el al., 1985) and the Routing Outputs to the Outlet, 

ROTO (Arnold, 1990). The SWRRB model was derived from the field-scale model 

Chemicals, Runoflf, and Erosion from Agricultural Management Systems, CREAMS (Knisel, 

1980). The hydrology component of CREAMS was modified to provide watershed-scale 

daily estimations of surface runoff, return flow, percolation, evapotranspiration, transmission 

losses, ponds and reservoir storage, sedimentation, and crop growth. Arnold etal., (1990) 

and Williams (1991) outline a detailed sequence of the involved computations for SWRRB. 

The original version of SWRRB was successfully validated for different watershed 

conditions (Arnold and Williams, 1985) and used for runoff and sediment yield simulation 

(Mokadem et al., 1989; Nichols et al., 1994). However, it was limited to only ten sub-

basins with a very simplistic routing structure. These limitations were solved when SWRRB 

and ROTO were merged to develop the new version called SWAT. Lately, a SWAT/GIS 

interface was developed to extract spatially distributed parameters, such as slope, soil water 

holding capacity, hydraulic conductivity, and weather data (Rosenthal el al., 1993; 

Srinivasan and Arnold, 1994; Srinivasan et al., 1994). 

The current version of the model SWAT allows users to characterize about fifty 

hydrologic variables for up to 2,500 subbasins with daily values. The accuracy of the output 

depends on the spatial and temporal aggregation level of the input data. Highly 

instrumented watersheds allow for model parameterization with different levels of data 

aggregation. However, most of the watersheds are ungaged which represents a difficulty 

in the model parameterization. Application of this model on ungaged watersheds requires 
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that error propagation studies be done at different levels of the input data aggregation. This 

knowledge will lead to simplifications on the model input data base according to the desired 

accuracy and the constraints to develop the input data base. 

The major motivation and support for this project have been the Binational Project 

"Developing New Conservation Management Systems" signed between USDA-ARS and 

SAGAR-INIFAP -Mexico- whose objective is to provide agricultural production strategies 

that preserve natural resources and the environment- Simplified parameterization of 

hydrologic models will contribute significantly in accomplishing that objective. Further goals 

of the project will depend on accuracy and simplicity of hydrologic models at the watershed 

scale. 

1.2 Objective 

The main objective of this Dissenation is to delineate a methodology for 

simplification of the parameterization process of a distributed hydrologic model. Model 

sensitivity analysis and geometric simplification will support both model output accuracy and 

input data base simplicity. The simplified model parameterization scheme will enable users 

to apply SWAT on large, complex, and ungaged watersheds. 

1.3 Approach 

The methodology to fulfill the general objective of this project includes the 

development of a data base for model parameterization, analysis of model structure based 
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on error propagation and sensitivity to parameter value fluctuation, and analysis of model 

performance as a function of the spatial aggregation of input data base. 

The general structure of this document includes an analysis of the state-of-the-

science regarding watershed simulation models emphasizing parameterization of quasi-

distributed models in Chapter 2. Chapter 3 outlines a detailed description of the equations 

governing the surface watershed response processes of volume runoff, peak runoff, and soil 

erosion as an approach to find out the most influencing parameters on the model accuracy 

according previous studies. 

Chapter 4 focuses on development of the input data base which is based on data 

acquisition from field surveys and collection of relevant data used in precedent studies in 

these experimental watersheds. Rainfall records were merged to develop long-term input 

files with a prior analysis of correlation between adjacent raingages. A component of this 

chapter is the application of Convolution Analysis in determining parameters of watershed 

slope distribution function. 

Chapter 5 focuses on estimating model parameters for water and sediment yield. 

The Double Mass Analysis approach was applied on long-term rainfall-runoff records to 

define homogeneous periods of watershed response. All the above efforts allowed the 

specification of parameter values used in a Model Calibration exercise to estimate Curve 

Number values for each of the small and medium-size watersheds under study. Availability 

of sediment yield data enabled estimating soil erosion related parameters. A validation 

approach presents the confidence in using the calibration-derived parameter values. 
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Chapter 6 presents results of model sensitivity to parameter fluctuation for 

watersheds with and without a defined channel system and for both surface runoff and 

sediment yield simulation. Small and medium-sized watershed parameters as obtained in 

Chapter 5 were used in a stochastic simulation —Monte Carlo— approach to fulfill the above 

analysis. 

Chapter 7 considers geometric simplification of the parameterization procedure to 

determine the most efficient spatial aggregation of the input data base. Simulation models 

like SWAT are sensitive to spatial scaling which means that parameter values may be 

distorted because of internal variability of driving processes within a watershed. Wood 

(1995) points out that soil moisture is the critical variable affecting the non linearities in 

watershed response. In SWAT, soil moisture is taken into account when CN is initialized, 

although the effect depends on the relative dominance of soil-vegetation and atmospheric 

controls. According to Sivaplan and Wood (1986), rainfall variability is more critical than 

infiltration, "The importance of each depends on the relative magnitude of its variance." 

Knowing that CN initialization is related to hydrologic soil characteristics, it is important 

to address the spatial scale at which the spatial variability imposed by the characteristic 

coverage of the runoff-producing storms in Southeastern Arizona may affect the accuracy 

of watershed response simulations. 

Geometric simplification of the parameterization procedure is proposed according 

model performance results from combining variability of the runoff potential coefficient ~ 

Curve Number— and levels of rainfall data aggregation on a large watershed. Model 



performance indices establish the sensitivity of model accuracy to the level of spatial 

aggregation of the input data base. Chapter 8 is a summary of the dissertation, including 

general conclusions and suggestions for future research in this regard. 

1.4. Contribution 

This project contributes to the established procedures of the USDA-ARS to assess 

the uncertainty sources of computer models. Also, it improves the use of complex models 

through a simplified parameterization procedure. 

The simplified scheme to parameterize the SWAT model will enable users to detect 

error sources and the relative effect of each parameter given the level of spatial aggregation 

of the input data. This knowledge will enable them to establish the parameters that should 

be carefijlly measured in the field and alternately, the parameters that should be estimated 

or extracted from other sources to enhance the model use efficiency for ungaged and 

complex watersheds. This methodology is designed to be applied on other semiarid 

watersheds where data sources are scarce or their uncertainty is considered unacceptable 

for simulation purposes. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1 Introduction 

Current knowledge of environmental processes has been developed at different 

depths for local, regional, and global scales. Local-scale processes have been studied so 

thoroughly, that the derived knowledge is integrated into simulation models. Watershed 

simulation models are mathematical representations of water flow over or under the ground 

surface, and their constituents as dissolved compounds and/or suspended particles. 

Simulation models accomplish two objectives. One is to support decision and policy 

makers on watershed management. The other one is to help scientists in understanding the 

spatial and temporal variability of environmental processes affecting the quantity, quality, 

and availability of natural resources. The main goal of hydrologic models is to simulate 

both, the quantity and the quality of surface and ground water (Fedra, 1993; Maidment, 

1993) and their distribution in time and space (McCuen and Snyder, 1986). Stone et cil. 

(1986) suggest that hydrologic simulation models must provide representation of channel 

and upland processes as a result of changes in land use, be applicable to ungaged basins, and 

be cost and time efficient. According to Singh (1995), reaching these goals depends on the 

success in defining the system processes, input data, governing laws, and initial and 

boundary conditions. 
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It is commonly believed that accuracy of results is a direct function of model 

complexity, given by an apparently better physical and mathematical basis (Pilgrim and 

Cordery, 1992). Woolhiser and Brakensiek (1982) and Stone et al. (1996) recommend that 

application of simulation models be supported by assessments on the accuracy of prediction, 

complexity of the model, consistency of parameter values, and model sensitivity. 

The objective of this literature review is to provide an analysis of the state-of-the 

science on the relationship between model accuracy and complexity in quasi-distributed 

watershed simulation models. This chapter encompasses three major issues. Classification 

of hydrologic models outiines the most used schemes for model classification with emphasis 

on parameterization of quasi-distributed models. Error propagation includes current 

advances on model calibration and sensitivity analysis as standard procedures for model 

error assessment. Geometric simplification focuses on optimization of the spatial resolution 

for quasi-distributed watershed simulation models. 

2.2 Classification of hydrologic models 

Criteria for model classification include model structure, uncertainty, spatial and 

temporal variation, scale, and application. Beven (1985) points out two basic structures of 

simulation models: Empirical or Black-box type and Process-based models. Empirical 

models are based on statistical relationships between input and output of hydrologic systems 

(Hardisty et al., 1993). These simplistic relationships are useful where few data are 

available and a precise representation is not required. The most common empirical 



hydrologic models are the Soil Conservation Service Curve Number (SCS-CN) method to 

estimate volume runofl^ the Rational Equation for peak runoff, and the Universal Soil Loss 

Equation (USLE) for soil erosion. 

While empirical models provide little insight on the system (watershed) structure and 

component interactions, process-based (also called physically-based) models can describe 

the hydrologic system based on fundamental laws and/or theoretical principles (Beven, 

1985; Hardisty 1993). By using process-based models, not only the spatial, but also 

the temporal variability of the system could be assessed. Woolhiser (1981) established 

guidelines to develop physically based models for overland flow. The fundamental laws are 

the conservation of mass, energy and momentum. The kinematic wave equation is a 

simplification of the diffusive wave equation, derived from the momentum equation. 

Application of this theory in practical situations requires the definition of a model of flow 

in porous media, the selection of a numerical method to solve the equations, and the level 

of spatial aggregation of the watershed elements. 

Beven (1985) discussed the advantages and limitations of using process-based 

hydrologic models. Their spatially distributed nature enables users to estimate the spatial 

pattern of hydrological response. Also, their physical basis ensures higher accuracy in 

extrapolation situations as compared with empirical models. The major difficulty in using 

this approach is the high dimensionality imposed by a large series of process-based 

equations. Model parameterization requires exhaustive field data acquisition work. 

However, recent developments in hydrologic modeling show the increasing application of 
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physical principles provides models that are more widely applicable (Kirkby, 1985; 

Anderson and Burt, 1985; Steyaert, 1993). 

Regarding uncertainty of simulation models, Maidment (1993) recognizes two 

categories: Deterministic and Stochastic. Building a watershed simulation model implies the 

development of a deterministic and stochastic components. The first one comprises all 

previous knowledge that the modeler has on the phenomenon to be modeled, namely the 

physical component. The stochastic component is a probabilistic representation of that part 

of the phenomenon that cannot be explained by the physical component (Todini, 1988). If 

a model is fully based on the physical component, the model output is deterministic. In 

contrast, if the model is entirely probabilistic, its output is stochastic. Parametric models as 

defined by McCuen and Snyder (1986), correspond to quasi-deterministic or quasi-

stochastic as defined by Singh (1995) and include both, deterministic and stochastic 

components. Most of the current watershed simulation models belong to this category 

(Woolhiser and Brakensiek, 1982). 

Spatial variability of input/output is another factor to consider when classifying 

simulation models. Deterministic models can be either lumped or distributed whereas 

stochastic models can be space-independent or space-correlated (Maidment, 1993). 

Lumped models consider uniform values of rainfall and watershed parameters across the 

watershed. This simplistic assumption is the main cause of error in these kinds of models. 

Recognizing that hydrologic processes are variable both in time and space, has prompted 

the development of distributed models. A distributed model discretizes the watershed into 
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subwatersheds or into a regular or irregular grid of surface elements. This discretization 

allows modelers to forecast hydrologic processes that are geographically referenced. 

Overall, the data required in distributed models is much higher than in lumped models. The 

primary question addressed by Geostatistics is if a variable is space-correlated or space-

independent. This knowledge is fundamental in simplifying spatial representation of 

hydrologic variables. 

Regarding temporal variability of hydrologic variables, deterministic simulation 

models can be either steady-state or dynamic models. Stochastic models can be either time-

dependent or time-correlated. Steady-state models do not consider temporal variation of 

model parameters or output. Conversely, in dynamic models, time is explicitly considered 

when formulating the model (Woolhiser and Brakensiek, 1982; Steyaert, 1993). Hydrologic 

processes are time dependent and therefore, dynamic modeling is the best strategy in 

simulating watershed responses. 

Model classification based on scale of application regards specification of space and 

time. Space scales are designated as micro-scale (less than one sq. km), lower meso-scale 

(one to 100 sq. km), upper meso-scale (100 to 100,000 sq. km), and macro-scale (larger 

than 100,000 sq. km) (Schultz, 1994). Time scales are grouped into three categories: 

Event-based, Continuous-time, and long time-scale models (Singh, 1995). Stone et al. 

(1996) point out that event-based models simulate runoff and sediment yield on a single 

storm basis whereas continuous simulation models do it for an extended period on a daily 

time step basis. Large time scale corresponds to Global Change simulation models where 



the watershed response is predicted under long-term future climate scenarios (e.g., Gleick, 

1985; Etenkhabi and Brass, 1991; Leavesley et al., 1992). Applications of event-based 

models include design of hydraulic structures such as culverts, spillways, and diversion 

channels whereas continuous simulation models are better suited to evaluate watershed 

responses (runoff and sediment yield) from decisions on land use management. 

Lane and Nichols (1996) developed three quantitative criteria to classify watershed 

simulation models that included model complexity, model uncertainty, and systematic error. 

According to these authors, model complexity results from multiplying the number of 

parameters and input values, and the number of simulations required to generate the 

sensitivity curve through a non-interactive sensitivity analysis, plus one. Model uncertainty 

is the sum of coefficients of variation of model input variables and parameters. Systematic 

error suggests the physical basis of the model through the number of fundamental laws 

included in its formulation. In their analysis of five common hydrologic models, model 

complexity was positively correlated to model uncertainty whereas it was negatively 

correlated with systematic error. Curve Number (empirical) runoff models showed the 

lowest complexity whereas KINEROS (process-based) models were the most complex. 

Objective systems of model classification are usefiil when selecting the most 

appropriate simulation model for a given situation according to the problem, availability of 

data for calibration and validation, and computer capabilities. Current trends in modeling 

show that quasi-distributed, physically based models are gaining popularity as the best 

choice for a wider range of application conditions (Beven, 1985; Anderson and Bun, 1985; 
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Steyaert, 1993; Fedra, 1993) and a better representation of the reality across the watershed 

(Kirkby, 1985). The increasing availability of powerfiil and affordable computers is a key 

factor that helps in this process (Fedra, 1993). Nevertheless, the cost of field data 

acquisition for model parameterization remains as a major constraint in ungaged basins. 

Therefore, any reduction in model dimensionality will result in a more cost efficient 

approach. On the other hand, integrating watershed simulation models into decision support 

systems requires that these models be displayed in a simplified way for the common user 

(Singh, 1995). The following section presents a detailed analysis of quasi-distributed 

hydrologic simulation models. 

2.3 Quasi-distributed hvdrologic models 

2.3.1 The nature of distributed parameters 

Optimization of resource management necessarily implies handling distributed data 

regarding environmental processes. Steyaert (1993) and Loh and Powe (1993) refer to 

environmental processes about their dimensionality, dynamics, and complexity. Most of 

them are three dimensional, time-dependent, and complex with non-linear behavior, 

randomness and feedback patterns over multiple time and space scales. Alterations on 

environmental processes affect natural resources at different scales. 

Local processes, (e. g. albedo, relative magnitudes of latent and sensible heat 

transfer, roughness, evapotranspiration, CO, assimilation, rainfall interception by canopy), 

affect weather at regional scale. Land use changes modify the temporal and spatial 
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distribution of such processes. Rainfall, runoff", and groundwater recharge depend greatly 

on surface characteristics (Skula and Mintz, 1982; Henderson-Sellers and Pitman, 1992; 

Schimel and Burke, 1993). Land use changes at the local scale include urban development, 

landfiU screening, recreation, mining, water resource development, and intensive agriculture. 

The related effects include flooding, air pollution, soil erosion, non-point source pollution, 

groundwater depletion and contamination, and loss of biodiversity (Calder, 1993). These 

regional-scale effects may result in global warming, desertification, and famine at the global 

scale. 

The goal of any watershed simulation model is to quantify changes in large and 

complex watersheds where using direct field data is practically impossible. Many 

simulation models tend to account for this difficulty by increasing the model complexity that 

makes it difBcult to parameterize them when used in ungaged watersheds (Schaake, 1990). 

Clark (1993) identifies two priorities of hydrologic models. If system functionality 

understanding is needed, then complex data structures help modelers to predict a variety of 

system variables. On the other hand, applications of models in solving real problems require 

simplicity to maximize cost efficiency, support and maintenance, and minimum alteration of 

current decisions. 

Hydrologic models have evolved fi"om totally empirical to quasi-physically based or 

quasi-distributed. Whereas empirical models are statistical relationships between input and 

output lumped variables, quasi-distributed models offer the best potential to address the 

spatial nature of hydrologic processes because of their capability to handle large amounts 
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of spatially oriented data and by applying GIS techniques (Nygers, 1993). Stuart and Stocks 

(1993) explain that spatial discretization and flexibility of model structure are two attractive 

features of the quasi-distributed approach. Spatial discretization allows users to address the 

spatial variability of the main driving processes and controls. Hydrologic response units are 

a better choice than regular surface elements. The flexibility of distributed model structure 

represents an opportunity to assess the model sensitivity by adding or removing variables. 

Robustness is another attribute of quasi-distributed models. Beven (1985) defines 

distributed models as physically based with the capability to forecast hydrologic outputs 

either spatially referenced across the basin, or as total watershed response. Watershed 

response can be described in one (river models), two (land, atmospheric, water quality, and 

population), or three dimensions (air and water models) (Fedra, 1993). Singh (1995) shows 

that parameterizing distributed models demands much more data than lumped models. 

Because the higher cost of model parameterization (Beven, 1985), application of fully-

distributed models in ungaged watersheds is still a challenge. 

Most of the current modeling efforts are devoted to quasi-distributed models. Early 

efforts were reported by Woolhiser and Schulz (1973) and Lane (1982). More 

contemporary models have been reviewed and reported by Rosso et al. (1994) and 

Wigmosta et al. (1994). There have been numerous advances in the reduction of the 

dimensionality of this type of model. Data acquisition by remote sensing techniques and 

analysis by using Geographic Information Systems (GIS) technology have simplified the 

modeling process (Connors et al., 1989; Belward and Valenzuela, 1991; Connors and 
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Gardner, 1991; Drayton e/a/., 1992; Goodchild e/a/., 1993; McKim e/a/., 1993; Schultz, 

1994). Although the model complexity can be reduced, there remains much work to do on 

uncertainty sources and parameter sensitivity in quasi-distributed physically based 

models. 

2.3.2 Parameterization of quasi-distributed models 

Application of hydrologic quasi-distributed models requires taking advantage of the 

technological capabilities of GIS. Muzik (1993) and Maidment (1993) point out that GIS 

and Remote Sensing data simplifies data acquisition and management that results in a more 

cost and time efficient technique of model parameterization. GIS allows modelers to attain 

a high degree of spatial resolution (Maidment, 1993) for analysis of scale effects on model 

accuracy (Gao et al., 1993) 

Integration of GIS and hydrologic models can be accomplished either by encoding 

the simulation model within the GIS environment, or through a GIS-model interface. 

Accurate modeling within the GIS environment is a perspective rather than a reality. Since 

GIS technology is more recent than hydrologic modeling, hydrologic simulation is limited 

to operators available in the GIS. Moreover, distributed models are based on nonlinear 

partial differential equations that are not available within most of the available GIS. 

However, a just published example of this approach was made by Vieux and Farajalla 

(1996). They developed a GRASS simulation model (r.water.fea) to simulate storm runoff 

fi-om distributed values of rainfall as measured by NEXRAD (radar network in the USA) 
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and terrain features. 

The most used strategy to link GIS and hydrologic models is known as GIS-model 

interface. This approach represents a very flexible method for modelers. The attributes are 

exported as ASCII tables, and the results are re-imported for graphic display (Fedra, 1993; 

Nygers, 1993; Stuart and Stocks, 1993). Examples of GIS interfaces for SCS-CN based 

hydrologic models have been developed by Hanson and Baker (1993), Engel et al. (1993), 

Srinivasan and Arnold (1994), and Goddard et al. (1996). The hydrologic models were 

SPUR, ANGPS, SWAT, and EPIC respectively. All these models have similar hydrologic 

simulation routines and are derived from CREAMS, a CN-based field scale model for 

chemicals, runoff, and erosion from agricultural management systems (Knisel, 1980). The 

GIS software for these examples was GRASS. Many other GIS-model interfaces have been 

developed elsewhere (e. g. Warrene/a/., 1989; Shamsi and Schneider, 1993; Muzik, 1993; 

Rundraefa/., 1993; JCienzle, 1993;Mellerowicze/a/., 1994). Interfaces between GRASS 

and CN-based hydrologic models are increasingly being developed because the availability 

and robustness of GRASS and the low complexity of CN-based models. GRASS is a 

public-domain software for which source code is available and allows modelers to customize 

the interface and can operate on a wide range of computer architectures (Engel et al., 1993). 

The CN-based watershed models are being used by the USDA-NRCS and many other 

government agencies as problem-solving tools on soil erosion, inventories, and decision 

support systems in agriculture (Lane et al., 1992; 1994). 
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Remote Sensing technology plays an important role in GIS-model interfaces because 

it provides the data sources to extract parameter values of physical variables. Much 

hydrologically relevant data can be remotely sensed and mapped with spatial resolution of 

30 m or less and from daily to 16-day frequency. There are numerous examples of this 

approach (e. g. Rango, 1989, Belward and Valenzuela, 1991, Carleton, 1991). Even the 

Proceedings of the Third International ConferenceAVorkshop on Geographic Information 

Systems and Environmental Modeling, held in 1996 contain many papers on this regard. 

Data base development is the major constraint for application of GIS in existing 

hydrologic models. Data sources are basically from remotely sensed data and from 

digitizing existing maps. Fabbri (1991) outlines three difficulties in remote sensing data 

processing: (a). The large amounts of distributed data used, regardless of the source (single-

view or multi-view); (b). Multiple data sources are required because the physical 

environment is sensed by different sensor scale characteristics; and (c). Each node of the 

processing creates a new image. Therefore, data dimensionality increases. Digitizing 

existing maps is simply a time-consuming task. 

Developing GIS-model interfaces helps modelers to overcome the difficulties 

imposed by the data base development and management. Operational constraints on 

accuracy, precision, and resolution remain and can sometimes be enhanced. Understanding 

the effects of scaling and spatial aggregation of input data on the model performance, will 

lead to a better application of distributed watershed simulation models. 
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2.4 Error Propagation 

Model development includes stages of model formulation, calibration, validation, and 

application (Steyaert, 1993; Singh, 1995; Sorooshian and Gupta, 1995). Knkhy et al., 1992 

point out that besides these stages, a further approach of iteration is required as a process 

of updating the model to new discoveries on all the previous stages. Total model 

application error results from errors at each stage of formulation, calibration and validation. 

Despite the available technology on watershed modeling, a simulation model is still only a 

representation of the reality (Woolhiser and Brakensiek, 1982). According to Engman and 

Gumey (1991), error is always present because the equations do not work well under all 

conditions. 

2.4.1 Sources of error. 

Model formulation starts as a simple representation of input and output variables 

supported by observations and/or functional relationships. Errors in model formulation or 

systematic error are the most difficult to deal with (Kirkby et al., 1992) and increase as the 

number of empirical relationships used in model structure. Conversely, if the model is 

based on fundamental laws rather than on empirical relationships, the systematic error is 

minimum (Lane and Nichols, 1996). Goodrich (1990) recognizes that current watershed 

models combine both, empirical and physically-based components, such that there is not a 

model free of systematic error. 



38 

There exist two kinds of error in model calibration and validation. One is related to 

input data and the other one to observed watershed response data quality (Donigian and 

Rao, 1988). In hydrologic models, rainfall input data is the most important driving variable 

but its spatial and temporal variability is still one of the most diflBcult processes to predict 

(Mitchell and Ericksen, 1993). Errors in spatial and/or temporal representation of input 

variables lead to major errors in model output. In general terms, single event models are 

sensitive to both, spatial and temporal distribution of rainfall. Runoff variables in continuous 

simulation models —like SWAT— are highly sensitive to spatial distribution patterns because 

they consider total rainfell amounts during one day, month or year, regardless the temporal 

distribution. 

Accuracy of measurement of rainfall variables can be affected in different ways. Shih 

(1989) suggests that error in traditional rainfall measurements may be up to 30% even in no-

windy storms. Shuttleworth (1994) attributes error in rainfall measurements to two sources, 

systematic instrument errors and sampling errors. While systematic errors come from 

condensation and evaporation of water, sampling errors come fi^om device design, sitting, 

and sampling coverage. The most difficult source to deal with is the sampling density. 

Dense raingage networks for accurate measurements are not practical for large or remote 

areas (Engman and Gumey, 1991). 

The soil erosion component in process-based continuous simulation models, such 

as WEPP is highly sensitive to the rainfall intensity (Hawkins et al., 1991; Tiscareno-Lopez 

et al., 1993 and 1994). This variable is even more important in arid ecosystems because the 
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reduced canopy cover and low organic matter of most of the soils in these environments 

make the soil highly susceptible to water erosion (Hajek et al., 1990). Although most of 

the current watershed models do not consider rainfall intensity, they have acceptable 

accuracy in predicting runofiF, sediment jdeld, contaminant load, and groundwater recharges. 

It is expected that future improvements will include not only rainfall intensity distribution, 

but also remote sensing derived parameters for real-time hydrologic forecasting (Engman 

and Gumey, 1991). 

Application of rainfall measurements in quasi-distributed models requires an 

interpolation procedure. The quasi-distributed modeling approach discretizes the watershed 

into subwatersheds or into a regular or irregular grid of surface elements (Hunsaker et al., 

1993). Each surface element uses estimated (interpolated) rainfall data and a specific soil-

vegetation parameter set. The increased amount of data requires the development of a GIS 

(Geographic Information System) data base, and a GIS-model interface. At the end, quasi-

distributed models as described here are lumped models too, but at a greater spatial detail. 

Watershed geometry (channel slopes, length and width, upland slope, and watershed 

boundaries) and other hydrologically relevant variables, such as land use, vegetation, soil 

moisture and hydraulic properties are spatially characterized by using GIS in quasi-

distributed models (Fedra, 1993). According to Weir (1991) and Openshaw et al. (1991), 

errors in GIS come fi"om the following sources. 

1. Data gathering: These include image processing errors (rectification and classification), 



40 

field sampling errors, and date of data acquisition. 

2. Input: Digitizing and attribute entry errors. 

3. Data storage: Data structure (vector-raster) conversion errors and map-scale dependent 

accuracy and resolution. 

4. Data output and application: Errors produced by mapping devices (plotter) and 

misinterpretation of a map product. 

These sources of error can be split into two categories: Source, and Processing 

errors. Errors in source data will propagate through the different processing steps giving 

a biased model output (Weir, 1991). Goodchild (1993) suggests that generally, processing 

errors are smaller and easier to address than source errors. Large amounts of data sources 

and processing steps increase the error propagation path. Similarly, errors caused by 

incomplete knowledge of leaf-level processes such as photosynthesis and transpiration, and 

their up scaling to watershed level is an important source of uncertainty. On the other hand, 

data aggregation in space and time and parameter interactions cause errors in model output 

(Steyaert, 1993). 

Quality of observed watershed response data may contribute substantially to model 

error. Parameter estimation is a process of optimization of an objective function where the 

difference between simulated and observed data is minimized. While this process assumes 

unbiased observed data, intrinsic errors in the sampling technique, measuring methods, and 

data analysis may lead to deviated "optimum" parameter values. Likewise, model validation 
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using low-quality observed data may lead to false statements about model performance 

accuracy. Defining homogeneous time series of rainfall-runoff records where the minimum 

alterations or errors in measurements have occurred represents a reliable procedure to 

reduce errors due to observed watershed response data. Techniques to accomplish this task 

include the widely used Double Mass Analysis. 

2.4.2 Strategies for model error reduction 

The objective of error propagation analysis is to reduce the uncertainty in each 

source as described in the previous section. The first step is to evaluate the model structure 

to obtain a value related to systematic error. Lane and Nichols (1996) suggest that the 

systematic error number of the models {NS„) can be calculated as: 

Where Ns^ is the systematic error number of a component and is the number 

of components in the model. NS^ is obtained by: 

= (I (2 .1)  

io[(6.o-ii:^)] 
Nsc = p. 2) 

6.0 

The number J0.0 is used to facilitate plotting whereas 6.0 is the number of 

fundamental process-based equations in watershed modeling. is the number of these 



equations considered in formulating the model. Regarding NS„, the authors state: "This 

number indicates nothing about how well the governing equations are represented, 

parameterized, and solved, rather, it merely indicates whether or not the governing 

equations were included in the model structure. As such, NS„ is a measure of the amount 

of process-based formulations included in a model and thus is an overall measure of its 

physical basis." NS„ ranges between zero and 10.0 corresponding to fiilly-physically based 

and fiilly empirical models respectively. 

Sensitivity analysis is a standard approach to detect those parameters that have the 

higher influence on the model output (Lane and Ferreira, 1980; Simon, 1988; Rios-Insua, 

1990). After the most influencing parameters have been determined, extensive and accurate 

data gathering will be done only on those parameters, and less attention will be paid to the 

others (Beveii, 1985; Beven and Jakeman, 1988). The Sensitivity Analysis may be either 

global (multi-dimensional), or non-interactive (one-dimensional). WTiereas Global 

sensitivity analyses are recommended for complex models where parameter interactions are 

expected (Troutman, 1985; Tiscareno-Lopez, 1991; Singh, 1995), the non-interactive 

sensitivity analysis allows modelers to address the effect of parameter distortion on model 

output (Ferreira et al., 1995). 

Global Sensitivity Analysis. McCuen (1973) and McCuen and Snyder (1986) 

provide the basis for global sensitivity analysis on hydrologic simulation models. The 

method consists of randomly generating parameter values around a realistic average quantity 

for a given study area within a Monte Carlo simulation approach. The model output is 
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related to the input parameters by considering a Taylor Series expansion. The non linear 

terms are neglected because they are too small. Therefore, the change in output resulting 

from a change in input is given by a linear equation in which the regression coefficient is the 

sensitivity of the output to the input. Generally, hydrologic models have input parameters 

with different dimensions or units. Then, a normalized value must be generated so that all 

parameters are dimension less and ranging between zero and one. This transformation is 

achieved by subtracting the mean parameter value from any particular value, and dividing 

by its standard deviation. The transformed values have a mean equal to zero and a standard 

deviation equal to one, the Normal distribution probability function parameters. The same 

transformation is done for all input parameters under analysis and for the output variables. 

A multiple linear regression is performed with all those normalized parameters. The 

resulting regression coefficients denote the "normalized" sensitivity of model output to each 

input variable. High absolute values represent high model sensitivity to those parameters 

and vice-versa. 

Model parameterization is the process of determining parameter values either by 

specification or estimation. Whereas physical parameters are all those physically measurable 

properties of the watershed and which values are specified in the model, process parameters 

represent those watershed properties not directly measurable and their value must be 

obtained from a calibration approach using unbiased observed input-output records. A 

model error index represents the fitness between observed and estimated data and is called 

the Objective Function which is subject of optimization for minimum model error. Johnston 
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and Pilgrim (1976), Troutman (1985), and Sorooshian and Gupta (1995) describe several 

numerical approaches for Objective Function optimization in model calibration. This topic 

is discussed in more detail in Chapter 4. 

Parameter interaction or interdependency is an important matter in model 

calibration. It means that there is a set of values for each interacting parameter within which 

the model performs the best. Plotting the Objective function as the value of interacting 

parameters change, the isolines will form a concentric contour (Kirkby et al., 1992). 

Defining parameter values under these conditions is possible only if one of the interacting 

parameters is physically specified. 

Global Sensitivity Analysis is a common technique to address the model structure 

in terms of nuisance of parameters —the range of values where a parameter does not affect 

model output and may be omitted—. Analyzing the shape and orientation of the sensitivity 

surfaces in a two-parameter examination with the concentricity and interaction indices as 

purposed by Sorooshian and Gupta (1985) provides the basis for quantification of both, 

interdependence of model parameters and sensitivity of model output to parameter values. 

Non-interactive Sensitivity Analysis. While the Global Sensitivity Analysis is 

based on a simultaneous perturbation of parameter values, the non-interactive sensitivity 

analysis is based on independent perturbation of parameter values. Simon (1988) points out 

that this process focuses on the accomplishment of three objectives: To rank the parameters 

with respect to their importance to the model, to determine the range of parameter values 

where they are the more active, and to support conclusions on the shapes of interdependent 
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parameter sensitivity surfaces. 

Although the major attribute of this process is that the model complexity may be 

reduced to lessen both the cost and time for model parameterization, the results of a 

sensitivity analysis regarding parameter activity are only valid for the specific site and 

condition of the data set used in model calibration (Sorooshian and Arfi, 1982). Ferreira et 

al. (1995) showed that RUSLE sensitivity to parameter variation depends on the site 

characteristics and management conditions. According to Majkowski et al. (1981) and 

Simon (1988), model sensitivity is highly related to data used in calibration. 

Results fi"om either Global or Non-interactive Sensitivity Analysis depend on the 

quality of observed watershed response data. The Double Mass Analysis provides a reliable 

method to identify homogeneous time series of observed rainfall-runoflf records (James and 

Surges, 1982). The method consists in plotting cumulative values of the long-term 

hydrologic record and to compare the regression slope between segments of the line where 

significant alterations in watershed management or measurement errors may have caused 

the departure from its normal pattern. The Double Mass Analysis is a widely used technique 

to check the consistency of rainfall data between adjacent raingages (Brooks et al., 1993), 

or to compare crop yield as a response to environmental inputs between varieties (Gomez 

and Gomez, 1984). Its principles can easily be applied to other hydrologic records like 

surface runoff or sediment yield. 
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2.5 Geometric simplification 

Hydrologic systems are defined mainly by management strategies and problems to 

be prevented or solved. Hydrologic modeling must be developed for a temporal and spatial 

resolution to allow modelers to answer the pertinent questions on dynamic and spatial 

distribution of water related processes in the watershed at the minimum cost. Therefore, 

spatial and temporal resolution is a first-order decision when selecting a simulation model. 

The objective of geometric simplification in quasi-distributed simulation models is 

to find the most economically eflScient GIS data base resolution. Excessive refinement may 

result in time-consuming and costly data base development. Temporal resolution must be 

defined accordingly to the spatial resolution. 

Specific hydrologic problems such as rainfall monitoring in arid lands, require both 

high spatial and temporal resolution because most of the total annual precipitation is 

produced by storms that are localized and of short-duration in nature (Sellers, 1960). On 

the other hand, land cover patterns do not require such high resolution to be monitored. 

Therefore, a resolution compatibility procedure is required to solve these problems. Also, 

knowledge of the effect of data aggregation on the model output is required to optimize 

computing cost and time to produce results. 

It is recognized that watershed response is the integration of an infinite point-

response of water balance fluxes where infiltration, evaporation, and runoff occur (Wood 

et al., 1988). Such respor..«:e is the result of two runoflf processes; production and transport. 

Overland flow is a combination of fast and slow runoff processes that occur when the soil 
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surface becomes saturated. Fast processes may be either Hortonian overland flow, or 

saturation overland flow near the channels. The slow processes are mainly subsurface flow 

processes. In semiarid regions, where high intensity storms predominate, runoff production 

is mainly caused by Hortonian flow (Goodrich, 1990). Mesa and MufiUn (1986) recognized 

spatial variations of soil moisture before storm, rainfall, vegetation, and evaporation on a 

basin-scale watershed that affect the Hortonian flow process. 

Spatial resolution in GIS-watershed simulation models is important because the high 

dimensionality of high resolution data sets increases cost and time of processing. Clark 

(1993) points out that data base development usually represents 60 to 80% of total cost of 

the project. Reduction in data base dimensionality is a key aspect when considering 

management decisions under financial constraints. However, there should be an optimum 

level of data aggregation or resolution where cost and accuracy are optimized. 

A convergence level separates the high variability, fi'om the stable model output. The 

Representative Elementary Area (REA) corresponds to the optimum resolution level to be 

used in development of the GIS data base. Financial resources determine how much 

deviation from this REA to smaller or larger resolution. Larger REA will be used when 

financial resources are restricted and vice-versa. Mean and standard deviation estimates on 

moving ranges of watershed size are recommended as decision criteria to determine the 

REA (Mancini etal., 1994). 

Determination of the REA as described above depends on the type of output variable 

to be analyzed. For example, if sediment yield is the output variable to analyze, the REA 



will be attained at a parcel size where intrinsic surface variability is integrated into the model 

parameters affecting such a variable. Any further increase in spatial aggregation will not 

produce significant variability. The REA is specific for each output variable because the 

particular sensitivity to land surface characteristics. 

Several reports show that model structure also plays an important role in defining 

the REA. Goodrich (1990) suggests that 15% of the overall watershed for small basins (1.5 

to 630 ha) is recommended as a threshold aggregation size for overland flow as predicted 

with KINEROS, a distributed process-based model. This fraction corresponds to one sq. 

km approximately for the upper limit. A similar value was obtained by Wood et al. (1988) 

and Wood (1995) in two different watersheds for three hydrological variables (infiltration, 

rainfall, and runoff) when simulated with TOPMODEL, a model similarly structured as 

KINEROS. 

In spite of the above consistencies, Schultz (1994) found a different value for REA. 

This author estimated monthly runoff volumes in the Tano River in Ghana from Meteosat 

satellite data. A sensitivity analysis on the spatial resolution showed that using only one out 

of six pixels in a row, and every six rows, the model yields stable watershed response. That 

resolution corresponds to 36 sq. km approximately of surface element size. That means that 

the level of convergence may vary as a function of model structure and procedure for 

parameterization. 

An important effect of the level of spatial aggregation is the distortion of the model 

parameters. Goodrich (1990) observed that both 0 and Op per unit area decreased as the 



watershed size increases. Siniilarly, Simanton et al. (1973) showed that volume runoff is 

sensitive to watershed size. According to Wood et al. (1988), there exists an attenuation of 

the complex, local patterns of runoff generation and energy fluxes in large watersheds. 

Mancini et al. (1994) explain that such an effect is the result of the elimination of 

differentiation between channel and hillslope flow dynamics in the modeling approach. The 

spatial resolution of source data plays an important role in the reduction of the channel-

upland interaction. 

Parameter distortion depends also on the size of the storm. If the storm depth 

increases, the watershed attenuation effect decreases. That means that large rainfall events 

allow modelers to increase the spatial aggregation. Conversely, a higher surface variability 

determines a smaller size of the REA in small rainfall events. The stochastic nature of 

rainfall, soil hydraulic properties, and the channel-upland interactions affect the value of the 

model parameter most related to a particular hydrologic variable. The degree of such 

distortion depends on the specific variability of the involved process for a given watershed 

scale and/or rainfall event size. Defining the size of the REA requires the knowledge of this 

variability. 

2.6 Summary 

Current models to characterize watershed response can be based either on single-

storm or on a continuous daily-step technique. While event-based models usually include 

accurate representation of rainfall intensity in time, continuous simulation models consider 



only total daily rainfall amount. The above simplification results not only in increasing 

systematic error, but also ui increasing input data base dimensionality because of the 

temporal and spatial variability as considered in long-term simulations geographically 

referenced. However, considering both the spatial and the temporal variability of input 

parameters as they actually occur in the field guarantees the robustness of a model as 

required in decision making on resource management in complex watersheds. 

Model parameterization or development of the input data base play a significant role 

in watershed response simulation. Besides specification of physical parameter values, 

parameter estimation based on model calibration signifies two fiandamental steps in data base 

development. Accordingly, high quality of observed data is a requisite in data base 

development to estimate process parameters with the minimum risk of error. Evaluation of 

the homogeneity in the rainfall-runoff relationship provides the basis to determine the most 

representative time series to estimate model parameters. 

Dimensionality reduction of the input data base maintaining an acceptable level of 

confidence in model output demands a carefiil analysis of its response to parameter value 

variation and its level of aggregation in space. Standard procedures of Sensitivity Analysis 

that include the univariate and the multi-variate approaches render the range of parameter 

values where the model output is the most sensitive and the level of parameter interaction 

that affect the quality of watershed response simulations. Identification of the most 

influential and interacting parameters on model output will lead to development of a 

simplified scheme of model parameterization without jeopardizing the accuracy of 
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simulations. Similarly, determining the size of the Hydrologic Response Unit where the 

spatial variability of rainfall and the channel-hillslope interaction do not affect significantly 

the results of model simulation is a first-order task. A sensitivity analysis of model response 

to geometric aggregation of parameter values will result in a cost-efficient procedure of 

model parameterization for applications in ungaged watersheds. 



CHAPTER THREE 

52 

MODEL DESCRIPTION 

3.1 Introduction 

The current version of the SWAT model is available in two forms, as a PC-version 

and as a UNIX-version. While the PC-version requires that input files be created by hand, 

the UNIX-version has a GRASS GIS interface that extracts parameter values from a data 

base and automatically generates input files. However, regardless the configuration, the 

model structure is integrated by two components, the water balance, and the water routing. 

The water balance component is a basin-scale adaptation of the field-scale watershed model 

CREAMS, whereas the water routing component is a relatively recent development to 

address the volume runoff loss due to channel abstractions. Although the model capability 

enables users to estimate many hydrologic variables, only volume runoff, peak runoff, and 

sediment yield are the subject of this research. These three variables are the most important 

issues in soil and water conservation in arid land grazing systems. 

The objective of this chapter is to describe the SWAT model equations governing 

volume and peak runoff, and sediment yield. A discussion of model sensitivity and 

opportunities for parameterization from Walnut Gulch Experimental Watershed data base 

is included to identify potential sources of error when a simplified procedure of model 

parameterization is being developed. 
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3.2 Hillslope processes 

3.2.1 Volume Runoff 

Volume runoff estimates are based on the Soil Conservation Service Curve Number 

(SCS-CN) Method. Ponce and Hawkins (1996) describe the fundamentals of this method 

as a constant value between relative retention and relative runoff. A relative value is the 

ratio between actual and potential either retention or runoff. Equation (3.1) describes better 

this relationship: 

. Q 

Where F is actual retention (mm), S is potential retention (mm), 0 is actual runoff 

(mm), and P* is potential runoff (mm). The value of F results from subtracting actual 

runoff (0 and initial abstractions (/^ mm) from rainfall depth (P, mm in Equation 3.2). 

I' -K -Q 0 — = /-> «n\ 

Ponce and Hawkins (1996) found that /„ is proportional to .S" by a ratio that ranges 

between 0.095 and 0.38 with a mean value of 0.2. Such a value is used to develop equation 

(3.3) referred as the Soil Conservation Service Curve Number Equation by most of 

references on rainfall-runoff modeling: 
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0 ̂ (P 0-2S)- p > 0.2 S 
P ^0.8S 

0=0 Otherwise  

Where Q is direct runoff (mm), P is rainfall depth (mm), and S is potential 

maximum retention (mm). In Equation (3.3), 0 is computed regardless the rainfall intensity. 

Beven (1985) points out that different mechanisms may occur at the same time in a 

watershed as a function of rainfall intensities and heterogeneities of the hydraulic soil 

properties. Therefore, the watershed response expressed as O in a given time may vary 

according to the spatial variability of the runoff producing mechanisms. 

Regarding the input rainfall, this method considers only total rainfall. This is perhaps 

the most criticized drawback of the method. Stone et al. (1996) state that "the method will 

compute the same amount of runoff given the same amount of total rainfall independent of 

the duration of the event or the distribution of rainfall intensity during the event." Indeed, 

rainfall intensity is a fundamental factor especially when combined with infiltration 

characteristics in defining the runoff producing mechanism. The lack of sensitivity to rainfall 

intensity may be the main source of error for very small or very large storm intensity values. 

On the other hand, the 0.2 average value in Equation (3.3) was derived from 

agricultural watersheds of approximately 10 acres in the Midwestern USA with annual 

rainfall greater than 600 millimeters (Ponce and Hawkins, 1996). Applying this method on 
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watersheds with conditions different from these will be subject to error whose magnitude 

depends on the disparities between the current watershed characteristics and those from it 

was developed. 

Parameter 5 in Equation (3.3) includes initial abstractions and all runoff losses after 

surface runoflf begins. All these abstractions are related to canopy density and structure 

(rainfall interception) and soil water holding and transmission capacity (surface storage and 

infiltration, respectively). The spatial variability of these factors is recognized in the 

scientific literature as an important source of uncertainty (Mesa and Mufflin, 1986; 

Wigmosta et al, 1994). Therefore, the uncertainty in volume runoff estimation depends on 

the spatial variability of the characteristics that define parameter S. 

In the SCS-CN method, parameter 5 is represented by the curve number (CN). S 

and CN in metric units are related by Equation (3.4) as follows; 

^ . .AGO , ,  
(3.4) 

CN values for Equation (3.4) are provided by many references (e.g.. Pilgrim and 

Cordery, 1993; Stone etai, 1996). The factors to consider when selecting a CA'" value are 

land-use description and hydrologic soil group. The first one includes the type of surface 

(cropped, urban, forest, etc.) and hydrologic condition (conservation treatment, grass cover, 

percent of impervious area, etc.). The second one encompasses four classes of soils based 

on their hydraulic properties. Class A is the most permeable whereas Class D has the 
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highest runoff rate. Table values of CN assume a slope value of five percent and are 

referred to as AMC 11 or CM. 

Two adjustments are carried out as initial condition computation; slope and soil 

moisture. Adjusted CN for a watershed slope different from five percent is obtained by 

applying the Equation (3.5); 

Where s is the average watershed slope (m m"^); subscripts 2, and 3 refer to 

antecedent soil moisture conditions II, and III respectively. Adjustments of CN to soil 

moisture are divided into two steps. One is related to antecedent soil moisture condition 

and the other one, to fluctuations of soil water content between subsequent runoff events. 

The CN values for antecedent soil moisture conditions I (dry) and III (wet) are 

available from the same sources (Pilgrim and Cordery, 1993; Stone et ol., 1996, and others). 

However, for computing purposes, adjusting CN values for AMC I or AMC III, SWAT 

applies Equations (3.6) and (3.7). 

C N ^  =  ̂ ( C N ,  - C N J [ J  - 2 e < +  C N , ]  (3.5) 

CN, =CN. 
20(100-CN^ 

(3.6) 

CN, = CN, e (3.7) 
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A second adjustment comes to account for fluctuations in soil water content. This 

modification is made directly on the parameter S as computed for CN adjusted by slope and 

AMC I. Equation (3.8) relates adjusted S and soil water content: 

Where S, is parameter S adjusted for QV (mm), FFC is the fraction of field 

capacity, the ratio between residual available water and the total soil water holding capacity 

(m m"'). Coefficients w, and w, are computed from Sj, porosity, field capacity, and wilting 

point. Further details about w, and u', are provided by Williams (1991) and will not be 

repeated here. Axi additional adjustment on S is done when the soil is frozen. Equation 

(3.9) shows such adjustment. 

The SCS-CN method as incorporated in SWAT comprises stochastic and 

deterministic components in volume runoff simulation. Stochastic watershed processes deal 

with spatial distribution of vegetation and soil properties relevant to surface runoff. These 

processes include plant cover density and infiltration rate. The major stochastic component 

is the spatial and temporal distribution of rainfall. Nevertheless, in continuous models like 

SWAT, total rainfall is the only input considered and taken as a variable. Deterministic 

(3.8) 

S^  = S , f I  
(3.9) 
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processes regard to flow routing. Watershed slope is the only deterministic factor 

considered in the SCS-CN method for hillsiope volume runoff simulation. Therefore, CN 

is a stochastic-deterministic parameter since it depends on stochastic components (ground 

surface variability) and a deterministic component (hillsiope steepness). While stochastic 

factors must be estimated from model calibration tests using unbiased observed data, 

deterministic factors should be measured and specified when parameterizing the model 

(Sorooshian and Gupta, 1995). Therefore, the best way to address a value for CN is by 

model calibration using the less biased observed runoff data. 

3.2.2 Peak discharge 

SWAT includes two methods for peak runoff rate simulation; The SCS-TR 55 

method and the Modified Rational Formula. The SCS-TR 55 method estimates peak runoff 

from rainfall distribution and quantity, the storm curve number, and time of concentration. 

According to Arnold et al (1994); 

(3.10) 

Where Op is the peak runoff rate (mm h"'), is the unit peak discharge (mm h"' 

mm"'), and P is the rainfall depth (mm). 0^ is determined from nomograms relating rainfall 

distribution type, storm curve number, and time of concentration. Stone et af. (1996) 

outline the four storm types as related to climatic regime. Type II corresponds to short-
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duration, high intensity rainfall. Curve number and time of concentration are used to 

estimate given the appropriate storm type and storm curve number. 

The time of concentration in SWAT is computed by adding channel flow, shallow 

channel flow, and overland flow times. Channel flow and shallow charmel flow time of 

concentration is estimated from topography parameters such as length, slope, depth, and 

roughness (Marming's roughness -n- coefficient). Overland time of concentration is 

estimated from hillslope, roughness and rainfall amount. The same method was described 

by Stone etal. (1996) with minimum variations although they emphasize the limitations of 

this method about the range of variables for application. If actual conditions are out of 

range, the authors suggest using the nearest limiting value. 

Summarizing, The SCS-TR 55 method represents statistical values of rainfall 

characteristics and physical watershed parameters. These parameters are related to 

topography characteristics (slope, length, and depth) and land surface hydraulic roughness. 

Since these parameters are extracted from digital elevation models or topographic maps, 

high accuracy and resolution of these sources is required to avoid large errors in the model 

output. The modified rational formula is the other method for simulating peak runoff in 

SWAT: 

Q -
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Where ar is a parameter that expresses the proportion of total rainfall that occurs 

during Q is volume runoff (mm) as computed by Equation (3.3) after adjusting 

parameters. A is the watershed area (ha), is time of concentration (h) comprising channel 

(/„) and overland (/ „ ) flow times. Equations (3.12) and (3.13) are used for these 

computations. 

1.75(L)(nf 
t , =  ( 3 . 1 2 )  

, _ 0.0216 

Where is channel length (km), n is Manning's roughness coefficient for channel 

and hillslope respectively, q* is the average flow rate from a 1.0-ha area (mm h"'), a is the 

average channel slope (m m-l), /J is the hillslope length (m), and s is the hillslope steepness 

(m m"'). Whereas Equation (3.II) includes both stochastic and deterministic watershed 

processes that determine overland volume runoff, equations (3.12) and (3.13) include only 

deterministic processes for both channel and overland flow. These processes are affected 

by the spatial variability of physical characteristics of channel and hillslope surface. 

Although temporal variability is not considered, it should be recognized that channel 

geometry parameters adjust as a result of water and sediment delivery to the channel 

network. Accuracy of the watershed response simulation may be affected by errors in 

channel geometry parameters due to temporal hydraulic adjustment. Arnold et al. (1994) 
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recognize an important source of uncertainty in this method because parameter a ranges 

from /^24 to 1.0. If storm duration data are not available, then ^rmust be estimated. 

SWAT provides an approach to estimate a from a triangular distribution. The peak of this 

distribution changes in a monthly-basis because the seasonal variation of the rainfall 

intensity. 

Parameterizing equations for simulating peak runoff in both methods requires field 

data or high resolution digital elevation models. Physical parameters related to topography 

can be assessed fi-om those sources. The effect of accuracy of physical parameters on model 

output is a first-order concern when model dimensionality reduction is the matter of 

research. 

3.2.3 Soil erosion 

Soil erosion in hillslopes is simulated only as water erosion and estimated using the 

Modified Universal Soil Loss Equation (MUSLE) as proposed by Williams (1991): 

11.8(0 0/«(AO(C)(P£)(£^ (3.14) 

Where O is volume runoff (mm), is peak runoff (mm h"'), K, C. PE. and LS are 

soil erosion factors to be described further. 0 and 0^ substitute for the rainfall erosivity 

factor in USLE. The author stated; "Runoff variables increased the prediction accuracy, 

eliminated the need for a delivery ratio, and provided an equation designed for single-storm 
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application, instead of USLE equation's annual estimates." Therefore, runoff parameters 

represent the water erosion driving variables, their parameterization and error propagation 

have already been discussed. The remaining factors are the same as in the original USLE. 

Parameter K represents the soil erodability condition which is estimated by: 

1 (3 151 (2^^0.12-2.050^ 

Where S„\s sand content (%), is silt content (%), C, is clay content (%), and C 

is organic carbon content (%). In SWAT, the soil erodability factor (KJ is evaluated at the 

beginning of each year of simulation. Top soil layer data on these variables are readily 

available from the SoiIs-5 data base already included in the software libraries. However, the 

available detailed data base on soils for experimental watersheds at Walnut Gulch was used 

in this research. 

The C factor represents several land cover characteristics affecting water erosion. 

These factors include vegetation cover, plant litter, soil surface, and land management. 

Their efifect on soil detachment and transport are integrated into this parameter. In SWAT 

this factor is calculated for all days when runoff occurs. 

(2 -^if-o.22si -cisi -cmj (3.16) 

CVM= 1.462 In(CVA) +0.1034 (3.17) 



63 

Where CM is total soil cover as biomass and residue, (kg ha"'), CFyV/ is the 

minimum value of C, CVA is available in the software libraries according to each crop. 

Since these parameter values are not available and difficult to determine in the field due to 

temporal and spatial variability, Brooks et al. (1993) suggest that C factor must be 

determined experimentaDy from runoff plots. Accordingly, a calibration test seems the most 

reliable approach to find it in experimental watersheds. 

The PE factor regards to erosion control practices. Agricultural practices for 

erosion control such as terracing or strip cropping are not applicable to forest, grass land, 

or urban catchments. Osbom and Simanton (1989) suggest a value of I.O forungrazed and 

undisturbed arid land watersheds like those at Walnut Gulch. Therefore, a value of 1.0 

seems adequate to estimate soil erosion in hillslopes in this research. 

The LS factor is computed as; 

LS = (^^)U65.41s- + 4.565s *0.065) (3.18) 

^=0.6[I  (3.19) 

Where A is the slope length (m) and s is slope steepness (m m"'). Unlike the PE 

factor, USLE had the highest sensitivity to LS factor in a study reported by Franzmeier 

(1990). Therefore, accurate determination of slope steepness and slope length are very 

important in estimating soil erosion in SWAT. 
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3.3 Channel processes 

3.3.1 Runoff routing 

Runoff routing affects total water yield in a catchment as a result of transmission 

losses. The effect of channel hydraulic and morphologic characteristics is quantified by 

using a method developed by Lane (1982), which assumes that lateral flow does not exist 

and that the model structure is consistent for different channel dimensions. Lane's equation 

is expressed as a linear relationship between water yield or volume runoff after transmission 

losses (O) and the inflow volume (P) in cubic meters according Equation (3.20). Equations 

(3.21) to (3.26) describe the procedure to calculate the Lane's equation coeflScients. 

Qi- '^x '^bxP,  I f  P>P^,  Qi=^ Otherwise  (3.20) 

(3.21) 

a^  = -Qm\Z2\{CHK)DU (3.22) 

DU= 
1.8 0 

(3.23) 

(3.24) 

b x =  { e L ^ W  (3.25) 
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Po= — (3.26) 

In Equations (3.21) to (3.26), is length of the channel (km), CHK is effective 

hydraulic conductivity of the channel alluvium (mm h''), O is hillslope volume runoff (mm), 

A is  dra inage  a rea  (ha) ,  0^  i s  peak  runoff  ra te  (m^ s" ' ) ,  y t  J s  a  decay  fac tor  (m km " ' ) ,  Wis  

average channel width (m), and is threshold volume for a unit channel (m^). 

Despite the simplicity of the method, model validation tests have demonstrated 

acceptable accuracy in different watershed scales. Arnold and Williams (1985) tested 

SWRRB on a wide range of watershed sizes from 9.0 to 538 sq. km. Mean and standard 

deviation of simulated and measured volume runoff compared quite well. A more recent 

test was performed using a GIS-model interface to obtain channel morphology parameters 

on a 114 sq. km watershed (Srinivasan and Arnold, 1994). 86 percent of the monthly 

volume runoff variation was explained by SWAT and the standard deviations compared 

within 8 percent. 

3.3.2 Peak discharge 

Peak discharge can also be affected by hydraulic and morphologic characteristics of 

the channel. Equation (3.27) describes this effect, where qp, is the peak discharge (m^ s'')as 

affected by channel characteristics and Op is the peak runoff (m^ s"') as computed by either 

SCS-TR 55 method or the Rational Formula. All other coefficients have already been 
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described. 

12.1a, 
X 

DU-{\ .0-b^P^^b^O 

3.3.3 Sediment yield 

Soil detachment and deposition in channels is accounted for in SWAT according 

Equations (3.28) to (3.35) as follows: 

Z)G= (Z)G, + DG,)(1 -DR) (3.28) 

Y (^) (3.29) 

a =(69.44y^O'°"^ 
ip V I c/ (3.30) 

DGg-KC DGj^ (3 31) 

(3.32) 
l-0.5(y,) 

DR= ^ 

0-5 id^) 
DR=—^ Ify^d^ (3.33) 

-Y 

411^/2(77) (3 34) 
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Where DG is channel degradation (t), DG^ is sediment reentrained (t), and DG„ is 

degradation of bed material (t) affected by a sediment delivery ratio (DR). y is water 

density (t m'^), DU is duration of the stream flow (h) as calculated with Equation (3.23), if 

is average width of flow (m), is depth of flow (m), ̂  is slope of the water surface 

(m m'^), is velocity in the channel (m s"'), A is drainage area (sq. km), is channel slope 

(m m"'), K and C are USLE parameters for channel, y/is depth of sediment fall during travel 

time, TT (m), and d is the sediment particle diameter (mm). 

Sediment deposition is computed as; 

DEP=Y(I-DR)  ( 3 . 3 5 )  

Where Y is the soil erosion rate entering the channel as computed with Equation 

(3.14). Combining DG, DEP, and Fleads to the sediment yield equation to estimate the 

amount of sediment reaching the watershed outlet as described by Equation (3.36): 

Sy  = YDR+DG (3 .36)  

3.4 Summary 

The SWAT model governing equations for volume and peak runoff and soil erosion 

for hillslope processes are basically empirical, whereas equations for channel processes 

include physical principles of mass conservation. Empirical equations usually are subject to 
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high potential systematic error because they are developed from a series of observed rainfall-

runoff data that is valid only for the site characteristics where the coefficients are obtained. 

However, the main advantage of this type of approach as compared with physically based 

models is its simplicity and therefore, the data base for model parameterization can be easily 

developed. Woolhiser (1981) recognized that the complexity of the process of infiltration 

and the temporal and spatial variability of surface characteristics makes it difficult to develop 

accurate watershed response models. 

Several references suggest that surface volume runoff as estimated by watershed 

mode l s  w i th  hydro log ic  componen t s  s imi l a r  t o  tha t  o f  SWAT i s  ve ry  sens i t i ve  t o  CN 

condition II value. Examples of this were reported by Lane and Ferreira, 1980 with 

CREAMS field scale model, McCuen and Snyder, 1986 with the SCS-CN equation, and by 

Carlson et al., 1995 with SPUR model. This parameter is subject to adjustments for 

watershed slope different from 5 % and for initial soil moisture on a daily basis. While the 

first adjustment is a direct transformation of the CN„ value, the second one depends on the 

available soil water. 

Sediment yield as estimated in SWAT is based on volume runoff and peak runoff as 

the driving variables. Therefore, this process is affected not only by those factors 

considered in water yield, but also by hillslope and channel variables included in peak runoff, 

and the erosion factors depicted in MUSLE. Factors for peak runoff computation include 

watershed geometry characteristics both in hillslope and in channel that are considered in 

calculating time of concentration. 
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Soil texture data are relevant in estimating the soil erodability parameter (AT factor) 

while ground cover variables apply in estimating the value of land cover factor (C factor). 

Slope steepness and length play an important role in sediment yield simulation as the 

component variables of the LS factor in MUSLE. The sensitivity analyses reported by 

Franzmeier (1990) and Ferreira e? a/., (1995) showed that sediment yield as estimated with 

USLE is the most sensitive to these factors. Sediment yield from hillslope areas may 

increase or decrease as a result of routing through the drainage channels. Channel 

morphology characteristics play an important role in determining the relative importance of 

detachment and deposition in streams. 

Availability of historical rainfall-runofif records and watershed geometry data for 

different watershed sizes and complexity of the hillslope-channel interaction is a key aspect 

in studying model accuracy as a basis for its application in ungaged watersheds. Although 

the SWAT model has been tested in numerous watersheds, the only available experience in 

WGEW suggests that improvements in model accuracy on sediment yield require a detailed 

analysis of watershed response as a function of parameter values and their spatial 

aggregation (Nichols e/a/., 1994). 

Rainfall-runoff records in Walnut Gulch Experimental Watershed represent a good 

opportunity to evaluate SWAT model performance. Long-term records will allow the 

identification of the most representative time series to estimate CN values for both brush-

covered and grass-covered watersheds. Similarly, there has been an intense experimental 

work on soil sampling, channel morphology, and vegetation dynamics at Walnut Gulch 
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Experimental Watershed. Available data from Tiscareno-Lopez et al. (1993, 1994), 

Tiscareno-Lopez (1994), Goodrich (1990) and Parker (1991) on soils characteristics and 

watershed geometry, and from Miller (1995) on channel morphology will be used for model 

parameterization. Other sources will include orthophoto maps, digital elevation models and 

land use, soils, and vegetation GIS data layers available at the Southwest Watershed 

Research Center (USDA-ARS) in Tucson, AZ. 



CHAPTER FOUR 

71 

DATABASE DEVELOPMENT 

4.1 Introduction 

The Walnut Gulch Experimental Watershed (WGEW) is a long-term facility devoted 

to watershed modeling operated by the USDA-ARS. Climatic and surface characteristics 

at Walnut Gulch represent approximately 60 millions of hectares of rangelands in the 

semiarid southwest of the United States. Renard et ai, (1993) described the area as a 

transition zone between the Chihuahuan and Sonoran deserts with a climate designated as 

semiarid, hot with a dry winter. More detailed characterizations of the climate and 

vegetation, soils and geology of the watershed have been outlined by Tiscarefio-Lopez 

(1994) and Miller (1995). The focus of this chapter is to provide an overview of the 

watershed geometry, soil hydraulic properties, and long-term rainfall-runoff records. These 

databases for small and medium-sized watersheds are useful to estimate model parameters 

and to evaluate model sensitivity to parameter values. Large watershed characterization 

allows for the analysis of model output accuracy as a function of the level of spatial 

aggregation of model input data. 

Current instrumentation at WGEW includes 85 rainfall measurement sites along and 

within the boundaries of the watershed. Runoff and sediment yield data is also available 

from nested subwatersheds ranging in size between 0.4 ha and the whole 150 sq-km 

WGEW, the length of records either rainfall or runoff is variable among recording gages. 
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SWAT model parameterization requires a detailed description of the surface 

conditions including hillslope and channel geometry, soil hydraulic properties, canopy 

attributes, and terrain slope. Since the model is sensitive to the curve number value, this 

parameter must be identified fi-om a model calibration approach using watershed response 

records. This chapter is divided into two major sections. First, a detailed representation 

of the geometric and hydraulic characteristics of the watersheds under study shows those 

relevant parameters for watershed response simulations according to the requirements of 

SWAT model. Second, an analysis of the rainfall records allows us to identify trends of this 

hydrologic component as input data to SWAT. 

4.2 Watershed geometry and hydraulic characteristics 

4.2.1 Small watersheds 

Shape and gradient. Four small watersheds were studied in this investigation 

located in the brush-dominated portion of the WGEW, and one in the grass-dominated 

portion. The study sites are known as the Lucky Hills Study Area (LH) and the Kendall 

Watersheds (KW), respectively. Figure 4.1 shows the location of these study sites in the 

whole WGEW. The Lucky Hills system includes several gaged subwatersheds with a long-

term rainfall-runoflf record. The LH-103 subwatershed is 3.68 ha in size and it drains 

westerly whereas LH-104 is slightly larger (4.4 ha) and it drains southerly. Both 

subwatersheds comprise a nested smaller catchment. The LH-IOl and LH-102 small 

watersheds are nested within the LH 103 and LH-104 respectively and do not have a defined 
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Figure 4.1 Walnut Gulch Experimental Watershed 
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drainage channel system. Conversely, the remaining area of the watersheds has a defined 

drainage channel. K 112 watCTshed is 1.91 ha in size, nested in the southeastern hillslope of 

Stock Tank 220 and it does not have a defined channel network. 

Figures 4.2 and 4.3 are digital terrain representations that show the relief variations 

of these small watersheds. Location of weirs of nested catchments shows the contributing 

area. The same figures show the geometric representation of the watersheds according the 

drainage pattern. Small watersheds LH 101 and 102 present a half-circle shape with a one-

point concentration of flow \^ereas LH 103 and 104 have a combined one-point and stream 

flow path. K 112 small watershed presents a slice-like shape represented here as a one-sixth 

of a circle (Figure 4.3). These geometric representations and also watershed size and 

channel length were used to calculate slope length as the weighted average of those 

combined patterns of flow. 

Although it has been recognized that soil erosion is very sensitive to hillslope 

steepness, there is not a defined procedure to calculate it fi^om a digital terrain model for 

watershed simulation of surface runoff and soil erosion. Three expressions of watershed 

slope have been used in most of watershed representations of the hillslope steepness. Their 

physical significance is described in the following paragraphs. 

The relief ratio expresses the maximum difference in elevation divided by the longest 

flow path. This slope index is based on the assumption that there is a major water flow 

path. Characteristic slope is the ratio between the maximum difference in elevation and the 

square root of the watershed area. This index considers the whole watershed area and the 
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Figure 4.2 Digital Terrain Models of Lucky Hills Small Watersheds system and 

geometric representation of drainage patterns. 



Figure 4.3 Digital Terrain Model of Kendall 112 Small Watershed and 
geometric representation of the drainage pattern. 

Table 4.1 Geometric characteristics of five small watersheds at Walnut Gulch 
~xperimental Watershed. 

Watershed J!arameter . Units LHlOl LH102 LH103 LH104 K112 
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Drainage area m2 12636 14600 37808 44000 19100 

Maximum length m 175.5 177.3 327.8 288.4 200.0 

:Nlaximum elevation change m ,7.50 13.2 13.2 17.2 18.6 

Relief ratio mm-1 0:043 0.074 0.041 0.060 0.093 

Watershed slope mm-1 

Characteristic 0.067 0.109 0.069 0.082 0.135 
Mean 0.063 0.117 0.089 0.119 0.170 
Standard deviation 0.012 0.027 0.034 0.038 0.032 

Slope length m 89.69 96.41 82.35 53.80 77.97 
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slope gradient is based on an estimator of the characteristic length of the watershed, or the 

length of the side of a square of the same size as that of the watershed. 

While the above indices are single-value representations, mean slope and its standard 

deviation represent a distribution of slope values based on different length of the slope 

gradient. In natural environments, surface water flows on path lengths represented by a 

distribution of values. The direction depends on the direction of the maximum difference 

in elevation. Therefore, obtaining parameters of a slope distribution function requires the 

application of the characteristic slope concept on surface elements of variable size. This 

analysis is attained by using a convolution technique. 

Convolution Analysis is a technique widely used in three-dimensional data structures 

like those of distal images where reflectance values are distributed spatially (Schowengerdt, 

1983; Richards, 1993). Application of this technique on digital terrain models is possible 

following the standard procedures as explained by Lillesand and Kiefer (1994) and Schott 

(1997). Slope values in GIS data layers are obtained fi^om a 3X3 cells-neighborhood (ESRI, 

1994). Including different sizes of neighborhoods requires a moving window of odd 

numbers (3x3, 5x5, . . . ) that contains elevation data on which the slope equation is 

applied. The result is assigned to the center of the window to generate a second data array 

of slope values. A new window size is selected repeating the computation of characteristic 

slope while the data density and watershed shape allows it. Cells in the boundary of the 

watershed are avoided. Combining all the values regardless the window size provides the 

average and standard deviation of the watershed characteristic slope. 



The digital terrain models used in this research were developed by creating spread 

sheet files of elevation data with grid size of 4.5 m in small watersheds and 10.0 m in 

medium-sized watersheds. Source data had previously been derived fi'om orthophoto maps. 

The convolution analysis showed that this surface characteristic of undulated catchments 

(LH 102, LH 104, and K 112) is the most sensitive to window size in a similar way as other 

studies have shown (Tarboton etal., 1991; Gyasi-Agyei et al., 1995). Figure 4.4 shows the 

relationship between surface element size —window size in Convolution Analysis— and the 

surface steepness and provides a clear comparison of the surface gradient among the small 

watersheds studied in this project. White circles show the standard deviation of steepness 

around the average. Table 4.1 shows mean and standard deviation of surface slope firom 

surface elements ranging between 81 and 5184 square meters. Clearly there exists a greater 

mean value of slope than characteristic slope because the former is calculated from the 

whole watershed. Conversely, small values would be obtained if large surface elements are 

considered in a digital terrain model. This difference results because of the variability 

captured within the surface element. Small elements capture a greater variability and 

therefore, the mean value reduces as the size increases. 

Slope values obtained fi-om convolution analysis fit a Gamma probability distribution 

function (PDF) inLH 101, LH 103, and LH 104. Logistic and normal PDFs represent the 

best the slope values in LH 102 and K 112 respectively (Figure 4.5). Nevertheless, standard 

error is very similar in all the four PDFs. Parker (1991) used normal distribution in his 

research with acceptable results. 
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Figure 4.4 Hillslope steepness as a function of the window size in Lucky Hills Small 
Watersheds and Kendall 112 Small Watershed. 
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Soils data. Lucky Hills Study area was described by Hawkins et al., (1991) as 

belonging to the Stronghold Soil Series characterized by a sandy loam in the surface with 

an erosion pavement. This study area is found in the brush-dominated portion of the Walnut 

Gulch basin with a canopy cover of 39% and ground cover of 78%. Ground cover includes 

70% of rocks larger than 2 mm in diameter. Another description given by Simanton et al., 

(1973) shows that the soils at Lucky Hills study area where the gullies have developed are 

the Laveen gravely sandy loam, deep and well drained. These authors classify soils in 

this site as C hydrologic soil group. Tiscareno-Lopez (1991) recognized that McAllister 

gravelly sandy soil dominates the upper portion (Lucky Hills 101) while the Stronghold Soil 

series is the most dominant on the lower portion of Lucky Hills 103. A detailed description 

of this soil series reveals average and variability of several soil-canopy characteristics used 

for runoff and soil erosion simulation with SWAT summarized in Table 4.2. Ground cover 

parameters such as rock cover, litter biomass, and standing biomass fit a Lognormal 

distribution while all the remaining soil characteristics fit the Normal distribution. Parker 

(1991) reported an exhaustive review of the probability distributions of soil properties and 

concluded that almost all of them fit the normal distribution. Mean and standard 

deviation values as reported in Table 4.2 are useful to synthetically generate random values 

of soil properties for a multivariate sensitivity analysis. 

Soils at Kendall 112 small watershed belong to the Bemardino-Hathaway 

association, described by the USD A (1970) as deep and well drained, with moderate soil 

water holding capacity and moderate to slow permeability. Tiscarefio-Lopez (1994) 
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reported soil properties of this watershed as shown in Table 4.2. Although this soil is 

slightly more sandy and with less rock fragment content and rock cover than those of Lucky 

Hills. Its water holdmg capacity is very similar in the top soil layer. The noticeable 

difference in canopy cover (litter biomass and standing biomass) is reflected in a higher 

organic matter content. 

SWAT requires available soil water holding capacity data of four soil layers and 

their depth within the soil profile. Stone et al., (1986) applied soils data of Table 4.2 on 

Lucky IBlls watersheds that are consistent with values reported for Laveen and Rillito Series 

in Southeastern Arizona (SCS, 1974). The same source provides data for Hathaway soil 

series (Kendall watersheds). Differences in soil properties between both study sites suggest 

that soils in Lucky Hills watersheds are shallower with a greater available soil water 

capacity than soils in the Kendall watersheds. 

Channel data. Several references suggest that channel morphology and hydraulic 

characteristics significantly affect the watershed response in arid environments (Lane, 1982; 

Renard et al., 1993). While LH 103 watershed is drained by a relatively straight single 

gully, the LH 104 has a double-link channel that joins near the outlet. According to 

measurements reported by Osbom and Simanton (1989), there was an intense change of the 

channel cross section shape in LH-103 while channel cross sections in LH-104 remained 

almost constant fi^om 1976 to 1984. Measurements in this study show that channel 

degradation (stream bank erosion) is taking place in upper points of the channel whereas 

channel aggradation (sediment deposition) is occurring in lower cross sections. The studied 
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Table 4.2 Soil-canopy characteristics of the study sites, 
a). Top soil layer (Tiscareiio-Lopez, 1991,1994). 

Characteristic Unit MeanQJ St dev(l) Mean(l) St dev(2) 

Sand % 55.10 5.059 62.7 8.7 

SUt % 23.90 5.807 14.2 2.5 

Clay % 21.00 2.928 23.0 7.1 

Organic Matter % 1.32 0.526 1.67 0.58 

Bulk density gr/cc 1.39 0.191 1.31 0.09 

Soil water content 
0.33 bar 

15.00 bar 

m m"' 
0.267 
0.156 

0.019 
0.015 

0.239 
0.133 

0.052 
0.029 

Rock fragments % 41.53 19.97 30.8 9.9 

Rock cover % 46.72 18.873 30.8 9.9 

Litter biomass Kgm*^ 0.0067 0.0164 0.0462 13.3 

Standing biomass Kgm"^ 0.2276 0.3276 218.0 47.0 

b). Available Soil Water Holding Capacity 

Horizon, mm (1) ASWHC, m m' Horizon, mm(2^ ASWHC , m m"' 

0-75 0.163 0-330 0.146 

75-164 0.157 330-510 0.127 

164-381 0.151 510-990 0.095 

381-571 0.139 990-1170 0.067 

(1) Lucky Hills Study Site 
(2) Kendall Study Site 
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watersheds in this research show noticeable differences only in channel geometry, since 

particle size distribution and source of channel bed alluvium are similar. Table 4.3 shows 

values of these parameters. 

Temporal and spatial variability of the channel cross sections may be a source of 

error in model simulations. However, this study considers .current channel morphology 

parameters on historical records of runoff and sediments yield that occurred on channels 

whose dimensions may have changed in some way. Similarly, the criteria applied in 

selecting sampling points and data interpretation may vary for different degrees of expertise 

of the person acquiring the field data. These sources of error are not evaluated in this 

research. Hydraulic characteristics of channel bed materials were reported by Tiscareno-

Lopez et al. (1994) for LH 103 watershed and by Goodrich (1990) for LH 104. Channel 

bed hydraulic parameters. Manning's roughness, and saturated hydraulic conductivity fit a 

lognormal distribution function. Mean values are 0.036 and 36.11 whereas standard 

deviation values are .003 and 19.24 respectively (Tiscareiio-Lopez etal., 1994). 

4.2.2 Medium watersheds 

Stock Ponds 220 and 223 are two medium-size subwatersheds (57.4 and 43.7 ha) 

located in the Kendall and Lucky Hills study areas respectively (Figure 4.6) with different 

conditions in both ground cover and topography. While the Stock Pond 220 is a grass-

dominated watershed with a relief ratio of 0.033 m m"', the Stock Pond 223 is a brush 

dominated basin with a relief ratio of0.028 m m'^ Other topographic differences are shown 



Table 4.3 Channel geometry and hydraulic parameters at four sub watersheds of Walnut 
Gulch Experimental Watershed. 

Parameter LH 103 LH 104 ST 220 ST 223 

Length (m) 160 240 1050 1372 

Width (m) 1.43 0.98 3.00 2.04 

Depth (m) 1.06 0.57 1.23 0.88 

Slope (m m') 0.030 0.050 0.020 0.023 

Manning's roughness (s 0.036 0.036 0.036 0.036 

Saturated Hydraulic Conductivity (mm h ') 51.0 51.0 51.0 51.0 



in Table 4.4 and Figure 4.6 that suggest that Stock Tank 220 is steeper than Stock Tank 

223. Both watersheds were represented geometrically in the same way as the LH 103 small 

watershed (Figure 4.2) for calculation of slope length. 

The convolution analysis on the digital terrain models showed that the average 

steepness in ST 220 changes with surface element size even in the greatest level (25600 m") 

whereas steepness value in ST 223 stabilizes around 1000 m^. White circles in Figure 4.7 

show the standard deviation of steepness around the average in each surface element size. 

ST 220 watershed is more irregular than ST 223. Soil characterizations for Lucky Hills 

103 and Kendall 112 are useful for input database development in these medium watersheds 

because the spatial variations are considered small. Nevertheless, it is expected that channel 

geometry and hydraulic characteristics play an important role in watershed response 

simulation. Goodrich (1990) recognized that spatial variation on not only channel 

morphology, but also on precipitation can be significant at this range of watershed scales. 

Table 4.3 shows characteristics of gullies of Stock Tanks under study. Clearly the gully in 

ST 220 is deeper, wider, and shorter than the gully in ST 223. 

4.2.3 Large watershed 

Watershed No. 11 (W 11) was selected to evaluate the effect of spatial aggregation 

and resolution of data sources on model performance. This large watershed comprises a 

total drainage area (A) of 783.74 ha in the northeast extreme of WGEW. Two stock tanks 

intercept a fraction of overland flow in the uppermost part of the watershed in such a way 
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Figure 4.6 Digital Terrain Models of Stock Ponds 220 and 223 medium watersheds. _ 
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Figure 4.7 Hillslope steepness as a function of the window size in Stock Tanks 220 
and 223 medium watersheds. 

Table 4.4 Geometric characteristics of two medium watersheds at Walnut Gulch 
Experimental Watershed. 

Watershed parameter Units ST 220 ST 223 

Area m^ 574656 437062 

Maximum length m 1710.0 1565.0 

Maximum elevation change m 57.10 44.2 

Relief ratio m m"' 0.033 0.028 

Watershed slope m m"' 

Characteristic 0.075 0.067 
Mean 0.114 0.075 
Standard deviation 0.034 0.025 

Slope length m 240.50 171.21 



that the effective drainage area is 634.30 ha. However, several extreme events have caused 

the spill of surface runoff that accounted for 0.07, 1.67, and 0.24 mm during runoff 

seasons of 1975, 1982, and 1986 respectively. 

Figure 4.8 (top) displays a representation of W11 showing the exclusion area and 

the location of eleven raingages that provide measured rainfall data between 1966 and 

1992. The length of three main drainage channels is 5.543 km. Slope length was calculated 

as the ratio between 0.5(A) and channel length. This value is 232.5 m. Average slope 

steepness is 0.061 whereas channel slope is 0.045. Average channel width as calculated 

from drainage area is 7.29 m (Miller, 1995). The vegetation of W 11 comprises 70 percent 

grass and 30 percent brush. The brush-dominated area corresponds to the southwestern 

boundary of the watershed. Vegetation composition is considered similar to Candle and 

Lucky HQlls study sites respectively. Therefore, the Manning's coefficient, dependent upon 

vegetation cover is 0.30 and 0.15 (Weltz et al., 1992). Soil water holding capacity varies 

spatially with soil texture. The drainage area is dominated by very gravely sandy loams 

(57.5 %) that include Tombstone (35.1 %), Elgin-Stronghold (11.8 %), McAllister-

Stronghold (9.6 %), and Baboquivari-Combate (1.0 %) complexes and very gravely loams 

that include Stronghold-Bernardino Complex (42.5 %). These texture classes are similar 

to those of Candle and Lucky Hills Study sites respectively. Figure 4.8 (bottom) shows 

spatial distribution of the soil complexes. The most coarse soil texture dominates the 

southwestern part of the watershed whereas the northeastern is dominated by the least 
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4.3 Rainfall data 

The current raingage network at Walnut Gulch Experimental Watershed includes 

single-, dual", and triple-transverse weighing-type recording gages with 24-hour period of 

chart revolution (Osborn etal., 1979a) and a depth and time resolution of approximately 

0.15 mm +/- 0.3 mm, and 2.5 min +/- 5 min respectively (Woolhiser and Goodrich, 1988). 

According to Friedmund (1992), these rain gages provide data on rainfall depth, start time, 

and storm duration and eliminate error sources common in other rain gage types. However, 

the error introduced due to extrapolating point measurements and sampling area is still a gap 

in watershed modeling. 

There have been several studies on the temporal distribution of the runoff-producing 

storms and spatial correlation of rainfall on the watershed. Renard et al., (1993) suggests 

that approximately two thirds of total annual rainfall on Walnut Gulch Watershed come from 

convective thunderstorms with a very restricted areal extent and high intensity. This rainfall 

source is responsible for most the annual runoff and it occurs during the summer season, 

from July to the middle of September (Tiscarefio-Lopez et al., 1993). Winter rainfall occurs 

as a low-intensity and larger spatial coverage but these events usually do not produce runoff 

(Miller, 1995). This effect has been explained in several references (e. g. Sellers, 1960; 

Osborn et al., 1979a) as the development of summer-season storms from convective 

processes that cause high-intensity, low duration, and a reduced spatial coverage. In 

contrast, frontal systems during other seasons are responsible of low-intensity, long 

duration, and large spatial coverage of rainfall events. 
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Availability of rainfall records is variable between rain gages and some times they 

do not coincide with runoff records for a given watershed. Long-term simulation efforts 

require the integration of composite rainfall records using more than one raingage, which 

makes it necessary to address the spatial correlation of rainfall values between two adjacent 

rain gages. While summer daily rainfall correlation between adjacent rain gages falls below 

0.9 at 1.0 km approximately, Avinter daily precipitation correlation is greater than 0.9 even 

at distances larger than 4.0 km (Osbom et al., 1979b). Based on these diflferences, these 

authors conclude that a single raingage on the whole 150-km^ watershed can be used to 

measure winter precipitation accurately. A recent report by Nichols et al., (1993) showed 

that winter daily rainfall values correlate more than 0.8 at 20 km using data from rain gages 

in operation since 1964. 

Rain gage 83 is found in the midpoint of Lucky Hills small watersheds cluster and 

it has provided data for a continuous period since 1964 to 1979 and for only the summer 

season, since 1980 to 1992. Similarly, raingage 82 is located in the outlet of K 112 

watershed and its record comprises whole years since 1963 to 1979 and for only summer 

months since 1980 to 1986. The nearest rain gages with continuous records are 80 and 60 

respectively. A comparison of total daily rainfall of non-summer months between rain gages 

80 and 83, and between 60 and 82 for events recorded during 1971 to 1976 showed that it 

is feasible to estimate missing rainfall data from adjacent rain gages with a high degree of 

confidence. 



Figure 4.9 shows the relationship between daily rainfall depth recorded in adjacent 

rain gages during January-June and October-December of 1971-1975. The total rainy days 

were 112 and 124 respectively. Regression and statistical parameters are presented in Table 

4.5. The regression analysis demonstrated that intercept and slope of the regression line 

were equal to zero and one at a = 0.01 in both comparisons, however, the coefficient of 

determuiation is not as high as it was expected according previous studies reported for 

winter months by Osbom et al, (1979b) and Nichols et al., (1993). However, these results 

suggest that daily rainfall values in non-summer months can be extrapolated from adjacent 

rain gages. Continuous rainfall records were integrated for Lucky Hills and Candle 

Watersheds using data from the four already mentioned rain gages. From the composite 

rainfall record it was possible to characterize the frequency distribution and the temporal 

variability at Lucky Hills Study Site and Candle Watersheds. Figure 4.10 represents the 

distribution of daily values of total rainfall depth. The frequency distribution fits the 

exponential PDF, with a noticeable percentage of very small rainfall values, characteristic 

of arid regions (Sanchez-Cohen, 1994). 

The mean annual precipitation is 334.8 and 352.0 nun with standard deviation of 

88.8 and 80.4 mm at Lucky Hills and Candle Watersheds respectively, annual variations 

during the corresponding periods can be noticed in Figure 4.11 (top). There is a clearly 

defined period of heavy storms occurring during the months of July to September which 

produce most the runoff and soil erosion. However, Winter rainfall occurring during 

December and January also shows relatively high mean values (28.5 and 16.8 mm —Lucky 
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Figure 4.9 Correlation of non-summer daily rainfall depth, mm between adjacent 
raingages in Luclqr Hills Study Site (left) and Kendall Watersheds 
(right) 

Table 4.5 Comparison of daily rainfal recorded in adjacent raingages during non-
summer months of 1971-1975. 

Raingage Mean Standard Regression Constant Coefficient r2 
Deviation 

80 4.917 6.389 

83 4.767 6.280 

60 4.490 5.439 

82 4.408 5.772 

Y(83)=f(Y(80)) 0.2004 0.9288 0.893 

Y(82)=f(Y(60)) -0.0290 0.9880 0.867 
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Table 4.6 Annual statistical values of rainfall at Lucky Hills Study Site and Kendall 
Watersheds. 

Lucky Hills, 1964-1992 Kendall, 1963-1986 

Rainfall depth (mm) 

Maximum 538.5 528.8 

NCnimum 175.1 215.6 

Mean 334.9 353.0 

Standard deviation 88.8 80.5 

CoeflBcient of Variation (%) 26.52 22.79 

Seasonality ratio 

Maximum 10.5 5.31 

Minimum 0.55 0.31 

Mean 2.04 1.97 

Standard Deviation 1.81 1.22 

Coefficient of Variation (%) 88.72 62.18 
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Figure 4.10 Frequency distribution of daily rainfall depth at Lucky Hills study 
site (left) and Kendall Watersheds (right). 



Hills— and 21.3 and 16.1 —Candle—, respectively) but they do not produce surface runoff 

This fraction of total rainfall is important for vegetation stability and consequently to reduce 

the rate of soil loss during the summer season. Figure 4.11 (middle) shows the great 

variability of average monthly rainfall during the year and the range of monthly values given 

by the standard deviation around the mean. 

A detailed analysis of seasonality of the rainfall showed that the ratio of 

suminer/non-summer rainfall is very variable in both locations (Table 4.6). A value of 2.0 

of the seasonality ratio means that 66.7 % of total rainfall occurs during July to September. 

However, this ratio ranged between 0.55 and 10.5, and between 0.31 and 5.31 respectively. 

Figure 4.11 (bottom) depicts the annual value of this ratio during the periods of record. It 

can be easily observed that the seasonality ratio is more stable after than before 1980. Also, 

the moving mean of the previous five years declined to less than the historical average. 

Therefore, given that the average seasonality ratio during 1964-1980 is greater than the 

historical average, we can expect underestimations of surface runoff during this period, and 

vice-versa using a parameter set based on a model calibration for all the historical records 

because most of the total annual surface runoff is caused by the summer season rainfall 

events. Also, it can be expected that the CN value will show a slight decrease during the 

second part of the record because the reduction of the rainfall amount during the summer 

rainy season. 

Rainfall data for medium-size watersheds is available from several rain gages. Stock 

Tank 220 is surrounded by the rain gages 60, 61, and 65 whereas raingage 82 is installed 
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within the watershed. Similarly, Stock Tank 223 is surrounded by the rain gages 22, 23, and 

83 all of them with continuous daily records from 1963 to 1977. Thiessen polygons were 

obtained from the GIS database to generate weighing factors in calculating the daily rainfall 

depth average for that period in both watersheds. Analysis of distribution of frequencies and 

monthly and annual fluctuations were not done on these rainfall records since these 

characteristics are assumed to remain constant within the study area. 

Rainfall in Watershed No. 11 is measured by nine rain gages along the boundaries 

and two within the area. Distance between adjacent rain gages ranges from 0.8 to 1.5 Km 

with standard deviation of 0.3 km. According to available studies on spatial variability of 

rainfall depth data during runoff seasons, cross correlation coefficients can be as low as 

0.55 between the most remote raingages within the area. This variability represents a good 

opportunity to analyze the effect of rainfall data aggregation on model output at this scale 

of watershed. 

4.4 Summary 

Input parameters for water and sediment yield as simulated by SWAT include 

watershed geometry and hydraulic characteristics both for hillslopes and stream channels. 

While all these parameters are specified in model parameterization, process parameters must 

be estimated from rainfall-runoff (or sediment yield) long-term records. In this chapter all 

parameters related to watershed geometry and hydraulics have been developed from 

previous studies, reference data, and field measurements. 
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Data from small and medium-size watersheds are assumed uniform across the 

drainage area because processes of soil development and channel dynamics do not represent 

enough contrast to produce drastic variability of watershed response. Rainfall depth may 

vary within this size of watershed since the runoff-producing storms are typically reduced 

in spatial coverage. Several reports and a correlation analysis in this study indicated that 

rainfall data in small watersheds can be considered uniform in space. In contrast, large 

watershed data clearly shows spatial variability not only regarding watershed geometry and 

hydraulic characteristics, but also on daily rainfall depth. 

Data sets as developed in this chapter are useful to study model sensitivity to 

parameter values and to spatial aggregation of input parameters. However, before 

performing a sensitivity analysis, process parameters must be identified by a calibration 

approach to complete model databases. 
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CHAPTER FIVE 

MODEL PARAMETER ESTIMATION FOR WATER AND SEDIMENT YIELD 

SIMULATION 

5.1 Introduction 

Model sensitivity analysis requires that parameter values provide the least biased 

results. Most of SWAT model parameters can be obtained from field surveys and from 

documental sources. Those parameters are related mainly to physical characteristics of the 

watershed. However, water and sediment yield as simulated in SWAT requires also the 

estimation of regression coefficients such as Curve Number and Soil Erodability Factor 

among others. On the other hand, knowledge of implicit variability of those parameters 

allows for analyzing model sensitivity within a realistic sampling space. 

Availability of watershed response data allows users of simulation models to estimate 

those parameters that primarily affect the accuracy of the results. Curve Number-driven 

watershed simulation models seem highly sensitive to this parameter (Lane and Ferreira, 

1980; Carlson etal., 1993). Although there exist procedures to obtain it from the literature, 

the most accurate technique when observed rainfall-runoff records are available is by means 

of a model calibration approach (Simanton et al., 1973). However, a very important 

requirement of this technique is to set the time series with the most homogeneous behavior 

of the rainfall-runoff relationship with the most accurate measurements (Goodrich, 1990). 

Longer time series provide more variability of input-output model relationships and 
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consequently more robustness of model simulations. 

The objective of this chapter is to obtain CAT parameter value for long time 

simulation and its PDF. The methodology for that purpose includes the definition of the 

longest homogeneous rainfall-runoff record for each watershed. Those records are used to 

optimize the Curve Number value for water yield simulation. Once this parameter value is 

estimated, soil erosion related parameters are subject of optimization. These parameters 

include the soil erodability factor and Mamiing's roughness coefficient. 

Availability of measured watershed response data is more detailed on water yield 

than on sediment yield. While water yield data are available for a long term on a daily basis 

on all the studied small watersheds, sediment yield data are available only for LH 103 and 

LH 104 watersheds at two levels of time aggregation. Total annual values are available 

from 1973 to 1980 and daily values are available for 30 percent of runoff events during 

1982-1992 (Simanton, 1995 written communication). Despite these limitations, a model 

calibration on sediment yield related parameters was possible using those annual values. 

Since water yield is an input parameter in sediment yield simulation, daily values of this 

variable allowed for validation of data sets as developed from model parameter specification 

and estimation. 

5.2 Water yield parameter estimate 

5.2.1 Double Mass Analysis. 

Although rainfall-runoff data are available for different lengths of time at the Walnut 
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Gulch subwatersheds, it is necessary for a detailed analysis of the eflfects caused by 

alterations such as installation and replacement of recording devices, land surface 

treatments, and natural adaptations of vegetation to climate fluctuations on the rainfall-

runoff relationship. Double Mass Analysis (DMA) is used in this approach to identify 

homogeneous time series of the rainfell-runoff relationship observed in five small watersheds 

and two stock tanks considered as medium-size watersheds. 

DMA considered cumulative rainfall and cumulative runoff as independent and 

dependent variables respectively on five small- and two medium-size watersheds. Daily 

values were used on small watersheds and total annual values on medium-size watersheds. 

Available information on watershed management and visual examination of these 

relationships were the criteria to test the hypothesis that slope of the rainfall-runoflf mass 

curves remained constant during the predefined periods. A level of confidence of 0.99 (a 

= 0.01) was used to accept or reject the hypothesis in such comparisons applying standard 

statistical procedures (Gomez and Gomez, 1976). 

Observed daily runoff data in Lucky Hills Watersheds 101 and 102 are available 

since 1962 and 1963 to 1978 respectively, gathered by means of a V-notch weir. Data in 

watersheds 103 and 104 are available fi"om 1963 to 1992 and they were recorded by 

measuring runoff with two different structures. During 1977 and 1978 the originally 

installed V-Notch weirs were replaced by small supercritical flumes on these watersheds. 

Besides these alterations, LH 101 was treated with herbicide during 1975 and reseeded 

grass during 1976. Regarding Kendall 112 watershed, continuous daily runoff data are 
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available from 1962 to 1986 measured also with a V-notch weir. Land imprinting was done 

in 1984 to improve the infiltration rate as described by Dixon and Simanton (1977). Finally, 

on medium-size watersheds, ST 220 and ST 223 annual values of runoff are available from 

1961 to 1978 and from 1960 to 1977 respectively. Major changes have not occurred in 

areas different from those already mentioned in the nested subcatchments. All the above 

alterations are considered in the analysis of the rainfall-runoff relationship. 

Figure 5.1 shows the double mass curves for five small watersheds and the major 

changes in land surfeces. Because a continuous recording raingage has been installed in the 

middle point of Lucky Hills Study Area since 1964, the analysis of the rainfall-runoff record 

begins in 1964 for these watersheds. Visual examination of the plot for LH 101 and 102 

revealed that there exist important departure points in 1965. It is possible that the 

watershed response stabilized after this year following the installation of the measuring 

structure in 1962. Although a departure point is not noticed because of the surface treatment 

in LH 101 in 1975 and 1976, its effect on the rainfall-runoff relationship was analyzed in this 

study. Conversely, LH 102 plot shows a departure point in 1969 whose cause is unknown. 

The DMA results showed that slope of the rainfall-runoff relationship in three 

segments of the LH 101 plot (1964-1965, 1966-1974, and 1975-1978) is different at a 

probability level of a = 0.01. Similarly, slope of the LH 102 relationship is different when 

comparing the segments 1964-65, 1966-1969, and 1970-1976. These results suggest that 

runoff measurements of three or four years following the construction or installation of the 

measuring structures may be significantly affected and must not be considered in model 
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calibration. On the other hand, treatments on the LH 101 during 1975 and 1976 

significantly affected the behavior of this variable. Consequently, the best time series in these 

small watersheds were 1966-1974 and 1970-1976 respectively. 

The DMA for LH 103 and LH 104 records was based on the results of the DMA for 

their small nested catchments. DMA results showed that replacing the flow measuring 

structure in 1978 statistically affected the slope of the rainfall-runoff relationship of LH 103. 

This finding motivated us to investigate the alterations within periods before and after the 

measuring structure replacement. No statistically significant changes of slope were 

detected before the replacement of the measuring structure when the land treatment in LH 

101 took place. In contrast, significant changes of slope were detected in 1981, 1985, and 

1990. Although no major changes occurred in these years, it is clearly recognized that the 

rainfall pattern in 1983 was very different from the normal behavior of this variable. This 

irregularity has been attributed to El Niiio Southern Oscillation (ENSO) occurring in that 

year and is recognized as the extreme ENSO in last half of the current century. (Cavazos 

and Hastenrath, 1990, Philander, 1990) The most noticeable effect was a reduced rainfall 

intensity in most of the rainy events that resulted in very low water yield for one of the 

greatest total annual precipitation recorded values. 

It has been believed that measurements of surface runoff with V-notch weirs like 

those installed in the first period are affected by water ponding in this range of watershed 

size. Also, the irregular behavior of the precipitation pattern during 1983 lead us to analyze 

the long-term rainfall-runoff record comparing values of CN as estimated from model 
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calibration on time series considering replacement of flow measuring structure, and lack of 

normality of the 1983 rainy year. 

The DMA in LH 104 watershed showed similar changes of slope as those detected 

in its small nested subwatershed in 1965 and 1969. The slope of the relationship was 

statistically uniform during 1970-1992, which means that replacing the measuring structure 

did not aflfect the rainfall runoff relationship. However, model calibration in this watershed 

was done also on time series of 1970-1978 and 1979-1992 to compare the CN values before 

and after the replacement of gaging devices. 

The fifth small watershed, Kendall 112 showed significant changes of the rainfall-

runoff^relationship slope in 1967, 1980, and 1984. Like in other small watersheds, the first 

four years of data may have been affected by alterations in the measurement site. It was 

noticed that the land treatment of surface imprinting to improve water infiltration 

significantly affected the slope of the relationship as compared with the previous three years. 

This effect can be noticed in Figure 5.1 as a reduction of the cumulative runoff as related 

to cumulative rainfall after 1983. These results support the conclusion of using runoff data 

of 1967 to 1980 for model calibration. 

Rainfall records in Stock Tank watersheds were integrated by using the Thiessen 

method with all the nearest rain gages. Runoff records are available only for cumulative 

total annual values. Figure 5.1 shows the double mass curves for these variables. There is 

a clear difference between both stock tanks. While slope of the mass curve in ST 220 

presents short-term fluctuations, the change of slope in the relationship for ST 223 occurs 
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mainly in longer periods. However, the whole pattern in ST 220 looks more uniform than 

in ST 223. The apparent change of the slope in 1966 in the ST 220 plot was evaluated and 

the results showed that slope of the rainfall-runoff relationship during 1963-1966 is 

statistically different from that of the subsequent period. Similarly, the DMA showed that 

slope of the rainfall-mnoff relationship in ST 223 is statistically smaller for 1964-1974 than 

for 1969-1977. Taking the longest record as a criterion for defining the time series, it was 

concluded that 1967-1978 is the most representative for model calibration in ST 220, 

whereas 1964-1974 is most representative for ST 223 watersheds. 

5.2.2 Model calibration for water yield simulation 

Process parameters represent those watershed properties that are not directly 

measurable (Sorooshian and Gupta, 1995). SWAT is a model that includes the Curve 

Number as a process parameter subject to estimation by a model calibration approach. 

Model calibration is the technique of selecting values for process parameters in order to 

closely simulate the hydrologic behavior for a given study site (Donigian and Rao, 1988). 

The procedure consists of defining an objective function that represents a comparison 

between observed and estimated hydrologic variables. 

A number of expressions have been used as an objective function for model 

calibration. Kirkby et al., (1992) show several indices to estimate model efficiency and 

model error. A model efficiency index is proposed as the difference between the sum of 

square errors and the sum of the square of the measured deviations around the mean. 
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divided by the sum of square deviations. This index is the same as that developed by Nash 

and Sutcliffe (1970) as a coefficient of determination widely used in watershed simulation 

model performance evaluations (e. g. Connors and Gardner, 1991; Goodrich et al., 1993). 

Although this coefficient has been widely used since its proposal in 1970, the American 

Society of Civil Engineers Task Committee on Definition of Criteria for Evaluation of 

Watershed Models (ASCE, 1993) recommends using not only the Nash-SutclifFe 

Coefficient, but also the Martinec-Rango Error Index. This index is a ratio between the 

global simulation error and the measured of the variable of interest. 

Other criteria to evaluate model performance are comparisons of mean and standard 

deviation and the regression parameters between estimated and observed data. Previous 

studies in WGEW (Simanton et al., 1973 and 1996) applied the total least square error to 

calibrate the SCS-CN method. This criterion is applied in this research to be consistent with 

the mentioned reports. 

Model parameterization for calibrating the CN' value consisted of using daily rainfall 

records fi'om rain gages 82 and 83 —Kendall and Lucky Hills Study Sites respectively-

according to the results of the DMA. Length of record for each watershed is shown in 

Table 5.1. Watershed geometry and soil parameters were applied as described in Chapter 

four. CN values ranged around optimum values previously reported by Simanton et al., 

(1996) to find out the least total square error as the objective fimction. Measured and 

estimated total daily runoff during the summer months (July to September) were compared 

and the CN value obtained that minimizes the least square error function. Total square 
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error as a function of CN value fits a cubic equation. The first derivative ( V )  o f  such an 

equation is used to obtain by successive iterations or any other method, the CAf value for 

which y equals zero. 

Other calibration was based on the total annual values of volume runoff The 

purpose of this approach was to evaluate the consistency of CN' values obtained from daily 

total values —summer seasons— with those obtained using annual totals. This comparison 

provides a better understanding of the representativeness of the summer season runoff 

events over the whole year watershed response. Because the observed data in Stock Tank 

watersheds is available only for annual totals, a measure of consistency may show the 

confidence in using daily-derived PDF to study model sensitivity to parameter variation in 

these medium-size watersheds. 

Figure 5.2 depicts the square error as a function of the CA' value and Table 5.1 

shows the optimum values of CJV for the period under analysis. Small differences in 

optimum CN values were noticed as compared with the Simanton et al., (1996) report. 

While this calibration was based on a homogeneous watershed response record, they did not 

consider alterations in watersheds as previously described. Accordingly, as far as the time 

series are similar, the optimum CN values are identical. The optimum CN value-watershed 

size relationship showed smaller values as the watershed size increases which is consistent 

with results reported by Simanton et al (1973 and 1996). Causes of this trend have been 

attributed to a higher spatial variability of precipitation in larger watersheds and to channel 

bed abstractions of channel runoff 
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CN values obtained from daily runoff values compared very well with those obtained 

from total annual values for Lucky Hills small watersheds as shown in CNLS column in 

Table 5.L CNLS values for LH 103 and 104 during surface runoff measurements with the 

Supercritical flume showed a considerable decrease as compared with the period of 

measurements with the V-notch weir. That period includes the abnormal 1983 rainy season 

that did not yield a significant overland flow in spite of being one of the greatest total annual 

rainfall records. Because of the above irregularity, the fitness between observed and 

simulated values with the optimum value are the poorest. 

The lack of fitness during measurements with the supercritical flume may be 

attributed to the irregularity of the 1983 rainy season, or/and to a relative reduction of the 

runoff producing storms during the Summer season. In Section 4.3 it was mentioned that 

the seasonality ratio decreased after 1980. This means that a greater percent of total rainfall 

occurred during the non-Summer months that typically do not produce runoff. A noticeable 

reduction of optimum CN value in LH 104 (82.45 vs. 75.60) suggests that water yield 

potential was reduced after replacing the measuring structure. Another source of this 

discrepancy may be attributed to rainfall data content. Although there exists a high spatial 

correlation between adjacent raingages for non-summer months, its effect on water yield has 

not been quantified. Rainfall data during these years contains extrapolated rainfall data for 

non-summer months. Therefore, the best data sets for model sensitivity analysis are those 

oftheLH 101, LH 102, LH 103a, and LH 104a. 



Table 5.1 Optimum CN values for daily (1) and annual (2) water yield and regression parameters in seven watersheds. 

n CNLS r2 a b 

Watershed Period 1 2 1 2 1 2 1 2 1 2 

LH 101 1966-74 99 9 83.10 83.00 0.67 0.69 0.37 9.46 0.73 1.56 

LH 102 1970-76 73 7 83.73 83.83 0.88 0.89 -0.03 1.39 0.97 0.90 

LH 103 a 1964-77 155 14 82.96 83.05 0.77 0.89 0.02 5.02 0.86 0.82 

LH 103 b 1978-92 163 15 83.00 78.15 0.32 0.26 0.86 5.14 0.43 0.52 

LH 104 a 1970-78 87 9 82.45 81.56 0.91 0.79 -0.21 1.59 0.99 0.88 

LH 104 b 1979-92 145 14 75,60 76.39 0.37 0.27 0.23 7.40 0.49 0.42 

K 112 1967-80 118 14 72.61 66.13 0.30 0.46 0.61 5.44 0.45 0.53 

ST 220 1967-78 N/A 12 N/A 67.51 N/A 0.32 N/A 5.48 N/A 0.44 

ST 223 1964-74 N/A 11 N/A 82.27 N/A 0.69 N/A 6.50 N/A 0.59 

N/A = Not applicable 
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Constant and slope values of the regression equation between measured and 

simulated data shows that there is a clear overestimation of small values and an 

underestimation of the greater values. This tendency has been noticed in other studies 

(Lane, 1996, personal communication) with CA/" based simulation models and it has been 

attributed mainly to the lack of integrating rainfall intensity in model structure. 

The optimum CN values for Kendall 112 watershed either on a daily basis (summer 

events) or for total annuals is much smaller than all other data sets despite a greater mean 

total annual precipitation at this location. Comparing the amount of total annual runoff in 

similar periods among the studied watersheds may help to explain this difference. Measured 

surface runoff for non-channeled watersheds at Lucky Hills Study Site during 1970-1974 

was identical (133.9 and 134.7 mm respectively). In contrast, during 1967-74 measured 

runoff at LH 101 was 171.61 mm, while it was 86.48 mm at K 112 for the same period. 

Similar difference was observed between LH 102 and K 112 during 1970-1974. Although 

the smaller optimum CN value can be explained by the deeper soil profile and coarser soil 

texture plus the denser canopy as compared with Lucky Hills watersheds, the poor fitness 

between measured and simulated data suggests that SWAT model does not yield satisfactory 

simulations under these conditions. On the other hand, while optimum values of the CN 

parameter at Lucky Hills watersheds show consistency between daily-summer water yield 

and total annual values, the optimum CN values at K 112 watershed are almost 6.5 units 

different. Therefore, data sets from Kendall watersheds do not provide a good opportunity 

to analyze model sensitivity to parameter variation. 
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Model performance in medium-size watersheds shows that ST 223 data set can be 

used in model sensitivity analysis rather than ST 220. The optimum CN value for annual 

runoff is consistent with the nested smaller watersheds —either daily or annual values— and 

provides acceptable fitness between measured and simulated data {r2). In contrast, model 

performance parameters in ST 220 watershed show one of the poorest fits between 

measured and simulated surface runoff. 

5.3 Probability Distribution Function of dailv CN values 

The daily estimates of the CN parameter when a runoff event occurs were calculated 

from Equations 3.3 and 3.4 since rainfall (P) and runoff (O) values were available. The 

number of data varied from 49 to 133 according to results of DMA. Table 5.2 shows 

statistics of the daily CN values. Overall, all watersheds under study present very 

homogeneous mean, standard deviation, minimum and maximum values. Comparing mean 

values with optimum CN values from model calibration, differences range between 0.05 

and 9.64 units. These disparities may be attributed to a difference in representativeness of 

the data. While mean value represents a central value of a population, optimum CN value 

represents the least biased water yield estimates for a given time series. However, mean and 

standard deviations as obtained with this procedure are useful in generating random CN 

values for a multivariate sensitivity analysis. 

Four PDFs were selected to evaluate fitness of CN populations. These PDF's 

included Gamma, Lognormal, Logistic, and Normal. Statistical fitness tests showed that 
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Table 5.2 Statistic parameters of daily CN values in five small watersheds. 

Watershed n mean standard 
deviation 

min max 

LH 101 59 85.57 5.40 68.77 93.24 

LH 102 49 85.60 5.59 69.67 93.71 

LH 103a 106 83.01 5.98 60.54 94.84 

LH 103b 133 83.26 6.25 65.04 93.90 

LH 104a 51 82.83 6.12 65.51 92.16 

LH 104 b 96 80.63 6.11. 63.79 91.10 

K 112 71 82.35 4.60 71.99 90.38 
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Logistic or Normal PDF adequately represent populations of CN values during the periods 

under analysis. Figure 5.3 shows comparison among four PDFs based on the standard error 

-Chi-square Index— as suggested by Law and Vincent (1985). These results strengthen the 

random generation of CN values using either the Logistic or Normal PDFs for a multivariate 

sensitivity analysis. Lognormal and Gamma PDF's showed the poorest fitness. 

5.4 Sediment yield parameter estimate 

Availability of sediment yield data from WGEW is not as thorough and detailed as 

surface runoff. Osbom and Simanton (1989) reported measurements of total annual 

sediment yield for LH 103 and LH104 from 1973 to 1980. Their measurements were based 

on sampling of suspended sediment with pump samplers and weighting the trapped sediment 

in the pond behind the V-notch weir runoff measuring structure. Replacement of the V-

notch weirs with supercritical flumes equipped with total sediment load samplers enabled 

the scientists to continue evaluating soil erosion before and after the runoff season. Their 

measurements and estimates with the USLE method showed that channel erosion in LH 

103 accounts for about 51 percent of total sediment yield and the remaining 49 percent is 

produced from hillslopes and the small tributary gullies. In contrast, stream channel cross 

sections in LH 104 are clearly defined by an "erosion resistant caliche-conglomerate outcrop 

which limits channel erosion and control the gradient"~Renard et oL, (1974). Because 

model calibration for surface runoff showed that the time series during V-notch weir 

measurements provide the best results, only those years of sediment yield data included in 
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these time series are useful for model calibration. Therefore, 1973-1977 and 1973-1978 are 

the sediment yield data to use in model calibration with LH 103 and LH 104, respectively. 

Sediment yield simulations with SWAT consider both hillslope and channel erosion. 

Hillslope soil erosion is simulated with the Modified Universal Soil Loss Equation. The 

erosivity factor is a product of volume runoff (Q) and peak runoff (Op). Factors affecting 

0 have already been specified and estimated by means of a calibration approach. Op 

depends on drainage area size, O, and Manning's roughness coefficient for both hillslope 

and channel. Since the roughness coefficient of the channel bed was determined by 

Tiscareno-Lopez et al (1994) as 0.04, the only factor affecting Op to be determined is 

hillslope roughness coefficient («). On the other hand, MUSLE factors Slope length {LS) 

and vegetation management practices (Q are addressed from topographic data and canopy 

structure data. Therefore, the remaining MUSLE factor to be estimated is the Soil 

Erodability Factor {K). 

Although there exist procedures to estimate the K value from regression equations 

and nomographs (Romkens et al., 1997), these techniques provide an approximate value 

based on soil texture and organic matter content. The availability of measured data of 

sediment yield enables model users to estimate the most accurate K factor value for a given 

watershed in a similar way as for O simulations. Regarding channel erosion, this component 

considers channel's C and K factors. While C Factor is addressed as 1.00 for a natural 

stream channel, the channel's K must be estimated from a calibration test. 
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Sediment yield K (hillslope and channel) and n parameter estimate was based on a 

trial and error approach. Comparison of measured and simulated total sediments yield was 

a first criterion to estimate soil erosion parameters with the lowest deviation. A second 

criterion was that approximately 50 and 10 percent of total sediment yield must occur as 

channel erosion in LH 103 and LH 104 watersheds respectively, based on the observations 

reported by Osbom and Simanton (1989). 

Initial value o^Kh —hillslope— was assessed by application of Equation 3.15 and 

verified with nomograph (Romkens et al., 1997) as 0.20 whereas the initial value of n was 

assessed according to experimental results fi'om small runoflf plots published by Weltz et al, 

(1992) as 0.15 for Chihuahuan Desert shrublands. A value of 0.20 in Kc -charmel— 

provided good results according to the first criterion for calibration in LH 103 whereas a 

value of0.005 was determined for LH 104. The second criterion was fulfilled by successive 

combinations of parameter values until both criteria were satisfied. 

From the above approach the optimized Kh, Kc and n soil erosion parameter values 

resulted as 0.30,0.15, and 0.114 for LH 103 whereas for LH 104 these values were 0.20, 

0.005, and 0.194. Differences in Kh and Kc between both watersheds reflect the greater 

susceptibility of LH 103 surface conditions to eroding factors despite a lower slope either 

in hillslopes or in channel. Regarding Marming's roughness coefficient, the initial value 

represents an average fi'om several tests conducted with a rainfall simulator in the Lucky 

Hills study site. Model calibration showed that a smaller value provides good results in LH 

103 while a larger value does it in LH 104. Visual examination of the hillslope areas 
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suggests that the coarser and more gravely surface in LH 104 must result in a greater n 

value as compared with that of LH 103. However, these values are consistent with the 

previously reported data by Weltz et al., (1992) even though they used simulated rainfall on 

small runofif plots. Table 5.3 shows results of model simulations using these values. The 

last row shows how well the criteria for model calibration were attained. Fitness between 

measured and simulated total annuals is depicted in Figure 5.4. Because the available pairs 

of data for each watershed are only five and six, a combined regression test was run and it 

showed that these parameter sets result in -0.138, 1.039, and 0.952 as a, b and r regression 

parameters. Considering the above results and the findings published by Renard et al., 

(1974), Kh, Kc, and rt values fi-om LH 103 were extended to ST 223 watershed whereas rt 

value was slightly increased to 0.15 for use in LH 101. Parker (1991) described LH 101 

watershed as substantially more dense in grass species than LH 103 watershed. On the 

other hand, Kh and rt values from LH 104 were extended to use in LH 102 because surface 

characteristics are more uniform in these watersheds than in the continuity LH 101-LH 103. 

5.5 Model validation 

Sediment yield simulation depends upon all those parameters affecting water yield 

plus soil erosion factors. Since measured sediment yield data were available in two sets for 

LH 103 and LH 104 watersheds, one was used in model calibration and the remaining data 

represent an opportunity to validate data sets as developed in Chapter Four and this one. 

The data set used for model validation includes daily records fi^om 1982 to 1992 with 



Table 5.3. Comparison of measure(l(*') and simulated total annual sediment yield (t ha ') in 
Lucky Hills small watersheds. 

Lucky Hills 103 Lucky Hills 104 

Simulated Simulated 

Year Measured Hilslope Total Measured Hillslope Total 

1973 3.064 1.774 3.568 0.865 0.585 0.669 

1974 5.362 2.003 4.011 1.853 1.298 1.454 

1975 9.464 5.468 9,971 3.509 4.486 4.716 

1976 2.669 0.806 2.679 0.766 0.119 0.181 

1977 7.512 3.987 7.837 3.286 2,748 2.927 

1978 0.198 0.384 0.539 

Total 28.071 14.038 28.066 10.477 9.620 10.487 

Percent 50.020 100.00 91.374 100.00 

(*) Osbom and Simanton, 1989. 
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missing data for years 1986,1990, and 1991 (Simanton, 1995 written communication). The 

LH 103 data set contains 37 usable records from 118 runoff events while the LH 104 data 

set includes 32 records from 74 runoff events. Data from 1982 and 1983 were dropped 

because of the irregularity of the runoff season in 1983. Also, data from months out of the 

summer runoff season were dropped because model calibration was done on data from that 

period of each year. Therefore, 23 and 17 records of sediment yield were used in model 

validation in both watersheds, respectively. 

Sediment yield data as simulated with SWAT using pertinent rainfall records and the 

databases as described in these two last chapters were compared with those already 

described records. Criteria for comparisons included Nash-Sutcliffe coeflficient of efficiency 

and regression parameters between measured and simulated data. Table 5.4 shows results 

that indicate an excellent performance of the model. Nash-Suttcliffe coefficient of 

efficiency and coefBcient of determination clearly show the fit between simulated and 

measured data. Additionally, intercept values close to zero and slope values close to one 

show that there is not a significant over or under estimation of sediment yield in these 

watersheds. Figure 5.5 displays scattering of data as related to the 1:1 line. 

The above results show that model parameter values derived from available sources, 

field surveys and model calibration provide excellent representation of watershed 

characteristics. Accordingly, databases developed as described in these two chapters can 

be used confidently in model sensitivity analysis. 
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Table 5.4. Comparison between measured and simulated sediment yield data 
(t ha-1) from a validation test in two small watersheds. 

LH 103 LH 104 

Measured Simulated Measured Simulated 

Observations 23 23 17 17 

Mean 0.184 0.161 0.107 0.096 

Standard deviation 0.319 0.295 0.204 0.178 

r2 0.706 0.733 

a 0.038 0.012 

b 0.908 0.983 

Nash-Sutcliflfe 0.693 0.730 
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Figure 5.5 Scattering of sediment yield data in two small watersheds. 
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5.6 Summary 

The main scope of this chapter has been to identify data sets usefLil to study the 

sensitivity of SWAT simulations of volume runoff and sediment yield to parameter variation. 

Model parameterization consisted of the following assumptions: First, the recorded rainfall 

is representative and spatial variations within the watershed do not affect the watershed 

response. Second, soil profile and canopy structure and density are uniform within the 

entire watershed. Third, in channeled watersheds the average cross section is representative 

of the whole channel and it does not change appreciably in time. Under the above 

assumptions the time series with the most stable rainfall/runoff relationship were identified. 

The DMA showed the effects of alteration in watershed surface and replacement of 

measuring structure on the departure of the rainfall/runoff relationship. The longest stable 

slope of the cumulative rainfall/runoff record was the criterion to determine the length of 

record to use in model calibration. These time series ranged fi'om seven to fifteen years of 

daily data in small watersheds whereas 11 and 12 years of total annual data were used in 

medium-size watersheds. 

Model calibration was conducted to estimate parameter values for volume runoff and 

sediment yield with the maximum likelihood. Since most of the parameter values were 

specified fi'om previous reports and available data on soil properties, watershed geometry, 

and channel hydraulic characteristics. Curve Number Condition 11 was the only parameter 

calibrated for volume runoff simulation. Two levels of data aggregation were the subject 

of model calibration: daily values during the summer months, and total aimual values 
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regardless of their distribution in time. The calibration approach was based on 

comparisons between measured and simulated data of volume runoff using the least square 

error as the objective function. Results of the model calibration with daily data compared 

very well with those from total annual values thus showing the high influence of summer 

runoff events on the entire watershed response. Availability of daily values of volume runoff 

was significantly important in defining the PDF for the Curve Number Condition II 

parameter in each watershed. Goodness of fitness tests showed that Logistic and Normal 

PDF adequately represent this variable for all the small watersheds under study. Statistics 

of the PDF were strongly uniform in all the watersheds. 

Data sets with poor fitness between measured and simulated data include Kendall 

watershed 112, Stock Tank 220, Lucky Hills watersheds 103 and 104 during measurements 

with supercritical flume. K 112 and ST 220 watersheds, located in the grass-dominated 

portion of WGEW showed a notably lower water yield than those located in the brush-

dominated area. Their poor fit suggests that other parameters besides the CNj, are affecting 

the watershed response in these grass-covered watersheds. Therefore, a further analysis 

must consider the effect of a uniform canopy on the watershed response. 

On the other hand, the lack of agreement between measured and simulated data 

during the period of measurements with the supercritical flume in LH 103 and LH 104 

watersheds might be attributed to irregularities in rainfall pattern during this period. There 

was a reduction in rainfall seasonality during these years as well as an extremely irregular 

rainy season during 1983. The consequence of these irregularities was a very low water 
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yield that adversely impacts model output accuracy, since rainfall intensity variation is not 

accounted for in model structure. Therefore, the best data sets for studying the model 

sensitivity of surface runoff to parameter variation were LH 101 (1966-74), LH 102 (1970-

76), LH 103 (1964-77), LH 104 (1970-78), and ST 223 (1964-74). 

Model calibration for sediment yield simulation was restricted only to those 

watersheds from which measured data are available, LH 103 and LH 104. After calibrating 

the SWAT model for volume runoff simulations, optimum CN values were considered as 

specified variables for sediment yield simulations. In contrast to CN estimation, sediment 

yield parameter value estimation required the optimization of the soil erodability factor both 

for upland areas and channel, and the Maiming's roughness coefficient for upland areas. 

Since the availability of recorded data was very limited, a trail and error approach was 

followed to minimize the difference between measured and simulated data during five and 

six years for LH 103 and LH 104 respectively. Despite these inconveniences, the resulting 

optimum values were strongly consistent with previous studies and the source data provided 

by the SWAT model. Model validation results showed that these data sets can be used 

confidently in model sensitivity analysis. 

The database development as described in this chapter will enable model users to 

perform either Multivariate or Non-Interactive Sensitivity Analyses because all input 

parameter values have been specified and estimated for maximum likelihood. Similarly, it 

will be possible to study the breakdown of input rainfall as a function of watershed 

characteristics either if they do or do not have a drainage channel. 
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CHAPTER SIX 

SENSITIVITY OF WATER AND SEDIMENT YIELD TO PARAMETER 

VALUES 

6.1 Introduction 

Water and sediment yield simulation in SWAT involves rainfall data, watershed 

geometry and hydraulic parameters, whose influence has not been extensively studied. 

Current capability of the SWAT model requires a large input data base because of the 

thorough hydrologic characterization and spatial resolution of model output. A reduction 

of the input data base extent requires a detailed analysis of the sensitivity of model output 

to parameter variations. Sensitivity analysis by either the multivariate or the univariate 

approaches, enables modelers to address the relative importance of model parameters, their 

activity and the accuracy of model output results. 

The SWAT model simulates water balance and sediment yield variables on a daily 

basis regardless of the duration of a rainfall-runoff event. Several references suggest that 

surface volume runoff as estimated by SWAT is very sensitive to CN condition II value 

(Lane and Ferreira, 1980; Mc Cuen and Snyder, 1986; Carlson et ai, 1993). This parameter 

is subject to adjustments for a watershed slope different from 5% and for initial soil moisture 

on a daily basis. While the first adjustment is a direct transformation of the CN„ value given 

the actual watershed slope, the second one depends on the remaining available soil water 

on a daily basis. Estimates of potential evapotranspiration are relevant in this process. 
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Therefore, daily adjustments of CN„ depend on the available soil water holding capacity, 

daily temperatures, and the total rainfall occurring in the preceding five days. The above 

factors affect water yield on hillslopes whereas water routing to the watershed outlet 

incorporates channel geometry and hydraulic properties that account for total water yield. 

Sediment yield as estimated in SWAT is based on volume runofT and peak runoff as 

the driving variables. Consequently, this process is affected not only by those factors 

considered in water yield, but also by hillslope and channel variables included in peak runoff 

estimates, and the erosion factors depicted in MUSLE as described in Chapter Three. 

Factors for peak runoff computation include watershed geometry characteristics both in 

hillslope and in channel considered in calculating time of concentration. 

Soil texture data are relevant in estimating the soil erodability condition —parameter 

K-- while ground cover variables apply in estimating the value of the land cover factor. 

Hillslope steepness and length play an important role in sediment yield simulation as the 

component variables of the LS factor in MUSLE. The sensitivity analyses reported by 

Franzmeier (1990) and Ferreira e/a/., (1995) showed that sediment yield as estimated with 

USLE is the most sensitive to these factors. Total sediment yield at the outlet results from 

the combined effect of sediment yield in hillslopes and either detachment or deposition in 

channels. Channel morphology characteristics are important in determining the relative 

importance of detachment and deposition of sediments in streams. 

The objective of this chapter is to analyze the sensitivity of water and sediment yield 

estimates to parameter value perturbation. Available data sets include small watersheds 
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where a drainage channel is or not present, besides many other differences. This availability 

of data allows for a comparison of hydrologic components affecting either water or sediment 

yield among the different watersheds. Evaluating dynamics of watershed response with 

SWAT aids in the interpretation of model sensitivity to parameter perturbation either in 

hillslope areas or in stream charmels. A comparison of watershed response of related 

variables to water and sediment yield is analyzed as a first part of this chapter. Non-

interactive sensitivity analysis was developed as a strategy to identify the most influencing 

parameters on the model output in five available watersheds. Results of this approach 

suggest the magnitude of model error as a function of deviations from the actual parameter 

value and also the relative activity of parameters around the optimum values. Lastly, a 

Multivariate sensitivity analysis on two selected typical watersheds shows the statistical 

significance of distributed parameters on model output. 

6.2 Watershed response 

Five data sets were selected to study watershed response based on results of double 

mass analysis and model calibration. Fitness between measured and simulated data of water 

and sediment yield of those watersheds were discussed in Chapter Four. Hydrologic 

component in SWAT is based on the water balance equation; 

1 = 1 
(6.1) 
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Where ASPV, is the change in soil water content, P is total precipitation, 0 is water 

yield, ET is actual evapotranspiration. Dp is deep percolation, and O, is return flow during 

the period of simulation (t), on a daily basis (/), all in mm. ASfV, and are neglecting terms 

for long term simulations and for intermittent streams respectively. Therefore, total 

precipitation partitions into; 

Where T represents transmission losses in stream channel and is percolation in 

hillslope areas, both in mm. On the other hand, sediment yield is simulated as the amount 

of sediment entering and leaving the channel. These processes represent the soil erosion 

occurring in hillslopes and aggradation-degradation of the channel respectively. Total 

sediment yield is the amount of sediment leaving the outlet of the watershed. 

Table 6.1 summarizes watershed response variables in five selected watersheds. 

Water yield is not the largest component in the hydrologic balance. Rather, it is the least 

important as compared to evapotranspiration and deep percolation. Nevertheless, it 

represents one of the most influencing factors in soil erosion. The greatest water yield ratio 

was observed in LH 102. Although periods of simulation are different, water yield ratio in 

LH 102 is 33.5 percent higher than in LH 101. Comparing identical periods of simulation 

P  =  0 + D p + E T  (6.2) 

(6,3) 
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for both watersheds (1970-1974) water yield in LH 102 exceeds 11.1 percent that of LH 

101. This difference cotnes mainly from the CN value used in simulations. While the CM 

value in LH 101 is 83.00, CN value in LH 102 is 83.83. 

Comparison of water yield among the small channeled watersheds suggests that its 

value decreases as the drainage area increases. Early measurements published by Kincaid 

etal., (1966) showed a lower potential of water yield in LH 104 as compared with LH 103. 

The authors attributed this difference to a coarser soil surface despite the steeper slope and 

the small transmission losses because of the naturally paved channel side slopes. Model 

calibration in this research showed a CN value of 83.05 and 81.56 for these watersheds 

respectively. Small differences in CN value seem to produce greater differences in 

watershed response despite other factors that would compensate its effect for a similar 

rainfall pattern. 

Water yield in ST 223 was the smallest, although the value is slightly greater 

than that ofLH 104. This behavior may be the result of a smaller rainfall annual mean and 

its distribution in space. While the mean annual rainfall recorded at LH 104 was 318.0 mm, 

the mean annual rainfall in ST 223 obtained by weighed average from three rain gages was 

285.6 mm. Because of the limited areal extent of runoff-producing storms, water yield in 

large watersheds comes fi"om localized areas. Under these conditions, an increasing fraction 

of rainfall is retained in the soil profile during its routing to the drainage channel. The 

evapotranspration ratio in Table 6.1 increases as the watershed size increases in channeled 

watersheds. 



Table 6.1 Relative values of hydrologic components at Ave watersheds 

Watershed LH 101 LH 102 LH103 LH 104 ST 223 

Period of simulation 1966-1974 1970-1976 1964-1977 1970-1978 1964-1974 

Variable 

Precipitation, mm 1.000 1.000 1.000 1,000 1,000 

Surface Q, mm 0.070 0.093 0.088 0,070 0,065 

Lateral Q, mm 0.002 0.004 0.004 0,008 0.002 

Transmission losses, mm 0.000 0.000 0.015 0.011 0.017 

Water yield, mm 0.072 0.097 0.077 0,067 0.050 

Percolation in hillslopes, mm 0.102 0.090 0,102 0,108 0.101 

Deep percolation (total), mm 0.102 0,090 0,117 0.119 0.118 

Evapotranspiration, mm 0.826 0.814 0.806 0.807 0,833 

Sediment yield in hillslopes, t lia ' 1.000 1.000 0,401 0,912 0,979 

Sediment yield in channel, t ha ' 0.000 0.000 0,599 0,088 0.021 

Sediment yield (total), t ha"' 1.000 1.000 1,000 1,000 1.000 
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Model parameterization in this research shows that evapotranspiration (ET) is the 

most important component in the hydrologic balance. Since ET is obtained by applying the 

balance equation (Equation 6.2), it is not possible to address the effect of model parameters 

on this variable. Deep percolation that includes percolation in hillslopes and transmission 

losses represents the second most important component of the hydrologic balance. 

However, model output showed confusing results on deep percolation in hillslope areas 

since it remained high even when a value of zero was used for saturated hydraulic 

conductivity in the bottom soil layer. Also, model output showed a value (small, although) 

in lateral flow even when the baseflow factor used was zero (for ephemeral streams). These 

results indicate that SWAT model structure requires adjustments for cases like these. On 

the other hand, differences in transmission losses reflect in some way the distinctive 

conditions of drainage channels in these watersheds. 

Sediment yield as simulated in SWAT showed that LH 102 presents a higher soil 

erosion rate than LH 101 (2.157 vs. 0.598 T/ha-yr) all of it coming from the hillslope 

because there is not a defined drainage channel in these watersheds. The CN value and the 

steeper ground surface are promoting this process in such amounts. In contrast, mean 

sediment yield on LH 103 is 5.011 T/ha-yr which is significantly greater than in LH 104, 

1.621 T/ha-yr. This difference comes mainly from degradation of the channel in LH 103. 

Sediment yield in hillslopes represents 40.1 and 91.2 % in both watersheds, respectively. 

Extrapolation of soil erosion parameters from LH 103 to ST 223 did not produce a parallel 

effect on hillslope-channel erosion. Rather than producing channel degradation, model 
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output indicates that the stream channel behaves stable. Inter-annual values of soil erosion 

suggest that aggradation and degradation of the channel are occurring alternately. The lack 

of measured data precludes a further analysis to determine accurate values of model 

parameters related to sediment yield. Most of sediment yield is produced in hillslope areas 

as indicated in Table 6.1. Specific total annual values of hydrologic and sediment yield 

balances are presented in Table 6.2 for each of the five watersheds selected for this 

comparison. 

6.3 Non-Interactive Sensitivity Analysis 

The non-interactive sensitivity analysis (NISA), also called univariate sensitivity 

analysis represents a reliable approach to evaluate the parameter values for which model 

output is the most sensitive. Model errors due to parameter estimates or specification may 

be lessened if this sensitivity is accurately determined. Likewise, the effort to develop a 

model data base will be spent on those most active parameters and vice-versa. 

Water and sediment yield estimates consider several parameters depending whether 

there is a channel or not. Non-interactive sensitivity analysis assumes independent effects 

of each parameter in such way that its perturbation is done on a single parameter while 

holding all the remaining parameter values at their "optimum." Optimum values for the 

watersheds under study have been defined in the preceding chapter involving a series of 

approaches including double mass analysis and model calibration besides specification of 

those parameter values easily obtained fi-om published sources. Model sensitivity is defined 



137 

Table 6.2. Watershed response under optimum parameter values 

Lucky Hills 101,1966-74 

Water balance,mm Sediment yield, T/ha 
year P Qs Ql T Q Ph Dp ET hillslope channci Total 
1966 318.90 22.89 0.75 0 23.64 30.20 30.20 265.06 0.528 0 0.528 
1967 319.90 19.97 0.88 0 20.85 39.65 39.65 259.40 0.574 0 0.574 
1968 297.90 19.89 0.71 0 20.60 30.03 30.03 247.27 0.618 0 0.618 
1969 197.80 3.07 0.30 0 3.37 7.71 7.71 186.73 0.072 0 0.072 
1970 229.45 21.25 0.64 0 21.89 30.67 30.67 176.89 0.757 0 0.757 
1971 337.40 33.17 0.86 0 34.03 40.38 40.38 262.99 1.084 0 1.084 
1972 307.30 19.28 0.79 0 20.07 33.32 33.32 253.91 0.534 0 0.534 
1973 260.70 17.30 0.59 0 17.89 22.55 22.55 220.26 0.551 0 0.551 
1974 357.20 26.55 0.90 0 27.45 33.07 33.07 296.69 0.668 0 0.668 
mean 291.84 20.38 0.71 0 21.09 29.73 29.73 241.02 0.598 0 0.598 
Stdev 49.27 7.60 0.18 7.75 9.27 9.27 36.81 0.248 0.248 

CV 0.17 0.37 0.25 0.37 0.31 0.31 0.15 0.415 0.415 
Relative 
value 1.000 0.070 0.002 0.072 0.102 0.102 0.826 1.000 1.000 

Lucky Hills 102, 1970-76 

Water balancc,mm Sediment yield, T/ha 
year P Qs Q« T Q Ph Dp ET hillslope channel Total 
1970 229.45 23.05 1.02 0 24.06 25.32 25.32 180.07 1.729 0 1.729 
1971 335.10 37.85 1.49 0 39.34 41.01 41.01 254.75 3.492 0 3.492 
1972 307.30 25.12 1.38 0 26.50 34.58 34.58 246.22 1.916 0 1.916 
1973 260.70 15.79 0.93 0 16.72 19.90 19,90 224.08 1.331 0 1.331 
1974 357.20 26.70 1.47 0 28.18 28.44 28.44 300.59 2.211 0 2.211 
1975 298.30 56.07 0.95 0 57.02 26.54 26.54 214.74 4.000 0 4.000 
1976 25L20 4.62 0.60 0 5.22 6.80 6.80 239.19 0.417 0 0.417 
mean 291.32 27.03 1.12 0 28.15 26.08 26.08 237.09 2.157 0 2.157 
St dev 42.99 15.16 0.31 15.28 10.08 10.08 34.54 1.142 1.142 

CV 0.15 0.56 0.28 0.54 0.39 0.39 0.15 0.530 0.530 
Relative 
value 1.000 0.093 0.004 0.097 0.090 0.090 0.814 1.000 1.000 
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Table 6.2. (Continued) 

Lucky Hills 103, 1964-77 

Water balance,mm 

year P Qs Ql T 
1964 328.96 33.30 1.30 4.48 
1965 298.50 27.92 1.06 3.59 
1966 318.90 27.46 1.40 6.46 
1967 319.90 20.60 1.46 7.68 
1968 297.90 20.12 1.16 3.81 
1969 197.80 4.13 0.50 2.56 
1970 229.45 20.26 0.87 3.35 
1971 337.40 30.66 1.43 4.99 
1972 307.30 20.38 1.36 6.28 
1973 260.70 19.69 0.97 2.66 
1974 357.20 28.23 1.58 6.40 
1975 298.30 55.95 I.Ol 3.16 
1976 251.20 7.80 0.49 1.20 
1977 388.30 52.46 1.97 6.92 

mean 299.42 26.35 1.18 4.54 
St dcv 48.89 13.78 0.39 1.88 
CV 0.16 0.52 0.33 0.41 
Relative 
value 1.000 0.088 0.004 0.015 

Lucky Hills 104, 1970-78 

Water balancc,mm 

year P Qs Ql T 
1970 229.45 16.03 2.01 2.51 
1971 335.10 29.62 3.08 4.30 
1972 307.30 14.87 2.83 4.71 
1973 260.70 10.71 1.91 2.11 
1974 357.20 21.00 3.20 4.61 
1975 298.30 48.50 1.99 1.85 
1976 251.20 2.82 1.16 1.18 
1977 388.30 45.04 4.18 5.59 
1978 434.30 12.04 3.40 6.02 

mean 317.98 22.29 2.64 3.65 
St dcv 63.58 14.80 0.88 1.66 
CV 0.20 0.66 0.33 0.46 
Realtive 
value 1.000 0.070 0.008 0.011 

Sediment vield, T/ha 

Q 
30.13 
25.39 
22.40 
14.38 
17.47 
2.08 
17.78 
27.10 
15.46 
17.99 
23.41 
53.80 
7.09 
47.51 
23.00 
13.44 
0.58 

0.077 

Ph 
32.66 
33.17 
33.65 
37.97 
29.60 
8.34 

22.15 
39.33 
31.22 
22.43 
33.01 
30.01 
9.93 

63.87 
30.52 
12.89 
0.42 

0.102 

Dp 
37.14 
36.76 
40.11 
45.65 
33.41 
10.89 
25.50 
44.32 
37.50 
25.09 
39.41 
33.17 
11.13 
70.79 
35.06 
14.36 
0.41 

0.117 

ET 
260.17 
226.66 
268.73 
250.23 
257.19 
184.36 
180.51 
263.33 
263.12 
217.62 
293.92 
211.80 
232.99 
270.00 
241.48 
32.34 
0.13 

0.806 

hillslope 
2.124 
2.141 
1.778 
0.948 
1.499 
0.109 
1.383 
2.473 
1.152 
1.759 
1.929 
5.439 
0.801 
3.899 
1.960 
1.289 
0.658 

0.401 

channel 
2.969 
3.150 
3.379 
3.917 
3.475 
1.428 
1.770 
3.379 
3.417 
1.955 
2.016 
4.378 
1.808 
3.852 

2.921 
0.908 
0.311 

0.599 

Total 
5.093 
5.291 
5.156 
4.865 
4.974 
1.537 
3.153 
5.852 
4.569 
3.714 
3.944 
9.817 
2.609 
7.751 
4.881 
1.991 
0.408 

1.000 

Sediment yield, T/ha 

Q Ph Dp ET hillslope channci Total 
15.54 27.15 29.66 180.66 0.976 0.095 1.070 
28.40 46.85 51.15 252.32 1.906 0.153 2.059 
12.99 33.56 38.27 264.54 0.697 0.165 0.862 
10.51 23.10 25,21 224.98 0.563 0.077 0.640 
19.59 34.92 39.52 298.09 1.237 0.143 1.380 
48.64 31.60 33.45 215.58 4.459 0.227 4.686 
2.80 7.74 8.92 240.12 0.101 0.064 0.166 

43.63 71.65 77.24 267.43 2.675 0.175 2.850 
9.41 32.17 38.20 364.95 0.321 0.144 0.465 
21.28 34.30 37.96 256.52 1.437 0.138 1.575 
14.91 16.49 17.68 49.87 1.311 0.049 1.351 
0.70 0.48 0.47 0.19 0.912 0.353 0.858 

0.067 0.108 0.119 0.807 0.912 0.088 I.OOO 
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Table 6.2. (Continued) 

Stock Tank 223,1964-74 

Water balancc,inm 

year P Qs Qi T 
1964 317.400 34.45 0.60 5.63 
1965 290.600 14.12 0.47 4.39 
1966 299.100 15.22 0.47 6.76 
1967 295,300 21.03 0.54 5.61 
1968 300.300 16.76 0.48 4.75 
1969 215.300 5.82 0.27 3.26 
1970 227.200 13.94 0.32 3.07 
1971 333.300 29.31 0.57 5.47 
1972 281.500 15.39 0.42 5.61 
1973 260.500 20.95 0.43 3.81 
1974 321.000 17.09 0.54 4.96 

mean 285.591 18.55 0.46 4.85 
St dev 35.747 7.44 0.10 1.08 
CV 0.125 0.40 0.21 0.22 
Relative 
value l.OOO 0.065 0.002 0.017 

Sediment yield, T/ha 

Q Ph Dp ET hiilslopc channel Total 
29.41 39.844 45.48 243.54 2.421 0.167 2,588 
10.20 27.562 31,95 238.07 1.095 0.008 1.103 
8,93 29.746 36.50 263.04 0.845 -0.061 0,784 
15.95 38.829 44,44 226.39 1.590 0.044 1,634 
12,48 28.174 32,94 262.67 1.121 -0.052 1.068 
2.84 13.606 16,87 197.30 0.268 -0.041 0,226 
11.19 18.725 21,79 193.11 1.078 0.018 1,096 
24.41 39.714 45,18 256.74 2.778 0.062 2.840 
10.21 24.628 30.24 249.83 0.995 -0.002 0.992 
17.56 26.537 30.35 212.59 1.671 0.157 1.827 
12.68 29.373 34.33 273.99 1.194 0.016 1.210 
14.17 28.795 33.64 237,93 1.369 0.029 1.397 
7,091 7.976 8.77 26,120 0.682 0.073 0.737 
0,500 0.277 0.26 O.llO 0.498 2.528 0.527 

0.050 0.101 0.118 0,833 0.979 0.021 1,000 
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as the rate of change of model output with respect to parameter value variation. Usually 

parameter values range 100 percent around the optimum value if the resulting perturbation 

corresponds to a realistic condition. Otherwise parameter perturbation must be adjusted to 

a range of realistic values splitting the whole range into identical fractions under and over 

the optimum value. The non-interactive sensitivity analysis done in this research was based 

on the ranges studied by Lane and Ferreira (1980) for the CREAMS model and by Arnold 

etal. (1990) for SWRRB. All the involved parameters were perturbed between -50 and 50 

percent around the optimum except the CN condition II parameter. Because the realistic 

variation of CN parameter does not exceed 95 in the upper limit, this parameter was varied 

between -10 and 10 percent. For simplicity, model output under optimum parameter values 

was defined as 1.00. Therefore, a relative value of model output resulted as the ratio 

between the actual model output value and that obtained from the optimum parameter set. 

Table 6.3 shows those parameters involved in water and sediment yield either from hillslopes 

or from the hillslope-channel according to the model description presented in Chapter Three. 

6.3.1 Hillslope processes 

Model sensitivity of water and sediment yield in hillslope areas was studied on LH 

101 and LH 102 where a drainage channel is not well defined. Parameter values were 

perturbed as described in the preceding section around a base value that corresponds to that 

used in model calibration. The CjV value, obtained from model calibration is assumed to 
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Table 6.3 Parameters involved in volume runofT and sediment yield simulations. 

Parameter Qh Yh Qt Yt 

Curve number * * • * 

Soil water holding capacity, m m"' • * * * 

Hillslope steepness, m m"' • * 4c )tc 

Channel length, m * * 

Channel width, m * * 

Channel depth, m * 

Channel slope, m m"' * * 

Saturated hydraulic conductivity of 
channel alluvium, mm h"' * * 

Drainage area, sq km * * • 

Hillslope length, m * * 

Residue biomass in hillslope areas, kg ha"' fc * 

Vegetation management factor for channel * 

Manning's roughness coefficient for hillslope areas * * * 

Manning's coefficient coefficient for channel bed » 

Soil erodability factor for hillslope areas m 

Soil erodability factor for channel 

Q = Volume flow in hillslopes 
Y = Sediment yield 
h = hillslopes 
t = hillslope-channel 



Table 6.4 Sensitivity coefTicicnts or water and sediment yield to the involved parameters in model 
simulation 

Parameter Base 

LH 101 

Q Y Base 

LH 102 

Q Y 

Curve number 83.00 17.87 18.60 83.83 13.86 15.60 

Soil water holding capacity, ni m ' 0.152 -0.40 -0,35 0.152 -0.37 -0.41 

Hillslope steepness, m m ' 0.063 0.03 1.63 0.117 0.03 1.55 

Hillslope length, m 86.69 0.31 96.41 0.36 

Drainage area, ha 1.263 0.13 1.460 0.13 

Residue biomass in hillslope areas, kg ha ' 67.00 -0.02 67.00 -0.02 

Manning's roughness in hillslope areas 0.15 -0.28 0.194 -0.28 

Soil erodability factor for hillslope areas 0.20 1.00 0.20 1.00 

Q=Water yield, mm 
Y=Sediment yield, t ha ' 
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adequately represent watershed conditions for 1966-1974 and 1970-1976 respectively. 

Table 6.4 shows model sensitivity coefficients as result of the non-interactive 

sensitivity analysis. Although watershed response is more sensitive to value in LH 101 

than in LH 102, this parameter shows the greatest effect on model output, both for water 

and sediment yield. A value of 1.00 means that variation of model output is similar to the 

variation of the parameter value. Therefore, small errors in CN value assessment will result 

in quite large errors in model simulations of water and sediment yield. 

Soil water holding capacity is the second most significant parameter in water yield 

whereas hillslope steepness does not seem to affect model output. These results show that 

CN value corrections for slopes different from five percent does not play a role of 

importance as the computation of C/V condition I and III and its adjustments for fluctuations 

in soil water content (Equations 3.6 to 3.8). 

Sediment yield is highly influenced by CN value in two ways. First, it depends on 

water yield that is strongly affected by the value of CN. Second, it also depends on peak 

runoff that depends on the volume runoff resulting from a given CN value and its 

adjustments. Both, volume runoff and peak runoff represent the erosivity factor in MUSLE. 

Following the CN value, hillslope steepness and soil erodability factor are the most 

significant parameters in sediment yield simulations. While hillslope steepness plays a 

double role in soil erosion, the soil erodability factor is a multiplier in soil erosion simulation. 

Peak runoff involves hillslope steepness through computation of time of concentration and 

the LS factor involves slope as a direct variable in this MUSLE factor. Hillslope length and 
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Manning's roughness coefficient have a small effect on sediment yield estimates whereas 

size of drainage area and the amount of residual biomass on the ground surface have a 

negligible effect. 

The above results are consistent with most of previous reports about sensitivity of 

water yield to parameter values. However, available reports on sediment yield indicate a 

higher sensitivity of this process to soil erodability, ground cover and slope steepness and 

length. The outstanding effect of the CN value as shown in this research relies on the fact 

that the driving forces of soil erosivity are promoted by overland flow characteristics in 

MUSLE rather than rainfall amount in the original USLE. Tables A2 and A3 (Appendix) 

show specific values of model output as a flinction of the parameter value in these small 

watersheds. Despite several differences in base value, the magnitude of model sensitivity 

is consistent in both cases. 

6.3.2. Hillslope-channel processes 

Sensitivity analysis on channeled watersheds was done on LH 103, LH 104, and ST 

223 watersheds. Table 6.5 summarizes sensitivity coefficients of water and sediment yield 

in three channeled watersheds. LH 103 and LH 104 small watersheds showed similar results 

for the importance of sensitivity coefficients. The CN value and soil water holding capacity 

were the most influencing parameters on water yield. The remaining parameters account 

for less than 0.20 (20 %) which seems too low as compared with that of CN value. Channel 

routing of water yield and its effect on total water yield involves the size of the drainage 



Table 6.5 Sensitivity coefllcicnts of water and sediment yield to the involved parameters in three channeled watersheds 

LH 103 LH 104 ST 223 

Parameter Base Q Y Base Q Y Base Q Y 

Curve number 83.05 13.89 6.30 81.56 12.70 13.63 82.27 16.23 16.82 

Soil water holding capacity, ni m ' 0.152 -0.36 -0.33 0.152 -0.44 -0.39 0.152 -0.51 -0.52 

Hillslope steepness, m nV' 0.089 0.08 0.52 0.119 0.13 1.53 0.075 0.05 1.18 

Hillslope length, m 82.35 -0,11 0.153 53.8 -0.18 -0.35 171.21 -0.08 0.29 

Drainage area, ha 3.8 0.14 0.21 4.4 0.15 1.07 43.71 0.18 -0.24 

Residue biomass in hillslope areas, kg ha"' 67.00 0.00 67.00 -0.01 67.00 -0.02 

Manning's roughness coeiTicient in hillslope areas 0.114 -0.05 -0.11 0.194 -0.05 -0.27 0.114 -0.05 -0.17 

Soil erodabilhy factor for hillslope areas 0 30 0.37 0 20 0.90 0.30 0.75 

Channel width, m 1.43 -0.10 -0.57 0.98 -0.10 -0.19 2.04 -0,14 -0.32 

Channel depth, m 1.06 0.00 0.57 0.00 0.88 0.00 

Channel slope, m nV' 0.03 0.00 0.73 0.05 0.00 0.13 0,23 0.01 0.33 

Channel length, ni ir,o -0.11 -0 19 240 -0.11 -0.17 1372 -0 18 -0,32 

Manning's roughness in channel bed ()()4 -0,01 -0.20 0,04 -0.01 -0.08 0,04 -0.03 -0,11 

Saturated hydraulic conductivity in channel bed, mm h ' 51.0 -0.12 -0.11 51.0 -0.11 -0.09 51.0 -0.15 -0 14 

Soil erodability factor for cliannel 0.15 0.59 0.005 0.09 0 15 0.04 

Vegetation management factor for cliannel 1 00 0.59 1.00 0.09 1 (H) 004 
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area and peak runoff (Equations 3.20-3.26). Peak runoff computation involves slope 

length as an input variable in calculating time of concentration in hillslope areas. Although 

several other parameters are involved in water yield computations, they are not significant. 

Sensitivity of soil erosion showed a relatively different trend in both small 

watersheds. Although this process was more sensitive to CM in LH 104 than in LH 103, this 

parameter was the most influencing on sediment yield on both watersheds. The importance 

of the remaining parameters was defined by the eroding potential of the stream channel. 

Hillslope steepness, size of the drainage area, and soil erodability factor in hillslope areas 

were more significant in LH 104 than in LH 103. In contrast, channel slope and width, and 

the K and C factors for the channel were more significant in LH 103 than in LH 104 

watersheds. These trends show that total sediment yield is the most sensitive to hillslope 

parameters affecting water yield, peak runoff, and soil erodability factor if a channel is 

resistant to stream bank erosion. The opposite was noticed in LH 103 watershed, where the 

eroding channel induced channel parameters that were the most significant after the CN 

value. 

Sensitivity of water yield in ST 223 watershed showed that drainage area, channel 

width, length and saturated hydraulic conductivity are moderately influencing. AH these 

factors as variables of routing of water yield result in increasing importance of transmission 

losses. These results are consistent with hydrologic balance as shown in Section 6.2. The 

effect of channel parameters as the watershed size increases on model output may be due 

to the greater area occupied by channel beds in which hydraulic conductivity is higher than 
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that of the hillslope areas (Mancini et al., 1994). Stock Tank 223 watershed comprises a 

drainage area several times larger than the small watersheds LH 103 and LH 104. 

Regarding sensitivity of sediment yield, this watershed behaved as LH 104, with a stable 

channel rather than LH 103 from which soil erosion related parameters were extrapolated. 

However, several parameters (i.e., drainage area. Manning's roughness coefficient for 

hillslope areas, channel width and slope) showed a moderate influence as compared with LH 

103 and LH 104 watersheds. Results of model parameterization with optimum values 

showed that channel aggradation and degradation may occur in consecutive years. 

Therefore, the steam channel in ST 223 watershed behaves as a stable channel considering 

a long and continuous period of simulation. Tables A4, A5, and A6 show specific values 

of model output as a fiinction of the parameter value in these channeled watersheds. 

Despite several differences in base values, sensitivity of water yield to parameter 

variation is consistent in LH 103 and LH 104 watersheds where transmission losses in the 

channel are not important. However, as the watershed size and channel dimensions 

increase, model sensitivity to channel geometry and hydraulic conductivity gains importance. 

Nevertheless, even in the medium-size watershed the CM value remains as the most 

influencing parameter not only on water yield, but also on sediment yield. Other influencing 

factors affecting sediment yield gain importance according to the dynamics of soil erosion 

in stream channels. Channel parameters show moderate influence if stream bank erosion 

occurs. Conversely, hillslope parameters are the most influencing if the channel is stable. 

These trends are consistent with conclusions by Ferreira et al., (1995) about the specific 
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nature of sensitivity of RUSLE soil erosion model to site and condition. 

Results of non-interactive sensitivity analysis show that several parameters have a 

small effect on watershed response. Whereas hillslope steepness, Manning's roughness 

coefficient both in hillslope and channel, and channel slope are not important for water yield 

simulations yet they are for sediment yield estimates. Parameters involved only in sediment 

yield simulations that are not affecting model output include residual biomass in hillslope 

areas and channel depth. From these results, and considering the purpose of simulations 

(water or sediment yield) we can identify those parameters in which bias may cause notable 

errors in model output. However, more robust conclusions will be derived from the 

multivariate sensitivity analysis. 

6.4. Multivariate Sensitivity Analysis 

Simultaneous perturbation of parameter values and its effect on model output 

represents an opportunity to address model sensitivity under a wider range of conditions as 

compared with the Non-interactive approach (NISA). In contrast with NISA, the 

multivariate approach (MVSA) consists of randomly generated parameter values given a 

reliable PDF. Therefore, a requisite in MVSA is that parameters subject to analysis must 

be distributed either in space or time. Parameters that do not fit this condition are specified 

as constant values. Examples of these are watershed drainage area and length of the 

channel, among others. Because SWAT is a continuous simulation model, daily rainfall 

input data are used as specific parameter values instead of randomly varying them as often 
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happens in an event-based simulation model. 

NTSA results showed that several parameters are inactive under the studied ranges 

of variation. The variability of these parameters is used in MVS A in LH 101 to confirm that 

tendency. If remain inactive, they will be used as constant values in LH 103 watershed 

despite their PDF is available. These parameters include Manning's roughness coefficients 

and residual biomass over the ground. 

Since all the parameter values have different units, a standard representation is 

required to evaluate their relative effect on model output. Normalized values are generated 

by subtracting the mean value from a particular value and then dividing by its standard 

deviation. The resulting mean and standard deviation are zero and one, respectively, in all 

data spaces sampled, including model output variables. A multiple linear regression shows 

the relative effect of each of the normalized parameters on the normalized model output. 

Regression coefficients represent the normalized sensitivity of model output to parameter 

values. Details of this approach have been described in chapter two. 

The preceding section showed consistency of results within similar watersheds and 

an increasing importance of channel parameter values in watersheds where a drainage 

channel is present. Also, it was noticed that several parameters have a negligible effect on 

water yield estimates and a moderate effect on sediment yield simulation also. Other 

parameters such as residual biomass in hillslope areas and channel depth that do not affect 

water yield estimates remain inactive in sediment yield simulations. Therefore, residual 

biomass in hillslopes as a distributed parameter is not considered in MVS A whereas channel 
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depth is used only as a constant value and specified in model parameterization. 

Available data on PDFs were used randomly to generate parameter values to 

integrate one hundred data sets for two watersheds. Random values were generated taking 

advantage of the current capabilities of spread sheet software. The same process of data set 

development was repeated for the three channeled watersheds under study. LH 101 and LH 

103 were selected as typical watersheds to study model sensitivity for hillslope areas and 

hillslope-channel continuity, respectively, under the MVSA approach. Selection of these 

watersheds was based on several criteria that included: 

1. These watersheds present the longest stable rainfall-runoff records according to the 

double mass analysis performed. 

2. LH 101 is nested in LH 103, with a channel that presents intense stream bank erosion. 

3. PDF of several model parameters were previously determined in these watersheds. 

Table 6.6 depicts statistics of the PDFs used in this study. Since not all the PDF of 

distributed parameters were available, missing PDFs were determined from historical 

records or assumed fi-om previous studies. Water yield in channeled watersheds depends 

on the CN value, hillslope steepness, soil water holding capacity, hydraulic roughness 

—hillslope and channel—, and saturated hydraulic conductivity in channel bed as distributed 



1'able 6.6 Statistics for random generation of parameter values in two small waterseds with SWAT model. 

Parameter PDF mean standard deviation 

Curve number Normal 87.47(1) 6.32(1) 
85.63(2) 7.56(2) 

Soil water holding capacity, m m ' Normal 0.152 0.17 

Hillslope steepness, ni m ' Normal 0.063(1) 0.012(1) 
0.089(2) 0.034(2) 

Manning's roughness coefficient in hillslope areas Normal 0.150(1) 0.09 
0,114(2) 

Manning's roughness coefTicient in channel Log-nonnal 0.036 0.003 

Saturated hydraulic conductivity of channel bed, mm h' Log-nonnal 36.11 19,24 

Soil erodability factor in hillslopes Normal 0.20(1) 0.042(1) 
0.30(2) 0.067(2) 

Soil erodability factor in channel Normal 0.15 0.03 

Vegetation cover factor in channel Normal 1.00 0.19 

(1)LH 101 
(2) LH 103 
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parameters. Sediment yield is dependent upon the above runoff-related parameters and 

other MUSLE factors such as the soil erodability factor —K— both in a hillslope and in 

channel, and vegetation cover factor in the channel. Parameters considered in non-channeled 

watersheds include CN value, soil water holding capacity, hillslope steepness (water 

yield). Manning's roughness coefficient, and soil erodability factor. 

Determination of the PDF for hillslope slope steepness and CN was part of the 

data base developed for this study and was explained in Sections 4.2 and 5.3, respectively. 

Soil water holding capacity (SWHC) values were determined from Soil Survey Laboratory 

data (SCS-USDA, 1974) for four soil layers as required by SWAT. A very small variability 

of SWHC was observed among soil layers, such that a mean value was used to randomly 

generate SWHC data with the Normal PDF. The standard deviation was not available from 

the above source. Standard deviation for upper and lower limits of SWHC were determined 

by Tiscarerio-Lopez et a! (1993) as 0.19 and 0.15, respectively. The value 0.17 was 

selected to randomly generate this variable. 

Saturated hydraulic conductivity values of channel bed alluvium were generated 

using the Log-normal PDF according results provided by Tiscareiio-Lopez (1991). PDF 

statistics (Log-normal) for channel Manning's roughness coefficient was available 

whereas it was not for hillslope areas. The PDF for hillslope Manning's n was assumed 

normal considering that microrelief variations given by rock content and basal area fit a 

Normal PDF (Parker, 1991). Mean values used were 0.15 and 0.114 (from model 

calibration) and standard deviation 0.09 as reported by Engman (1986). 
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The PDF for the soil erodability factor in hillslopes and channel was assumed normal 

based on previous studies (Parker, 1991; Tiscareno-Lopez, 1991). Similarly, the PDF for 

C factor of the channel was assumed normal. While mean values were obtained from model 

calibration or model libraries, the standard deviation was determined considering that 

extreme values were close to the extreme values used in NISA for these missing PDFs. 

Results of the MVSA approach showed coefficients of determination between 0.718 

and 0.850, all of them significant at P<0.001. The CN value was the most influencing 

parameter not only on water yield, but also on sediment yield within a P<0.001. Water yield 

was not sensitive to SWHC, and to hillslope steepness. However, these parameters 

increased their effect on sediment yield because of their inclusion in peak runoff computation 

and in the LS factor respectively. Table 6.7 shows specific values of their sensitivity 

coefficient and the range of P for which they are significant. From the remaining soil 

erosion parameters under study, only/C-factor shows a significant effect (P<0.001) whereas 

Manning's n value is the least significant with a sensitivity coefficient of -0.017 at a 

P=0.697. Therefore, hillslope soil erosion is the most sensitive to CN, hillslope steepness, 

and Af-factor values. 

Considering the LH 103 data set, the order of importance is CN, hillslope steepness, 

saturated hydraulic conductivity, and soil water holding capacity. However, the levels of 

confidence range between 0.05 and 0.1 for SWHC and hillslope steepness whereas it was 

lower for Ksat, 0.147. Regarding soil erosion, the K factor for hillslopes and C factor for 

channel showed high sensitivity coefficients following CN and hillslope steepness. The least 
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effective parameters were SWHC and K factor for the channel. Levels of significance of all 

the parameters were 0.003 or lower which suggests that sediment yield is highly related to 

all the selected parameters. Apparently there is an inconsistency between these results and 

those ofNISA regarding the relative effect of AT factor for the channel. While in NISA the 

sensitivity coefficient was calculated from extreme variation of both, model output and 

input, in MVSA it was obtained fi'om considering one hundred data sets within a PDF. Data 

in the middle of the range and their distribution are causing this difference. 

A comparison of model sensitivity to hillslope parameters with channel parameters 

shows consistency of the above results. Using sediment yield from hillslopes as a variable 

in channel parameter sensitivity analysis, its sensitivity coefficient is the greatest followed 

by C factor and K factor (Table 6.9). All were significant at P<0.001. It seems that 

intensity of soil erosion on hillslopes determines the intensity of detachment or deposition 

of sediments in stream channels. The negative value of the sensitivity coefficient shows that 

sediment load of ninoflfvolume entering the channel inversely affects soil erosion occurring 

in the stream channel. This behavior can be explained in terms of the capacity of transport 

of water flow in the channel. If the capacity of transport is saturated from the entering flow, 

sediment deposition occurs in the channel bed. In contrast, if the overland flow entering is 

not saturated with suspended sediments, channel degradation may occur. 
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Table 6.7 Normalized sensitivity coefTIcients of hilislope processes at Lucky Hills 101 
small watershed, 1966-1974 

Water yield Sediment yield 

Curve number 0.916* 0.757 * 

Soil water holding capacity -0.059 -ft- -0.093-ft-

Hilislope steepness -0.006 ir 0.354 * 

K factor (MUSLE) 0.353 * 

Manning's roughness coefficient -0.017-ji: 

Coefficient of determination 0.850* 0.842 * 

Table 6.8 Normalized sensitivity coefllcients of hillslope-channel processes at Lucky 
Hills 103 small watershed, 1964-1977 

Water yield Sediment yield 

Curve number 0.887 * 0.616 * 

Hilislope steepness 0.356 Tt 0.521 * 

Soil water holding capacity 0.082 -ft- 0.083 t 

Saturated hydraulic conductivity in 
channel bed -0.310 -ft-

K factor (MUSLE) for hillslopes 0.299 » 

K factor (MUSLE) for channel 0.083 t 

C factor (MUSLE) for channel 0.168 t 

Coefficient of determination 0.838 * 0.739 * 

*P<0.001 
t 0.001<P<0.01 
t4-P>0.01 



156 

Table 6.9 Comparative sensitivity of sediment yield between hillslope and channel 
in Lucky Hills 103 small watershed, 1964-77 

hillslope channel 

Curve number 0.584 * 

K factor (MUSLE) 0.293 * 

Slope steepness 0.561 • 

Soil water holding capacity 0.093 ir 

Sediment yield in hillslopes -0.687 * 

K factor (MUSLE) 0.390 * 

C factor (MUSLE) 0.462 * 

Coefficient of determination 0.718 • 0.773 * 

* P<0.001 
t 0.001<P<0.01 
•A-P>0.01 
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6.5 Summary 

Simulation of water and sediment yield in this study show that Curve Number is the 

most influencing model parameter using data sets derived from Walnut Gulch Experimental 

Watershed. Water yield from these watersheds is a component of hydrologic balance that 

usually does not represent more than 10 percent of total annual rainfall. However, overland 

flow represents the most important driving force in soil erosion. 

It was noticed in the Non-interactive Sensitivity Analysis that the influence of CN 

parameter decreases as the channel dimensions increase. In watersheds where a channel is 

not present, model sensitivity to CN value represents more than 95 percent of the cumulative 

absolute sensitivity considering all parameters involved. In contrast, in watersheds where 

a channel is present this fraction is reduced to less than 90 percent. It was observed that 

the ratio between transmission losses in the channel and total water yield increases slightly 

as the watershed size increases. 

CN value was also the most influencing parameter in sediment yield. However, since 

this variable involves other factors related to soil erodability, hillsiope steepness, slope 

length, and vegetation management, its influence decreases to 70 percent of the total 

absolute cumulative sensitivity. In non-channeled watersheds sediment yield is affected by 

hillsiope steepness as the second most influencing parameter while the soil erodability factor 

and all remaining parameters play a less significant role. In channeled watersheds the 

relative magnitude of CN value effect ranges between 60 and 80 percent. Parameters that 

gain importance include channel erodability factor (if the stream channels present stream 
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bank erosion) and soil erosion related parameters in hillslopes (if cross sections of the stream 

channels remain stable) (Renard et al., 1974). Soil erosion is most sensitive to CM value — 

or the most influencing parameter in water yield simulation— because the range of values 

of other parameters under conditions of semi-arid rangelands remain inactive in sensitivity 

analysis. Likewise, soil erosion is sensitive to channel parameters if soil loss in the channel 

is taking place. The above trends are consistent with previous reports suggesting that 

results from sensitivity analysis are specific for site and condition. 

Results from the multi-variate sensitivity analysis using data sets from two 

watersheds where a channel was and was not present, confirmed results from the non-

interactive approach. In both watersheds, the effect of CN on water yield was significant 

to a P«0.001 while hillslope steepness and soil erodability factor were significant at similar 

levels of probability on sediment yield in non-channeled watersheds. In contrast, 

considering the continuity of hillslope-channel, all the parameters considered were 

significant at P between 0.001 and 0.01. 

A comparison between the sensitivity of sediment yield to hillslope or channel 

parameters showed that soil water holding capacity is the least influencing, whereas CM 

value, soil erodability factor, and hillslope steepness are the most influencing. Resulting soil 

erosion from hillslopes showed the greatest effect on total sediment yield with a negative 

value. However, channel erodability factor and Management factor of the channel were also 

highly significant. 



159 

These results indicate that overland flow-related characteristics are the most critical 

not only on water yield, but also on the soil erosion rate. Also, the erosivity of flow in the 

channel is inversely related to its sediment load produced in hillslopes. Therefore, under 

hydrologic conditions similar to those of WGEW most of the effort in developing data sets 

to simulate water and sediment yield must be spent on those characteristics affecting 

overland flow, both, volume and peak runoff. Soil erosion-related parameters, including 

hillslope steepness, C factor for channel, and K factor for hillslope and channel, require 

accurate assessment for sediment yield simulation. Less effort must be spent on the 

remaining parameters to complete input data base for SWAT model. 
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CELVPTER SEVEN 

EFFECT OF THE SPATIAL AGGREGATION OF INPUT DATA ON 

WATERSHED RESPONSE 

7.1 Introduction 

Developing input data bases is the most time consuming task in watershed response 

simulation when spatially distributed variables are involved. While cost and effort to 

develop and process input data increases as the level of the detail increases, model 

parameterization error decreases because of a more accurate representation of the watershed 

and weather driving variables. Detailed representation of watershed configuration allows 

for addressing the intensity of hydrologic processes across the watershed. The most 

desirable geometric representation of the watershed must fit the required resolution of 

model output at the lower cost and the higher model accuracy. A relationship between the 

spatial aggregation of input data base and model accuracy provides the basis to design the 

spatially distributed input data base. 

Methods to spatially aggregate input data included grid cells, hillslope, and 

subwatershed (Arnold e/a/., 1994). Grid cell discretization allows for spatial resolution of 

watershed response inversely to the grid cell size. Digital Elevation Models (DEM) and 

other variables in geo-referenced format are required in this strategy. Current capability of 

GIS technology satisfies a flexible range of spatial resolution starting on that of the DEM. 

The limitations of this approach include the high requirements of computing capacity and 
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the lack of definition of boundaries between hillslope and stream channels. Hillslope 

technique "uses a representative hillslope to simulate various soils, management and slopes 

across a hillslope" (Arnold et ah, 1994). This method has a lower requirement of 

computing capacity and allows for a detailed watershed modeling where changes in land use 

exist. The third method, subwatershed delineation discretizes the entire watershed based 

on the channel pattern. By selecting a reference point on the channel network, the 

contributing area can easily be defined either fi-om a Digital Elevation model or from 

topographic maps. Whereas the computing capacity and cost increase as the detail 

increases, this procedure maintains the natural boundaries of the watershed and a clear 

difference between the channel and hillslopes. Therefore, its best suitability is on uniform 

land use patterns. Watershed simulation with SWAT is possible with all the above methods 

for spatial discretization. 

Application of SWAT using the subwatershed discretization technique was reported 

by Srinivasan et a!., (1994) on two watersheds. Model validation on a 17.7 Km" watershed 

at Riesel, TX showed mode! efficiency (Nash and Sutcliflfe, 1970) values of 0.85 and 0.78 

for annual water and sediment yield respectively for 20 years of record. Other validation 

on an 8,927 Km~ watershed within the Lower Colorado River (Texas) showed model 

efficiency greater than 0.60 for a five-year period of record. 

Watershed simulation models with hydrologic components similar to that of SWAT 

have been studied in Walnut Gulch Experimental Watershed in terms of model performance 

as a function of watershed configuration. Connors and Gardner (1991) discretized 
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subwatershed No. 15 (2300 ha) into channel segments and contributing areas considering 

second, fourth and thirteenth Shreve order network or greater (Gordon et al., 1992). Model 

eflRciency ranged between 0.58 and 0.75 with no significant improvement discretizing the 

watershed beyond the fourth order of channel network. 

The previous version of SWAT (SWRRB) was studied on subwatershed No. 11 

(Morera-Beita, 1991) using differences in soil and vegetation as the criterion to define five 

watershed configurations ranging fi-om one to five subbasins. A record of six years, 1982 

to 1987 was used in this analysis. In contrast with other similar studies (Goodrich, 1990, 

Connors and Gardner, 1991, Wood et ai, 1988), the best fitness between simulated and 

measured data was found in cases of one subwatershed, either brush or grass dominant 

ground cover. The multiple-subwatersheds configurations showed model efficiency ranging 

between 0.558 and 0.695. 

Current research at the Southwest Watershed Research Center (SWRC) includes 

studies on the effect of number of watershed geometric elements on ARDBSN and SWAT 

model performance (Stone, personal communication). These studies consider the 

application of large-scale watershed simulation models under simplified schemes of input 

data bases. Since extensive research work has been done on Walnut Gulch Experimental 

Watershed, simple estimates of CN values are possible from drainage area. Validating this 

relationship under different configurations of the watershed represents an opportunity to 

assess the confidence to extrapolate it on similar areas beyond WGEW. 
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The main objective of this part of the project is to study the effect of aggregating 

input data on model accuracy. Watershed configuration is based on channel links. Model 

parameters are developed from the available GIS data base, previous studies, and historical 

records of surface runoff. A comparison of the model output using rainfall data from the 

dense raingage network and from a single raingage is included to assess the range of 

variability of model accuracy as a fijnaion of the number of raingages within the watershed. 

7.2 Watershed configuration 

Watershed configurations used in this research were derived from a 10 m side grid 

size DEM. A channel network was derived applying the flow accumulation method as 

described in the ARC/ENFO GIS package (ESRI, 1994) using 30 cells as a threshold support 

area. Figure 7.1 shows the maximum discretization (10 geometric elements) based on the 

channel network. The procedure to derive contours of geometric elements included the 

following steps. 

I. The nearest cell upslope from a channel link was selected as the lowermost extreme of 

a given element. 

2. Boundaries of the contributing area were extracted from the DEM, 
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Figure 7.1 Discretization of Watershed No. 11 based on channel links. 



165 

The above steps were repeated to derive four configurations. The first application 

provided three elements: 0, 1, and 2. A second application on the major channel link in 

element No. 1 provided two additional elements: 101 and 102. A third application on 

element No. 2 provided two additional elements: 201 and 202. A similar procedure was 

followed until ten elements were defined. Table 7.1 shows areas designated for each 

configuration as used in SWAT. Elements with an asterisk indicate a spatial domain 

between two adjacent applications. Otherwise, they indicate spatial domain including the 

nested elements. 

7.3 Data base development 

7.3.1 Watershed geometric and hydraulic properties 

Geometric properties of subwatersheds for all the configurations including drainage 

area, hillslope steepness, channel length, and channel slope were extracted from the DEM. 

Calculation of hillslope length and channel width were already described in Section 4.2.3. 

Channel width in subwatersheds was calculated as the mean value between the lower and 

the upper boundaries applying the equation proposed by Miller (1995) considering the 

respective contributing drainage areas in both extremes. Saturated hydraulic conductivity 

and Manning's roughness coeffcient for channel bed were assumed uniform in all the 

channels as 51.0 mm h"' and 0.04, respectively. The Manning's roughness coefficient for 

hillslope areas was assessed according the dominant vegetation cover based on data 

published by Weltz eta!., (1992). Soil water holding capacity, texture, depth of soil layers. 



Table 7.1 Geometric elements designed in watershed conflgurations. 

Designated number of subwatershed in SWAT 

No. of 0 1 2 3 4 5 6 7 8 9 
elements 

1 0 

3 1 2 0* 

5 101 102 1* 2 0* 

7 101 102 I* 201 202 2* 0* 

10 1012 1013 1011* 101* 102 201 202 2* 1* 0* 
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and all the remaining soil data were assigned according the dominant soil complex as 

identified by its similitude with the previously developed soil data files for Lucky Hills and 

Kendall Study sites. 

The optimum values of CN as related to drainage area {A)  in ha was recently 

published by Simanton et al (1996) and follows a log-log relationship as; 

/ / =  8 5 . 1 5  / - ^  =  0 . 4  ( 7 . 1 )  

Equation 7.1 was derived from drainage areas ranging between 0.0007 and 785 ha. 

It was used to calculate CN values as a function of drainage area of each subwatershed 

regardless of the dominant vegetation cover. However, since data used in Equation 7.1 

encompass different time series in all the watersheds considered, a second CN value was 

estimated using measured data at Watershed No. 11. The coefficient in equation 7.1 

represents the CN value for a 1.0 ha drainage size area (Simanton, et al.. 1973) whereas the 

exponent represents the sensitivity of CNlo increasing drainage area. Since the exponent 

value is very small, variations in the coefficient affects CA*" values more than the exponent 

does. Therefore, a calibration-derived CN value is generated by modifying the value of the 

coefficient in equation 7.1. A comparison between the CN value from published data and 

that from a calibration test allows for deciding whether to extrapolate CN values from 

published data. Soil erosion parameters used in parameterizing SWAT for Lucky Hills 103 

small watershed were applied in all the watersheds as constant values. Table 7.2 shows 
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parameter values as used for model runs under different configurations. 

7.3.2 Rainfall data 

The length of record and continuity from all the raingages on Watershed No. 11 and 

adjacent areas are not uniform. Daily values of rainfall over Watershed No. 11 began in 

1963 for raingages 44, 50, 51,52, 54, 55,56 while useable data from raingages 51, 88, 

89,90, and 91 started in June 1966. From these raingages, only raingage 44 presents a 

continuous record from 1963 to 1992. Rainfall records from the remaining raingages were 

interrupted during winter months from 1980 to 1991. A continuous multiple-raingage 

record was integrated between 1966 and 1992 extrapolating non-summer data from 

raingage 44 as suggested by results of spatial correlation previously reported by Osborn et 

ai, (1979b) and Nichols e/a/.. (1993). 

Mean values of rainfall across the watershed were generated by using Thiessen 

polygons according to the watershed configurations under study. The continuous rainfall 

record used in this project allowed for the evaluation of the impact of extrapolating non-

summer rainfall data on model performance and to decide whether or not to use the longest 

rainfall record in watershed simulation. 

7.4 Selecting a time series for watershed modeling 

Long time series of rainfall data are desirable in watershed simulation because a large 

climatic variability may be included. Acceptable model performance under these conditions 
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Table 7.2 Parameter values as related to watershed configuration. 

1 • Drainage area, ha 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 3 4 5 6 7 8 9 

1 634.3 

3 333.0 295.0 6.8 

5 203.9. 95.3 28.8 299.5 6.8 

7 203.9 95.3 28.8 78.9 33.7 186.8 6.8 

10 38.6 57.2 28.3 79.2 95.3 78.9 33.7 186.8 28.8 6.8 

2. Hillslope steepness. m m"' 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 3 4 5 6 7 8 9 

1 0.061 

3 0.078 0.067 0.067 

5 0.077 0.077 0.067 0.067 0.067 

7 0.067 0.077 0.075 0.08 0.063 0.067 0.067 

10 0.088 0.081 0.067 0.067 0.074 0.078 0.063 0.067 0.067 0.067 

3. Hillslope length, m 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 J 4 5 6 7 8 9 

I 232.6 

3 558.3 286.4 89.9 

5 276.4 256.0 245.2 286.4 98.9 

7 276.4 256.0 245.2 163.7 143.0 331.6 98.9 

10 38.6 57.2 28.3 79.2 95.3 78.9 33.7 186.8 28.8 6.8 
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Table 7.2 Continued... 

4. Channel length, km 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 3 4 5 6 7 8 9  

1 5.543 

3 4.276 5.228 0.315 

5 3.688 1.861 0 588 5.228 0.315 

7 3.668 1.861 0.588 2.411 1.179 2.817 0.315 

10 1.062 1.690 0.796 1.202 1.861 2.411 1.179 2.817 0.588 0.315 

5. Channel width, m 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 3 4 5 6 7 8 9  

1 7.29 

-> J 6.16 5.26 13.44 

5 4.62 9.06 12.20 5.26 13.44 

7 3.688 1.861 0.588 2.411 1.179 2.817 0.315 

10 1.062 1.690 7.96 1.202 1.861 2.411 1.179 2.817 0.588 0.315 

6. Channel slope, m m"' 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 3 4 5 6 7 8 9 

1 0.015 

3 0.014 0.015 0.08 

5 0.014 0.013 0.08 0.015 0.015 

7 0.015 0.013 0.08 0.02 0.023 0.012 0.08 

10 0.025 0.018 0.013 0.011 0.013 0.02 0.023 0.012 0.08 0.08 
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Table 7.2 Continued... 

7. Manning's roughness coefficient in hillslope areas 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 3 4 5 6 7 8 9  

1 0.30 

3 0.30 0.30 0.15 

5 0.30 0.15 0.15 0.30 0.15 

7 0.30 0.15 0.30 0.30 0.30 0.30 0.15 

10 0.30 0.30 0.30 0.15 0.15 0.30 0.30 0.15 0.15 0.15 

8. Soils data file 

Number of elements Designated number of subwatershed in SWAT 

0 1 2 J 4 5 6 7 8 9 

1 LH 

3 LH LH K 

5 LH LH K K K 

7 LH LH K LH LH K K 

10 LH LH LH LH LH LH LH K K K 

LH Lucky Hills soil data 
K Kendall soil data 
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means that the model structure is capable of properly simulating extreme events. A requisite 

for long-term simulations is that input rainfall data must be unbiased. As described in the 

preceding section, a 27-year continuous rainfall record for multiple raingages on Watershed 

No. 11 is available with two segments of different quality. A continuous measured rainfall 

record includes complete years from 1967 to 1979 whereas extrapolated data to non-

summer months was done on 1966, and 1980-1991. Analysis of suitability of the longest 

time series is the subject of this section. 

The procedure consisted in comparing model error between using 1967-1979 and 

1966-1992 time series in model simulations based on data base as described in Section 7.3.1. 

The CN value was optimized according the Objective Function Mean Square Error (MSE) 

as; 

n x2 

SE -
I (0,-0 J, (7 2) 

/ /  

Where O is volume runoff, mm, s,nt, and n are simulated, measured, and length of 

record (years) respectively. This expression of model error is the same as that used in model 

calibration in chapter five and consistent with previous studies (Simanton et al., 1973, 

1996). Since the length of record is different in both cases, dividing by the number of years 

standardizes the expression. Figure 7.2 shows a typical distribution of MSE as a function 

of the coefficient in the CA'-drainage area relationship. The least MSE was calculated by 

manipulating regression coefficients similarly as described in section 5.2.3. 
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Table 7.3 displays values of the Objective Function in five watershed configurations. 

Whereas the shorter time series shows lower model error and decreasing as the number of 

subwatersheds increases, the longest time series presents high and stable values of MSE. 

Therefore, the selected time series for watershed simulation is 1967-1979 with continuous 

measured rainfall data. 

7.5 Watershed response as affected bv spatial aggregation of input data 

7.5.1 Effect of watershed configuration on total water and sediment yield. 

Analysis of model sensitivity to input data requires the most accurate estimate of 

model parameters. This principle was used in model sensitivity to parameter values 

(Chapter Six). Likewise, the most stable time series must be defined to avoid errors in 

interpreting model sensitivity to spatial aggregation of input data. 

Model inputs can be split into watershed geometric and hydraulic properties, and 

rainfall data. While in the first set CN value (the most influencing parameter) can be 

estimated either from Equation 7.1 (published values here after) or from model calibration, 

in the second one it is desirable to address the range of model error as a function of rainfall 

data file structure as related to the watershed configurations under study. 

Optimum values of and values derived from Equation 7.1 were used to evaluate 

model performance as a function of watershed configuration. Criteria for comparison 

included the mean square error and the Nash-Sutcliffe coefficient. Including this second 

criterion allows for comparison of results fi^om this study with those from previous reports 
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Figure 7.2 Typical distribution of the MSE and the coefficient 
of the CN-drainage area relationship 

Table 7.3 Mean square error as a function of watershed conflguration for two time 
series at Watershed No. 11. 

Number of 
subvvatersheds 1967-1979 1966-1992 

1 18.39 87.10 

3 26.51 85.61 

5 25.54 92.29 

7 17.05 95.83 

10 17.23 95.97 
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discussed in section 7.1. Since that watershed response data available includes only volume 

runoff, comparison in model performance considers this variable only. 

Table 7.4 shows values of model error and model efficiency as related to source of 

CN values. Model performance shows convergence between calibrated CN values and 

published values for a watershed discretized into three or more subwatersheds. However, 

model error continues to be reduced as the number of subwatersheds increases. This trend 

relies on the fact that reducing the size of geometric elements, a better representation of the 

driving variables leads to improved model performance. These results are consistent with 

common sense in related literature, especially in the case of using the published CM data. 

Nevertheless, a surprisingly high value of model efficiency and low model error is observed 

when using the calibrated CA^ value. A similar result was noticed by Morera-Beita (1991) 

with SWRRB under a diflferent criterion to discretize the watershed. Obv'iously, the general 

trend observed in this study supports the conclusion that model performance improves as 

the watershed configuration captures a higher variability of the surface conditions and 

rainfall distribution. 

On the other hand, the convergence in model performance between using calibrated 

and published CN values indicate that CN values derived fi-om Equation 7.1 can be 

confidently extended to other watersheds whose soil properties and rainfall distribution fit 

the range of soils where this equation was established. Areas with similar conditions include 

arid grasslands in Northern Mexico and Southwestern United States. 
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Overall, model efficiency values are similar to those reported by Srinivasan et al 

(1994) with SWAT and by Connors and Gardner (1991) with SPlJR(Carlson et al, 1995) 

in larger watersheds and slightly greater than those reported by Morera-Beita (1991) with 

SWRRB in the same watershed on a shorter time series. Since the hydrologic component 

in all these watershed models is the same and derived from the CREAMS field scale model 

(Knisel, 1980), refinement in model accuracy would require the inclusion of additional 

variables not yet considered (e.g., representation of rainfall intensity, infiltration capacity 

of soils), rather than increasing the dimensionality of input data base due to a more detailed 

configuration of the watershed. 

Results obtained in this analysis indicate that increasing watershed discretization into 

five or more subwatersheds does not mean a significant gain in model accuracy either if 

published or calibrated CM values are used. However, this strategy enables researchers and 

decision makers to evaluate water yield and related processes, such as soil erosion and 

transmission losses across the watershed. Regarding the concept of Representative 

Elementary Area (REA) as discussed in the chapter on Literature Review, this level of 

discretization means that REA for this case is around 120 ha. Considering results from 

Connors and Gardner (1991) with SPUR on another subwatershed in Walnut Gulch 

Experimental Watershed, REA is approximately 60 ha whereas results from Goodrich 

(1991) with KINEROS indicate that REA for watershed No. 11 is around 90 ha (almost 

1.0 km^. Concluding that REA for total water yield on these watersheds ranges around the 

value derived from Goodrich (1991), Wood et al., (1988), and Wood (1995). Deviations 
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from the 1-km^ REA are decisions that depend upon the need to evaluate water yield and 

related processes across the watershed and financial constraints. 

Data on sediment yield from Watershed No. 11 are not available for model 

performance evaluation. Instead, considering the strong relationship between water and 

sediment yield as demonstrated in Chapter Six, simulated sediment yield under maximum 

fitness between measured and simulated water yield are the reference values. Therefore, 

model efiBciency indices referred to watershed configuration with 10 elements is identified 

as Normalized model efficiency. Figure 7.3 shows that model performance criteria do not 

improve significantly when five or more subwatersheds are used in watershed configuration. 

7.5.2. Effect of rainfall data structure on total water yield. 

The dense network used in this study is not common in areas different from the 

Walnut Gulch Experimental Watershed. Extrapolating rainfall data during non-summer 

months resulted in poor model performance even if these rainfall events present a greater 

spatial coverage than that occurring during the summer season months. Application of 

SWAT requires rainfall input data whose structure must be designed regarding its effect on 

model accuracy and financial constraints. Model accuracy as related to rainfall data 

structure hypothetically increases as the density of raingages increase and vice-versa. In this 

study a raingage density of roughly one station per subwatershed provided acceptable 

results, since model efficiency ranged between 0.727 and 0.779. The minimum source of 

rainfall data for this size of watershed would be one raingage. 
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Figure 7.3 Model performance on sediment yield as a function of 
watershed discretization 

Table 7.4 Model performance indices as related to sources of CN values 
and rainfall data structure 

Number of Mean square error Model efficiency 

sub watersheds (1) (2) (3) (1) (2) (3) 

1 17.37 57.16 48.12 0.760 0.182 0.334 

3 26.00 27.96 36.47 0.640 0.586 0.496 

5 24.95 22.73 39.47 0.655 0.663 0.454 

7 17.97 17.05 30.88 0.752 0.752 0.573 

10 16.01 18.9 39.10 0.779 0.727 0.459 

(1) CN from model calibration, 11 raingages 
(2) CN from published data, 11 raingages 
(3) CN from published data, one raingage 
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Model performance using a single-raingage source data near the centroid of the 

drainage area indicates that small differences exist between using only one and eleven 

raingages, especially for a watershed configuration with seven subwatersheds. Determining 

the number of raingages and their location with respect to each other is out of the scope of 

this analysis. Current research on the matter is being conducted at SWRC. Hemandez-

Narvaez et al, (1997) applied ARDBSN model on Watershed No. 11 using spatially 

distributed parameters with rainfall data derived from an increasing number of raingages 

between one and ten. These authors found that model efficiency does not significantly 

increases when using more than seven raingages. The hydrologic routine of ARDBSN is 

similar to that of SWAT. 

1.6 Summary 

The focus of this chapter has been to analyze the effect of aggregating distributed 

input data on model accuracy. This approach included comparisons between using different 

length of rainfall records that contain either only measured or extrapolated and measured 

daily data. SWAT model showed that it is most sensitive to Curve Number value. Two 

sources of this parameter were evaluated, values derived from model calibration and values 

derived from published data. A third evaluation consisted in comparing model output 

accuracy between parameterizing with the whole available multiple-raingage rainfall record, 

and with rainfall data from only one raingage. 
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The time series including only measured data was used in model applications to 

evaluate the effect of spatial aggregation of spatially distributed input data. Indices of model 

performance remained quasi-constant for the watershed configurations under study when 

using calibrated values of Curve Number parameter. These values compared closely with 

those previously reported for watershed simulations that include in their structure a similar 

hydrologic component. It seems that model efficiencies around 0.80 are the maximum 

attainable since these models do not consider rainfall intensity in their structure (Morera-

Beita, 1991; Connors and Gardner, 1991; Srinivasan et al., 1994). Obviously, there are 

large differences in rainfall intensity between summer months and non-summer months due 

to the origin of the producing storms in these periods that cause loss of accuracy in 

continuous daily-step simulations. 

In contrast, model performance indices showed improved accuracy as the watershed 

configuration increases the number of subwatersheds. However, discretizing the watershed 

into more than five subwatersheds do not improve model accuracy. Even more, it was 

noticed that model accuracy converges around this level of discretization to that observed 

when using calibrated CN parameter. This result indicates that surface variability captured 

with a more detailed discretization does not represent a significant improvement in model 

performance. Related literature recognizes this level of discretization as the Representative 

Elementary Area for water yield simulation. Mean drainage size at this level of 

discretization is consistent with previous reports within and beyond Walnut Gulch 

Experimental Watershed, and with CN-driven watershed models or with a different model 
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structure. Therefore, subwatershed size around one square kilometer represents an 

adequate level of spatial aggregation of watershed parameters for acceptable model 

performance. Refinement of spatial aggregation will depend upon the purposes of modeling 

and financial constraints. 

Model performance indices as a function of spatial aggregation of watershed 

parameters were derived using a 11-raingage continuous rainfall record. This density and 

availability of rainfall data are not common in areas beyond Walnut Gulch Experimental 

Watershed. Therefore, a comparison of model performance under this parameterization 

with that of using only one raingage for the entire watershed allowed for assessing the range 

of model accuracy expected between these extremes of rainfall data availability. Moderate 

differences were noticed between these rainfall data structures. However, model 

performance from only one raingage indicates that more raingages must be included in this 

scale of watersheds. 

Since sediment yield data is not available for model performance evaluation, results 

from the optimized model parameterization were set as the reference data set. Model 

performance indices showed that model accuracy improves as the watershed configuration 

includes more subwatersheds. Results from the Sensitivity Analysis (Chapter Six) showed 

that surface-runoff parameters are the most influencing on soil erosion in this type of land 

use. Therefore, it is possible to conclude that sediment yield response to spatial aggregation 

of distributed input data is similar to that of water yield. 
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8.1 Summary 

The present project has focused toward reducing the dimensionality of the input data 

base for watershed simulation with SWAT (Soil and Water Assessment Tool). The 

research approach included the analysis of model output sensitivity to parameter value 

perturbation, watershed configuration, and to rainfall data structure. Sensitivity analysis to 

parameter variation was developed on small watersheds that required input data bases with 

maximum likelihood. Intense research work done during the past 40 years at Walnut Gulch 

Experimental Watershed has provided data to parameterize this model for watersheds scales 

ranging between 0.01 and 6.3 square kilometers. Available records of rainfall, water and 

sediment yield allowed for the identification of the time series usefiji in model parameter 

calibration. Therefore, input data bases were integrated using available information from 

previous studies, field measurements, and analysis of historical records of hydrologic data. 

Analysis of model output sensitivity to spatial aggregation of watershed parameters 

considered five levels of spatial aggregation of input data developed mainly from the current 

spatial database taking advantage of Geographic Information Systems technology. 

Additional data included reports of field surveys and historical rainfall-runoff records from 

a 6.3 square kilometer watershed. The effects of the quality of rainfall input data that is also 

the source of the most influencing parameter on model output accuracy was evaluated as 
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a function of the watershed configuration. A comparison between using rainfall data from 

a dense raingage network and from a single raingage in model simulation allowed the 

assessment of the range of model performance indices as a function of the watershed spatial 

discretization. 

8.2 Conclusions 

Results from this study showed that Curve Number value is the most influencing 

parameter on water and sediment yield as simulated with SWAT watershed model. 

Absolute sensitivity of water yield to Curve number accounted for about 95 percent in 

hillslope areas whereas in the continuity hillslope-channel this percentage reduced to less 

than 90 percent. Parameters that increase their importance in model output include hillslope 

steepness and those related to channel dimensions and hydraulic properties of channel 

alluvium. Therefore, application of SWAT in areas other than experimental watersheds 

requires that most of the effort in developing input data bases be devoted to the assessment 

of Curve Number parameter value followed by hillslope steepness and channel 

characteristics. The remaining parameter values may be addressed from documental sources 

with low risk of increasing errors in simulation of watershed response variables. 

Historical records of rainfall and runoff from Walnut Gulch Experimental Watershed 

allows for estimating Curve Number values as a function of the drainage area with 

acceptable accuracy. On the other hand, current capabilities of GIS technology and 

availability of Digital Elevation Models represent an opportunity to easily and accurately 
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determine topographic variables such as drainage area, hillslope steepness and length, and 

channel length, width, and slope needed in SWAT model parameterization. 

Sediment yield estimates derived from SWAT showed the greatest sensitivity to 

Curve Number parameter value. The soil erodability factor and other factors controlling soil 

loss influenced model output in a subordinate degree. Since volume and peak runoff values 

are used as the driving force in soil erosion in SWAT, these outputs are the most sensitive 

to that parameter affecting primarily water yield. On the other hand, the range of values of 

factors controlling soil loss (MUSLE factors) used in this research precluded for a more 

significant effect, since the scenario for simulation --grassland— does not consider high 

values as compared with agricultural scenarios. These results support a general conclusion 

on the specific nature of model sensitivity to parameter penurbation. 

Model performance under different watershed configurations looks quasi-constant 

when calibrated Curve Number values are used in water yield simulation. Availability of 

measured runoff data allows for maximizing model performance. The accuracy attained in 

this research is consistent with other studies using simulation models with similar hydrologic 

structure. These results lead to the conclusion that the maximum accuracy attainable in 

SWAT and similar models ranges between 0.70 and 0.80 as calculated with the Nash-

Sutcliffe coefficient of efficiency. The complementary value to a perfect performance is 

related to climatic and edaphic variables not included yet in the model structure. 

The above conclusion is supported by the trend observed when using CN values 

derived from published data. Model accuracy increases as watershed configuration 
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increases the number of subwatersheds. This increase in watershed discretization represents 

the opportunity to properly address the spatial variability of watershed variables controlling 

watershed response. However, a convergence level with the line of model accuracy for 

calibrated CN occurs at the configuration where the mean area of subwatersheds is about 

1.2 square kilometers. It means that the representative watershed response area for these 

watersheds, —soils and rainfall variability— is this size of subwatershed according model 

accuracy. Refinement in watershed discretization will depend on purposes of watershed 

simulation and financial constraints. 

The range of model accuracy indices between one and eleven raingages as rainfall 

data source when using CN values derived from published data increases as the watershed 

configuration increases the number of subwatershed between one and five to remain quasi-

constant for fijrther levels of discretization. The upper limit is represented as eleven 

raingages whereas the lower limit is represented by one raingage. 

8.3 Recommendations for fijture research 

Future research on reduction of dimensionality of input data bases must include 

improvements in model structure to reduce the required raingage density. Current model 

structure does not account for infiltration variability or rainfall intensity Incorporating these 

sources of variation in model output must result in better model output results according the 

inverse relationship between model systematic error and the number of parameters involved 

(Singh, 1988, 1995). Representing these sources of variation does not mean a significant 
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effort in developing input data bases, since there are available methods to estimate hydraulic 

infiltration properties from texture and organic matter content of soils (Rawls et cil, 1993). 

On the other hand, the range of rainfall intensity during the year depends on the sources and 

origins of the storms. If these variations are properly incorporated, model errors due to 

rainfall input data may reduce. Improvements in model accuracy by increasing the number 

of parameters may lead to a reduced requirement in raingage density. 
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APPENDIX 

Table Al. List of variables used for water and sediment yield simulation with SWAT 

Variable Units Description 

A sq km Drainage area 

Regression parameter to calculate Q, 

a Proportion of total rainfall occurring during time of 
concentration 

K Regression parameter to calculate Q, 

C Factor in MUSLE representing land cover characteristics 

c % Organic carbon content 

CHK mm h'^ Effective hydraulic conductivity of the channel alluvium 

c, % Clay content 

CM kg ha"' Total soil cover as biomass and residue 

CN Curve number 

CVM Threshold value of C factor in MUSLE 

d mm Sediment particle diameter 

DG t Channel degradation 

DGs t Degradation of channel bed material 

DG, t Amount of sediment reentrained into a channel 

< m Depth of flow 

DR Sediment delivery ratio 

DU h Duration of stream flow 

F mm Actual volume of water retained in the soil profile 

FFC m m"' Fraction of field capacity 
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Table A1 (Continued) 

Variable Units Description 

Y t m'^ Density of water 

la mm Initial abstractions of water 

K Factor in MUSLE representing the soil erodability 
condition 

m Icm"' Decay factor 

Icm Channel length 

LS Factor in MUSLE representing steepness and length of 
hillslopes 

"k m Hillslope length 

n Manning's roughness coefficient 

P mm Total daily rainfall depth 

P* mm Potential volume of surface runoff 

P, m^ Inflow volume to calculate Q, 

Pq m^ Threshold inflow volume 

PE Factor in MUSLE representing soil erosion control 
practices 

O mm Actual volume of surface runoff 

<7o* mm h"' Average flow rate from a 1.0 ha drainage area 

Qi m^ Surface runoff after transmission losses in channel 

Op mm h"' Peak surface runoff 

qp mm h"' Unit peak surface runoff 

qp, m^ s"' Peak discharge of surface runoff at the channel outlet 

S mm Potential volume of water retained in the soil profile 

s m m"' Hillslope steepness 
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Table A1 (Continued) 

Variable Units Description 

m m'^ Slope of channel 

% Silt content 

% Sand content 

m m"' Slope of water surface 

a m m"' average channel slope 

tc h Time of concentration of flow 

tec h Time of concentration of flow in channels 

tcs h Time of concentration of flow in hillslopes 

m s"' Velocity of stream flow 

w m Average channel width 

w m Average width of flow 

Y t ha"' yf' Soil erosion rate as calculated with MUSLE 

yf m Depth of sediment fall during stream flow 

Exponent in LS factor equation 
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Table A2 Sensitivity of water and sediment yield to parameter values 
in LH 101 watershed 

Parameter perturbation Model output Relative values 
Parameter Base value percent value Q(mm) Sy (t ha-1) Q Sy 

Curve number 83 -10 74.700 6.375 0.153 0.302 0.256 
-5 78.850 11.755 0.319 0.557 0.533 
5 87.150 41.67 1.237 1.976 2.069 
10 91.300 81.725 2.377 3.876 3.975 

Manning's roughness 0.15 -50 0.075 0.709 1.186 
coeflicient for hillslopc -25 0.113 0.643 1.075 
areas 25 0.188 0.567 0.948 

50 0.225 0.542 0.906 

Hillslope length 89.69 -50 44.845 0.490 0.819 
-25 67.268 0.551 0.921 
25 112.113 0.638 1.067 
50 134.535 0.673 1.125 

Hillslope steepness 0.063 -50 0.032 20.794 0.209 0.986 0.349 
-25 0.047 20.936 0.375 0.993 0.627 
25 0.079 21.238 0.869 1.007 1.453 
50 0.095 21.388 1.184 1.014 1.980 

Residue biomass in 67 -50 33.500 0.606 1.013 
hillslope areas -25 50.250 0.602 1.007 

25 83.750 0.595 0.995 
50 100.500 0.592 0.990 

Soil water holding 0.152 -50 0.076 20.77 0.559 0.985 0.935 
capacity -25 0.114 22.503 0,611 1.067 1.022 

25 0.190 17.483 0.482 0.829 0.806 
50 0.228 12.275 0.353 0.582 0.590 

Soil erodability factor 0.2 -50 0.100 0.301 0.503 
for hillslope areas -25 0.150 0.450 0.753 

25 0.250 0.747 1.249 
50 0.300 0.896 1.498 

Drainage area 1.263 -50 0.632 0.549 0.918 
-25 0.947 0.576 0.963 
25 1.579 0.613 1.025 
50 1.895 0.626 1.047 
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Table A3 Sensitivity of water and sediment yield to parameter values 
in LH 102 watershed 

Parameter perturbation Model output Relative values 
Parameter Base value percent value Q(mm) Sy (t ha-1) Q Sy 

Cun'C number 83.83 -10 75.447 11.194 0.763 0.398 0.354 
-5 79.639 17.837 1.253 0.634 0.581 
5 88.022 50.819 4.150 1.805 1.924 
10 92.213 89.23 7.491 3.170 3.473 

Manning's roughness 0.194 -50 0.097 2.557 1.185 
coefficient for hillslope -25 0.146 2.314 1.073 
areas 25 0.243 2.042 0.947 

50 0.291 1.952 0.905 

Hillslope length 96.41 -50 48.205 1.646 0.763 
-25 72.308 1.900 0.881 
25 120.513 2.273 1.054 
50 144.615 2.423 1.123 

Hillslope steepness 0.117 -50 0.059 27.715 0.598 0.985 0.277 
-25 0.088 27.946 1.109 0.993 0.514 
25 0.146 28.373 2.967 1.008 1.376 
50 0.176 28.591 3.932 1.016 1.823 

Residue biomass in 67 -50 33.500 2.177 1.009 
hillslope areas -25 50.250 2.166 1.004 

25 83.750 2.147 0.995 
50 100.500 2.138 0.991 

Soil water holding 0.152 -50 0.076 28.977 2.369 1.029 1.098 
capacity -25 0.114 30.589 2.439 1.087 1.131 

25 0.190 23.991 1.823 0.852 0.845 
50 0.228 18.549 1.487 0.659 0.689 

Soil erodabilit>' factor 0.2 1 o
 

0.100 1.081 0.501 
for hillslope areas -25 0.150 1.619 0.751 

25 0.250 2.694 1.249 
50 0.300 3.232 1.498 

Drainage area 1.46 -50 0.730 1.985 0.920 
-25 1.095 2.082 0.965 
25 1.825 2.216 1.027 
50 2.190 2.264 1.050 
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Table A4 Sensitivity of water and sediment yield to parameter values 
in LH 103 watershed 

Parameter perturbation Model output Relative values 
Parameter Base value percent value Q(mm) Sy (t ha-I) Q Sy 

CuH'e number 83.05 -10 74.745 9.112 3.118 0.383 0.622 
-5 78.898 14.761 3.950 0.620 0.788 
5 87.203 41.27 6.450 1.735 1.287 
10 91.355 75.199 9.432 3.161 1.882 

Manning's roughness 0.114 -50 0.057 24.32 5.332 1.022 1.064 
coeSlcient for hillslope -25 0.086 23.932 5.132 1.006 1.024 
areas 25 0.143 23.043 4.861 0.969 0.970 

50 0.171 23.141 4.766 0.973 0.951 

Hillslopc length 82.35 -50 41.175 25.38 4.187 1.067 0.836 
-25 61.763 24.306 4.150 1.022 0.828 
25 102.938 23.191 5.003 0.975 0.998 
50 123.525 22.795 4.934 0.958 0.985 

Hillslope steepness 0.089 -50 0.045 22.72 3.639 0.955 0.726 
-25 0.067 23.361 4.121 0.982 0.822 
25 0.111 24.209 5.226 1.018 1.043 
50 0.134 24.59 6.263 1.034 1.250 

Residue biomass in 67 -50 33.500 5.053 1.008 
hillslope areas -25 50.250 5.039 1.006 

25 83.750 5.026 1.003 
50 100.500 5.037 1.005 

Soil water holding 0.152 -50 0.076 22.977 4.963 0.966 0.990 
capacity -25 0.114 24.617 5.197 1.035 1.037 

25 0.190 20.169 4.224 0.848 0.843 
50 0.228 14.397 3.329 0.605 0.664 

Soil erodability factor 0.3 -50 0.150 4.082 0.815 
for hillslope areas -25 0.225 4.547 0.907 

25 0.375 5.471 1.092 
50 0.450 5.918 1.181 

Drainage area 3.8 -50 1.900 21.215 4.566 0.892 0.911 
-25 2.850 22.72 4.542 0.955 0.906 
25 4.750 24.218 4.868 1.018 0.972 
50 5.700 24.643 5.592 1.036 1.116 
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Table A4 (Continued) 

Parameter perturbation Model output Relative values 
Parameter Base value percent value Q(mm) Sy (t ha-1) Q Sy 

Chimel width 1.43 -50 0.715 24.976 6.239 1.050 1.245 
-25 1.073 24.263 5.613 1.020 1.120 
25 1.788 23.064 3.874 0.969 0.773 
50 2.145 22.565 3.397 0.949 0.678 

Channel depth 1.06 -50 0.530 5.034 1.005 
-25 0.795 5.026 1.003 
25 1.325 5.032 1.004 
50 1.590 5.021 1.002 

Channel slope 0.03 -50 0.015 23.723 2.942 0.997 0.587 
-25 0.023 23.766 3.818 0.999 0.762 
25 0.038 23.809 5.832 1.001 1.164 
50 0.045 23.822 6.613 1.001 1.320 

Channel length 160 1 U
i o
 

80.000 25.06 5.445 1.053 1.087 
-25 120.000 24.317 5.237 1.022 1.045 
25 200.000 23.045 4.726 0.969 0.943 
50 240.000 22.478 4.518 0.945 0.902 

Manning's roughness 0.04 -50 0.020 23.908 5.139 1.005 1.026 
coefficient for channel -25 0.030 23.863 4.997 1.003 0.997 
bed 25 0.050 23.786 4.284 1.000 0.855 

50 0.060 23.752 4.155 0.998 0.829 

Saturated hydraulic 51 -50 25.500 24.834 5.026 1.080 1.030 
conductivity in -25 38.250 23.866 4.958 1.038 1.016 
channel bed 25 63.750 22.307 4.857 0.970 0.995 

50 76.500 21.507 4.828 0.935 0.989 

Soil erodabilitj' factor 0.15 -50 0.075 3.532 0.705 
for channel -25 0.113 4.282 0.854 

25 0.188 5.761 1.150 
50 0.225 6.489 1.295 

Vegetation management I -50 0.500 3.532 0.705 
factor for channel -25 0.750 4.271 0.852 

25 1.250 5.755 1.149 
50 1.500 6.489 1.295 
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Table AS Sensitivity of water and sediment yield to parameter values 
in LH 104 watershed 

Parameter perturbation Model output Relative values 
Parameter Base value percent value Q(mm) Sy (t ha-1) Q Sy 

Curve number 81.56 -10 73.404 9.186 0.540 0.421 0.333 
-5 77.482 13.92 0.889 0.637 0.548 
5 85.638 35.175 2.605 1.610 1.607 
10 89.716 64.687 4.957 2.961 3.058 

Manning's roughness 0.194 -50 0.097 22.427 1.901 1.027 1.173 
coefficient for hillslopc -25 0.1455 22.119 1.736 1.013 1.071 
areas 25 0.2425 21.629 1.531 0.990 0.944 

50 0.291 21.421 1.465 0.981 0.903 

Hillslopc length 53.8 -50 26.9 24.684 1.294 1.130 0.798 
-25 40.35 22.869 1.486 1.047 0.917 
25 67.25 21.182 1.740 0.970 1.073 
50 80.7 20.653 1.855 0.946 1.144 

Hillslope steepness 0.119 -50 0.0595 20.356 0.669 0.932 0.413 
-25 0.08925 21.162 1.060 0.969 0.654 
25 0.14875 22.526 2.327 1.031 1.436 
50 0.1785 23.174 3.150 1.061 1.943 

Residue biomass in 67 -50 33.5 1.629 1.005 
hillslopc areas -25 50.25 1.625 1.002 

25 83.75 1.618 0.998 
50 100.5 1.613 0.995 

Soil water holding 0.152 -50 0.076 23.167 1.556 1.061 0.960 
capacity -25 0.114 23.7 1.689 1.085 1.042 

25 0.19 17.963 1.267 0.822 0.782 
50 0.228 13.47 0.923 0.617 0.570 

Soil crodability factor 0.2 -50 0.1 0.890 0.549 
for hillslopc areas -25 0.15 1.255 0.774 

25 0.25 1.987 1.226 
50 0.3 2.352 1.451 

Drainage area 4.4 -50 2.2 19.411 0.836 0.889 0.516 
-25 3.3 20.97 1.183 0.960 0.730 
25 5.5 22.356 2.093 1.023 1.291 
50 6.6 22.722 2.573 1.040 1.587 
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Table A5 (Continued) 
Parameter perturbation Model output Relative values 

Parameter Base value percent value Q(mm) Sy (t ha-1) Q Sy 

Chnnel width 0.98 -50 0.49 22.989 1.816 1.052 1.121 
-25 0.735 22.392 1.697 1.025 1.047 
25 1.225 21.35 1.565 0.977 0.966 
50 1.47 20.814 1.509 0.953 0.931 

Channel depth 0.57 -50 0.285 1.620 0.999 
-25 0.4275 1.620 1.000 
25 0.7125 1.620 1.000 
50 0.855 1.620 0.999 

Channel slope 0.05 -50 0.025 21.819 1.516 0.999 0.935 
-25 0.0375 21.817 1.576 0.999 0.972 
25 0.0625 21.863 1.666 1.001 1.028 
50 0.075 21.877 1.719 1.002 1.060 

Channel length 240 -50 120 23.057 1.761 1.056 1.086 
-25 180 22.441 1.691 1.027 1.043 
25 300 21.277 1.553 0.974 0.958 
50 360 20.652 1.488 0.945 0.918 

Manning's roughness 0.04 -50 0.02 21.94 1.702 1.004 1.050 
coeflicient for channel -25 0.03 21.889 1.647 1.002 1.016 
bed 25 0.05 21.847 1.602 1.000 0.988 

50 0.06 21.804 1.578 0.998 0.973 

Saturated hydraulic 51 -50 25.5 22.889 1.697 1.076 1.077 
conductivity in -25 38.25 22.065 1.635 1.037 1.038 
channel bed 25 63.75 20.54 1.555 0.965 0.987 

50 76.5 19.843 1.501 0.932 0.953 

Soil erodability factor 0.005 -50 0.0025 1.565 0.965 
for channel -25 0.00375 1.593 0.983 

25 0.00625 1.650 1.018 
50 0.0075 1.706 1.053 

Vegetation managemeni I -50 0.5 1.550 0.956 
factor for channel -25 0.75 1.586 0.978 

25 1.25 1.657 1.022 
50 1.5 1.692 1.044 
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Table A6 Sensitivity of water and sediment yield to parameter values 
in ST 223 watershed 

Parameter perturbation Model output Relative values 
Parameter Base value pcrcent value Q(mm) Sy (t ha-1) Q Sy 

Curve number 82.27 -10 74.043 4.818 0.394 0.298 0.246 
-5 78.157 9.031 0.828 0.558 0.518 
5 86.384 30.161 3.016 1.865 1.885 

10 90.497 57.31 5.776 3.543 3.610 

Manning's roughness 0.114 -50 0.057 16.596 1.767 1.026 1.104 
coefficient for hillslopc -25 0.086 16.361 1.670 1.012 1.044 
areas 25 0.143 16.013 1.539 0.990 0.962 

50 0.171 15.867 1.488 0.981 0.930 

Hillslope length 171.21 -50 85.605 17.01 1.311 1.052 0.819 
-25 128.408 16.497 1.474 1.020 0.921 
25 214.013 15.93 1.699 0.985 1.062 
50 256.815 15.732 1.776 0.973 1.110 

Hillslcpe steepness 0.075 -50 0.038 15.704 0.638 0.971 0.399 
-25 0.056 15.966 1.055 0.987 0.659 
25 0.094 16.352 2.100 1.011 1.312 
50 0.113 16.513 2.519 1.021 1.575 

Residue biomass in 67 -50 33.500 1.619 1.011 
hillslope areas -25 50.250 1.609 1.005 

25 83.750 1.591 0.994 
50 100.500 1.583 0.989 

Soil water holding 0.152 -50 0.076 16.532 1.612 1.022 1.007 
capacity -25 0.114 17.715 1.671 1.095 1.044 

25 0.190 12.569 1.218 0.777 0.761 
50 0.228 8.298 0.773 0.513 0.483 

Soil crodability factor 0.3 -50 0.150 0.920 0.575 
for hillslope areas -25 0.225 1.272 0.795 

25 0.375 1.889 1.181 
50 0.450 2.120 1.325 

Drainage area 43.71 -50 21.855 14.164 0.654 0.876 0.409 
-25 32.783 15.414 1.106 0.953 0.691 
25 54.638 16.676 2.125 1.031 1.328 
50 65.565 17.03 0.267 1.053 0.167 
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Table A6 (Continued) 

Parameter Parameter perturbation Model output Relative values 
Base value percent value Q(mm) Sy (t ha-1) Q Sy 

Chnnel width 
2.04 -50 1.020 17.453 1.888 1.079 1.180 

-25 1.530 16.78 1.723 1.037 1.077 
25 2.550 15.621 1.492 0.966 0.932 
50 3.060 15.127 1.382 0.935 0.864 

Channel depth 
0.88 -50 0.440 1.598 0.999 

-25 0.660 1.600 1.000 
25 1.100 1.603 1.001 
50 1.320 1.599 0.999 

Channel slope 
0.023 -50 0.012 16.022 1.246 0.991 0.779 

-25 0.017 16.107 1.450 0.996 0.906 
25 0.029 16.221 1.696 1.003 1.060 
50 0.035 16.257 1.773 1.005 1.108 

Channel length 
1372 -50 686.000 17.64 1.895 1.091 1.184 

-25 1029.000 16.897 1.735 1.045 1.084 
25 1715.000 15.467 1.484 0.956 0.928 
50 2058.000 14.803 1.378 0.915 0.861 

Manning's roughness 
coefficient for channci 0.04 -50 0.020 16.411 1.695 1.015 1.060 
bed -25 0.030 16.285 1.642 1.007 1.026 

25 0.050 16.072 1.562 0.994 0.976 
50 0.060 15.979 1.526 0.988 0.953 

Saturated hydraulic 
conductivity in 51 1 o

 

25.500 16.127 1.597 1.138 1.144 
channel bed -25 38.250 15.057 1.489 1.063 1.066 

25 63.750 13.395 1.322 0.945 0.946 
50 76.500 13.081 1.290 0.923 0.924 

Soil erodabilit>' factor 
for channel 0.15 -50 0.075 1.568 0.980 

-25 0.113 1.586 0.991 
25 0.188 1.621 1.013 
50 0.225 1.638 1.024 

Vegetation management 
factor for channel 1 -50 0.500 1.568 0.980 

-25 0.750 1.586 0.991 
25 1.250 1.621 1.013 
50 1.500 1.638 1.024 
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