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ABSTRACT 

Uncertainty in the hydrologic and soil erosion predictions of the WEPP Watershed 

model due to errors in model parameter estimation was identified through a sensitivity 

analysis based on the Monte-Carlo method. Identification of parameter sensitivities 

provides guidance in the collection of parameter data in places where the model is 

intended to simulate soil erosion. Changes in model predictions caused by changes in 

model parameters were quantified for model applications in semi-arid rangeland 

watersheds. The magnitude of the changes in model parameters was defined by the 

spatial variability of parameters in a watershed. Model sensitivities in predicting 

overland flow and soil erosion on hillslopes and channels are presented considering 

rainfall characteristics. The results show that WEPP predictions are very sensitive to 

attributes that define a storm event (amount, duration, and ip). Model sensitivity to soil 

erosion parameters also depends of the type of storm event. 
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CHAPTER 1 

INTRODUCTION 

Problem Statement 

Soil erosion is considered a natural process caused by flowing water, raindrop 

impact or wind action. However, the rate of soil erosion can be accelerated by human 

activities in attempting to increase the productivity of crops, forage, timber, etc. 

Under disturbed conditions, the soil is more susceptible to nutrient losses in which 

dissolved nutrients are transported by runoff or leached by deep percolation. Moreover, 

high sediment concentrations in flowing water out of a system reduce onsite productivity 

and the lifetime of lakes and reservoirs by sedimentation processes and eutrophication of 

water bodies by nutrient enrichment. 

With the purpose of quantifying the erosion process and identifying acceptable 

erosion rates under specific land uses, soil scientists have developed procedures to predict 

soil losses using empirical equations based on such factors as soil characteristics, land 

use, and climate. The most widely used erosion prediction technology is the Universal 

Soil Loss Equation (USLE) developed by Wischmeier and Smith (1978). The USLE 

evolved from Zingg's equation (Zingg, 1940) and has been used by many agencies with 

continuous updates and minor improvements. Because it depends on a large data base 

for its relationships, and it is very much a "black box" lumped model, the USLE has 

been termed a matured technology (Foster and Lane, 1987). 
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Today, rapid developments in computer technology have made it possible to 

include much of the newer technology in a second generation of erosion prediction 

models. According to Renard (1989), the new approaches will not only compute the 

amount of soil lost but will also provide spatially variable runoff, quantify erosion by 

raindrop impact, and detachment and transport by overland flow on interill areas, 

determine detachment and sediment transport by concentrated flow in rill areas, route 

sediment for multiple particle sizes, and include sediment deposition in ponded areas. 

In addition, it will be operational on a personal computer using "user friendly" 

procedures to minimize efforts and errors in parameter estimation by the user. 

With the purpose of developing this new prediction technology, the Agricultural 

Research Service (ARS) initiated the Water Erosion Prediction Project (WEPP), a 

national multidisciplinary effort to develop a new erosion prediction technology based on 

modern concepts of stochastic weather generation, hydrology, soil physics, plant science, 

hydraulics, and erosion mechanics, linked in a process oriented and computer 

implemented model (Lane and Nearing, 1989). The result of the WEPP technology is 

a process based, distributed parameter, erosion prediction model designed to simulate the 

effects of management practices on erosion, deposition, and sediment yield for cropland, 

disturbed forest, and rangeland watersheds. 

Because the WEPP model simulates several processes to mimic the watershed 

behavior, the model is complex and consequently subjected to increased model 

uncertainty. Therefore, it is necessary to test this model according to procedures of 
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computer model validation for field applications. 

This research is intended to perform one of the validation tests to quantify the 

effects of parameter estimation on model predictions: a sensitivity analysis. But due to 

model complexity and system variability, a traditional and deterministic sensitivity 

analysis is not an adequate approach to deal with model uncertainty. A stochastic 

sensitivity analysis based on Monte-Carlo simulation was chosen since it provides a 

criterion by which to judge uncertainties in model predictions due to errors in parameter 

estimation when the system variability is expressed in probabilistic terms. 

Objectives 

The objectives of this study are: 

1. To conduct a sensitivity analysis of the hydrologic and erosion components of the 

WEPP watershed model for applications in the Southwestern rangeland watersheds. 

2. To rank the model parameters in order of importance based on model sensitivity in 

a representative watershed. 

In addition, this sensitivity analysis is a part of the testing procedures of the 

WEPP model by the USDA-ARS that will serve future users in predicting soil erosion 

on hillslopes, small watersheds, and river basin systems. 
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Approach 

The WEPP model estimates water induced soil erosion by simulating the 

hydrologic, hydraulic and erosion processes which occurs on a small watershed. There 

are two significant aspects of the WEPP model: one in which all parameters remain 

constant during the entire simulation (single-event), and another in which some 

parameters are updated on a daily basis (continuous simulation). The scope of this 

research has been limited to determine the sensitivity of the WEPP model in its single-

storm version as applied to rangeland watersheds. 

Because the variability of a natural system is considered in terms of probability, 

the Monte-Carlo method is used to generate random variates of model parameters. These 

parameters are based on the natural variability of soil and vegetation in Lucky Hills 103 

at the Walnut Gulch Experimental Watershed in Tombstone, AZ., (Parker, 1991). This 

technique has been useful when analytical solutions are difficult or even impossible to 

obtain such as in analysis of nonlinear models (Whitehead and Young, 1979). 

Stochastic sensitivity analysis using Monte Carlo simulation allows a wider range 

of analyses to be performed than the traditional deterministic sensitivity analysis based 

on manual or deterministic parameter perturbation. Because the least squares of the 

linear regression constitutes the classical sensitivity index (Tomovic, 1963), normalized 

sensitivity indices are obtained by solving multiple linear regression equations. The 

stepwise procedure of variable selection will be used on results from 10,000 model 

simulations of rainfall events. 
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Benefits 

The immediate benefits will be a better understanding of the WEPP watershed 

model behavior in response to representative variations of model inputs and parameter 

values. 

Secondly, this study will rank the model parameters according to model sensitivity 

allowing the user to estimate the effort required in parameter determination in relation 

to the required accuracy of the model output. The user will be able to set priorities for 

data collection, concentrating efforts on the parameters for which the model is more 

sensitive. 

Finally, uncertainty analysis of the WEPP model will determine the contribution 

of each parameter to the total uncertainty in the model predictions. This information will 

provide guidance for further research to improve parameter estimation and quantify the 

uncertainty of the resulting model predictions. 



19 

CHAPTER 2 

REVIEW OF LITERATURE 

2.1 Model Development and Evaluation 

Process-based hydrologic modeling is usually defined as a mathematical 

description of the processes that take place in watersheds based on the laws of 

conservation of mass, energy, and momentum, either for individual or continuous events 

in space and time. In practice, process-based hydrologic models allow us to understand 

and predict the function and response of watersheds to various inputs with the objective 

of identifying the probable hydrologic impacts of alternate land-use activities in areas 

with little hydrologic data (DeCoursey, 1982; McCuen, 1973). 

The process of interconnecting mathematical expressions that describe a phase of 

the hydrologic cycle according to a conceptualization of the hydrologic processes, is 

referred to as model development. Consequently, it is assumed that the model's results 

mimic the natural processes which the model is supposed to simulate. However, the 

disparities of the model behavior to represent the real system (watershed) require model 

evaluation to quantify the errors in model conceptualization and structure. 

Howes and Anderson (1988) defined model evaluation as the methodology that 

establishes the suitability and relevance of a hydrologic model for a particular application 

and assesses the level of confidence associated with the information derived from the 

model. Maurice at al. (1982) pointed out that when model application is more important 
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than model development, the information derived from the model evaluation step is 

necessary to decide if the model will meet the needs. 

Model evaluation comprises the following phases: a) parameter identification-

identifying the optimum parameter values by procedures of calibration or optimization. 

This assumes that any set of model parameters can be adjusted to the 'best fit' between 

the observed and predicted values, b) validation- confirming that the calibrated model is 

useful over the limited range of conditions defined by the calibration and validation data 

sets, and c) verification- ensuring that the computer program actually carries out the 

logical processes expected of it, and that it is consistent with the functionality of the 

mathematical model. In other words, test if the model is giving the right answers. 

For the validation and verification phases mentioned above, parametric analysis 

is commonly applied to determine the effect that individual parameters have on model 

predictions. Parametric analysis may be divided into sensitivity analysis and uncertainty 

analysis. 

2.2 Sensitivity Analysis of Hydrologic Models 

Sensitivity analysis is a modeling tool that provides a insight into the 

correspondence between the model and the physical processes being modeled. By 

studying the sensitivity of a hydrologic model to changes in its parameters, inputs, and 

boundary conditions, it is possible to gain insight into the model's behavior and to derive 

computational algorithms for identification of its unknown parameters (Vemury et al., 
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1969). 

Lane and Ferreira (1980) defined sensitivity analysis as the rate of change in one 

factor with respect to change in another factor; or the process of identifying and 

quantifying the magnitude of the expected changes or disturbances. It is useful in 

formulation, calibration and verification of hydrologic models (McCuen and Snyder, 

1986). 

Meier et al.(1971) indicated that the sensitivity of a model's responses to 

variations in input data can be used to indicate the relative importance of various types 

of input information. Emphasis can then be placed on developing and refining those data 

which have the greatest influence on model output. In other words, given a prespecified 

amount of resources which will be used for data collection and data preparation, 

sensitivity analysis can be conducted to define how best to expend the effort. 

A sensitivity analysis should be designed in accordance with the range of expected 

errors in field data gathering under different conditions. It is a systematic means of 

examining the response of a hydrologic model independent of errors in parameter 

estimation or field data. This make it possible to examine, in an objective manner, the 

rationality of the model as well as the effect of input errors on model output (Meyer, 

1972; McCuen, 1973). 

According to Howes and Anderson (1988) and Kirchner (1991), there are two 

approaches to sensitivity analysis based on the complexity of the model to be analyzed: 

1) deterministic or local sensitivity analysis in which the analysis considers the influence 



22 

of a small change in parameter value on model output, and 2) stochastic or global 

sensitivity analysis, which is based upon the assertion that uncertainties in the model 

structure and data allow a meaningful analysis to deal with probabilities of model 

behavior. 

2.2.1 Deterministic Sensitivity Analysis 

According to Overton and Meadows (1976), once the parameters are identified, 

sensitivity analysis proceeds by holding all parameter constants but one, and perturbing 

the last one so that changes in the objective function can be determined. If small 

perturbations in one parameter produce large changes in the objective function, the 

system is said to be very sensitive to that parameter. 

The primary assumption in this approach is that the response surface of the output 

variable of interest is effectively linear within the small region of the parameter space is 

explored by perturbations. The nominal values chosen for this analysis are usually those 

considered to give the best model predictions for a particular situation. A local 

sensitivity analysis is analogous to determining the partial derivative for each output 

variable with respect to each parameter (Kirchner, 1991). According to Hoffman and 

Gardner (1983), performing a sensitivity analysis by increasing or decreasing each 

parameter by a fixed percent of nominal value assumes that each parameter is equally 

important. 

Tomovic (1963) defined several sensitivity coefficients based on the sensitivity of 
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differential equations that relate the change in model response with a change in model 

parameters. For unsteady state models, the sensitivity coefficient is a continuous function 

of time. Subsequently, McCuen (1974) obtained a relative sensitivity coefficient by 

deriving equations for the rate of change of the independent variable with respect to each 

dependent variable. Such equations were obtained by differentiating the model output 

with respect to the model inputs. 

McCuen and Snyder (1986) remarked a strong structural relationship between 

regression analysis and sensitivity analysis. For a linear regression model relating two 

random variables, the sensitivity of the dependent variable Y to variations in the 

independent variable X can be determined by differentiating the regression equation with 

respect to X: dYldX = b, where b is a the regression coefficient that represents the rate 

of change in Y with respect to changes in X. 

The usefulness of the methods described above depends on the ability of 

reformulating the system in analog terms or providing analytical results of the solution 

to the sensitivity equation. However, for most hydrologic models, these methods are not 

feasible. In hydrologic models, large parameter uncertainty or variability may produce 

results quite different from those obtained by small parameter perturbations (Gardner et 

al., 1981). 

Lane and Ferreira (1980) stated that, as models become more complex, model 

sensitivity is more easily expressed in differential forms, relative changes, graphs and 

tables, rather than as functions. However, the limitations of this procedure are: 1) the 
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parameters are varied so that the complex interactions are difficult to determine, and 2) 

the number of simulation runs increases rapidly with the number of parameters and inputs 

and with the number of points selected to vary about the base values. 

Nearing et al. (1989) conducted a sensitivity analysis of the WEPP single storm 

profile model. To asses the sensitivity of the model parameters they utilized a sensitivity 

index based on the relative normalized change in output to a normalized change in input. 

This approach allows comparison of sensitivities for different input parameters with 

different orders of magnitude. According to Garen and Burges (1981), this is an 

approximation of the partial derivative of the model with respect to parameter changes. 

Plinston (1972) explained the relationship 

between sensitivity and interdependence. A 

cross-section through the objective function 

surface in the n-dimensional parameter space 

can be drawn as a contour map of the equation 

as shown in Figure 2.1. The ideal model would 

give a series of concentric circles (Figure 2.1a), 

indicating equal sensitivity in each parameter 

direction. In this case, there is no 

interdependence between parameter estimates. 

If the parameter sensitivities are different, the 

resulting map would show a pattern of ellipses 

b 

Figure 2.1. Contour maps o 
sections through the F2 surface 
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(Figure 2.1b). The case where the parameter estimates are interdependent is shown in 

Figure 2.1c. The axis of the ellipses are inclined in the parameter directions and a 

simple scale change is insufficient to transform the pattern to one with circular contours 

without rotation in new parameter directions. 

It is important to point out that Figure 2.1 represents simple linear model; 

hydrologic models are often non-linear, different processes operate on different periods 

of data and threshold parameters often lead to discontinuities in the response function 

surface. In addition, Plinston (1972) mentioned that improvement of the efficiency of 

the optimization can be expected when parameter scales are chosen so that the respective 

sensitivities are approximately equal. An improvement in precision of parameter 

estimates might follow the removal or addition of parameters so that the serious cases of 

parameter interdependence are avoided. 

Sorooshian and Arfi (1982), studied the Nash and Sutcliffe's method to determine 

parameter sensitivity by constructing contour maps in the vicinity of converged points 

response surfaces. They showed that the method provides qualitative information about 

the reliability of the parameter estimates. However, several drawbacks are associated 

with the method. First, depending of the grid size and the resolution desired, contour 

plotting can become very time consuming. Second, the required number of two-

dimensional plots increases rapidly with an increase in the number of parameters. 

Finally, this method does not easily facilitate the study of parameter interactions in higher 

dimensional spaces. 



26 

McCuen and Snyder (1986) stated that the derivation of sensitivity plots based 

on the optimum solution of an objective function can be used to assess parameter 

sensitivity since the percentage change in value of the objective function or output is 

computed for different percentage changes in a parameter; but again, computer time is 

often considerable. 

2.2.2 Stochastic Sensitivity Analysis 

Sensitivity analysis attempts to rank parameters based on their contribution to 

overall error in model predictions. However, in most hydrological applications, large 

variances in measurements is the rule and deterministic sensitivity analysis may be less 

useful. 

Deterministic sensitivity analysis of time varying and nonlinear models is difficult 

because of the complex or non existent analytical solutions of the model equations 

(Whitehead and Young, 1979; and Gardner et al., 1981). In addition, deterministic 

models use a single value for each parameters to produce a single prediction. These 

models ignore the effect of imprecise parameter estimation and system variability. For 

any assessment situation, model parameters are best represented by a range (or 

distribution) of values. This range translates into a range (or distribution) of model 

predictions. Failure to account for this range means that the predictions of deterministic 

models may be difficult to interpret when conservative assumptions have been removed 

from the calculation. To explicitly account for the imprecision in parameter estimation 



requires modeling approaches that are stochastic (i.e. probabilistic) rather than 

deterministic (Hoffman and Gardner, 1983). 

Application of stochastic sensitivity analysis or error analysis1, not only allows 

ranking of the model parameters according to model sensitivity but also determines the 

degree of error propagation when models become more complex (Gardner et al., 1981). 

The purpose of a stochastic sensitivity analysis is to assess the effect that a 

parameter has on an output variable over the range of parameter values that are likely 

to be exhibited. The range of parameter values is often based upon a frequency 

distribution that is characteristic for each parameter. Stochastic sensitivity analysis 

attempts to partition the variance observed in an output variable among the parameters. 

Because of statistical and computational limitations, partitioning is often limited to 

producing an ordered list of parameters to which the outputs are sensitive (Kirchner, 

1991). 

Garen and Burges (1981) mentioned that the utility of the output from watershed 

models can be greatly enhanced if it is accompanied by measurements of its accuracy. 

This is very important in model selection, decision-making, engineering design, data 

collection, and model refinement. Therefore, one must be aware of the trade offs that 

1 It is important to clarify numerous synonyms for stochastic sensitivity analysis. 
The most common terms are imprecision analysis (Schawars and Hoffman, 1981), 
statistical sensitivity analysis (Shaeffer, 1980), error analysis (Gardner, 1980), parametric 
uncertainty analysis (Hoffman and Gardner, 1983), and global sensitivity analysis 
(Kirchner, 1991). Others refer to this process as error propagation. 
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exist between model complexity and accuracy of parameters and input data. As models 

become more complex, data and parameter requirements usually become greater. 

In building a model one must 

make choices about which processes 

and states to include and which states 

to aggregate to simplify the model. 

The level of uncertainty may be used 

as a criterion for comparing various 

levels of model complexity. 

According to Kirchner (1991), 

adding complexity to a model may improve its ability to represent the behavior of a 

natural system. However, the added complexity may increase uncertainty in model 

predictions. Eventually, adding complexity to a model is likely to increase uncertainty 

in model predictions to unacceptable levels (Figure 2.2). Thus, uncertainty analysis 

provides one criterion by which to judge whether a model is 'improved' by adding or 

deleting processes or states. 

In fact, sensitivity analysis is a measure of model uncertainty because it indicates 

the expected errors in model predictions due to errors in model inputs. Beaven and 

Jakeman (1988) categorized the sources of model uncertainty into four main categories 

of errors: 1) properties of the data and stochastic effects due to random measurements, 

2) errors in model structure and conceptualization, 3) errors in techniques of parameter 

Fig. 2.2. Systematic error and uncertainty 

sy striatic error 

UNCERTAINTY 

COMPLEXITY 

associated to model complexity. 
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estimation, calibration and validation procedures (parameter bias), and 4) errors in 

algorithm implementation. 

Three uncertainty error analysis techniques are commonly used to verify error 

propagation in hydrologic models: analytical methods, the delta method, and the Monte-

Carlo method. Analytical methods and the delta method (Kirchner, 1991) are feasible 

for relatively small models of limited complexity that hold constant parameter values 

throughout a simulation. Analytical methods for more complex models are the first-order 

uncertainty analysis using Taylor series (Clifford, 1973) and the two point estimate 

method (Rosenblueth, 197S). For complex non-linear models that involve the use of time 

dependent driving variables, the Monte-Carlo simulation method gives the best responses 

in parameter uncertainty analysis (Whitehead and Young, 1979; Rubenstein, 1981; Scavia 

etal., 1981; Gardner, 1984; Kirchner, 1991). 

According to Beven and Jakeman (1988), of the above mentioned methods, the 

most commonly used is the Monte Carlo approach, in which a number of model runs is 

made using random selections of parameter values or initial boundary conditions. The 

Monte Carlo technique is not limited by the degree of nonlinearity of the model or by 

the degree of uncertainty or assumptions about the form of the distributions from which 

the random selections are made. Any cross-correlations between the selected random 

variables can be preserved. The main disadvantage of this approach is the computational 

expense for complex models since a large number of runs may be necessary before 

convergence of the predictive uncertainty estimates is achieved. 
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The results of uncertainty analyses may also be used to compare models. 

Whitehead and Young (1979) applied a sensitivity analysis to a water quality model for 

river systems using forecasted information in terms of statistical probability distributions 

generated by Monte-Carlo simulation. The authors concluded that this kind of simulation 

provided an effective method of randomly varying the model parameters in order to 

observe their effects on output variations. In other words, it is a systematic approach to 

stochastic sensitivity analysis and can be compared with the less systematic deterministic 

procedures (Miller et al., 1976). 

Perhaps the second most used method to address uncertainties in hydrologic 

models is the first-order uncertainty error analysis (Beck, 1987). It is useful only when 

the mean and the variances of model parameters are known with any accuracy. 

However, as pointed out by Wood (1976), in nonlinear systems this procedure gives 

incorrect values for the mean output when the modeling approach does not represent what 

is expected. But for moderately complex models the results are close enough in 

agreement to make the first-order approximation satisfactory. 

There is a similarity between the first-order uncertainty analysis and sensitivity 

analysis. For moderately complex models, it is usually impossible to obtain analytical 

expressions of the partial derivatives needed for the first order equations. So such 

derivatives are approximated via finite differences by relating the changes in model 

output to small perturbations in model parameters (Burges and Lettenmaier, 1975; Garen 

and Burges, 1981; Scavia et al., 1981). 
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Monte-Carlo simulation involves significantly greater computer time than first-

order analysis. However, Monte-Carlo error analysis has been used to check the 

accuracy of approximations of the first-order variance propagation in lake eutrophication 

(Scavia et al., 1981), ecology (Gardner et al., 1981), stream water quality (Burges and 

Lettenmaier, 1975), and watershed models (Garen and Burges, 1981). 

Any real system contains natural variability and system behavior is most 

realistically represented as a frequency distribution of potential behavior. The 

distribution of the system behavior is a result of the mathematical characteristics of the 

model and the distributions of the model parameters (Gardner and O'Neill, 1983). 

Monte-Carlo simulation randomly selects parameter values from the identified 

probability distribution (O'Neill et al., 1980). For purely analytical studies the normal 

distribution is preferred. However, in cases where the parameter distribution is unknown 

and data implies a high coefficient of variation, the uniform distribution is the least 

biased assumption when the maximum and minimum are known (Garen and Burges, 

1981). When the extremes and a mean or modal value are known the least bias is to 

assume a triangular distribution (Tiwari and Hobbie, 1976; Scavia et al., 1981). 

Gardner et al. ,(1981) mentioned that there are three implicit assumptions in 

traditional sensitivity analysis that approximates the contribution of each parameter to 

overall model error. These assumptions are as follows: 

1). The expected behavior of the model is equal to the behavior using the mean value of 

each parameter (Argentesi and Olivi, 1976). However, studies by Gardner et al., 
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(1981) showed that the introduced bias by this assumption ranged from one to 87% 

of total model uncertainty. 

2). The error contribution of each parameter can be examined separately. Thus, higher-

order effects resulting from simultaneous errors in many parameters (i.e. covariances 

between parameters) are ignored. 

3). Errors in model predictions can be approximated by examining small perturbations 

in the parameters. Higher-order effects resulting from large errors are ignored. 

However, Gardner and O'Neill (1981) mentioned that frequently assumptions one 

and two are violated, because model parameters have large variances. Error analysis 

makes no a priori assumptions about higher-order effects or the manner in which errors 

are propagated during simulation. 

Assumptions in error analysis involve the statistical distributions of parameters 

and their means, variances and covariances. The point is that error analysis is able to 

relax the assumptions of sensitivity analysis by requiring additional information about 

model parameters (Gardner et al., 1981). 

In addition to the above mentioned approaches when the ranking of parameters 

is attempted based on model sensitivity, there is evidence that the partial correlation 

coefficient and the Spearman's Rank correlation coefficient of the multiple linear 

regressions are good indicators of model sensitivity (Gardner et al., 1981). 
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2.3 Sensitivity of Process-Based Erosion Models 

For process-based, parameter-distributed soil erosion models such as CREAMS 

(Knisel and Nicks, 1980), and WEPP (Lane and Nearing, 1989), the hydrologic and 

erosion parameters are essential to make accurate soil loss predictions. The infiltration 

parameters are fundamental to compute rainfall excess (Brakensiek and Onstad 1977; 

Rawls et al., 1989), as well as the channel parameters to describe detachment, transport, 

and deposition by flow in channels where topography causes overland flow to converge 

(Lane and Ferreira, 1980). 

Therefore, accurate model predictions rely on accurate parameter estimations. 

However, uncertainties in model's predictions are involved as product of measurement 

errors of soil, plant, and hydrologic variables. Model uncertainty makes it necessary to 

analyze and quantify the effect of errors in input variables on model predictions by 

sensitivity analysis. 

The importance of sensitivity analysis in process-based erosion simulation models 

was addressed by Nearing et al. (1990). They applied sensitivity analysis to the WEPP 

hillslope model to evaluate its response to relative changes in soil, plant, hydrologic and 

slope-profile parameters. Their study identified parameters and their related processes 

that play an important role in model predictions. 

2.3.1 Erosion Relationships 

The processes of sediment detachment and deposition, shear stress, flow in rills 
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and on interrill areas, and sediment transport capacity by flowing water are included in 

the steady-state erosion model derived by Foster and Meyer (1972). This model was 

incorporated into CREAMS by Foster et al. (1980), and served as a prototype for the 

WEPP erosion prediction technology (Lane and Nearing, 1989). 

The steady-state continuity equation is: 

dG 

dx 

with: 

= D; + Dr [2.1] 

Di = Cj Kt I2 [2.2] 

Dr = C tKr(j - TCR)( 1 - G/Tc) [2.3] 

where: G = sediment load ( M/L/T) 
x = distance along the slope (L) 

Dj = delivery rate of sediment from interrill areas (M/L2/T) 
Dr = rill detachment rate (M/L2/L) 
Q = interrill cover parameter (dimensionless) 
I = rainfall intensity (L/T) 

Kt = interrill soil credibility parameter(M-T/L4) 
Cr = rill cover parameter (dimensionless) 
Kr = rill soil erodibility parameter(T/L) 
t = average shear stress in the cross section(M/L/T2) 
T„ = critical shear stress required for detachment to occur (M/L/T2) 

Tc = transport capacity of the flow (M/L/T) 

Equation [2.2] describes sediment delivery from interrill areas of soil particles 

detached by raindrop impact. Equation [2.3] describes the rate of soil particle 

detachment in rill flow areas due to shear stress by concentrated flow. 

When the transport capacity is greater than the sediment load, sediment transport 
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is computed as: 

dG 
= C^I2 + CM? - r„)( 1 - G/Tc) [2.4] 

dx 

in which the term (1 - G/Tc) is considered as a feedback term for rill detachment that 

reflects the fact that soil detachment rates in rills are a function of the sediment load in 

the flow relative to the capacity of the flow to transport sediment. When the sediment 

load of the flow is greater than its transport capacity net deposition is computed as 

follows: 

dG 
= C^.I2 + G3V,/q)(Tc - G) [2.5] 

dx 

where: 
j3 = dimensionless deposition parameter = 0.5 

Vf = particle fall velocity (L/T) 
q = flow discharge per unit width (L2/T) 

According to Nearing et al. (1990), equation [2.1] is very sensitive to the interrill 

erodibility parameter, Kit when it is applied to short hill slopes with low slope gradients 

for which rill erosion accounted for a smaller relative fraction of the total soil detached. 

On the other hand, sensitivity to rill erodibility parameter, Kn is higher under 

low sediment contributions from interrill areas with high-velocity and clear-water rill 

flows. This is a compensating process since rill detachment usually is lesser when the 

amount of sediment delivery from interril areas is higher than the potential sediment 
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detachment rate in the rill areas. 

2.3.2 Infiltration Parameters 

Water infiltration into the soil is a process regulated by soil characteristics. In 

the WEPP model, the infiltration rate is computed using the Green and Ampt equation 

(Green and Ampt, 1911). An initial hydraulic conductivity is calculated based on 

crusting, canopy cover and bare area factors by applying Rawls' et al. (1989) equations. 

The Green and Ampt equation that calculates the effective hydraulic conductivity for 

cumulative infiltration depth is: 

Ket = F - Ns In l + £ 
N. 

[2.6] 

where: 
Ke = effective hydraulic conductivity (L/T) 
Ns = effective matric potential (L) 
F = cumulative infiltration depth (L) 
t — time (T) 

The WEPP model updates the infiltration parameters on a daily basis to account 

for temporal variations of soil moisture content, surface crusting, and vegetation cover. 

According to Nearing et al. (1990), the saturated hydraulic conductivity 

parameter produces the greatest variations in model response. Sensitivity to infiltration 

parameters is greater for low intensity storm than for higher intensity storms. This is 

reasonable since a greater relative proportion of rainfall from the higher intensity storm 

becomes runoff than for low intensity storms. In addition, infiltration parameters affect 
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runoff and hence transport capacity and detachment rates in rills. The sensitivity of 

sediment delivery due to those parameters was greater than the corresponding sensitivity 

for sediment detachment. 

2.3.3 Channel Parameters 

The equations for channel flow and sediment detachment and transport used in 

WEPP were presented by Foster el al. (1980). The WEPP channel component computes 

detachment, deposition and transport of sediment within a stable channel or ephemeral 

gully. Headcutting and sidewalls sloughing are not considered. 

The model takes account of the erosion occurring at the channel bottom due to 

effects of hydraulic shear. Channel erosion is a function of soil characteristics and 

roughness of the channel bottom and side walls. Four major parameters are involved in 

the channel erosion computation: Manning's roughness coefficient (n), soil erodibility 

(Kch), critical shear stress (tcft), and hydraulic conductivity of the channel stream bed (Kc). 

For ephemeral gullies, soil erosion occurs when the hydraulic shear exceeds a critical 

threshold value at which soil detachment starts. 

Ech = W.C 7^(1.35 7-rj [2.7] 

where: 
Ech = soil loss in the channel (M/L/T) 
W,c = width of the channel (L) 
Ka, — soil erodibility factor(M/L) 

r = average shear stress of the flow in the channel(M/L/T2) 
rch = channel critical shear stress (M/L/T2) 



38 

Lane and Ferreira (1980) conducted a sensitivity analysis to CREAMS model. 

Data from watershed P2, Watkinsville, Ga. were used. They pointed out that in terms 

of sediment yield, CREAMS is more sensitive when the channel erodibility factor and 

the critical shear stress tend to be small. Watershed sediment yield was less than overall 

overland flow sediment yield, suggesting a transport limiting or depositional channel. 

Therefore, sediment yield was more sensitive to "transport-deposition" inputs and less 

sensitive to "erosion-detachment" inputs. In steep watersheds, with active eroding 

channels, typical to Southwestern watersheds with ephemeral, non-cohesive bed material 

gullies, this situation can be reversed. Therefore, sensitivity analysis of the WEPP 

channel component using information from a watershed with an ephemeral channel is 

needed. 
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CHAPTER 3 

METHODOLOGY 

3.1 Sensitivity Analysis Using Monte-Carlo Simulation 

A stochastic sensitivity analysis was performed to identify the relative importance 

of model parameters and error propagation of the WEPP watershed model when applied 

to rangeland conditions. The Monte-Carlo simulation method was selected because both 

model sensitivity and parameter uncertainty in complex nonlinear models, such as WEPP, 

can be determined. 

As illustrated in the Figure 3.1, Monte-Carlo simulation consists in generating 

"synthetic" realizations of model outputs by producing "synthetic data sets" of model 

inputs. First, the procedure consists in drawing random numbers from appropriate 

probability distributions so as to simulate the variability of the model parameter in the 

field. Such parameter probability distributions imply the natural sampling error. 

Second, the random draws or random variates, represent a number of measured 

parameters so that every set of parameters represent a unique scenario to be used in a 

single model simulation. Third, a number of simulations are performed to obtain a 

distribution of model predictions which can be compared with the deterministic 

predictions of the model or with the established limits to estimate potential bias of model 

results (Press et al., 1986; Kirchner, 1991). 



1. ESTIMATE DISTRIBUTIONS OF VALUES 
FOR PARAMETERS x, y, AND z 

f(x) f(y) 

2. INPUT DISTRIBUTIONS INTO MODEL 

SOIL LOSSES = g(x,y,z) 

t 

3. PRODUCE DISTRIBUTIONS OF MODEL PREDICTIONS 

VALUES OF SOIL LOSSES 

Figure 3.1. The concept of parameter uncertainty analysis based on Monte-Carlo 
simulation. 



3.2 Model Inputs and Model Outputs for Sensitivity Analysis. 

To assess the sensitivity of the WEPP watershed model to errors in input 

variables and parameters using Monte-Carlo simulation, the probability distributions of 

the model inputs listed in Table 3.1 were determined. 

Table 3.1. Model parameters and input variables for sensitivity analysis. 

CATEGORY DESCRIPTION UNITS 

CLIMATE 
Amount 
Duration 

b 
*p 

mm 
min 

SOIL 

Merrill Erosion (1Q 
Rill Erosion (Kr) 
Critical Shear Stress (rcr) 
Hydraulic Conductivity (Ks) 
Sand 
Silt 
Clay 
Organic Matter 
CEC 
Bulk Density 
Rocks 
Initial Saturation 

kg s/m4 

s/m 
Pa 

mm/hr 
% 
% 
% 
% 

meq 
gm/cm3 

% 
mm/mm 

MANAGEMENT 
Litter mass on ground 
Biomass above ground 
Rock-gravel surf, cover 

kg/m2 

kg/m2 

% 

CHANNEL 

Channel Erodibility (K^ 
Total Manning Coeff. (n) 
Channel Critical Shear Stress^,*) 
Channel Hydraulic Conductivity (Kc) 
Sand 
Clay 

Ton/acre 
s/mI/3 

Pa 
mm/hr 

% 
% 
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These parameters and variables are involved in the hydraulic and erosion 

equations of WEPP. They were utilized to determine the overall model error by varying 

all of them randomly and simultaneously using their respective probability distributions. 

It is important to mention that parameters which are calculated internally in the model 

were not included in this study. This is the case, for example, the Chezy C coefficient 

wich is computed in the model based on soil cover and vegetation characteristics, or the 

effective soil matric potential (Ns in Eq. 2.3.6) which is calculated based on soil texture 

and antecedent moisture conditions. 

The variable model predictors that served as indicators of model sensitivity to 

random changes in model inputs and parameters (Table 3.1) are the erosion and 

hydrologic variables listed in Table 3.2. 

Table 3.2. WEPP model outputs for sensitivity analysis. 

ELEMENT HYDROLOGY EROSION 

PROFILE Runoff Volume (mm) 

Peak Runoff (mm/hr) 

Sediment Detachment (kg/m2) 

Sediment Yield (kg/m) 

WATERSHED 
Total Runoff Volume (mm) 

Peak Runoff (mm/hr) 

Sediment Detachment in the 
Channel (tons/ha) 

Total Soil Losses (tons/ha) 
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3.3 Estimating Distributions for Model Inputs 

The mean and standard deviation are the basic statistics to compute probability 

distributions of soil, vegetation, and channel characteristics. However, generally only 

few samples are available for the model parameters Kf, Kr, T„, Ks, Ke, K*, Manning's 

n, Tc, and Kc to estimate reliable distributions. Thus, distributions were estimated using 

equations and procedures described in WEPP (Lane and Nearing, 1989). 

Frequency distributions of the soil erosion parameters Kh Kr, T„ and Ks were 

calculated by applying the Monte-Carlo approach to a set of empirical regression 

equations developed by Simanton et al. (1989) to compute these parameters using readily 

available soil information. These equations are designed to be applied by the WEPP 

users in locations where parameter information has not been collected and WEPP is 

intended to be applied for erosion prediction. Two thousand random variates of soil 

characteristics were inputed into the WEPP parameter equations to obtain each frequency 

distribution. The interrill erosion parameter is estimated as: 

Kt = (1709 - 1765 Sa - 645 Si - 4557 Om - 902 G^IO3 [3.1] 

with: R2 = 0.94 and SE = 70,00 

where: 
Sa = sand (0 - 1) 
Si = silt (0 - 1) 
Om = organic matter (0 - 1) 
0fc = volumetric water content of the soil at 0.033 MPa (m3 m"3) 
R2 = coefficient of determination 

SE = standard error 
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The rill erosion parameter is calculated as: 

Kr = 0.0017 + 0.0024 CI - 0.0088 Om - 0.00088W1000)- 0.00048 Rs [3.2] 

with: R2 = 0.60 and SE = 0.00028 

where: 
CI = clay (0 - 1) 
pb = soil bulk density (kg/m3) 
Rj = total root biomass(kg/m2) 

The critical shear stress is calculated as: 

with: R2 = 0.62 and SE = 0.79 

A frequency distribution for saturated hydraulic conductivity was obtained by 

applying Rawls et al.(1989) procedure. The baseline saturated hydraulic conductivity is 

calculated as: 

where Ks is the saturated hydraulic conductivity of the soil (m/s), t) is the soil porosity, 

•qc is the effective soil porosity after correcting r\ for entrapped air at soil saturation, and 

0r is the residual volumetric water content (m/m). The parameter C is predicted from: 

T„ = 3.23 - 5.6 Sa - 24.4 Om + 0.9W1000) [3.3] 

K< = 0.0002 C [3.4] 

C = - 0.17 + 18.1 CI - 69.0 Sa2 CI2 - 41.0 Sa2 Si2 + 1.18 Sa2 p\ + 

6.0 CI2 p\ + 49.0 Sa2 CI - 85.0 Si CI2 [3.5] 
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Factors that play a significative role on hydraulic conductivity such as soil 

crusting, coarse fragments, frozen soil, macroporosity, and soil cover aspects are 

involved to adjust the baseline saturated hydraulic conductivity to an effective saturated 

conductivity. 

The distributions for K*, Manning's n, and Kc were also obtained following 

the procedure described above. The soil erodibility factor, K^, was estimated following 

a procedure described in CREAMS (Knisel el at., 1980) and using the equation: 

K* = 0.021 Sfs114 (10"4)(12 - Om) [3.6] 

where Sfs is the percent of silt + very fine sand (. 1 - .002 mm) and Om is the percent 

of organic matter. Equation [3.6] represents the first approximation to compute the K 

erodibility factor for hillslope conditions. The resultant K is multiplied by 0.39 to 

change the units from Ton/ac/EI to lb/ftVs. Soil structure and permeability are not 

considered because they are not applicable to erosion by concentrated flow. 

A distribution for the total Manning's n roughness coefficient was estimated by 

applying the modified Strikler's formula (Simons and Senturk, 1976). The procedure 

requires the D90 particle size diameter to calculate 'n\ so information of particle size 

distribution from the Lucky Hill 103 channel was utilized. 

Shields (1936) theory was applied to determine a frequency distribution of the 

critical shear stress parameter for a channel with a non-consolidated bed material. The 

Shield's diagram estimates the critical shear stress based on the particle size distribution 
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of the channel bed material. This approach requires the determination of the Reynolds 

Number of the lifted soil particles by the flow in order to compute a dimensionless shear 

stress. The Reynolds number of the particle, R., is computed as: 

U. D, 
R. = [3.7] 

v 

where: 
U. = shear velocity = (LIT) 
r0 = 7 R Sf (M/L/T2) 
p = density of the water (M/L3) 
7 = specific weight of water = pw g 
R = hydraulic radius of the channel (L) 

Sf = energy slope of the channel (L/L) 
g = acceleration of gravity (L/T2) 

D, = sediment size (L) 
v = kinematic viscosity of water (L2/T) 

An estimation of the dimensionless shear stress, r., is obtained by plotting the 

estimated Reynolds number of the particle into the Shield's diagram which results in the 

following equation: 
Tch 

t. = [3.8] 
(7s - 7)D. 

where: 
7,* = critical shear stress (M/L/T2) 
7, = specific weight of the soil particle (M/L2/T2) 

and equation [3.9] can be solved for since the rest of the terms are known. 

The frequency distribution of the hydraulic conductivity of the channel, Kc, was 

estimated based on studies done at Walnut Gulch channels by Lane et al., (1983). They 
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solved the flow continuity equation in ordinary differential form and expressed its 

solution in terms of a regression equation which estimates transmission losses in 

southwestern ephemeral channels. Their major assumptions to calculate the hydraulic 

conductivity in channels were: 1) water is lost in the channel; no streams gain water, 

2) infiltration characteristics and other channel properties are uniform with distance and 

width, 3) sediment concentration, temperature, and antecedent flow affect transmission 

losses, 4) once a threshold volume has been satisfied, outflow volumes are linear with 

inflow volumes, S) once an average loss rate is subtracted and the inflow volume exceeds 

the threshold volumes; peak rates of outflow are linear with peak rates of inflow. 

Once a threshold volume is computed for the channel reach to have a uniform 

infiltration, hydraulic conductivity can be determined by considering that total 

transmission losses for a channel reach is AT^D, where Kc is the effective hydraulic 

conductivity in inches per hour and D is the duration of the flow in hours. Since the 

total losses are the inflow volume (P) less the outflow volume (Q), both in acre-feet 

units, Kc is obtained as: 

P - Q  
Ke = [3.9] 

D 

Because data from previous studies on channel hydraulic conductivity in Walnut 

Gulch were used, the mean and the standard deviation were calculated from reported 

values of hydraulic conductivity (Lane et al., 1983), to generate random variates from 
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a probability distribution. 

3.4 Normalized Sensitivity Index 

Traditional sensitivity indices based on parameter variation around baseline values 

only allow the determination of model response to only one parameter at a time. For 

complex models such as WEPP in which there are interactions among parameters, it is 

necessary to make a global sensitivity analysis to quantify the effects of each parameter 

individually on overall model uncertainty. 

Regression methods show that the slope, b;, of the regression of Y, the model 

prediction of interest, on a particular parameter x;, is the least squares estimate of the 

classic sensitivity index (Tomovic, 1963). If several parameters are simultaneously and 

independently varied, then the multiple regression of Y (the model output variable of 

interest: runoff volume, sediment yield, etc), on all the x's (the selected model inputs), 

is: 

Y = b0 + b,x, 4- b2x2 + ... + bjjXjj [3.10] 

where the b's are regression coefficients. Normalized sensitivity indices (standardized 

coefficients), can be obtained for each variable in Equation [3.11] by subtracting its mean 

and dividing by its estimated standard deviation. The normalized regression model is as 

follows: 
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Y - Ym x, - xlm x2 - x^ xn - x^, 
= (8, + 02 + ... + 0n [3.11] 

Sy Sxl S,2 S,,, 

The standardized coefficients bear a close relationship to the estimated coefficients of the 

original unnormalized multiple regression model. It is not difficult to show that: 

Sxj 

J 8 j = b j  [ 3 . 1 2 ]  
Sy 

where j8j is the normalized sensitivity index of parameter Xj, j = l,2,...n. The 

standardized coefficient, j8's, adjusts the estimated slope parameter, b's, by the ratio of 

the standard deviation of the model parameter (independent variable) to the standard 

deviation of the model output (dependent variable). A normalized sensitivity index of 

0.7 means that one standard deviation change in the model parameter will lead to a 0.7 

standard deviation change in the model prediction (Pindyck and Rubinfeld, 1991). 

Both standardized coefficients and partial correlation coefficients are connected 

with the variance of Y, the dependent variable. However, the rescaling associated with 

the normalized regression makes it possible to compare standardized coefficients directly. 

This cannot be done with the original x's because the dependent variables are in different 

units with different variances. The standardized coefficient of the constant term, b0, on 

Equation [3.10], is undefined, since the constant term drops out as a result of the 

normalization process. 
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3.5 Description of the Walnut Gulch Experimental Watershed 

Because it was necessary to evaluate the WEPP watershed model for rangeland 

soils and vegetation conditions, information from the Walnut Gulch Experimental 

Watershed was utilized. 

The Walnut Gulch Experimental watershed is an ephemeral tributary of the San 

Pedro river. The study area comprises the upper 58 square miles of the Walnut Gulch 

drainage basin. The watershed is a high foothill alluvial fan with material ranging from 

clays and silts to well-cemented boulder conglomerates with little continuity of bedding. 

The topography expression is that of gently rolling hills incised by a youthful drainage 

system. The area is representative of mixed grass brush rangelands of the southeastern 

Arizona and southwestern New Mexico. Altitudes range from 4,200 feet at the lowest 

gaging station to 6,000 feet at the upper end. Nearly all streamflow occurs between July 

and early October and results from intense, convective thunderstorms (Renard, 1970). 

The watershed is representative of millions of hectares of brush and grass 

rangelands found throughout the semiarid Southwest and is considered a transition zone 

between the Chihuahuan and Sonora deserts (Simanton et al., 1985). Average annual 

precipitation in the basin is about 300 millimeters and is bimodally distributed with 70 

percent occurring during the summer thunderstorm season of July to mid-September. 

Soils are gently well drained, calcareous, gravelly loams with large percentages of rock 

and gravel on the soil surface. 

The Lucky Hills 103 watershed of the Walnut Gulch Watershed is located in the 
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north central section of the watershed (Figure 3.2a). Lucky Hills 103 has a nested 

subwatershed in the upland part of it, Lucky Hills 101, on which most of the runoff and 

soil losses are caused by overland flow (Simanton et al, 1980; Stone et al, 1986). The 

total area of Lucky Hills 103 is 9.1 acres (3.7 ha). 

3.6 Data Used for Sensitivity Analysis 

Basic information from soils and vegetation of Lucky Hills 103 was used to 

generate random variates from probability distribution functions. It is important to point 

out that there are three main soil types at Lucky Hills 103; McAllister gravelly sandy 

loam, Forrest gravelly sandy clay loam, and Stronghold gravelly sandy loam. The 

McAllister gravelly sandy loam is the dominant soil in the upland part of Lucky Hills 

103 that corresponds to Lucky Hills 101. For the lateral areas of Lucky Hills 103 a 

great portion is dominated by the Stronghold gravelly sand loam. 

For the purpose of this study, the soil characteristics of the Stronghold soil were 

utilized since it is the dominant soil type and texture of the watershed. Sixteen soil 

samples were taken from the top five centimeters of the profile and along a transect 

beginning at the channel, approximately twenty meters above the LH103 flume and 

proceeding to the north (Parker, 1991). Eight samples were taken in open space areas 

while the remaining eight were taken under existing canopy. Table 3.3 lists the basic 

statistics of the characteristics for the Stronghold soil. 
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Table 3.3. Basic statistics of characteristics of the Stronghold gravelly sandy loam at 
Lucky Hills 103, Walnut Gulch. 

CHARACTERISTIC UNIT MEAN STD. C.V. SOURCE 
DEV. % 

Sand (Sa) % 55.12 5.059 9.1 1 
s Silt (Si) % 23.90 5.807 14.6 1 
0 Clay (CI) % 21.00 2.928 13.9 1 
I Organic Matter (OM) % 1.32 0.526 39.7 1 
L Bulk Density (pb) gr/cc 1.39 0.191 13.6 1 

CEC meq 34.90 5.500 15.7 1 
Rock Fragments % 41.53 19.986 43.2 1 
Rock Cover % 46.72 18.873 40.4 2 
Initial Saturation m/m 0.53 0.150 28.3 3 

V1 Litter Biomass kg/m2 .0067 0.0164 244.0 2 
Standing Biomass kg/m2 .2276 0.3276 118.0 2 

c2 Channel Sand % 81.29 6.404 7.8 4 
Channel Clay % 1.67 0.471 28.2 4 

V1 = Vegetation, C2 = Channel 
1 Parker, R.D. (1991) 
2 Weltz, M. A. (personal communication) 
3 Bach, L. (personal communication) 
4 Lane, J.L. and J.J. Stone (personal communication) 

3.7 Watershed Representation 

Only the variability of the dominant characteristics of soils and vegetation were 

taken in to account. This was done with the purpose of making a better interpretation of 

the sensitivity indices obtained by Monte-Carlo simulation since the addition of secondary 

watershed characteristics resulted in a significant increment of model inputs that could 

give confusing results. That is, only one soil and one vegetation type were used. 



3.7.1 Climate: Rainfall break point data of the rain gauges 80, 83, and 386 at Lucky 

Hills 103, collected since 1964, were utilized for sensitivity analysis. The soil erosion 

(detachment and sediment yield) model sensitivity caused by the natural rainfall 

characteristics was calculated by simulating single storm events using observed rainfall 

data. Break point rainfall information was processed to obtain the four main rainfall 

statistics required by WEPP: amount, duration, ratio of time to peak rainfall intensity 

to the total duration (tp), and the ratio of maximum rainfall intensity to average intensity 

of the event (ip). 

Because the big storm events contribute the most to soil erosion, model 

sensitivity was studied for rainfall events of 50.0 mm, one hour duration, with a tp of 

0.5, and an ip of 1.37. This storm design was based on the mean size return period 

event defined by an event of 20 years return period according to recorded data at Walnut 

Gulch. The factors of tp and ip at the mentioned values indicate that the peak storm 

intensity occurs in the middle of the storm event with an intensity of 68.5 mm per hour. 

3.7.2 Soils: The Stronghold soil was chosen for this study since it is the dominant soil 

at Lucky Hills 103 watershed. For that soil a uniform single soil layer along the 

hillslope profile was taken into account. For this research the percentage of rock 

fragments in the soil matrix and rock covers was lowered to 15.5 and 10.72% with 

standard deviation of 1.217 and 1.187, respectively, since the observed values (Table 

3.1) produced unexpected model results. 
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3.7.3 Slope: Perhaps the slope of the profile was the subcomponent subjected to more 

modifications in this study. According to Simanton and Osborn (1989), Lucky Hills 103 

has side slopes that range from 3 to 15%, with about a 9% average. For the purpose of 

this study an average HS" shape curve of the hillslope profile was considered. The "S" 

shaped slope profile produces sediment detachment at the top and deposition at the toe 

of the hillslope. With this type of shape the mid-points of the slope profile were 

averaged to 18% while the top and the bottom ends of the profile were averaged to 1 %. 

The length of the slope was assumed constant at 62 m according to the average length 

of the overland flow path that take place at Lucky Hills 103. Figure 3.2b shows the 

Lucky Hills 103 representation in WEPP. 

3.7.4 Vegetation: Since the shrubland dominates the area of Lucky Hills 103, it was 

considered to be representative in the study. A 30% of density for shrubs with an 

average canopy cover diameter of 1 square meter per plant were used to construct the 

vegetation input file for the model. 

3.7.5 Channel: A single channel was considered in this study in which all the sediment 

delivered from hillslope areas are converged and the processes of sediment detachment 

and deposition by concentrated flow occurs. The channel is 203.0 meters long, 1% 

average slope, 2.0 meters wide with approximated rectangular cross-sectional area. The 

channel was represented as straight and incised at the center of the watershed with non-
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cohesive bed material. 

CREAMS regression equations were used to calculate the peak-volume 

relationship for the channel. Because there are significant differences in total soil erosion 

in relation to the type of channel outlet control structure, it was expected that model 

sensitivity is affected by the assumed type of outlet control structure. Two watershed 

outlet control structure were tested: a) critical depth at the outlet in which a critical flow 

occurs as result of channel slope and abrupt changes in elevation, and b) normal depth 

at the outlet in which the channel characteristics maintain normal flow. The energy slope 

was calculated using the original CREAMS equations. Initial hydraulic roughnesses of 

0.03 and 0.035 for bare soil channel conditions and channel control structure were 

considered, respectively. 

3.7.6 Watershed Structure: Because it is assumed that all overland flow and sediment 

coming from the upland and hillslope sides converge into a single channel that drains the 

watershed, the structure of Lucky Hills 103 was depicted as a representative watershed 

structure (Figure 3.2b). That is, a single overland flow element (OFE) with uniform soil 

and vegetation characteristics draining into a single channel. 

3.8 The WEPP Watershed Version for Sensitivity Analysis 

The WEPP Watershed model, version 91.2, released on May of 1991 was used 

in this study. The source code of WEPP was modified according to the objectives of this 
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research but considering the development of a special version of the model in which 

future model updates could be readily tested for model sensitivity. Frequent tests were 

done in order to check differences between WEPP versions by comparing the obtained 

results of the sensitivity-modified version versus the non-modified version of the model. 

Some changes to the source code resulted in the addition of five subroutines: 

subroutine SENBEG initializes the model for sensitivity analysis, subroutine SENSIT 

defines which variables and parameters will be included in the analysis, subroutine 

NRMRND computes a random variate for the 24 parameters and variables under study, 

subroutine CHKRND checks if the variates are within a realistic range, and the 

subroutine SENOUT prints out the inputs and results of the WEPP model in a single 

output file for all the simulations exercised. 

To generate random variates of the model inputs, a stochastic Markov generation 

process was applied. Because WEPP needs inputs of both normal and lognormal 

distributions the NRMRND subroutine was developed to give these type of variates. In 

statistical terms, any population of random variables that fit a normal probability 

distribution tends to follow a density function of the type: 

Xx) = 1 e 'U)112a]1 - oo < x < oo [3.13] 
yj2 it a 

in which x represents the random variable. To obtain a normal random variate from a 

normal probability density function, the Zero Order Markov process is applied: 
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x = n + a * r [3.14] 

where: 
fi = mean of the variable 
a = standard deviation of the variable 
r = a normalized random deviate with N(0,1) 

The random normalized deviate is obtained by following the methodology 

described by Law and Kelton (1982), in which two random numbers, rnd, and rnd2, are 

inputed: 

r = (-2 ln(rnd,))0 5 * cos(2 ir (rnd2)) [3.15] 

When lognormal random variables are needed, the mean /*, and the standard 

deviation a, for a lognormal distribution are obtained as follow (Law and Kelton, 1982): 

p  =ln[ M l
2 / (<r 1

2  + M. 2 ) ]  [3-16]  

a2 = ln[( a,2 + ) / Ml
2] [3.17] 

x = e ( "  +  ° * r )  [ 3 . 1 8 ]  

where: 
Hi = observed mean 
a, = observed standard deviation 

A different seed was used every time that a random variate was computed to keep 

the model results out of interdependence between generated input variables. 
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3.9 Research Facilities 

This research was supported by the USDA - Agricultural Research Service at 

Tucson AZ, in collaboration with the Watershed Management Program of the School of 

Renewable Natural Resources at the University of Arizona. 

The simulations runs were conducted on a CompuAdd 386/25 personal computer 

equipped with several softwares that facilitated the debugging and compilation of the 

WEPP source code (writen in Fortran 77), statistical analysis, elaboration of graphs and 

figures, and the typing of this document. 

It is important to mention that source code compilation was made using the 

Salford Fortran 77 compiler for 386 personal computer systems which allowed the 

debugging of the 159 subroutines that make up the WEPP Watershed model. Statistical 

analyses were elaborated using the SAS statistical software package for personal 

computers. This package was capable of analyzing model output files up to 2.7 

Megabytes containing information from 10,000 simulations (one line per simulation). 

Each line contained 40 variables that were read in and analyzed by stepwise regression 

analysis to obtain the desired normalized sensitivity indices. 
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4.1 Model Input Random Variates 

Because sensitivity analysis based on Monte-Carlo simulation represents the 

variability of model parameters in probability distributions, all the model inputs used in 

this analysis were plotted in terms of probability distributions. So, in the following 

probability distributions 3,000 random variates of the model inputs were plotted 

according to the distribution of best fit. Goodness of fit tests were done by applying the 

Kolmogorov-Smirnof and Chi-square tests. It is important to mention that for all graphs 

presented in this thesis, as Figure 4.1, the solid line over the frequency histogram depicts 

the theoretical fit of the utilized distribution function. 

4.1.1 Rainfall 

An attempt was made to generate random variates from probability distributions 

calculated from the observed rainfall data at Lucky Hills 103, but the implicit correlation 

among rainfall characteristics made it impossible to pick up isolated random variates. 

This technique generated unrealistic data when variates in the opposite extreme of the 

frequency distributions were combined. Some of the long duration rainfall events 

appeared with a very small rainfall depth (e.i. 23 hours, 2 mm) and vice versa, very 

short duration events with a high rainfall depth (e.i. 2 minutes, 60 mm). 

To accomplish the objectives of this research, characteristics of 800 observed 



.ik 

-10 10 30 50 70 90 110 

RAINFALL DEPTH (mm) 

(a) 

>- 300 

O 200 

-2 8 18 28 38 48 

STORM DURATION (hr) 

(b) 

MAX. INTENSITY/AVG. INTENSITY TIME TO PEAK / DURATION 

Figure 4.1. Rainfall characteristics at Lucky Hills 103. 
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rainfall events of three raingages at Lucky Hills were utilized to simulate the rainfall 

events and obtain the model sensitivity to rainfall characteristics. The characteristics of 

the events were plotted in probability distributions, Figures 4. l(a - d). All four rainfall 

characteristics, depth, duration, tp and ip correspond to the gamma distribution which 

agrees with the results obtained by Karnieli and Fogel (1987) for the rainfall 

characteristics in the Southwestern United States. In this research, the rainfall depth was 

delimited to those events greater than S.O mm of depth and those with less of 24 hours 

of duration. 

4.1.2 Hillslope Erosion Parameters 

The range of variability of the hillslope erosion parameters represented by the 

interrill erodibility parameter (K,), rill erodibility parameter (Kr), and the critical shear 

stress parameter (rcr), are presented by the probability distributions in Figure 4.2(a - c), 

respectively. They were computed with the statistics shown in Table 4.1 after applying 

the WEPP equations described in Chapter 3. 

Distributions of K( and T„ were truncated since the generation of random variates 

using equations [3.1] and [3.3] resulted in negative or very high values. This was caused 

by the additive effects of two major problems: the high variability of the soil 

characteristics (Table 3.3) and the accuracy of the regression equations (Simanton et al., 

1989). To avoid the problem, parameters values were selected for the 90% interval of 

the distribution by rejecting values in the 5% tail areas. 
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Table 4.1. Statistics and fitted distribution for the random variates of parameters and 
variables generated in the study. 

Parameter 
or 

Variable 

Units D.T.1 Statistics Range of Test 
(min - max) 

Parameter 
or 

Variable 

Units D.T.1 

mean S.D.2 

Range of Test 
(min - max) 

Climate 
Rainfal amount mm G 14.64 8.56 5.080- 56.90 

Rainfal duration hour G 3.24 3.16 0.167 - 22.20 

tp — G 0.32 0.27 0.003 - 0.97 

'P — G 9.37 8.32 1.175- 58.73 

Soil 
Interrill erosion (IQ kg s/m4 N 285,368.0 98,892.0 90,341.0-502,491.0 

Rill erosion (Kr) s/m N 0.0008 0.0002 0.00003 - 0.00178 

Critical shear stress (T„) Pa N 1.084 0.34 0.330 - 1.820 

Sat. hydraulic cond. (K,) mm/hr L 4.311 4.87 0.301 - 34.441 

Sand % N 55.12 5.06 37.510 - 85.240 

Silt % N 23.90 5.80 0.000 - 47.180 

Clay % N 21.00 2.93 10.000 - 31.350 

Organic matter % N 1.32 0.52 0.440 - 2.170 

CEC meq N 35.00 5.50 11.700 - 59.270 

Bulk density gm/cm3 N 1.39 0.19 1.060 - 1.680 

Rock fragments % N 15.56 1.20 10.500 - 20.160 

Initial saturation mm/mm L 0.55 0.15 0.200 - 0.950 

Rock & gravel cover % L 10.75 1.20 6.440 - 15.210 

Vegetation 
Litter on ground kg/m2 L 0.0067 0.016 0.0003 - 0.024 

Biomass on ground kg/m2 L 0.2276 0.327 0.0381 - 0.800 

Channel 
K-Erodibility (KJ Ton/ac N 0.097 0.020 0.0168- 0.167 

Manning's n s/ftJ L 0.036 0.003 0.0300 - 0.053 

Critical shear stress (r^ Pa L 0.15 0.040 0.0460 - 0.402 

Sat. hydraulic cond. (K^ mm/hr L 36.11 19.240 10.0000 - 94.960 

Sand % N 81.30 6.404 70.7600 - 91.860 

Clay % N 1.67 0.471 0.9000 - 2.440 

1 Distribution type: G = gamma, N = normal, and L = lognormal. 
2 Standard deviation 
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The three hillslope erosion parameters fitted the normal probability distribution. 

This is due to the additive structure of equations [3.1], [3.2], and [3.3] since they do not 

contain exponents, and because the random variates of soil characteristics were generated 

from a normal distribution. Exponential type equations and not normal variables usually 

lead to some other type of distribution (Ang and Tang, 1984) 

4.1.3 Infiltration Parameters 

Water infiltration into the soil matrix is described in the model by two major 

linked parameters from the Green-Ampt infiltration equation: the effective saturated 

hydraulic conductivity (Ks) and the matric potential (Ns). Because the WEPP model 

allows inputing an initial estimation of Ks, random variates were generated for the soil 

characteristics applied to equations [3.4] and [3.5] which gave a lognormal distribution 

of values (Figure 4.3a). These random variates of saturated hydraulic conductivity were 

adjusted to the effective hydraulic conductivity, Ke, (Figure 4.3b), by correcting the 

initial Ks value for soil macroporosity and surface cover factors. Because the soil matric 

potential was estimated by the model based on the soil characteristics, Kt was excluded 

from this analysis (Figure 4.3c). 
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4.1.4 Soil Variables and Parameters 

Soil physical characteristics are presented in Figures 4.4(a - d) and 4.5(a -

d). The distribution of silt was computed by subtracting the percents of sand and clay 

from one hundred. Distributions of organic matter and bulk density (Figures 4.4d and 

4.5b respectively) had to be truncated to the values inside the 90% interval because the 

random variates generation resulted in negative values for the case of organic matter and 

values out of range for bulk density. This was a consequence of their high coefficient 

of variation. 

A lognormal distribution of random deviates was obtained for the initial soil water 

saturation (4.5a) after correcting the soil volumetric water content by the soil effective 

porosity using the model regression equations. The shape of the distribution is due to 

the structure of the equations in which exponents are involved, but in the real world it 

is related to the particle size distribution of the soil matrix, since the amount of soil water 

is a function of the interspace of soil particles in relation to the size of that particles. 

However, Nielsen et al. (1973) showed volumetric soil water content to be normally 

distributed. 

4.1.5 Soil Cover Factors 

Litter, standing biomass, and rocks (Figures 4.6 a to c), represent the cover 

factors inputs in this study. Litter and standing biomass fitted to lognormal distribution 

while the rock cover was normally distributed. These factors are used in the model to 
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simulate soil cover factors such as canopy cover, rill cover, and interrill cover (Figures 

4.7 a to c, respectively), that resulted lognormally distributed. In addition, the soil 

hydraulic roughness used for overland flow calculations is computed in the model as a 

function of these cover factors. However, because rougness is not a direct model input 

it was not included in the variables for sensitivity analysis. 

4.1.6 Channel Parameters 

Channel parameter distributions are shown in Figures 4.8(a - d). They were 

computed using the statistics listed in Table 4.1 after applying the methods described in 

Chapter 3. 

The channel parameters TCI, and Manning's n were fitted to lognormal distributions 

as a consequence of the soil particle size data involved in the calculations. According 

to Warrick and Nielsen (1980), particle size distribution fits a lognormal distribution. 

A log-normal probability distribution of Kc was computed from the mean and 

standard deviation of typical values of hydraulic conductivity collected at Walnut Gulch 

(Lane et al., 1980). A lognormal distribution was assumed based on studies on the type 

of distribution for saturated hydraulic conductivity (Warrick and Nielsen, 1980). The Kch 

erodibility parameter was best fitted to a normal distribution; but an effect of skewness 

was shown in this distribution following the line of theoretical fit. Distributions of 

percent sand and clay in the channel are shown in Figures 4.9(a and b). 
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4.2 Sensitivity of Hydrologic Variables 

Model sensitivity in predicting runoff volume and peak runoff due to variations 

of model input parameters and input variables will be discussed for the WEPP hillslope 

and channel components. The effects of rainfall on these predicted variables will be 

addressed by varying rainfall characteristics (amount, duration, tp, and ip). In addition, 

model sensitivity was estimated by fixing rainfall characteristics for about 10,000 model 

simulations. 

4.2.1 Hillslope Component Sensitivity with Variable Rainfall Characteristics 

The purpose of varying rainfall characteristics is to identify the effects of amount, 

duration, tp, and ip, in predicting runoff volume and peak runoff when all other variables 

were varied randomly using their respective probability distributions. However, this 

analysis does not represent the model sensitivity when the 

rainfall characteristics change inside a single storm event. This sensitivity analysis is 

related to how the model predictions are affected by changes in the rainfall variables that 

define an entire rainfall event in terms of amount, duration and intensity properties. 

Figures 4.10(a,b) show the magnitude of the events in terms of a probability 

distribution for the simulated runoff volume and peak runoff, respectively, for variable 

rainfall characteristics . Both variables follow a gamma distribution that resembles the 

observed input precipitation (Figure 4.1), meaning that only very few events produce 

large runoff amounts and high peaks. 
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The selection of model parameters and variables included in the stepwise 

regression procedure was based on the correlation matrix shown in Appendix A. Such 

a procedure was conducted to avoid spurious correlations. One case of spurious 

correlation was verified with the sand parameter. According to statistical analysis, there 

is a positive correlation between sand and runoff volume, meaning that for any increase 

in the percent of sand there is an increase in corresponding runoff volume. This result 

reflects a conceptual problem in the model since such a correlation is against the 

principles of soil physics. Another reason to discard variables from the stepwise 

regression was the insignificant correlation between variable and model output. 

Because the indices were obtained by regression procedures, the sign of the 

indices mean direct or inverse effects on the resultant sensitivity. That is, positive signs 

mean that any change of the input variable has an increase on the predicted model 

variable in proportion to the sensitivity index. Negative signs mean that for any increase 

in the input variable there is a decrease in the model prediction proportional to the index. 

Table 4.2 lists the normalized sensitivity indices of predicted runoff volume and 

peak runoff for the selected variables by the stepwise regression when variable selection 

was at the p>.l significance level. The sensitivity indices are ranked in order of 

importance in relation to model sensitivity. 

Rainfall characteristics (amount and duration), Ks, saturation, standing biomass 

and litter had the greatest effects on runoff volume and peak runoff. Rainfall amount has 

the strongest effect on runoff volume and peak runoff prediction. For every standard 
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deviation error on the input amount of precipitation, there is a corresponding reduction 

of 1.061 standard deviation in the predicted runoff volume. 

Table 4.2. Sensitivity of hydrologic variables on the hillslope profile for storm-based 
WEPP simulation for variable rainfall characteristics. 

Parameter 
or 

Variable 

Sensitivity 
to 

Runoff Vol. 
(mm) 

F*$ 
Parameter 

or 
Variable 

Sensitivity 
to 

Peak Runoff 
(mm/hr) 

F 

Amount1 1.061 6862.5 Amount1 1.029 3774.1 
Duration1 -0.297 462.7 Duration1 -0.444 606.5 

K -0.255 483.2 -0.244 257.4 
*p 0.133 108.8 iP 0.217 168.1 
Saturation 0.123 118.3 Saturation 0.109 54.6 
tP 0.053 21.4 Biomass -0.094 40.8 
Litter -0.043 14.9 h 0.080 28.1 
Clay 0.037 10.7 Litter -0.041 7.8 
Biomass -0.035 9.7 Clay 0.036 6.0 
Bulk Density -0.029 6.7 Bulk Density -0.027 3.3 

r-square 0.902 0.832 
Tot. Var. t  14 14 

1 Rainfall 
* F statistic. 
|  p > . l  s i g n i f i c a n c e  l e v e l  f o r  s t a y i n g  i n  t h e  m o d e l ,  
t Variables included in the stepwise regression procedure. 

Rainfall duration appears with a negative sign, meaning that the longer the 

duration the less the runoff volume and lower the peak runoff. However, such an effect 

may be related to the climatic conditions at Lucky Hills 103, since observed rainfall was 
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utilized. Previous studies at this location had shown that most of the runoff is caused by 

short-duration, high-intensity storm events. In addition, the runoff volume from long 

duration events is significantly reduced by infiltration effects. 

Saturated hydraulic conductivity, standing biomass, litter and bulk density had 

negative effects on both runoff volume and peak runoff indicating that any increase in 

these variables will reduce the predicted runoff volume on hillslopes. 

In addition, the ranking of parameters and variables was facilitated because the 

magnitude of the index follows the magnitude of the F statistic of the regression. This 

result indicates that for parameter ranking purposes the F statistics is a good yardstick. 

4.2.2 Hillslope Component Sensitivity with Fixed Rainfall Characteristics. 

In order to isolate the role of the hillslope characteristics on model sensitivity in 

predicting the volume and peak of runoff, rainfall characteristics were fixed at 50.00 

mm, one hour duration, with tp = 0.5, and ip = to 1.37 for about 10,000 model 

simulations. Hillslope parameters and variables were changed randomly from one model 

simulation to another. Fixing the rainfall characteristics while varying the hillslope 

inputs tests the model sensitivity for a single event simulation. 

Figures 4.11 (a and b) show the distribution of simulated volume and peak ninoff 

when the rainfall characteristics are fixed, indicating the inverse effect compared with 

varying precipitation characteristics (Figures 4.10 a and b). According to Figure 4.1 la, 

there were very few events of 50.00 mm which resulted in little runoff volume. 
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Figure 4.11. Hillslope runoff response to fixed rainfall characteristics. 
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This resulted from the fact that for some events, extreme hillslope characteristics 

were randomly generated (i.e. high hydraulic conductivity, high standing biomass, etc.). 

Table 4.3 shows the model sensitivity to predict volume and the peak runoff with fixed 

rainfall characteristics. 

Table 4.3. Sensitivity of hydrologic variables on the hillslope profile for storm-based 
WEPP simulation for fixed rainfall characteristics1. 

Parameter Sensitivity 
F*$ 

Parameter Sensitivity 
or to F*$ or to F 

Variable Runoff Vol. Variable Peak Runoff 
(mm) (mm/hr) 

K -0.777 19852.1 -0.766 18493.9 
Saturation 0.224 1652.8 Biomass -0.207 1356.2 
Biomass -0.145 690.6 Saturation 0.187 1110.5 
Clay 0.094 295.3 Clay 0.087 242.6 
Litter -0.067 151.7 Litter -0.073 170.3 
Bulk Density -0.063 131.7 Bulk Density -0.050 78.8 
Rock Fragm. 0.026 23.0 Rock Fragm. 0.025 20.3 
Rock Cover -0.014 7.0 Rock Cover -0.014 6.6 
Org. Matter -0.010 3.4 Org. Matter -0.010 3.4 

r-square 0.696 0.683 
Tot. Var.t 9 9 

1 Rainfall: 50.00 mm, 1 hr,lp = 0.5, ip = 1.37. 
* F statistic. 
t  p > . l  s i g n i f i c a n c e  l e v e l  f o r  s t a y i n g  i n  t h e  m o d e l ,  
t Variables included in the stepwise regression procedure. 

When rainfall characteristics were fixed they were not included in the stepwise 

regression procedure. All the variables selected by the stepwise procedure for fixed 
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rainfall were also selected for varying rainfall characteristics. The procedure also 

selected the variables rejected when rainfall was varied: rock cover, organic matter, and 

rock fragments in the soil matrix. 

When rainfall characteristics were excluded from the regression equations the 

coefficient of determination decreased considerably. Only 69.0% of the total variation 

in runoff volume and peak runoff can be explained by the variables included into the 

regression model. However, the fact of getting a lower r2 is an excellent indication that 

precipitation is indeed the most important input variable in hydrologic and erosion 

prediction models. This result support the findings of Osborn and Lane (1982) who 

pointed out that rainfall characteristics constitute the main inputs of runoff simulation. 

Note that runoff volume and peak discharge are very sensitive to saturated hydraulic 

conductivity. For every standard deviation change in saturated hydraulic conductivity, 

there is a 0.77 standard deviation change in simulated runoff volume and peak. 

An unexpected result was the model sensitivity to the rock cover parameter with 

a negative effect on predicted runoff variables: - 0.014 standard deviations for both 

runoff predicted variables. Indeed, it did not represent a problem in the model at the 

percentages of rock cover used in the analysis: 10.75, 1.2% mean and standard 

deviation, respectively (see Table 4.1 for the range of values of rock cover inputed). 

However, the model showed unexpected results when rock cover and rock fragments in 

the soil matrix were over 40%. This behavior may be a limitation of the model when 

applied to a watershed with a high content of rocks such as Lucky Hills 103 (Table 3.3). 
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Figure 4.12 shows the model sensitivity of runoff volume and peak runoff to 

saturated hydraulic conductivity. Because they are plotted in standard deviations, their 

average value are represented by a zero value of the variable axis. Thus, the positive 

or negative values mean standard deviations change about the mean of the inputed and 

predicted variables. In fact, the side slopes of the response surface are the model 

sensitivity to Ks\ however, such sensitivities are non-linear due to the lognormal effects 

of the Ks distribution. 

4.2.3 Channel Component Sensitivity with Variable Rainfall Characteristics 

The second step of this analysis was to incorporate the channel component. With 

this, model sensitivity was performed for the entire watershed unit as represented in 

WEPP for this study. Thus, the effects of varying rainfall, hillslope, and channel 

characteristics, were evaluated on overall model sensitivity to predict runoff volume and 

peak at the watershed outlet. 

Figures 4.13 (a and b) show the simulated distributions of runoff volume and peak 

runoff at the watershed outlet when rainfall characteristics were varied. Both hydraulic 

variables fit a lognormal distribution. Differences between the hillslope and the channel 

components in the simulated runoff volume and peak are caused by variations of the 

channel hydraulic parameters that control transmission losses in the model. Reductions 

of 11.6% and 67% in predicting runoff volume and the peak runoff, respectively, were 

observed at the watershed outlet in relation to the hillslope's volume and peak runoff. 
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Runoff Volume ?e 

Figure 4.12. Error propagation in predicting runoff volume and peak runoff as a 
function of errors in saturated hydraulic conductivity (Ks). The values are 
expressed in standard deviation units about the mean represented with zero 
standard deviations. 
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Figure 4.13. Watershed runoff response to variable rainfall characteristics. 
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Model sensitivity on predicting runoff volume and peak runoff at the watershed 

outlet was studied for the effect of hillslope and channel characteristics. According to 

Table 4.4, the variables for which the model is sensitive to predict runoff volume and 

peak runoff at the watershed outlet are the same variables for which runoff volume and 

peak runoff predictions are sensitive to in the hillslope component. Because Kc was 

selected by the stepwise regresion, the model is sensitive to channel transmission losses 

in predicting runoff volume at watershed outlet. 

For the case of predicting runoff volume, rainfall characteristics, both hydraulic 

conductivity parameters (hillslope, and channel), and the variables for initial soil water 

saturation and biomass are the major factors to which the model is most sensitive. The 

presence of the channel hydraulic conductivity on the list indicates the importance of 

estimating transmission losses in ephemeral channels. A reduction in runoff volume of 

0.051 standard deviations is caused by a one standard deviation increase in the channel 

hydraulic conductivity. In addition, it is important to point out that the model sensitivity 

to runoff volume and peak runoff for the variables and parameters studied remain with 

the same normalized sensitivity indices values when the channel parameters were added 

to the stepwise regression model (see Tables 4.2 and 4.4). This preservation of the 

sensitivity values indicates the reliability of this methodology. 
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Table 4.4. Sensitivity of hydrologic variables on the watershed for storm-based WEPP 
simulation for variable rainfall characteristics. 

Parameter Sensitivity Parameter Sensitivity 
or to F*$ or to F 

Variable Runoff Vol. 
(mm) 

Variable Peak Runoff 
(mm/hr) 

Amount1 1.057 6687.1 Amount1 1.029 3780.3 
Duration1 -0.298 459.9 Duration1 -0.446 611.2 

-0.254 470.2 K -0.244 258.9 
0.133 105.7 iP 0.218 170.1 

Saturation 0.122 113.9 Saturation 0.110 55.8 
*P 0.053 21.2 Biomass -0.093 40.3 

K -0.051 20.7 tP 0.080 28.2 
Biomass -0.045 15.4 Litter -0.043 8.6 
Litter -0.036 10.4 Clay 0.035 5.9 
Clay 0.036 10.0 Bulk Density -0.026 3.0 
Bulk Density -0.029 6.6 

r-square 0.9008 0.8336 
Tot. Var.t 16 16 

1 Rainfall 
* F statistic. 
$  p > . l  s i g n i f i c a n c e  l e v e l  f o r  s t a y i n g  i n  t h e  m o d e l ,  
t Variables included in the stepwise regression procedure. 

4.2.4 Channel Component Sensitivity with Fixed Rainfall Characteristics 

Figures 4.14(a,b) show the frequency histograms of simulated runoff at the 

watershed outlet when the rainfall characteristics were fixed for about 10,000 model 

simulations. Runoff volume at the watershed outlet was reduced by 9.4% due to channel 

transmission losses. The channel sensitivity indices are listed in Table 4.5. 
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Figure 4.14. Watershed runoff response to fixed rainfall characteristics. 
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Table 4.5. Sensitivity of hydrologic variables on the watershed for storm-based WEPP 
simulation for fixed rainfall characteristics1. 

Parameter Sensitivity Parameter Sensitivity 
or to F*t or to F 

Variable Runoff Variable Peak Runoff 
Vol. (mm) (mm/hr) 

K -0.736 19697.5 K -0.766 18493.3 
K -0.315 3614.0 Rock Fragm. -0.207 1356.1 
Saturation 0.212 1635.9 Biomass 0.187 1110.4 
Biomass -0.138 692.6 Clay 0.087 242.6 
Clay 0.089 291.2 Litter -0.073 170.2 
Litter -0.064 152.1 Org. Matter -0.050 78.8 
Bulk Density -0.061 135.5 Saturation 0.025 20.3 
Rock Fragm. 0.025 23.1 Rock Cover -0.014 6.5 
Rock Cover -0.013 6.7 Bulk Density -0.010 3.4 
Org. Matter -0.009 3.6 

r-square 0.7254 0.6832 
Tot. Var.t 11 12 

1 Rainfall: 50.00 mm, 1 hr, tp — 0.5, ip = 1.37. 
* F statistic. 
t  p > . l  s i g n i f i c a n c e  l e v e l  f o r  s t a y i n g  i n  t h e  m o d e l ,  
t Variables included in the stepwise regression procedure. 

All the variables at which runoff volume and peak runoff are sensitive with 

varying rainfall characteristic are also sensitive under constant rainfall. The model 

preserved the same sensitivity to the variables and parameters into the regression as 

compared to the hillslope sensitivity only (see Tables 4.3 and 4.5). Again, the 

coefficient of determination was decreased when rainfall characteristics were excluded 

from the stepwise regression. 
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4.3 Sensitivity of Erosion Variables 

This section describes the model sensitivity to simulate soil erosion in the two 

watershed components. First, the model sensitivity in predicting soil erosion on a 

hillslope is evaluated for average total sediment detachment and sediment delivery. Total 

sediment detachment includes both rill and interrill detachment processes. Sediment 

delivery includes the sediment that is transported by rill and interrill flow. The sediment 

delivery variable comprises the net effects of detachment and deposition processes 

occurring on a hillslope. 

Second, model sensitivity is evaluated in predicting the channel erosion process 

and sediment yield at the watershed outlet. As with the channel component, channel 

erosion involves the processes of sediment detachment and deposition. 

4.3.1 Soil Erosion Processes on a Hillslope 

Because model variables and parameters varied in a range determined by a 

probability distribution, the erosion output variables are also represented by a range of 

predicted values. With the purpose of identifying the average processes of soil erosion 

that took place on a hillslope during 10,000 model simulations, a simulation run was 

made with the model parameters and variables at their mean value. These mean values 

of model inputs were obtained by averaging the generated variates of the 10,000 model 

simulations. 
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Figure 4.15. Soil erosion occurring on the hillslope profile for average soil and 
vegetation characteristics at Lucky Hills 103. 
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Plots of the average soil losses occurring in the areas of net detachment on a 

hillslope for the model parameters and variables at their mean values are presented in 

Figures 4.15(a - b). Figure 4.15a depicts the elevation along the hillslope profile which 

resembles the mentioned "S" shape. It is important to mention that in such a graph the 

changes in elevation are overscaled with the purpose of a clear illustration. Figure 4.15b 

is a plot of sediment detached per unit area throughout the overland flow path. 

According to these figures, soil detachment is almost zero from the top of the hillslope 

profile to about 30 meters from the bottom of the hillslope. Then there is an increase 

in soil detachment up to the 45 meters where overland flow reaches its maximum 

transport capacity. After that, the rates of deposition are more noticeable since the rate 

of detachment starts to decline until 57 meters distance down slope where equilibrium 

is reached. At this is point the rate of detachment equals the rate of deposition. Finally, 

as a consequence of the high sediment load and a reduction of slope gradient, the 

overland flow reduces its capacity to transport sediment and only deposition occurs. 

However, it is important to point out that net deposition continues after the 60 meters 

showing that sediment is leaving the hillslope profile and reaching the channel 

component. 

4.3.2 Hillslope Erosion Component Sensitivity with Variable Rainfall Characteristics 

The model outputs evaluated in this section are sediment detachment and sediment 

delivery. Because the hillslope characteristics were also varied, model sensitivity 
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includes the effects of soil and vegetation characteristics on the hillslope profile. 

Figure 4.16(a and b) show the frequency histogram and the theoretical fit to the 

exponential distribution of the predicted variables when rainfall characteristics varied. 

The sensitivity indices for both sediment detachment and delivery from a hillslope are 

listed in Table 4.6. 

Table 4.6. Sensitivity of soil erosion variables on the hillslope profile for storm-based 
WEPP simulation for variable rainfall characteristics. 

Parameter Sensitivity Parameter Sensitivity 
or to F** or to F 

Variable Detachment Variable Delivery 
(kg/m2) (kg/m) 

Amount1 0.841 1188.1 Amount1 0.911 1539.1 
Duration1 -0.352 179.3 Duration1 -0.382 235.1 
^cr -0.229 110.1 K -0.194 85.0 

h 0.136 31.3 h 0.157 45.8 

K -0.144 41.5 Tcr -0.148 52.1 
Litter -0.141 42.5 Litter -0.111 29.7 
Biomass -0.106 23.8 Biomass -0.099 23.7 
Ki 0.068 9.9 Saturation 0.066 10.4 

K 0.062 8.4 'P 0.055 7.0 
Saturation 0.043 3.9 0.049 5.9 

K 0.036 3.2 
Clay 0.036 3.2 

r-square 0.6363 0.6807 
Tot. Var.f 17 17 

1 Rainfall 
* F statistic. 
| p >. 1 significance level for staying in the model, 
t Variables included in the stepwise regression procedure. 
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Figure 4.16. Hillslope soil erosion predicted variables for variable rainfall 
characteristics. 
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The model is sensitive in predicting the average soil detachment on a hillslope to 

changes in rainfall characteristics (amount, duration and ip). However, it is not 

sensitivity to at p>.l significance level. Increases in the amount of rainfall and ip 

ratio resulted in increases in sediment detachment and the model predicted a reduction 

in the rate of sediment detachment for larger storm durations. Again, it is important to 

remember that the more erosive storms in the Southwestern United States correspond to 

high-intensity, short-duration events. A similar pattern of model sensitivities to sediment 

detachment (Table 4.6) was reported by Flanagan and Nearing (1991), who utilized 

resilience sensitivity index to evaluated the WEPP hillslope version. 

Sediment detachment predictions are more sensitive to critical shear stress 

parameter, T„, and interrill erosion parameter, Kh than to rill erosion parameter, 

Kr. This can be explained by observing that is a threshold value that has to be 

overcome before rill erosion occurs. When r„ is larger, as the case on rangelands with 

highly consolidated soils, T„ represents a major parameter that controls rill erosion 

calculations (Equation 2.3.3). 

The rest of the parameters and variables at which the sediment detachment 

predictions are sensitive to are Ks, litter, biomass and soil water saturation. This set of 

model inputs drive the processes of infiltration into the soil matrix. Any decrease in K, 

or increase in soil water saturation increase the potential for soil particles detachment by 

flowing water. Any increase in litter and standing biomass protects the soil particles 

from detachment. 
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These results differ from those presented by Flanagan and Nearing (1991), who 

tested the WEPP hillslope model for cropland conditions. They found the Kr parameter 

to be the highest sensitivity in predicting sediment detachment. A probable reason to that 

is that they tested the model using a silt loam soil (25% sand, 50% silt, and 25% clay), 

which is quite different from the soils at Lucky Hills 103 (see Table 3.3). However, 

Nearing et al. (1990), mentioned that for places where no-till management factor are 

involved, as on rangelands, the WEPP model is more sensitive to Kt than to Kr, since the 

intertill erodibility is the dominant soil erosion factor. 

The variables at which sediment delivery is sensitive to are the same at which 

sediment detachment is sensitive to. However, there are some permutations in the order 

of importance of the variables. In addition, sediment delivery predictions are more 

sensitive to effects of rainfall characteristics and hydraulic conductivity. 

4.3.3 Hillslope Erosion Component Sensitivity with fixed Rainfall Characteristics 

Model sensitivity to predict sediment detachment and delivery was evaluated for 

the effects of large rainfall events because most of the soil erosion is caused by large 

events. Because rainfall characteristics were fixed during the entire simulation, the 

sensitivity indices represent the effects of hillslope characteristics on sediment detachment 

and delivery. 

Figures 4.17(a and b) are the model predictions of both sediment detachment and 

delivery represented by the frequency histograms. After 10,000 model simulation runs, 
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both output variables follow a lognormal distribution that is represented by the solid line 

of theoretical fit. Table 4.7 presents the sensitivity indices for the two erosion variables 

for constant rainfall characteristics. 

At fixed rainfall conditions, both detachment and delivery of soil particles are 

more sensitive to changes in soil erodibility parameters. The critical shear stress 

parameter came out with the highest sensitivity index. The rill erosion parameter came 

out with a higher index than the interrill erodibility parameter. This indicates that rill 

erosion is dominant during large rainfall events. Both types of erosion are intensified by 

any increase of soil clay content and initial soil water saturation. 

The WEPP model is also very sensitive to vegetation variables. They affect both 

runoff and erosion calculations. Litter is the second most important variable at which 

the erosion predictions are sensitive. For the case of sediment delivery, for every 

standard deviation increase in litter, there is a decrease of 0.408 standard deviations in 

sediment delivery predictions. This may represent a problem for erosion prediction in 

places with a high variability in soil litter content. 

Soil litter content at Lucky Hills 103 has a variability of 244% with a mean of 

0.0067 kg/m2 and a standard deviation of 0.0164 kg/m2. If the mean value of litter is 

overestimated in one standard deviation (mean = 0.0231 kg/m2), the model predicts a 

reduction in 126 kg/ha in sediment yield. In fact, this high sensitivity to litter, can be 

a problem in the model for field applications, mainly for soils with high litter content. 
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Figure 4.17. Hillslope soil erosion predicted variables at fixed rainfall characteristics. 
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Table 4.7. Sensitivity of soil erosion variables on the hillslope profile for storm-based 
WEPP simulation for fixed rainfall characteristics1. 

Parameter Sensitivity Parameter Sensitivity 
or to F*t or to F 

Variable Detachment Variable Delivery 
(kg/m2) (kg/m) 

Tcr -0.741 53315.0 ^cr -0.697 2698.4 
Litter -0.377 13851.9 Litter -0.408 14657.3 
K 0.263 6795.4 K -0.252 5604.8 
K( 0.224 4865.4 Kt 0.239 5053.3 
Biomass -0.204 4044.3 K 0.229 4626.8 
K -0.192 3600.7 Biomass -0.221 4281.3 
Saturation 0.056 305.8 Saturation 0.071 442.5 
Rock Cover -0.046 210.8 Rock Cover -0.047 196.1 
Bulk Density -0.018 32.9 Clay 0.039 135.1 
Clay 0.012 15.0 Bulk Density -0.022 45.1 
Rock Fragm. 0.006 3.5 Rock Fragm. 0.009 7.7 

Org. Matter -0.006 3.3 

r-square 0.897 0.886 
Tot. Var.t 13 13 

1 Rainfall: 50.00 mm, 1 hr, tr = 0.5, ip = 1.37. 
* F statistic. 
%  p >  . 1  s i g n i f i c a n c e  l e v e l  f o r  s t a y i n g  i n  t h e  m o d e l ,  
t Variables included in the stepwise regression procedure. 

Finally, Figures 4.18(a - b) show the model sensitivity in predicting sediment 

detachment and sediment delivery for the combined effect of the two parameters for 

which the model is more sensitive. The side slopes of the response surface shows the 

model sensitivity for the specified parameter, while the slope of the response surface 

shows the overall model sensitivity to the combined effects of both parameters. 
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represented by zero standard deviations. 
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4.3.4 Average Channel Erosion Processes 

The second evaluation of the model sensitivity in predicting soil erosion processes 

occurring in the watershed system is the addition of the channel component in which the 

processes of detachment and deposition take place. These processes are dependent of 

the channel flow characteristics, sediment delivery from hillslopes, the sediment load in 

the flow, and the physical characteristics of the channel element. 

The amount of channel flow is also a function of the overland flow reaching the 

channel. To predict the model sensitivity to overland flow reaching the channel 

component, the rainfall characteristics were varied in order to induce variations in the 

characteristics of the overland flow. 

Since model sensitivity was calculated by varying the model parameters and 

variables randomly and simultaneously during model simulations, it was important to 

identify the average erosion processes occurring in the channel. These average processes 

were estimated by running the model with its parameters and variables at their mean 

value by averaging the 10,000 generated random variates. 

Figures 4.19 and 4.20 illustrate the average erosion processes occurring for the 

channel component when normal and critical flow depths at the channel outlet were 

assumed. Figures 4.19a and 4.20a show the channel slope in terms of elevation taking 

as datum the channel outlet with a value of zero elevation. Figures 4.19b and 4.20b 

show the sediment yield variations along the channel, that are the rates of sediment that 

was transported by channel flow towards the watershed outlet. 
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parameters and assuming a normal flow depth at the watershed outlet. 
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Figure 4.20. a) Channel profile, b) rate of sediment yield, and c) rate of erosion; 
occurring in the channel component for average values of input 
parameters and assuming a critical flow depth at the watershed outlet. 
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According to these figures, the lateral inflow from adjacent hillslopes induces particle 

detachment (see Figures 4.19c and 4.20c) in the first 25 meters because the sediment 

transport capacity of the flow has not yet been reached. However, after the 25 meters, 

the flow reaches transport capacity and the sediment load is more or less constant. 

Deposition begins at 175 meters as a result of 

a decrease in channel slope. This process can be identified in Figures 4.19c and 4.20c 

by the negative values of channel erosion, as a the result of decreasing the channel slope. 

The effects of outlet control structure are represented by the changes on sediment 

yield (Figures 4.19b and 4.20b), and channel erosion (Figures 4.19c and 4.20c), after 

180 meters. Clearly, by assuming a normal depth at the channel outlet (4.19b), the 

process of sedimentation continues more or less uniform since no abrupt change in the 

channel slope is experienced. However, when critical depth is assumed at the channel 

outlet (Figure 4.20), both sediment yield and channel erosion are increased. 

When critical depth was assumed at the outlet, 89% of the total sediment yield 

(6.32 ton/ha) was originated from the channel. In the other hand, when normal depth 

was assumed at the channel outlet, 78% of the total sediment yield (3.12 ton/ha) was 

originated from the channel. These results show that about 80 percent of the total 

sediment yield was produced in the channel independently of the type of outlet control. 

The simulated sediment yield when assuming normal depth at the channel outlet 

was close to the observed sediment yield at Lucky Hills 103. According to Simanton et 

al. (1980), 75% of the 2.21 ton/ha of the average annual sediment yield at the outlet of 
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Lucky Hills 103 is originated from the channel. 

4.3.5 Channel Erosion Sensitivity to Variable Rainfall Characteristics 

Variation of rainfall characteristics produced a frequency distribution of overland 

flow volumes converging into the channel. Overland flow variations with changes in 

channel erosion parameters were used to estimate the model sensitivity to channel erosion 

processes. Also, evaluation of the model sensitivity to channel erosion was performed 

assuming normal and critical flow depth at the watershed outlet. 

Figure 4.21 shows the computed distributions of channel erosion and total 

sediment yield at the watershed outlet for normal and critical depth control structures. 

Both variables for both type of control structures fit a lognormal distribution. Their 

shape is strongly related to the magnitude of the hillslope overland flow (Figures 4.10a 

and 4.10b). Most of the rainfall events were small and produced little channel erosion. 

However, both output variables are of higher magnitude when assuming critical depth at 

the watershed outlet. In other words, the computed watershed erosion when assuming 

a normal depth at the outlet was only one third of the calculated erosion when assuming 

a critical flow depth at the watershed outlet. 

Table 4.8 list the model sensitivity indices in predicting sediment yield at the 

channel outlet for both structures for varying rainfall characteristics. The model 

sensitivity to predict total sediment yield at the watershed outlet is similar for both 

normal and critical flow depth assumptions. 
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Figure 4.21. Watershed soil erosion predicted variables for variable rainfall 
characteristics; (a) and (c) represent the normal flow depth, and (b) and 
(d) represent the critical flow depth at the watershed outlet. 
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Table 4.8. Model sensitivity in predicting sediment yield at the watershed outlet with 
normal and critical depth structures. 

NORMAL DEPTH CRITICAL DEPTH 

Parameter 
or 

Variable 
Sensitivity F*$ 

Parameter 
or 

Variable 
Sensitivity F 

Amount1 0.968 3918.2 Amount1 0.961 3346.2 
K -0.226 253.6 K -0.230 226.8 
Manning -0.199 210.7 Duration1 -0.187 108.4 
Duration1 -0.198 140.9 Manning -0.164 122.1 
Saturation 0.116 71.1 Saturation 0.113 57.8 

h 0.099 41.0 b 0.098 35.1 
K -0.078 32.8 Kc -0.083 31.4 
Sand Chan. 0.069 25.2 Org. Matter 0.026 3.2 
Bulk Density -0.030 4.6 Litter -0.035 5.6 
Litter -0.028 4.1 Sand Chan. 0.025 2.9 
Clay Chan. 0.027 4.1 

r-square 0.8543 0.8302 
Total Var.f 23 21 

1 Rainfall 
* F statistic. 
$  p> . l  s ign i f i cance  l eve l  fo r  s t ay ing  i n  the  mode l ,  
t Variables included in the stepwise regression procedure. 

The major model sensitivities correspond to the amount of rainfall, hydraulic 

conductivity parameter on the hillslope, Manning's n, duration of the rainfall, and soil 

water saturation. High values of Ks implies a reduction of sediment delivery from 

hillslopes due to high infiltration rates that reduce the volume of overland flow. 

The model sensitivity to Manning's n indicated that it is the most important 
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channel parameter. An increase of rainfall duration leads to a reduction in total sediment 

yield, since most of the erosion is caused by large rainfall events which are usually of 

short duration. Both rainfall amount and soil water saturation increase total sediment 

yield. Minor sensitivities in predicting total sediment yield correspond to channel 

hydraulic conductivity, soil bulk density, channel texture, and soil litter content. 

In addition, the model sensitivity to predict total sediment yield and channel 

detachment was computed for the effects of runoff converging into the channel (Table 

4.9). In fact, the model performed with the same sensitivities for both normal and 

critical depth structures. These model output variables are highly sensitive to the amount 

of runoff volume from the hillslope profile (RVH), the Manning's roughness coefficient, 

and the amount of sediment delivered from adjacent hillslope areas (SDELH). 

Channel detachment prediction is sensitive to the amount of sediment delivered 

from the hillslope areas because any increase in sediment load caused by an increase in 

lateral sediment inflow reduces the ability of the channel flow to lift soil particles. Also, 

there was a negative sensitivity for sediment yield prediction when rainfall conditions 

varied. This may had been due to the fact that most of the events are of small amount, 

long duration, and low intensity (see Figure 4.1). 

Under these conditions, channel transmission losses are also high in terms of 

available runoff volume. Only very few rainfall events produced sediment yield. The 

sediment load of the medium size runoff events reduced significantly the ability of the 

flow to detach soil particles in the channel (see Figure 4.21). 
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Table 4.9. Sensitivity of watershed soil erosion variables to the effects of overland 
flow volume variations for variable rainfall characteristics. 

Parameter Sensitivity Parameter Sensitivity 
or to F*i or to F 

Variable Sed. Yield Variable Detachment 
(ton/ha) (ton/ha) 

RVH1 1.134 4098.9 RVH 1.367 4146.0 
SDELH2 -0.251 457.5 SDELH -0.626 866.2 
Manning -0.201 200.6 Manning -0.243 463.0 
K -0.095 105.5 K -0.106 88.4 
Sand Chan. 0.067 64.2 Sand Chan. 0.081 63.6 

r-square 0.9300 0.8992 
Tot. Var.t 8 8 

1 Runoff volume from Hillslopes. 
2 Sediment delivered from hillslopes. 
* F statistic. 
t  p> . l  s ign i f i cance  l eve l  fo r  s t ay ing  i n  t he  mode l ,  
t Variables included in the stepwise regression procedure. 

4.3.6 Channel Erosion Sensitivity to Fixed Rainfall Characteristics. 

In order to identify the model sensitivity in predicting channel erosion during 

large rainfall events, the rainfall characteristics were fixed. Thus, variations in overland 

flow converging into the channel were caused by changes in hillslope variables or 

parameters which affect overland flow. 

Figure 4.22 presents the predicted sediment detachment in the channel component 

and the total sediment yield at the watershed outlet for normal and critical watershed 
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outlet control structures. The model predictions for both variables fitted a normal 

distribution. Significant differences were observed for channel detachment and sediment 

yield between outlet control structures. In other words, the model predictions can be 

greatly biased if the user makes wrong assumptions about the type of outlet control 

structure. 

Table 4.10 lists the model sensitivity to predict sediment yield at the watershed 

outlet considering the effects of hillslope variables and parameters. For both normal and 

critical watershed control structures the model is sensitive to Manning's n, Ks, and Kc. 

The model is very sensitive to the channel erodibility parameter, Kch, when a critical flow 

condition is assumed. This can be explained by considering the high detachment rates 

close to the channel outlet due to the effects of critical flow depth. In addition, both 

types of structure showed more or less similar sensitivities to the hillslope parameters and 

variables that control infiltration and overland flow. 

Table 4.11 shows the model sensitivities for sediment yield and sediment 

detachment in the channel for normal and critical watershed outlet control structures 

considering the effects of runoff characteristics and changes in the channel parameters. 

Practically speaking, both variables are affected by the same variables but with different 

sensitivities. For large rainfall events, the sediment delivered from adjacent hillslope 

areas has a detrimental effect on sediment detachment in the channel by limiting the 

sediment transport capacity of the flow. In other hand, sediment yield is promoted by 

lateral sediment inflow for large rainfall events. 
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Figure 4.22. Watershed soil erosion predicted variables for fixed rainfall characteristics; 
(a) and (c) represent the normal flow depth, and (b) and (d) represent the 
critical flow depth at the watershed outlet. 
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Table 4.10. Model sensitivity in prediction sediment yield at the watershed outlet with 
normal and critical depth structures for fixed rainfall characteristics1. 

NORMAL DEPTH CRITICAL DEPTH 

Parameter 
or 

Variable 
Sensitivity F** 

Parameter 
or 

Variable 
Sensitivity F 

Manning -0.743 18624.9 Manning -0.634 29791.3 
K -0.420 5951.0 Kh -0.442 14452.3 
Kc -0.242 1978.8 K -0.413 12667.4 
Sand Chan. 0.190 1222.9 K -0.234 4073.7 
Saturation 0.123 513.7 Saturation 0.116 994.1 
Litter -0.076 194.5 Sand Chan. 0.112 928.8 
Biomass -0.070 165.8 Biomass -0.061 276.3 
Clay Chan. 0.062 128.2 Clay 0.052 201.9 
Clay 0.061 125.6 Litter -0.043 139.9 
^cr -0.047 73.5 Bulk Density -0.031 75.3 
Bulk Density -0.030 30.4 Clay Chan. 0.029 65.4 
*1 0.018 11.0 Rock Fragm. 0.014 16.1 
Rock Cover -0.016 8.4 Rock Cover -0.009 7.2 

K 0.015 7.2 Tcr -0.008 5.0 
Rock Fragm. 0.010 3.5 Org. Matter -0.007 4.0 

r-square 0.8598 0.8652 
Total Var.t 19 19 

1 Rainfall: 50.00 mm, 1 hr, tp = 0.5, ip = 1.37. 
* F statistic. 
I  p> . l  s ign i f i cance  l eve l  fo r  s t ay ing  in  t he  mode l .  
t Variables included in the stepwise regression procedure. 

Under large rainfall events that cause large channel flows, the channel flow is 

capable not only to transport the lateral sediment inflow but also to detach and deliver 

bed material towards the watershed outlet. In this case, both hillslope areas and channel 

element contribute to overall watershed soil losses. 
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Table 4.11. Sensitivity of soil erosion variables on the watershed for storm-based 
WEPP simulation considering normal and critical depth outlet structures1. 

Parameter Sensitivity Parameter Sensitivity 
or to F'i or to F 

Variable Sed. Yield Variable Detachment 
(ton/ha) (ton/ha) 

Normal Depth at the Outlet 

Manning -0.739 77718.7 Manning -0.753 77118.2 
RVH 0.455 600.6 SDELH -0.468 25335.5 
Kc -0.238 8081.4 RVH 0.454 572.7 
Sand Chan. 0.191 5194.0 Sand Chan. 0.194 5148.5 
QPW2 0.083 19.6 Kc -0.180 4416.8 
SDELH 0.066 522.9 QPW 0.093 23.8 
Clay Chan. 0.062 545.9 Clay Chan. 0.064 551.4 

r-square 0.9649 0.9638 
Total Var.f 10 10 

Critical Depth at the Outlet 

Manning -0.634 109459.0 Manning -0.651 109493.0 

Kb 0.440 52719.7 Kh 0.453 52767.5 
RVH 0.427 1027.1 RVH 0.436 1015.1 
Kc -0.231 14468.0 SDELH -0.220 10580.8 
Sand Chan. 0.111 3399.2 K -0.210 11398.7 
QPW 0.110 68.1 QPW 0.116 71.2 
Clay Chan. 0.026 185.5 Sand Chan. 0.114 3397.3 
SDELH 0.011 31.7 Clay Chan. 0.027 190.6 
"Teh -0.004 6.2 -0.004 5.7 

r-square 0.9632 0.9611 
Total Var.f 10 10 

1 Rainfall: 50.00 mm, 1 hr, tp = 0.5, ip = 1.37. 
2 Peak runoff of the watershed channel. 
* F statistic. 
|  p>.l  s ign i f i cance  l eve l  fo r  s t ay ing  in  the  mode l ,  

t Variables included in the stepwise regression procedure. 
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However, it is important to mention that for alluvial channels the model is almost 

not sensitive to critical shear stress, rch, for any given rainfall and flow conditions. It also 

should be considered that most of the channel erosion at Lucky Hills 103 is caused by 

bank sloughing and not by detaching particles from the channel bed. Thus, the Lucky 

Hills 103 channel is experiencing a widening process instead of deepening (Osborn and 

Simanton, 1989). However, model sensitivity to Tch can be expressed in model 

applications that consider channels with cohesive soils in which the erosion process is 

more a function of particle dislodgement and entrainment by flowing water than bank 

sloughing. 
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CHAPTER 5 

SUMMARY, CONCLUSIONS AND RECOMMENDATIONS 

5.1 SUMMARY 

The objectives of this research were: 1) to perform a sensitivity analysis of the 

hydrology and erosion components of the WEPP Watershed Model when applied to 

rangeland conditions, and 2) to rank the model parameters and variables in order of 

importance based on model sensitivity to predict runoff and sediment response. 

These objectives were accomplished by applying a stochastic sensitivity analysis 

based on Monte-Carlo simulation in which model parameters and variables are randomly 

and simultaneously selected from specified probability distributions. These probability 

distributions were computed according to the variability of soils and vegetation at Lucky 

Hills 103 in Walnut Gulch Experimental Watershed, in Tombstone, AZ. Normalized 

sensitivity indices of model parameters and variables were calculated by applying 

multiple linear regression analysis to 10,000 model simulations for fixed rainfall 

characteristics and 800 model simulations for varying rainfall characteristics using 

observed rainfall data. The selection and ranking of model parameters and variables 

based on model sensitivity were obtained by performing regression analyses in a stepwise 

procedure of variable selection at p> .1 level of statistical significance. 

According to the results of this research, the model is very sensitive to rainfall 

amount, duration and ip in predicting runoff volume and peak runoff on hillslopes. The 

model is also very sensitive to saturated hydraulic conductivity, standing biomass, and 
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soil litter content. Any change on these parameters will lead to changes on both runoff 

volume and peak runoff. 

The model channel component shows a high sensitivity to runoff volume and peak 

runoff from adjacent hillslope areas and channel hydraulic conductivity in predicting the 

volume and peak runoff at the watershed outlet. Volume and peak of channel flow were 

sensitive to the same parameters as the hillslope. However, the model showed a negative 

sensitivity to fraction of rock cover on hillslopes in the prediction of both runoff volume 

and peak runoff. 

Hillslope erosion prediction is very sensitive to Ks, T„ and soil litter. Since Kt 

came out with a higher index than Kr when rainfall was varied, interrill detachment 

processes were dominant in the model simulations. The high sensitivity to r„ indicates 

the effects of pavemented soils in preventing rill erosion on semiarid rangelands. 

However, the model appears to be more sensitive to Kr than Kt for the process of 

sediment detachment under conditions of large rainfall events . So, it seems that for 

small rainfall events, the depth and shear stress of the flow in the rills are the limiting 

factors to detach soil particles. In addition, the WEPP model is more sensitive to litter 

on soil than Kit Kr, soil water saturation, hydraulic conductivity, and standing biomass 

among others, in predicting soil erosion on hillslopes. 

The evaluation of the channel sensitivity was performed for two types of assumed 

channel outlet controls; normal and critical flow depth. Sediment yield calculations were 

sensitive to rainfall characteristics, hillslope runoff volume and peak runoff, Manning's 
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n, the saturated hydraulic conductivity, initial soil water saturation on hillslope areas, and 

channel hydraulic conductivity. Model sensitivity to in predicting sediment 

detachment was shown only for critical control depth. For both structures the amount 

of sediment delivered from hillslopes reduced the sediment detached by channel flow. 

In addition, the channel component calculations show a small sensitivity to rch. 

However, model sensitivity to rch may be higher for watersheds with larger alluvium 

particle size or non-alluvial channels. 

Finally, the results of this study confirm the benefits of the Monte-Carlo 

simulation method and the application of regression analysis in performing sensitivity 

analyses for complex, non-linear erosion models in which the natural variability of the 

watershed system is the source that vary the model parameters and variables in the 

analysis. 
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5.2 CONCLUSIONS 

The following conclusions can be drawn from the sensitivity analysis of the 

WEPP Watershed model for rangeland applications: 

(1) Hillslope hvdrologic component: 

Runoff volume and peak runoff predictions from hillslopes are very sensitive to 

rainfall characteristics (amount, duration, and ip), and parameters and variables that 

regulate water infiltration (Ks, soil initial water content, and standing biomass). 

The importance of the rainfall characteristics that define a storm event on the 

WEPP model was confirmed by a remarkable reduction of the coefficients of 

determination in the multiple linear regressions when rainfall characteristics were 

maintained constant. However, Ks is the most important parameter in terms of model 

sensitivity in predicting runoff volume and peak runoff. 

(2) Channel hydrolopic component: 

Runoff volume and peak runoff predictions at the watershed outlet are very 

sensitive to variations in the channel hydraulic conductivity which influences transmission 

losses. Hillslope parameters and variables that govern infiltration (Ks, initial saturation, 

and standing biomass) and determine runoff attributes (volume and peak), have a strong 

influence in predicting runoff volume and peak runoff at the watershed outlet. 
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(3) Hillslope erosion component: 

Erosion predictions from hillslopes are highly sensitive to rainfall characteristics 

(amount, duration and ip ratio). High erosion rates are produced by storm events of high 

intensity - short duration. All parameters and variables that enhance water infiltration 

and soil cover reduce erosion and sediment delivery from hillslopes. 

Hillslope erosion is more sensitive to T„ than K( and Kr for variable rainfall 

characteristics. This indicates that interrill flow is the dominant factor of sediment 

transport under consolidated, non-till management soils. However, sediment detachment 

is more sensitive to Kr than AT, for large rainfall events in which the depth of flow in the 

rill areas overcome the threshold shear stress value represented by rcr. In general, the 

model predicted the highest erosion rates for large events (high intensity - short duration) 

that resulted in large runoff volumes in short periods of time. 

A model limitation in predicting hillslope erosion was identified. Hillslope soil 

erosion is highly sensitive to soil litter cover. This can be a problem for model 

applications that consider soils with a large amount or a high spatial variability of soil 

litter cover. 

(4) Channel erosion component: 

Channel erosion predictions are highly sensitive to runoff volume and peak runoff 

from adjacent hillslope areas. According to the defined channel configuration, most of 

the watershed sediment yield (80 %) was originated from the channel component 
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independently of the type of outlet control structure. However, the model is highly 

vulnerable to biased predictions under wrong assumptions about the type of outlet control 

structure. 

WEPP is highly sensitive to Kch only for conditions of assumed critical control 

depth at the watershed outlet. The model was not very sensitive to considering the 

alluvial channel conditions at Lucky Hills 103. However, model sensitivity to r„ can be 

high for model applications that consider channels in cohesive soils. 

(5) Scope of the study: 

WEPP model sensitivity was identified for rangeland conditions. These conditions 

are representative of millions of hectares of rangelands in the Southwestern United States 

(Simanton el al., 1985). Therefore, it is necessary to perform a sensitivity analysis of 

the model based on the described methodology for conditions that include different soils, 

vegetation, rainfall characteristics and channel configurations comprising different shapes, 

slopes and geomorphology. 

(6) Methodology: 

The usefulness of the Monte-Carlo method to evaluate complex, non-linear models 

throughout a sensitivity analysis was illustrated from the obtained results of the WEPP 

model. The methodology fulfilled the initial objectives of the research by providing 

valuable information about the WEPP parameters and variables that introduce errors and 

uncertainties in model predictions. 
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5.3 RECOMMENDATIONS 

This research evaluated the sensitivity of the WEPP Watershed model in 

predicting hydrologic and erosion variables for rangeland conditions. Because the WEPP 

model is expected to be applied to a wider range of conditions, it is recommended to 

conduct further sensitivity analysis that incorporate a broader range of conditions 

including climate, soils, vegetation, and other watershed characteristics. 

In addition, the WEPP model was tested in a single storm mode, in which 

parameter variation can be considered as errors in parameter determination. However, 

the model has been designed to perform in continuous simulation mode with parameter 

values being updated on a daily basis. Since the WEPP model will be used to predict 

the long term effects of rainfall events from ordered time-series, a sensitivity analysis the 

of WEPP model under continuous simulation mode for rangeland applications is 

recommended. 

Future research effort should focus on identifying the accuracy of parameter 

updating procedures and the magnitude of the error propagation after simulating several 

years of soil erosion. This can be done by comparing initial, intermediate, and final 

parameter updated values for continuous simulations with the expected probability 

distribution of parameter values obtained as described in this study. If fact, an updated 

parameter value represents a deterministic simulation which can be quantified in 

statistical terms according to its probability distribution of expected values. Confidence 

bounds can be drawn by defining the desired ^-values of the tail areas of the distribution. 
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In other words, for a specified confidence interval defined in a probability distribution 

of a model parameter, a deterministic parameter value can be accepted or rejected 

according to the magnitude of such a parameter value. This approach would be useful 

to identify if parameter update is being done inside a range of model error and the 

benefit of the parameter updating procedure. 
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APPENDIX 
TABLE Al. Correlations of model parameters and variables after 10,000 simulation.1 

1 O-H Qp-H Sd-H Sy-H Q-U Qp-U CH-Sd Sy-W 

AMOUNT2 0.886 
0.001 

0.809 
0.001 

0.678 
0.001 

0.721 
0.001 

0.721 
0.001 

0.884 
0.001 

0.809 
0.001 

0.851 
0.001 

DURATION2 0.173 
0.001 

0.053 
0.135 

0.039 
0.270 

0.044 
0.201 

0.044 
0.207 

0.170 
0.001 

0.053 
0.135 

0.231 
0.001 

V -0.098 
0.005 

-0.080 
0.022 

-0.091 
0.009 

-0.080 
0.024 

-0.080 
0.024 

-0.100 
0.004 

•0.080 
0.022 

-0.118 
0.001 

'7 0.092 
0.008 

0.107 
0.002 

0.087 
0.014 

0.084 
0.017 

0.084 
0.017 

0.091 
0.010 

0.107 
0.002 

0.096 
0.006 

Ki -0.002 
0.878 

0.001 
0.914 

0.226 
0.000 

0.232 
0.000 

0.001 
0.947 

0.001 
0.913 

-0.061 
0.000 

-0.006 
0.521 

K, -0.005 
0.593 

-0.004 
0.694 

0.264 
0.000 

0.240 
0.000 

-0.005 
0.630 

-0.004 
0.694 

-0.062 
0.000 

-0.006 
0.582 

Tc- 0.006 
0.543 

0.005 
0.638 

-0.740 
0.000 

•0.696 
0.000 

0.007 
0.470 

0.005 
0.638 

0.165 
0.000 

0.003 
0.769 

K. -0.779 
0.000 

-0.767 
0.000 

-0.189 
0.000 

-0.249 
0.000 

-0.740 
0.000 

-0.767 
0.000 

-0.372 
0.000 

-0.419 
0.000 

EFF. K. -0.930 
0.000 

-0.952 
0.000 

-0.280 
0.000 

-0.356 
0.000 

-0.884 
0.000 

-0.952 
0.000 

-0.442 
0.000 

-0.511 
0.000 

HATRIC P. -0.436 
0.000 

-0.389 
0.000 

-0.109 
0.000 

-0.155 
0.000 

-0.411 
0.000 

-0.389 
0.000 

-0.204 
0.000 

-0.234 
0.000 

SAND 0.404 
0.000 

0.375 
0.000 

0.096 
0.000 

0.152 
0.000 

0.385 
0.000 

0.375 
0.000 

0.211 
0.000 

0.240 
0.000 

SILT -0.399 
0.000 

-0.370 
0.000 

-0.096 
0.000 

-0.158 
0.000 

-0.380 
0.000 

-0.370 
0.000 

-0.201 
0.000 

-0.232 
0.000 

CLAY 0.094 
0.000 

0.086 
0.000 

0.026 
0.009 

0.052 
0.000 

0.088 
0.000 

0.086 
0.000 

0.036 
0.000 

0.047 
0.000 

0. HATTER -0.007 
0.515 

-0.007 
0.471 

-0.015 
0.148 

-0.016 
0.109 

-0.010 
0.300 

-0.007 
0.471 

-0.012 
0.224 

-0.016 
0.114 

B. DENSITY •0.056 
0.000 

-0.043 
0.000 

-0.022 
0.025 

-0.026 
0.009 

-0.055 
0.000 

-0.043 
0.000 

-0.005 
0.587 

-0.012 
0.250 

CEC -0.007 
0.465 

•0.006 
0.548 

0.015 
0.129 

0.015 
0.138 

-0.011 
0.285 

-0.006 
0.548 

-0.013 
0.203 

-0.009 
0.347 

ROCK FRAG. 0.021 
0.035 

0.021 
0.040 

0.012 
0.238 

0.014 
0.169 

0.015 
0.142 

0.021 
0.040 

0.025 
0.011 

0.028 
0.006 

SATURATION 0.230 
0.000 

0.194 
0.000 

0.052 
0.000 

0.067 
0.000 

0.213 
0.000 

0.194 
0.000 

0.100 
0.000 

0.110 
0.000 

LITTER -0.065 
0.000 

-0.070 
0.000 

-0.381 
0.000 

-0.411 
0.000 

-0.061 
0.000 

-0.070 
0.000 

0.054 
0.000 

-0.041 
0.000 

BIOMASS -0.146 
0.000 

-0.209 
0.000 

-0.204 
0.000 

-0.220 
0.000 

-0.140 
0.000 

-0.209 
0.000 

•0.004 
0.689 

•0.054 
0.003 
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TABLE Al. Continued. 

Q-H Op-H Sd-H Sy-H Q-U Qp-U CH-Sd Sy-U 

ROCK COVER -0.015 
0.124 

-0.015 
0.129 

-0.045 
0.000 

-0.045 
0.000 

-0.015 
0.145 

-0.015 
0.129 

0.002 
0.814 

-0.008 
0.432 

CAN. COVER -0.147 
0.000 

-0.212 
0.000 

-0.216 
0.000 

-0.232 
0.000 

-0.141 
0.000 

-0.212 
0.000 

0.000 
0.990 

-0.053 
0.000 

1NR. COVER -0.138 
0.000 

-0.174 
0.000 

-0.456 
0.000 

-0.489 
0.000 

-0.130 
0.000 

-0.174 
0.000 

0.048 
0.000 

-0.064 
0.000 

RILL COVER -0.073 
0.000 

-0.078 
0.000 

-0.400 
0.000 

-0.429 
0.000 

-0.068 
0.000 

-0.078 
0.000 

0.056 
0.000 

-0.043 
0.000 

K*. 0.001 
0.904 

0.001 
0.951 

-0.012 
0.231 

-0.011 
0.261 

•0.006 
0.573 

0.001 
0.951 

0.458 
0.000 

0.442 
0.000 

Harming -0.000 
0.974 

0.000 
0.991 

0.014 
0.157 

0.015 
0.147 

-0.003 
0.760 

0.000 
0.991 

-0.662 
0.000 

-0.641 
0.000 

*<* -0.009 
0.361 

-0.007 
0.460 

0.006 
0.561 

0.005 
0.648 

-0.011 
0.295 

-0.007 
0.460 

-0.024 
0.016 

-0.023 
0.022 

-0.009 
0.359 

-0.011 
0.295 

-0.001 
0.901 

-0.004 
0.700 

-0.318 
0.000 

-0.011 
0.296 

-0.210 
0.000 

-0.231 
0.000 

SAND CH. -0.005 
0.591 

-0.003 
0.801 

0.007 
0.471 

0.007 
0.515 

-0.006 
0.564 

-0.003 
0.801 

0.115 
0.000 

0.114 
0.000 

CLAY CH. 0.014 
0.160 

0.011 
0.275 

-0.007 
0.500 

•0.004 
0.659 

0.011 
0.267 

0.011 
0.275 

0.025 
0.013 

0.023 
0.024 

Q-H 1.000 
0.000 

0.990 
0.000 

0.295 
0.000 

0.381 
0.000 

0.950 
0.000 

0.990 
0.000 

0.469 
0.000 

0.544 
0.000 

Qp-H 0.990 
0.000 

1.000 
0.000 

0.307 
0.000 

0.392 
0.000 

0.940 
0.000 

1.000 
0.000 

0.464 
0.000 

0.540 
0.000 

Sd-H 0.295 
0.000 

0.307 
0.000 

1.000 
0.000 

0.988 
0.000 

0.280 
0.000 

0.307 
0.000 

-0.070 
0.000 

0.156 
0.000 

Sy-H 0.381 
0.000 

0.392 
0.000 

0.988 
0.000 

1.000 
0.000 

0.362 
0.000 

0.392 
0.000 

-0.023 
0.024 

0.205 
0.000 

Q-U 0.950 
0.000 

0.940 
0.000 

0.280 
0.000 

0.362 
0.000 

1.000 
0.000 

0.940 
0.000 

0.510 
0.000 

0.587 
0.000 

Op-U 0.990 
0.000 

1.000 
0.000 

0.307 
0.000 

0.392 
0.000 

0.940 
0.000 

1.000 
0.000 

0.464 
0.000 

0.540 
0.000 

CH-Sd 0.469 
0.000 

0.464 
0.000 

-0.070 
0.000 

-0.023 
0.024 

0.510 
0.000 

0.464 
0.000 

1.000 
0.000 

0.974 
0.000 

Sy-U 0.544 
0.000 

0.540 
0.000 

0.156 
0.000 

0.205 
0.000 

0.587 
0.000 

0.540 
0.000 

0.974 
0.000 

1.000 
0.000 

1 Paaraon Correlation Coafficianta / Prob > |R| undar Ho: Rho*0 
2 Rainfall: oorralationa from 800 obaarvad avants. 
3 Q* runoff voluma, Op* paak runoff, Sd« aadimant datachmant, Sy« aadimant yiald, H* hilltlopa, W« watarahad, CH• channal. 
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