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ABSTRACT 

This study assessed the effects of scale on distributed water erosion parameters such as 

effective hydraulic conductivity, interrill and erodibility parameters. To accomplish this, the 

watershed was split into one, two, three, six, eight and ten hillslope configuration using 

geostatistical analysis on data collected on a 20 m grid at Kendall 112 in Walnut Gulch 

Experimental Watershed located near Tombstone, Arizona. Ordinary and universal block 

kriging were used to split the watershed into cascading planes composed of hillslopes and 

overland flow elements. The manipulation of data by increasing its spatial variability restored 

the variability which was smoothed during block estimation. 

Version 95.7 of Water Erosion Prediction Project (WEPP) was used to simulate runoff, 

peak discharge and sediment yield from each of the watershed configurations. Based on the 

results, block kriging can be used to define hillslopes and overland flow elements required 

in the simulation of runoff and sediment yield using WEPP. From the results, distribution 

of vegetation parameters by multiple hillslopes did not improve the runoff and sediment 

yield at the watershed outlet. However, averaging vegetation estimates on a single 

watershed configuration gave poor results of predicted runoff and sediment than on higher 

hillslope watershed configurations. The high nugget observed from the vegetation sample 

variograms reduces the estimation technique to an arithmetic averaging. 

The model produced plausible results of runoff and peak discharge when the number of 

hillslopes is increased from one up to eight hillslope watershed configuration. No further 

significant improvements were realized, beyond an eight hillslope configuration watershed. 

The erratic nature of predicted sediment yield is explained by the fact that the model does 

not update rill and interrill parameters during continuous simulation. 
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CHAPTER 1. 

INTRODUCTION 

1.1 Background 

Soil erosion is recognized as a threat to cropland and rangeland throughout the world 

(Wischmeier and Smith 1965; Thompson and Troeh 1973; Dregne 1990). The scale of the 

problem, the physical parameters accounting for it, and its hannful effects on the 

environment are documented in the literature (Eck et al. 1967; Williams et al. 1984 and 

1989; Lee 1984; Rijberman and Wolman 1985; Stocking 1986; Young et al. 1985). Several 

models have been developed to predict soil erosion on croplands and rangelands. The ability 

of these models to predict soil erosion and sediment yield is affected by the model input 

parameters estimated from complex spatial and temporal variability found across the range 

landscapes (Blackburn et al. 1992; Decoursey 1988). 

Hydrologic modeling has become an easier task over the last 25 years due to high speed 

computers performing complex and detailed hydrologic analyses. Many engineering designs 

can be evaluated at minimum cost once the data have been collected. Physically-based 

models have helped hydrologists and resource mangers to understand system responses to 

external perturbation. These models impact public policy decisions which often require 

estimates of the magnitude of changes that will occur when land management practices are 

implemented. 

Although the technology for modeling runoff and erosion on rangelands has improved, 

however, the improvements in the physical basis of the model can be lost with the procedure 

used to estimate model parameters. This is particularly true on semi-arid rangelands where 

significant spatial and temporal variations in vegetation communities, runoff and erosion 
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processes prevail. Improvements in model parameter estimation techniques and in our 

understanding of vegetation and soil induced variability are needed to increase the utility of 

the model for use on rangelands (Wagenet, 1888; Wilcox et at. 1990 and Simanton et at. 

1991). 

1.2 Research problem 

Vegetation has been found to be the primary factor influencing spatial and temporal 

variability of soil characteristics controlling infiltration and interrill erosion rates (Mbakaya 

et al. 1988; Tromble et al. 1974). The standard statistical approach used to describe the 

variability of flow and sediment yield properties is to treat soil and vegetation properties 

such as root biomass, height, leaf area index and vegetation cover as statistically random and 

independent regardless of their spatial location, and then to estimate a probability density 

function for each property. However, it is clear that this approach neglects the spatial 

structure inherent in the original data. 

Hydrologists and agronomists therefore face the challenge of extrapolating areal soil 

properties, vegetation characteristics, and rainfall from a few measured point estimates to 

plot, field, and watershed scales for simulation of hydrologic events. The fundamental 

problem in determining appropriate plot size for field experiments is that spatially associated 

experimental units tend to give correlated responses in plant growth due to their shared 

micro environmental factors (Modjeska and Rawlings 1983). This problem is compounded 

by the fact that different plant communities affect the soil properties responsible on 

infiltration by different magnitudes. So, the usual approach to sampling vegetation 

characteristics might not be appropriate for obtaining information for simulating the 

hydrology and erosional processes on rangelands. 
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The question is what value of each of these properties adequately represents the soil and 

the vegetation, and what is the best scale to use. A common task in regional studies of 

rainfall, rainfall-driven runoff, erosion, sediment yield, soil, and vegetation properties is to 

determine the mean value of desired properties. Estimates of the number of observations 

needed for this purpose have usually been based on standard sampling theory without regard 

to spatial dependence of the data. The assumptions of this procedure have usually required 

more observations than researchers can afford (in terms of time and cost) to attain the 

desired level of precision. Observations with a large range result in a high standard deviation 

and estimation variance. 

However, random sampling can be improved by systematic sampling on a grid or along 

a transect in most cases. The literature on systematic sampling for obtaining regional means 

has been reviewed by Petersen and Calvin (1965) and Martin (1979). Most studies have 

assumed an exponential form of spatial dependence and have used an arithmetic mean as 

an estimator. Berry (1962) and Webster (1977) have demonstrated the advantages of 

sampling on grids rather than sampling at random. They found a a 10-fold gain in precision 

when estimating the proportions of particular classes of soil. Most of these studies have 

been largely theoretical and have left out the practical aspects of the analysis. 

The theory of regionalized variables (Matheron 1963, 1973) enables the spatial 

dependence in a property to be estimated quantitatively from the data under stationarity 

assumptions, and then to be used to estimate the mean with a minimum variance. This 

technique is used when the estimation variance depends only on the degree of spatial 

dependence. The general objective of this study was to devise a sampling technique from 

which the sampling variance of vegetation parameters can be forecast using kriging 

techniques before these parameters are used in the model. This results in an integral scale 
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that can then be used for purposes of extending vegetation parameters from a plot size to 

field scale and a watershed size. 

WEPP (Water Erosion Prediction Project) ( Flanagan et al. 1995) is a computer model 

that predicts erosion on a field scale, watershed scale, or a larger scale using a grided 

characterizatrion. This model represents a cascade of hillslopes and channel elements. This 

configuration allows individual components of the model to be independently evaluated. 

The process-based nature of the modelallows it to simulate model that can be extrapolated 

to a broad range of conditions. The inputs and outputs of this model are best described by 

their probabilistic structure because of the individual random processes taking place (Parker 

1991; Tiscareno-Lopez 1994). Soil properties, vegetation properties, topography, surface 

cover, and rainfall intensity are the primary controlling factors for the basic processes of 

infiltration, runoff generation, resistance to the detachment by raindrop impact or flowing 

water, and the transport of detached sediment. 

1.3 Research Objectives 

The main objective of this study was to assess the effects of scale on the predictive 

capability of water erosion models. Distributed vegetation parameters, soil parameters and 

rainfall characteristics were used to simulate runoff, sediment yield and soil erosion on a 

watershed defined at first as a single hillslope and then by multiple hillslopes and overland 

flow elements (OFEs). The secondary objectives of this study were: 

1. To determine an optimum size sample block using geostatistical techniques to extend 

from a watershed defined as a single hillslope to a watershed defined by multiple hillslopes 

and OFEs. 

2. To determine ifthere are any improvements in runoff volume, peak runoff and sediment 
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yield predictions when vegetation parameters are distributed in multiple hillslopes and OFEs 

in a watershed versus using lumped parameters in a single hillslope to define the same 

watershed. 

3. To assess the WEPP model performance for predicting standing biomass and canopy 

cover during continuous simulation. 

4. To recommend the best suitable sampling network for WEPP vegetation input parameters 

based on correlation scale, radial distance (size of hills lope and OFE) and estimation error 

determined from stochastic processes. 

1.4 Approach 

Version 95.7 of the USDA-ARS WEPP erosion model was used in this study. This 

model is a physically-based, distributed parameter, continuous simulation model designed 

to predict the effects ofland-use practices of soil erosion, sediment yield and gully formation 

on cropland and rangeland watersheds. The advantages of a WEPP model are its capabilities 

for estimating spatial and temporal distributions of soil loss for an entire hillslope or for each 

point on a slope profile on a daily, monthly, or average annual basis. The WEPP model was 

chosen for this study because i) erosion and hydrologic parameters are calculated from soil 

and vegetation characteristics, ii) model parameters are updated under continuous simulation 

mode; and iii) the model is applicable to a broad range of land-use conditions. 

Several methods have been used in estimating spatial variability in watersheds. These 

methods include detailed field measurements of process characteristics that may be too 

costly to bear; a stochastic description based on the measured or assumed probability density 

functions (pdt) and autocorrelation and development of spatial (geostatistical) models based 

on the concept of scaling, kriging (ordinary kriging and universal kriging) and conditional 
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simulation. It was decided to test the WEPP model using information at a sub-watershed 

scale (Kendall 112) depicting temporal and spatial variability of soils and vegetation. The 

Kendall 112 watershed (1. 9 hectares) is located within the Walnut Gulch Experimental 

Watershed near Tombstone, Arizona. It is representative of grassland conditions found 

throughout southern parts of the United States (Tiscareno-Lopez 1994). Sample block 

design, overland flow elements (OFE), spatial (geostatistical) models based on the concept 

of scaling and kriging were selected to represent spatial averaging. 

This analysis used statistical methods including analysis of variance (ANOVA), the least 

significant difference mean separation tests and spatial models that involve kriging 

estimation in order to determine the best method of dividing the watershed into elements. 

Estimation requires a model of how the phenomenon behaves at locations where it has not 

been sampled. There is a lot of uncertainty about what happens at unsampled locations. For 

this reason, the geostatistical approach to estimation is based on a probabilistic model that 

recognizes these uncertainties, and the available data is viewed as the result of some random 

process. 

1.5 Benefits 

The study should contribute towards the understanding of the most suitable techniques 

used to parameterize vegetation, soil properties and rainfall events incorporating spatial and 

temporal variations for purposes of improving prediction of infiltration and interrill erosion 

preocesses. The results of this study will be used to evaluate indicators of ecological 

condition and the effects of those changes in those indicators on runoff and sediment yield 

in semi-arid regions. 

This study will also provide a documented method to spatially average vegetation 
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characteristics for the purposes of designing a cost benefit sampling network. The results 

of this documentation will help in the implemention of quick efficient ways of dividing a 

watershed into cascading planes and overland flow elements required in most distributed 

watershed hydrology models. 
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CHAPTER 2. 

LITERA TURE REVIEW 

2.1 Introduction 

There has been increasing interest in the development and application of physically

based distributed hydrological models in recent years. These models range from smaller 

scale models, focusing on the processes in areas within a watershed, such as a hillslope to 

complete watershed models which treat all the components of a hydrologic cycle. Research 

activity within the scientific community has provided an increased understanding of water 

movement in various hydrological regimes. The rapid development in computer technology 

and capability has stimulated interest in incorporating the research results into mathematical 

programs that solve differential equations over dense numerical grid systems. Such models 

are generally thought to have an advantage over traditional lumped parameter models as 

they use spatially distributed parameters of physical relevance and are therefore should 

provide a more accurate prediction of reality. 

A number of problem areas have been identified where assessments of hydrologic 

impacts of land use practices are required. The practices impacted may include rangeland 

utilization, agricultural development, surface and subsurface water exploitation, climatic 

changes, and surface and subsurface migration of industrial and agricultural chemicals. The 

underlying processes and the distributed nature of hydrological systems must be considered 

to provide reliable predictions of the hydrological consequences of such problems. 

Distributed models attempt to provide a deterministic description of the flow processes. 

Distributed parameter values are, in principle measurable in the field as opposed to averaged 
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field measured values and those derived from empirically based models. The physical 

characteristics in a model can be accommodated by allowing the different parameters to 

vary in space and time from one hillslope to another and from one overland flow element 

to another according to measurements (Abbott, et al. 1986; Buthurst, 1986a). Numerical 

values of the parameters necessary to quantifY the role of the soil and vegetation are difficult 

to obtain from watershed input-output data because of their spatial and temporal variability 

(Tromble et al. 1974; Tiscareno-Lopez 1994). The application of lumped parameter models 

have increased over the distributed hydrologic models that generally incorporate detailed 

spatial variability and depend on the accurate portrayal of the many parameters affecting 

the result (Farajalla and Vieux 1995). 

Soils and vegetation properties give rise to some critical parameters in distributed 

hydrologic models when determining runoff and soil erosion produced by a given rainfall 

event. Runoff and erosion processes on semi-arid rangelands are characterized by significant 

spatial and temporal variations (Blackburn et al. 1992). The spatial distribution of the 

amount and type of vegetation has been found to be an important factor controlling spatial 

and temporal variations in infiltrations and interrill erosion rates (Rauzi et al. 1968; 

Blackburn et al.1986 and Thurow et al. 1988a). In their studies, vegetation cover and 

standing biomass were found to be positively correlated to infiltration and negatively 

correlated to interrill erosion rates. 

Variation in soil properties is found at all scales. Parker (1991) observed that a single 

element hillslope portrayed the accurate effect of spatial variability of saturation on all soil 

textural classes studied because it does not suffer from the attenuation of the three element 

and the ten element. Babalola (1978) found little increases in the coefficient of variation . 

percent (CV) of soil properties between 0.34 ha plot and a 91.6 ha farm. Cameron et al. 
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(1971) measured soil properties in fields up to 40 ha in size. They found that the number of 

soil cores needed to achieve a given level of accuracy in determining soil properties 

increased with the size of the field. Hydraulic conductivity, on the other hand, has been 

found to be lognormally distributed, and it exhibits wider variability than other soil 

properties such as soil texture, bulk density, and moisture content in the same field (Neilsen 

et al. 1973). Coelho (1974) reported that 1,011 samples would be required to estimate the 

mean hydraulic conductivity of the surface soil layer within ten percent of the actual value 

(0.05 level of significance) in a 35 hectare field in Southern Arizona. The same area would 

require 1,439 samples for the layer at 150 centimeters depth. 

Smith and Hebbert (1979) and Bresler and Dagan (1983) described the effects of spatial 

variability on infiltration and overland flow. Both studies concluded that a single effective 

parameter set describing the infiltration response of a field with spatially varying parameters 

does not exist. Knowledge of the spatial variability of hydrologic parameters is therefore 

essential for inference of point estimates and areal (regional) values sampled from smaller 

units and extrapolated to larger units. 

In a study of the effects on the response of catchments to storms, Wood et al. (1988) 

proposed the concept of the representative elementary area (REA), a scale at which storm 

responses for equal area catchments have a minimum variance. Wood et. al (1988~ 1990) 

determined a critical resolution at approximately 1 km2 beyond which the variance of the 

modeled storm response increased. Improvements in model parameter estimating techniques 

are therefore needed to increase the model utility for use on rangelands, and increase 

hydrologic and predictive capabilities (Wilcox et al. 1990~ Simanton et al. 1991). 

Although parameter estimation is an important task, it is a difficult aspect in hydrologic 

modeling because a) parameters are not always directly related to measurable watershed 



24 

characteristics, b) there is always correlation among some of the parameters, and c) there 

is a certain error associated with observed data. These parameters are often estimated as 

a function of model prediction and observed data by curve fitting procedures (Borah and 

Haan; 1991). Since model parameters are inferred as a function of observed data which are 

stochastic in nature, parameter estimates should also be treated as random variables. 

This chapter will discuss the historical development of erosion prediction technology, 

starting from the empirical Universal Soil Loss Equation (USLE), through Modified USLE 

(MUSLE) and Revised USLE (RUSLE) and the process based and distributed parameter 

WEPP simulation model. A detailed use of geostatistics as a tool to assess the dynamics of 

scale on water erosion parameters used in process based hydrologic models and associated 

with vegetation properties, is also reviewed. 

2.2 Water erosion modeling trend 

Scientific planning for soil conservation and water management requires knowledge of 

the relations among those factors that cause loss of soil, and those that reduce such losses 

(Renard et al. 1994). The development of erosion-prediction technology started with the 

analysis by Cook (1936) to identify the major variables affecting soil erosion by water. 

Three factors were determined, namely, susceptibility of soil to erosion, potential erosivity 

of rainfall and runoff, and soil protection afforded by plant cover. Zigg (1940) published the 

first equation for calculating field soil loss, and this equation mathematically described the 

effects of slope length and steepness on erosion. Smith (1941) added the factors for 

cropping system and support practices to the equation. This lead to the development of 

Universal Soil Loss Equation (USLE) by Wischmeier and Smith (1965) who refined the 

empirical equation based on six factors: soil erodibility (K), rainfall erosivity (R), length and 
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slope factor (LS), crop factor C and management factor (P). 

USLE, MUSLE, RUSLE and WEPP are tools designed to predict soil erosion under 

different land management scenarios. The research needs and the level of sophistication 

required differs from one technology to another. Runoff is not directly addressed in the 

USLE, however, the 30 minute intensity used in the rainfall factor and the slope length 

indirectly account for the runoff. The modified USLE (MUSLE), substitutes the runoff 

amount and peak discharge for for the rainfall energy factor of the USLE to compute 

sediment yield (Williams et al. 1983). RUSLE is also founded on the empirical USLE 

(Wischmeir and Smith 1965, 1978) that is believed to be applicable wherever numerical 

values of its factors are available. RUSLE includes analysis of the databases which were 

not available when USLE was created. 

In 1985, USDA-ARS began to develop a process-based erosion technology, based on 

mathematical description of the processes that take place in watersheds due to the laws of 

conservation, energy, and momentum for individual or continuous events distributed in 

space and time. 

2.3 The WEPP model 

The development of USDA- Water Erosion Prediction Project (WEPP) hillslope profile 

and the watershed model is a major step towards representing erosion technology based on 

fundamentals of stochastic weather generation, infiltration theory, hydrology, soil physics, 

plant science, hydraulics and erosion mechanics. The model provides several major 

advantages over the existing erosion prediction technology. 

1. Capabilities for estimating spatial and temporal distributions of soil loss. 

2. The net soil loss for an entire hiUslope or for each point along a slope profile can 
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be estimated on a daily, monthly or average annual basis. 

3. The process-based nature of the model make it applicable over a broad range of 

conditions that may not be practical or economical to field test. 

Processes considered in the model include climatic conditions, snowmelt, sprinkler 

irrigation, plant evapotranspiration, percolation, infiltration, surface runoff, rill hydraulics, 

plant growth, residue decomposition and sediment generation, transport and deposition 

within interrill and rill areas. The model is intended to accommodate spatial and temporal 

variability in topography, surface roughness, soil properties, crops, and land use conditions 

on hillslopes. 

The WEPP model operates on a daily time step. The model simulates the processes that 

occur on a piece ofland as detennined by its soils, plant residue and soil water status. It also 

simulates the land use in response to a hydrologic event such as rain, snow snowmelt or 

frost accumulation. WEPP has two versions, namely, the hillslope profile and the watershed 

version. In the hillslope profile version, detachment by raindrop impact and transport of 

sediment by flowing water are estimated. The watershed version incorporates sediment 

delivery to channels from one or more hillslopes with different overland flow elements 

(OFE) within a watershed. It estimates sediment delivery to channels and also computes 

sediment transport, detachment and deposition in small channels and impoundments. 

Most of the work done on WEPP to date has been on model development. The focus 

of this work has been to develop robust algorithms to address the broad scope of 

application for which the model was designed. Sensitivity analysis and model validation for 

both profile and a one hillslope watershed versions of WEPP have been performed on 

rangeland watershed and cropland areas (van der Zweep, 1992 and Tiscareno-Lopez et al. 

1993). Most of these studies have been conducted with WEPP running in a single rainfall 
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option storm Option (Tiscareno-Lopez 1993~ Kidwell 1994). 

Nearing et al. (1989 and 1990) used a relative normalized sensitivity index of the WEPP 

profile version applied to cropland to evaluate the effects of slope length and steepness on 

an interrill erodibility parameter. Short slopes and low gradients had greater effect on the 

interrill erodibility parameter. Nearing et al. (1990) also observed that the saturated 

hydraulic conductivity parameter produced the greatest variation in model response. 

Several different levels of model reliability and model complexity were evaluated using 

the Nash-Suctcliffe model efficiency coefficient on a rangeland watershed (van der Zweep 

1992). It was concluded that the level of aggregation increases as less information is used 

in the model. That is, the uncertainity in model prediction increrases when the model 

disaggregates rainfall from total daily rainfall under a continuous simulation where model 

parameters are updated. The effects of over and under-estimating the model parameters such 

as hydraulic conductivity and Chezy C and consequently under and over-estimating model 

outputs such as runoff volume and peak discharge is mostly caused by simplifying 

assumptions such as modeling the watershed as a single overland plane where the effective 

roughness is a lumped value representing concentrated and overland flow. van der Zweep 

(1992) observed that the trend for over prediction of larger events was most evident with 

validation events and the residuals were not normally distributed, implying hetroscedasticity. 

Tiscareno-Lopez et al. (1993) conducted a study in a rangeland watershed using the 

hillslope version of the WEPP model utilizing Monte Carlo and regression analysis. Their 

results indicated that runoff volume and peak runoff are very sensitive to rainfall 

characteristics (depth, duration and ratio of maximum intensity to average rainfall intensity), 

saturated hydraulic conductivity, initial soil moisture content and standing biomass. When 

rainfall is varied, sediment delivery and sediment detachment were more sensitive to critical 
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shear stress ('tc), but fixed rainfall conditions made sediment detachment and sediment 

delivery predictions more sensitive to the interrill erosion parameter (Ki) than to the rill 

parameter (Kr). 

Tiscareno-Lopez (1994) used a Bayesian-Monte Carlo approach to assess uncertainity 

in process based continuous simulation models. In this study, it was observed that the 

WEPP model had difficulty in representing the variability of a hydrologic system. In 

watershed modeling where the models attempt to represent the watershed behavior under 

both natural and stressed conditions, runoff and soil erosion calculations are required to 

address the spatial and temporal nature of the process. This spatial variability is caused by 

changes in soil and vegetation parameters while temporal variability is imposed by seasonal 

and land-use impacts on plant growth. The study revealed that structural type problems in 

calculating peak runoff and sediment yield might be solved by spatial statistics rather than 

traditional statistics founded on the concept of independent and random sampling. 

2.4 Interpolation 

In process based, distributed parameter hydrologic models, parameter estimation and model 

evaluation must be considered, even though point measurements of these parameters often 

introduce additional errors because they are often space-time average values. This spatial 

and temporal parameter uncertainty can be minimized by applying the probabilistic 

interpretation of a regionalized variable as a particular realization of a random function 

derived from spatial and temporal measurements. The theory of stochastic process is 

considered for the derivation of an ensemble of realizations having similar statistical 

properties. Stochastic statistics is emphasized over the conventional statistics because the 

central limit theorem (randomness and independent sampling) might not hold for a spatial 
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and temporal sampling network. Stochastic statistics reviewed here include variogram 

function, covariance matrix, cross validation, ordinary kriging and universal kriging. 

A number of techniques for spatial interpolation of hydrologic data have been suggested 

in the literature. The method presented by Thiessen (1911) may be the first method used for 

spatial interpolation in applied hydrology. However, the Thiessen polygon method does 

not represent a hydrologic process in a continuous fashion. The method is primarily used to 

interpolate areal rainfall distribution, and it is based on the assumption that for any point in 

the watershed, rainfall is equal to the observed rainfall at the closest rain gauge. 

Spatial interpolation techniques based on multi-dimensional modeling have been 

reported by Lenton and Rodriquez-Iturbe (1977a, 1977b). These models attempt to 

preserve the spatial covariance structure of the process in addition to the mean. The area 

ofinterest is considered as a stochastic random field for random variables as a function of 

time, parameters of the process, and the coordinates of the points in two-dimensional space. 

Multi-dimensional models provide a better representation of the hydrologic phenomena as 

opposed to the multivariate models where the effect of coarse discritization may not 

adequately approximate the physical processes involved (Tabios and Salas 1985). 

Polynomial interpolation and inverse distance methods are mostly used in mapping or 

contouring problems (Gambolati and Volpi 1979a). 

The variability offield measurements and the development of statistical tools to account 

for that variability have been a concern for investigators for decades (Morkoc et al. 1985b). 

For nearly a century, researchers have used classical statistics to treat the observations with 

the implicit assumption that observations of given properties are independent of each other 

and of location. Recently, more emphasis has been given to the spatial and temporal 

variability of field measured physical and chemical characteristics of soil and field crops 
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(Morkoc et al 1985b; Bresler et al. 1981; and Ripley 1981). This technique has been 

extended to study spatial, temporal and spatial pattern analysis of vegetation on rangelands 

(Pierson, et al. 1994 and Spaeth et al. 1994). 

The problem of spatial sampling network led Matheron (1963, 1973) to develop the 

kriging technique based on the theory of regionalized variables for the estimation of ore 

reserves in mining engineering. This method has since been used in many different fields 

such as soils, geophysics, geology and hydrology in the last 10 years (Burges et al. 1981 

and Ripley 1981). In this method, the data values z(Xj) at N locations Xl , ...... ,X N are 

interpreted as a realization of a random function Z(x). 

The acquisition of data required to validate water erosion and to assess spatial and 

temporal variations of runoff, erosion and sediment yield on rangelands remains a critical 

problem in hydrologic modeling. Geostatistics offers a variety of tools that can be used to 

assess the dynamic of scale on water erosion parameters used in process-based hydrologic 

models. This technique can be described as a systematic approach to making inferences 

about quantities that vary in space, and it provides the statistical tools for calculating the 

most accurate (according to a well defined criteria) prediction based on measurements and 

other information collected in space and time; quantifYing the accuracy of these predictions; 

selecting the parameters to be measured, and determining where and when to collect 

measurements. 

Geostatistics uses probability theory concepts. Most of its applications involve some 

variation of minimizing the kriging variance to determine ideal sampling patterns, best 

locations for one or more proposed additional samples, or to find the minimum number of 

samples needed to attain a specified maximum level of error. Kriging uses the theory of 

regionalized variables interpreted as any realization of a random function, Z(x), expressing 
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the random and the structured aspects ofa space variable in such a way that at point x, z(x) 

is a random variable and also a random function because for each pair of points Xl and (Xl 

+ h). The corresponding Z(xl) and Z(XI + h) are not, in general, independent but are related 

by a correlation expressing the spatial structure of the initial variable z(xl). 

The probabilistic interpretation of a regionalized variable z(x) as a particular realization 

ofa certain random function, Z(x) has an operative sense suggesting that all or part of the 

probability law defining random function is inferred. Similarly, many realizations Zl(X1), 

~(xJ ...... ,zJ..xJ, ofZ(x) are required in order to infer realizations z(Xj) of a random function 

Z(x r) at positions Xj. For this to be solved, various assumptions are necessary. 

Kriging is utilized under the assumption that the measured property satisfies stationarity 

assumptions. A stochastic process is said to be stationary when its probability density 

function (pdf) is not a function of space (or time) and its joint pdf is a unique function of the 

space (or time) differences (Ruso and Bresler 1981). Conceptually, a stochastic process can 

be considered as an ensemble of realizations which have the same statistical properties. 

Second order stationarity and intrinsic hypothesis of order zero are invoked during kriging 

(Mulla 1988; Ovalles and Collins 1988). These imply that the expected value, E[Z(x)], 

variance, Var[Z(x)], covariance, C(h) and semi-variogram function, y(h), are not dependent 

on the sampling location. The covariance and the semi-variogram function are given as: 

C(h) = E[Z(x+h). Z(x)] - {E[Z(X)]}2 (2.1) 

y(h) = Var [Z(x) - C(h)] = 1h E[Z(x+h) - Z(x)f (2.2) 

These assumptions are linked to the definition of covariance and semi-variogram 
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functions which simultaneously depend on the two support points x) and X2. If this is the 

case, then many realizations of the pair of random functions Z(x), Z(X2)' ..... Z(XN) must be 

available for any statistical inference to be possible. Similarly, each pair of data z(x k), z(x 

k') separated by distance x k and x k' equal to the vector h, can be considered as a different 

realization of the pair of random variables Z(x) and Z(X2)' These assumptions invoke the 

hypothesis of stationarity of a stochastic process and are divided into three commonly used 

categories of strict stationarity, second order stationarity and intrinsic hypothesis. 

(1) Strict stationarity or strong stationarity occurs if the entire family of its finite

dimensional distributions are invariant under a translation in x. That is, for given XI> ~ 

' ..... 'XN points in space, the distribution ofZ(x, + h), Z(~ + h), .... Z(~ + h) is finite and 

independent of the support point x. Thus: 

E{Z(x)} = m, finite and independent of x (m=mean). 

Var{Z(x)} = 0 2 , finite and independent ofx ( (} 2 = variance). 

(2.3) 

(2.4) 

These two conditions imply that there is no drift and that a constant first and second 

moment parameters exist. 

(2) Second order stationarity exists if the random functions, Z(x,) and Z(x2), are related by 

their space in the frequency domain. This relationship results in covariance function: 

C(h) = E{Z(x,) Z(xJ} - m2 (2.5) 

where C(h) is finite and independent of space x and is a function of separation distance (h). 

The covariance function C(h) does not depend on the particular location ofx. 

(3) Intrinsic Hypothesis represents a weaker form of second order stationarity. A covariace 

function is replaced by a variogram function and a constant mean (m) becomes state-space 

related as: 



y(h) = Y2 Var [Z (x+h) - Z (x)] 

m(h) = E [Z (x + h) - Z (x)] 

where m(h) is the constant mean that depend on the distance vector. 
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(2.6) 

(2.7) 

Kriging is a linear unbiassed estimation technique which minimizes the spatial and 

temporal variance. A system of simultaneous equations was solved, via manipulation of 

matrices, to estimate the value and the variance for each location of interest. The system of 

equations is expressed as: 

[A][X] = [B] (2.8) 

where A is an M*M square matrix and X and B are column vectors. The elements of A are 

derived from a fitted semi-variogram and a drift function, f, (if universal kriging is used) 

developed specifically for the given configuration of the sampling network. In matrix notation 

the elements of equation (2.8) can be represented as: 

°11 °12 ... 0In -1 Al °A} 

°21 °22 ... 02n -1 1.2 °A2 

A = X= B = (2.9) 

on} °,,2 ... Onn -1 AN °AN 

1 1 .. .1 0 Jl 1 

where 0 11 •••• ann are the covariances between points within the block, A I ••• A N are optimal 

weights, and Jl is a Lagrange multiplier. The bar above the covariances of matrix B indicate 

the average covariance between a sample location and all of the points within an area, A. The 

average ordinary block kriging variance is given by: 
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(2.10) 
;= I 

where 0 2 
OK is the average block variance, 0 h\ the average covariance between pairs of 

locations within the block A and 0 iA is the average covariance between a sample location and 

all of the points within the block. The covariance between a sample location and all of the 

points within the block controls the variability and the magnitude of the estimation error 

involved. If the sample blocks are larger than the integral scale, the covariance between a 

sample location and all the points within that block will be large, and this reduces the 

estimation error, 020K. The kriged estimate at a 10catioJ1 x is a weighted average of 

measurements made in its neighborhood. This neighborhood can consist of point or blocks. 

Kriging is distinguished by its attempt to produce a set of estimates for which the variance 

of the errors is minimal. The error variance of a set of estimates can be written as: 

(2.11) 

where OR
2 is the residual variance, Xj are observed values and Xci are estimated values 

Since these observed values represent random variables which are themselves realizations 

of a random function, Z(x), the available samples will be combined in a weighted linear 

combination to form the estimate as: 

n 

Z(xe;) = L ')..;Z(x;) (2.12) 
i= I 
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where 

Z(xJ = Random function of the estimated realizations 

Ai = Linear combination weights 

Z(xJ = Random function of the observed realizations 

The optimal weights, A I .. A n are chosen to minimize the estimation error, 02 OK' 

The difference between the true value and the corresponding estimate will be evaluated as: 

(2.13) 

The variance of this modeled residual error R(Xj), is minimized by finding an expression for 

the modeled error variance (OR~' and setting the partial derivatives of this expression to zero. 

This produces a system of n equations and n unknowns that can be solved by several methods 

used to solve simultaneous linear equations. Since this problem is an unbiased condition, 

constrained optimization techniques involving the Lagrange parameter (J.l) are used during 

the derivation of kriging equations. The variance of a weighted linear combination is given 

as: 

n n 

= L L 'A;...c (Xi X) 
i= 1 i=j } 

(2.l4) 

and the error variance which can also be referred to as the kriging variance can be written as: 

(2.15) 

The first term on the right hand side is the block variance within the sampling area or the 

variance of point samples if point kriging is used. The second term is the covariance of the 

sample to block, and the third term is the covariance between the samples. The addition of 
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2J.l:E (Ai - 1), on the right hand side of equation 2.15 make it a constrained optimization 

problem involving Lagrange multipliers while it does not affect the equality of the equation. 

Furthermore, this addition turns it into a quadratic equation with n+ 1 variables, and setting 

the partial derivative to zero with respect to J.l will produce our unbiasedness condition as: 

= a(2"to.·,-I» = 

a~ 

n 

2L 0.; -1) 
;= 1 

(2.16) 

setting this quantity to zero produces an unbiased condition: 

(2.17) 

In all the kriging equations presented heretofore, it has been assumed that Z(x) is 

stationary or at least quasi-stationary over a given estimation domain. In practice, a trend 

(drift) may exist within the data due to microclimatic environmental conditions. If the mean 

or the expected value of a random function Z(x) is non-stationary, the stationarity 

assumptions used to determine the covariance function and the variogram parameters for 

kriging purposes do not hold. In this case the trend (drift) of the mean variation along the x 

and y coordinates is taken into consideration, and the residuals determined from the 

regression analysis are used to compute the sample variogram used in universal kriging. The 

non-stationary regionalized random function Z (x,y) is expressed as the sum of the drift and 

the residual term as: 

Z (x,y) = y (x,y) + m (x,y) (2.18) 

where Y (x,y) is the drift function and m(x,y) is the residual term. An important property of 
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the residuals is that they have a zero mean and they can thus be used to compute an unbiased 

sample variogram. Given a location of radius r around a point (x o'y 0)' the drift at any point 

(x,y), I (x,y) - x o,y 0) I ::; r can be expressed as: 

k 

m (XJl) = L QI1; (XJl) (2.19) 
1= 1 

and the residual function is expressed as: 

k 

Y (XJl) = Z (XJl) - L QI1; (XJl) (2.20) 
1= 1 

where a J's are unknown coefficients estimated by the drift algorithm and f1 (x,y) are arbitrary 

functions of (x,y). The estimation of the unknown coefficients ( a I'S) requires the prior 

knowledge on the drift function and the variogram function computed from the residuals. 

However, the prior knowledge of the drift function and the variogram function is not possible 

before the coefficients are determined. 

This impasse can be solved by assuming an expression for a drift function and the 

variogram function from which the coefficients and the residuals are calculated. Several 

iterations are performed until the experimental residual variogram fits the theoretical model. 

The theoretical parameters used to fit the residual variogram are used in universal kriging. 

The system of equations used in universal kriging is given as: 

(2.21) 

where, 
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A = 
(2.22) 

')../ 0 

')../ 
2 

0 

')../ = ')../ B / = 
0 

n 
o(l,l) (2.23) 

/ 
-Ill o(2,l) 

/ o (k,l) -Ilk 

and 

where f 2(X I'Y 1)'" f k (x n ,Y .J are manomials (integer powers ofx, xy and Y ), A. / .... A 1 I are 

the weights associated with the IIh coefficient ( I denotes a superscript and not an exponent), 

n is the number of samples, k is the number of coefficients in the drift expression, 0 (j,l) is a 

function equal to one if j is equal to I, otherwise it is equal to zero and J.1/. .. Ilkl are the 

Lagrange multipliers. 
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CHAPTER 3 

STUDY AREA AND VEGETATION PROPERTIES 

3.1 Introduction 

The WEPP hillslope and the watershed model is a process based, continuous simulation 

model, developed to predict erosion effects on agricultural and rangeland management 

practices. The ability of the model to predict spatial and temporal variability of surface runoff 

and erosion processes within the watershed is linked to the spatial and temporal variability 

in topography, soil properties and land use conditions. However, the WEPP model does not 

provide any documented method for determining an optimum size sample block to 

incorporate spatial and temporal variability in topography, soil properties and vegetation 

characteristics for purposes of designing a cost benefit sampling network to be implemented 

by environmental managers. 

This chapter presents a description of the USDA-ARS Walnut Gulch Experimental 

watershed and the Kendall 112 sub-watershed. The location, climatic conditions, soils and 

the vegetation properties of the watershed are described. The sample location, the sampling 

procedure for the vegetation properties and univariate vegetation properties as shown by 

mean, standard deviation and relative frequency distribution over-plotted with the normal 

probability distribution are presented. 
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3.2 Walnut Gulch Experimental Watershed 

The Walnut Gulch Experimental watershed is located near Tombstone in southeastern 

Arizona (31 043 IN, 110 0 41 I W). It occupies an area of 150 kIn 2 within the San Pedro 

River Valley, and it is the only highly instrumented watershed in the Southwest United 

States (fig. 3.1). Research on Walnut Gulch was initiated in 1954 for the purpose of studying 

hydrologic processes in semi-arid ecosystems. It is a transition zone between the Chihuahua 

and Sonaran deserts and climate-soil-vegetation complex is considered representative of 

brush and grass rangelands found throughout the semi-arid area of Southwest. Extreme 

differences between summer and winter precipitation exist in Walnut Gulch watershed. 

Summer precipitation is dominated by convective thunderstorms which are limited in areal 

extent, and characteristically have maximum 5- min rainfall rates greater than 100 mmlhr 

(Osborn and Simanton 1981). Winter precipitation though covering larger areas, has 

maximum 5- min rainfall rates which are usually less than 10 mm1hr (Osborn et al. 1979). 

Average annual precipitation on the watershed is about 300 mm and exhibits a bimodal 

distribution with approximately 70 % of the rainfall occurring during the summer 

thunderstorm season in July to mid September. The frequency and amount of precipitation 

is dominated by the summer events, has a significant effect on runoff and erosion. Figure 3.2 

shows the location of Kendall 112 within a Kendall 11 sub-watershed. 
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Fig. 3.1 Location map of Walnut Gulch Experimental watershed. 
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Fig. 3.2 Location map of Kendall 112 within Kendall 11 Walnut Guch sub-watershed. 
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The temperature at Walnut Gulch follows a pattern largely influenced by incidences of 

incoming solar radiation, occurrences of rainfall, relative humidity and elevation. The mean 

monthly temperature ranges from 7 °C to 27°C with extremes of -8 °C to 3S DC. The average 

frost free season is about 239 days. The temperatures are regulated by solar radiation, 

relative humidity and seasonal changes. Unstable air masses advance into Arizona from the 
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Gulf of Mexico from July to September. This results in high intensity, short duration 

convective thunderstorms. Osborn et al. (1979) have reported single summer thunderstorms 

varying from 25 mm to 50 mm within a distance of four kilometers. On average, rainfall 

depth is 8.71 mm with 2.79 hrs average duration. Seventy seven percent of this rainfall 

occurs during the summer months (fig. 3.3). 

Its geomorphological characteristics comprise of colluvial and alluvial fan material 

ranging from cemented boulder conglomerates to clays and silt. The topography is gently 

rolling and has undulating hillslopes incised by numerous drainage system. The soils are well 

drained, calcareous, gravelly loams with large percentages of rock and gravel materials on 

the surface. The elevation ranges from 730 to 1829 m.a.s.l at the upper eastern portions of 

the watershed. This watershed has 43 sub-watersheds and smaller watersheds nested within 

the larger once. The smaller watersheds vary from 0.7 ha to 14,796 ha in size. Kendall 112 

sub-watershed, located in the North-Eastern part of the Walnut Gulch watershed was 

selected to measure vegetation properties. It is a small area of about 1.92 hectares nested 

within the larger Kendall sub-watershed. It is a predominantly grassland rangeland. 



44 

100 r-------------------~ 100 

80 80 

60 60 
MnTeIl1loC 

---e-

40 Rainfall (nm) 40 

20 20 

o 0 
Jan Feb Mlr Apr Mly Jtme July Aug Sep lli Nlv Ox 

Fig. 3.3 Average monthly maximum, minimum temperatures and rainfall in Kendall 112 

watershed. 

3.3 Soils 

Elgin-Stronghold complex soil association is found throughout the watershed. The soils are 

very gravelly sandy loarns found on rolling hills and ridges resulting from the deep dissection 

of old valley plains and alluvial fans. Elgin soils are found on hill tops and on upper side 

slopes while Stronghold soil are on the lower slopes towards the valley bottoms (USDA 

1995). 

Table 3.1 presents the statistics of the soil characteristics from samples collected by 
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Tiscareno-Lopez (1994). The soils have a sandy clay texture. Bulk density had the smallest 

coefficient of variation (CV), and percent rock fragments CV was high because of its 

hyperbolic relationship with soil-slope factor (sst), (Simanton et al. 1994). 

Table 3.1 Statistic of soil characteristics at Kendall 112 (Tiscareno-Lopez 1994). 

Parameter Units N Min Max Mean Std CV 

Rock fragments % 22 9.1 43.8 23.6 8.9 0.38 

Sand % 22 47.8 80.9 62.6 8.7 0.14 

Clay % 22 11.0 34.1 23.0 7.1 0.31 

Silt % 22 7.3 18.6 14.2 2.5 0.18 

Bulk density glcm3 22 1.15 1.51 1.31 0.09 0.07 

Organic matter % 22 0.7 2.55 1.67 0.57 0.34 

1/3 bars soil moisture % 96 14.1 32.9 23.9 5.2 0.22 

15 bars soil moisture % 96 7.9 18.3 13.3 2.9 0.22 

CEC meq/100 30 10.6 39.8 23.6 8.3 0.35 



46 

3.4 Sampling procedure 

Sampling vegetation for canopy cover (by grasses, shrub species and by forb species), 

surface roughness, ground surface cover (outside canopy and under canopy) was carried out 

using a 60-pin point frame for a total of 112 samples located 20 m apart and distributed 

throughout a 1.9 hectare Kendall watershed. The sampling pattern and the location of 

samples throughout the watershed are shown in fig 3.4. A steel pin was lowered vertically 

at 5 cm intervals along the 0.5 m2 balanced point frame. If the pin touched the plant aerial 

part, the lifeform was recorded, and the pin was then lowered to the surface where the first 

component touched was recorded for that point on the ground. At each of these locations, 

the height of the pin from the surface to the top of the balanced frame was recorded. These 

measurements were used to calculate the standard deviation of random roughness. 

Canopy cover and basal cover became difficult to measure in overgrazed areas. 

However, basal cover was recorded up to a height of2.5 cm from the soil surface for this 

study. A FORTRAN computer program was used to tally the cover fraction of each cover 

term, total ground cover, canopy cover and the fraction of each ground cover term under the 

canopy (interrill cover). The total interrill cover was defined as the sum of the fraction of 

each ground cover component located in interrill areas, while the total rill (outside canopy) 

cover was calculated as the sum of the fraction of each ground cover component located in 

rill areas. The total components for rill and interrill cover were then calculated by summing 

the cover for individual components in their respective areas. 
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Fig. 3.4 Sample locations at Kendall 112 watershed. 

3.5 Vegetation properties 

Since 1990, vegetation information on root biomass in the top 10 centimers, average 

canopy diameter, average height of shrubs and grasses, total canopy cover and live and dead 

residue biomass had been collected in Kendall with monthly clippings from the North and 

South facing hillslopes and for grazing and ungrazed conditions. The vegetation sampling 

from 1990 to 1993 was randomly distributed throughout the watershed without any pre-

determined sampling network. The sample locations and their spatial dependence was not 

taken into consideration. However, temporal variability and aggregate spatial variation over 
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the watershed was portrayed by the mean and standard deviation. In addition, the effects of 

non-grazing (restoration) condition were studied in two established grazing exclosures of 

930 m2 each, one located in the north facing and another in the south facing hillslopes of 

Kendall 11 watershed. Kendall 112 is located in the north facing side of the hillslopes. 

Figure 3.5 shows higher canopy cover on ungrazed than grazed based on total canopy cover. 

The major grasses species found in the Bernadino-Hathaway soil association are black 

gramma (Bolltelon gracilis), fluff grass (Tridells plIlchelllls), curly mesquite (hilaria 

belangeri) and a limited number of annuals. Burroweed (Haplopapplls tenllisectlls), whithe 

thorn acacia (Acacia constricta), mesquite (Prosopis }lIlifiora var. vetlllina), creosotebrush 

(larrea devaricata) beargrass (nolina microcarpa),Yueca (YlIcCli spp) sotol (Dasy lirion 

wheeleri) and ocotillo (Follqllieria splendens) are some of the shrubs found during the 

period of data collection in Kendall watershed since 1990 to 1993. 

The ground surface cover characteristics measured included total basal cover, total bare 

ground, total ground cover by litter (organic materials in direct contact with the soil), total 

ground cover by rock, average distance between plants and the density of plants. The ground 

cover characteristics were divided into the under canopy component and the outside canopy 

component. The under canopy cover component is defined as interrill areas and the outside 

canopy cover is defined as rill areas. The components of interrill ground cover measured 

were basal cover, litter cover and rock cover. Similar components were also measured in the 

rill areas. 
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Fig. 3.5 Canopy cover on grazed and ungrazed north facing hiIlslopes at Kendall 112 

watershed. 

Table 3.2 shows the statistical characteristics of total canopy cover (separated into 

grasses, forbs and shrubs), total ground cover (rill and interrill cover) random roughness and 

height of grasses, forbs and shrubs. The scarcity of some vegetation variable measured 

increased their coefficient of variation (CV). The CV of canopy cover by forbs and shrubs 

(CV) is very high (4.86 and 1.77 respectively) because these variables were not frequently 

encountered in the watershed. Interril vegetation properties by litter, rock and by basal 

vegetation is also high. Figures 3.6, 3.8, and 3.9 show the highly skewed distribution of 

forbs, shrubs and the interrill vegetation properties. 
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Table 3.2 Vegetation parameters in Kendall 112 watershed. 

Parameter Units Samples Mean Std Dev CV 

Total canopy cover % 112 20.7 15.06 0.73 

Canopy cover by grasses % 112 16.1 12.4 0.77 

Canopy cover by forbs % 112 0.09 0.44 4.86 

Canopy cover by shrubs % 112 4.47 7.91 1.77 

Total rock cover % 112 30.2 13.36 0.44 

Interrilllitter cover % 112 6.68 8.88 1.33 

Interrill rock cover % 112 2.68 3.52 1.31 

Interril basal cover % 112 3.69 3.84 1.04 

Rill litter cover % 112 11.8 9.87 0.83 

Rill rock cover % 112 27.6 12.26 0.45 

Rill basal cover % 112 8.32 5.87 0.71 

Total litter cover % 112 18.51 15.37 0.83 

Total rock cover % 112 30.00 13.36 0.44 

Total basal cover % 112 12.01 5.72 0.48 

Random roughness (mm) 112 3.04 1.88 0.62 

Height of grasses (cm) 112 90.48 144.83 1.6 

Height of forbs (cm) 112 0.43 5.72 5.53 

Height of shrubs (cm) 112 44.98 132.47 2.95 
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Fig 3.6 Total canopy cover, and canopy cover by grass, shrubs and forb species. 
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Fig 3.7 Total rill and interrill cover by ground, rock, litter and basal vegetation. 
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CHAPTER 4 

MODEL DESCRIPTION AND METHODS 

4.1 Introduction 

WEPP is a process-based continuous and distributed parameter model predicting runoff 

and soil erosion from hillslopes and watersheds. Selecting the correct spatial resolution in 

distributed hydrologic modeling at a watershed scale is essential in reducing scale related 

errors. The sample size plays a major role in determination of mean and standard deviation. 

There is a relationship between the size of the sample and the distribution of their values. 

Hydrologic models use parameters to represent the hydrologically responding units, and data 

on watershed characteristics are collected at a number of field locations and are difficult to 

transform into collective measurements (Singh 1995). 

The question arises as to the scale best suited for hydrologic simulation. A balance 

between large and small scale must be achieved because small scales are dominated by local 

physical features and large scales tend to ignore significant hydrologic heterogeneity caused 

by spatial variabilities of watershed characteristics. The optimal scale can only be arrived at 

if data is available on all multiple processes that generate local hydrologic responses. 

In standard statistics, central limit theorem is used to control sample variability. In spatial 

statistics, variogram parameters are used to control spatial and temporal sample variability. 

The variability of the estimated values is assessed from the kriging variance. The average 
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estimated value becomes the block estimate if an area is considered, and it becomes a local 

estimate when the small area is considered, and the nearby samples are considered to 

estimate that value. During cross validation, a sample point is estimated by using the 

surrounding values. 

In block estimation, an estimate of the average value of a variable within a prescribed 

local area is required. The method used for obtaining such an estimate is to discritize the 

local area into many points (sub-areas), and the values within the block are used to estimate 

the average value of the block. The average values within the blocks can be used to 

determine the variability and the mean of the blocks. 

The process-based hydrologic models usually document an understanding of basic 

processes taking place within a watershed. These models can also describe the temporal and 

spatial variability of the system during continuous simulation. Lack of database from smaller 

dynamic units within the watershed make it difficult to represent and validate the temporal 

and spatial variability of the system within acceptable level of detail. Under these 

circumstances, the process-based distributed hydrologic models are treated in a similar way 

to lumped conceptual models which use observed data from the watershed outlet to perform 

calibration over a set of events (Tiscareno-Lopez 1994). The calibration is made even more 

difficult during continuous simulation because spatial parameters are updated to represent 

temporal variability. 

Since the objective of this research was to assess the importance of parameter 

distribution in space and time, for purposes of predicting runoff volume, peak discharge and 
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sediment yield, the Kendall 112 watershed was split into several hillslopes. The vegetation 

estimates spaced at 30 m intervals were used to define cascading planes or overland flow 

elements by averaging all the points within an overland flow element (OFE) for a single value 

used to parameterize WEPP. A single hillslope, two hillslopes, three hillslopes, six hillslopes, 

eight hillslopes and ten hillslopes were considered to represent the watershed. Two hillslopes 

and three hillslopes had one channel element draining to the V-notch weir at the watershed 

outlet. A configuration of six hillslopes was drained by three channel elements; four channel 

elements drained eight hillslopes, and ten hillslopes were drained by five channel elements. 

Each hillslope configuration had two overland flow elements. Fig. 4.1 shows the schematic 

representation of Kendall 112 watershed split into ten hillslopes, overland flow elements 

(OFEs), five channel segments, and an impoundment (pond) at the watershed outlet. Figure 

4.2 shows the schematic watershed configurations and their overland flow elements. 

The watershed model contains hillslope component, channel component and an 

impoundment component. The impoundment was not considered in this study because 

discharge measurements were taken before the pond. The number of OFEs were determined 

from the number of kriged block within a hillslope. 
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Fig. 4.1 Schematic representation of hills lopes and overland flow elements in Kendall 112 

watershed. 

The watershed model utilizes the same algorithms used on a hillslope. The hillslope 

component calculates rainfall excess by Green-Ampt Mein-Larson (GAML) infiltration 

equation (see equation 3.3). The peak runoffrate is calculated by kinematic wave overland 

flow routing or simplified regression equations. Interrill erosion is calculated as a process of 

detachment by raindrop impact and sediment delivery to the rill flow areas. Rill erosion is 

calculated as process of sediment detachment, sediment transport capacity and the existing 
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1 hillslope watershed 6 hillslope watershed 

2 hillslope watershed 8 hillslope watershed 

3 hillslope watershed 10 hillslope watershed 

Fig 4.2 Kendall 112 watershed simulated as one, two, three, six, eight and ten hillslope 

watershed configuration. 
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sediment load in the flow. The pass file is used to store hydrologic and erosion output from 

hillslopes; and this infonnation is read to the respective channel elements or impoundments. 

The infonnation stored in the pass file is the stonn duration (h), overland flow time of 

concentration (h), alpha (dimensionless), runoff depth (m), runoff volume (m3
), peak runoff 

rate (m3/s). Total sediment detachment (kg), total sediment deposited (kg) and sediment 

concentration by class size (kg/m3
) at the end of a hillslope are stored in the pass file. The 

particle size in the eroded sediment is stored as a dimensionless fraction. 

The channel component uses GAML infiltration equation to calculate rainfall excess, and 

the peak runoff rate at each channel outlet is estimated from the modified rational equation 

used in EPIC model (Williams, 1995). This equation is written as: 

qPO = 
ex CHvol 

3600 Tc 
(4.1) 

where q po is the discharge at the channel ro watershed outlet (m3/s), Tc is the time of 

concentration at the outlet (h), cx is the dimensionless parameter expressing the 

proportion of total rainfall occurring during Tc and is for the final OFE and for each channel 

and impoundment watershed element, and CH vol is the final channel or watershed runoff 

volume (m3
). The peak runoff rate for CREAMS is computed using the equation developed 

by Smith and Williams (1980): 

0.0166 

qpo = 0.217 A~·7 S0.159 (0.0394 Q)0.836 Aw (LwrO.187 (4.2) 
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wwhere A w is the watershed area contributing to the channel (ha), S is the channel slope 

(%), Q is the daily runoff volume (mm), and Lw is the watershed length to width ratio. 

4.2 WEPP hillslope and watershed hydrology and erosion 

The water erosion process is driven by the hydrologic processes of rainfall and runoff. 

The significant factors affecting this process are rainfall characteristics (time, intensity 

distribution, and the maximum intensity) which affect the infiltration/rainfall excess process. 

Infiltration is controlled by time to ponding, duration and distribution of rainfall excess and 

runoff in terms of peak discharge, time to peak discharge, and runoff volume. WEPP uses 

the Green and Ampt (1911) effective conductivity parameter (K c) in determining infiltration. 

This parameter is the lower limit of infiltration and is related to the saturated conductivity 

of the soil. The Green and Ampt equation used to calculate infiltration is: 

K t = F - N In( 1 + .f....) 
e S N 

S 

(4.3) 

where ~ is effective saturated hydraulic conductivity (m S·I), t is the time since ponding (s), 

F is the cumulative infiltration depth (m), and Ns is effective matric potential (m). The 

effective matric potential is: 

(4.4) 

where 11c is the effective porosity (m3/m3
), 8v is volumetric water content (m3/m3

), and lJr is 
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the average matric potential across the wetting front (m). The effective porosity is defined 

as the difference between the total porosity corrected for entrapped air and the residual 

water content. Rawls et al. (1986) approximated the effective porosity as: 

11e=111-6r (4.5) 

where 111 is the total porosity and 6r is the residual soil moisture as a decimal percentage. 

The residual soil moisture is a function of organic matter, clay content, cation exchange 

capacity ratio and the bulk density of the soil. 

The WEPP model can be operated in two modes: the user input value of Ke and the 

effective baseline hydraulic conductivity value (K e range). The user defined K e is calculated 

outside the model and is used as an input, and the baseline effective hydraulic conductivity 

value <Kt,) is calculated based on the root biomass in the top 10 em of the soil (kg m -2), rill 

basal surface cover (0-1), interrilllitter surface cover and cation exchange capacity. Organic 

matter, percent sand, surface random roughness, and interill basal surface are used when the 

rill cover is equal or greater than 45 %. The vegetation characteristics used in the 

management file (vegetation input file) on hillsopes and channel segments are shown in table 

4.1,4.2,4.3 and 4.4. 



Table 4.1 Vegetation characteristic used on one hillslope, two hillslopes and three hillslope watershed configuration 
as tabulated by overland flow elements and hillslopes. 

1 hillslope watershed configuration 

Overland flow element 1 (OFE 1) Overland flow element 2 (OFE 2) 

#1 #2 #3 #4 #5 #6 #7 #8 #1 #2 #3 #4 

Hills 1 3.2 7.3 2.7 3.7 12.3 27.2 7.9 21.7 

2 hillslope watershed configuration 

Hill 1 2.3 5.7 2.2 3.5 11.5 27.7 10.5 19.0 3.1 9.3 3.1 3.2 

Hill 2 3.4 9.8 3.2 5.5 10.7 28.8 6.9 26.9 3.8 4.4 2.4 2.7 

3 hillslope watershed configuration 

Hill 1 2.7 4.4 2.6 2.1 12.0 27.7 11.4 16.0 2.3 7.6 2.2 4.3 

Hill 2 3.4 8.6 3.1 6.0 11.0 29.7 7.3 23.6 3.9 4.9 2.8 2.9 

Hill 3 3.1 10.4 2.9 2.7 15.9 30.6 3.9 24.3 3.3 9.0 3.2 3.4 

Sel!; 1 4.0 11.4 2.9 3.7 13.7 27.4 6.3 25.7 

#1 is the surface random roughness (mm) ,#2 is interrilliitter cover (%), #3 is interrill rock cover (%) 
#4 is interrill basal surface vegetation cover (%) #5 is rilllitter cover (%), #6 is rill rock cover (%) 
# 7 is rill basal surface vegetation cover (%) and #8 is Total foliar (canopy) cover (%) 
Seg 1 is channel segemnts fed by hiIll to hill 3 (hillslopes 1 to hillslope 3). 

#5 #6 

15.3 27.3 

11.9 24.9 

11.0 27.5 

12.5 23.9 

15.0 26.6 

#7 #8 

4.9 23.8 

9.4 17.2 

9.6 23.3 

9.6 18.0 

5.9 23.9 

0-w 



Table 4.2 Vegetation characteristic used on 6 hillslope watershed configuration as tabulated by overland flow elements 
and hillslopes. 

- -

6 hillsJope configuration 

Overland flow element 1 (OFE 1) Overland flow element 2 (OFE 2) 

#1 #2 #3 #4 #5 #6 #7 #8 #1 #2 #3 #4 #5 #6 #7 #8 

Hill 1 3.3 14.8 3.5 3.6 9.4 25.1 4.9 35.9 3.3 14.8 3.5 3.6 9.4 25.1 4.9 35.9 

Hill 2 2.5 6.0 2.0 3.4 11.3 30.4 9.3 21.1 2.4 7 3.2 6.9 12.7 28.2 9.0 24.7 

Hill 3 2.3 5.1 2.3 1.8 11.7 25.6 12.7 15.2 2.1 5.1 1.6 2.4 10.9 26.5 11.6 15.4 

Hill 4 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 

HillS 4.0 11.0 2.8 6.6 11.0 30.0 3.0 39.0 6.0 1.9 2.3 1.4 12.0 22.0 14.0 8.0 

Hill 6 4.6 10.0 4.7 3.5 21.0 28.0 3.0 35.0 6.0 10.0 5.2 3.6 13.0 14.0 8.0 24.0 

Seg 1 2.1 8.4 0.6 0.2 10.0 26.0 1.1 15.8 

Seg2 6.0 12.0 28.0 8.0 18.0 3.0 12.0 21.0 

Seg3 6.0 12.0 28.0 8.0 18.0 3.0 12.0 21.0 

#1, #2, #3, #4, #5, #6, #7 and #8 are the same as in table 4.1, and hill 1 to hill 6 are hillslopes 1 to hillslope 6. 

0\ 
~ 



Table 4.3 Vegetation characteristic used on an eight hillslope watershed configuration as tabulated by overland flow 
elements and hillslopes. 

8 hillslope configuration 

Overland flow element 1 CaFE I) Overland flow element 2 CaFE 2) 

#1 #2 #3 #4 #5 #6 #7 #8 #1 #2 #3 #4 #5 #6 #7 #8 

Hill 1 3.3 14.8 3.5 3.6 9.4 25.1 4.9 35.9 3.3 14.8 3.5 3.6 9.4 25.1 4.9 35.9 

Hill 2 2.5 6.0 2.0 3.4 11.3 30.4 9.3 21.1 2.4 7.0 3.2 6.9 12.7 28.2 9.0 24.7 

Hill 3 2.3 5.1 2.3 1.8 11.7 25.6 12.7 15.2 2.1 5.1 1.6 2.4 10.9 26.5 11.6 15.4 

Hill 4 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 

HillS 3.8 6.9 3.0 3.6 9.0 31.0 8.0 22.7 3.4 6.1 3.6 3.2 10.1 21.9 9.1 21.8 

Hill 6 3.8 6.9 3.0 3.6 9.0 31.0 8.0 22.7 3.4 6.1 3.6 3.2 10.1 21.9 9.1 21.8 

Hill 7 3.1 10.2 3.2 8.5 13.0 28.4 28.4 26.5 4.2 4.4 3.5 9.4 13.6 25.0 9.8 16.1 

Hill 8 3.1 8.8 3.1 1.6 16.3 28.1 5.1 23.5 3.6 8.8 2.6 2.2 15.0 27.1 6.6 23.6 

Seg 1 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 

Seg2 3.37 6.1 3.6 3.2 10.1 21.9 9.1 21.8 

Seg3 3.6 11.0 3.8 5.9 14.2 28.4 4.5 28.4 

Seg4 4.0 11.4 2.9 3.7 13.7 27.4 6.3 25.7 

Segl, Seg 2, Seg 3 and Seg 4 are channel segments (elements) and hill I to hill 8 are hillslopes I to hillslope 8. 

0\ 
Vl 



Table 4.4 Vegetation characteristic used on a 10 hillslope watershed configuration as tabulated by overland flow 
elements and hilIslopes. 

10 hillslope watershed configuration 

Overland flow element 1 COFE 1) Overland flow element 2 COFE 2) 

#1 #2 #3 #4 #5 #6 #7 #8 #1 #2 #3 #4 #5 #6 #7 #8 

Hill 1 3.3 14.8 3.5 3.6 9.4 25.1 4.9 35.9 3.3 14.8 3.5 3.6 9.4 25.1 4.9 35.9 

Hill 2 2.5 6.0 2.0 3.4 11.3 30.4 9.3 21.1 2.4 7 3.2 6.9 12.7 28.2 9.0 24.7 

Hill 3 2.3 5.1 2.3 1.8 11.7 25.6 12.7 15.2 2.1 5.1 1.6 2.4 10.9 26.5 11.6 15.4 

Hill 4 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 2.3 7.4 2.7 3.5 15.9 23.9 5.0 20.1 

HillS 3.8 6.9 3.0 3.6 9.0 31.0 8.0 22.7 3.4 6.1 3.6 3.2 10.1 21.9 9.1 21.8 

hill 6 3.8 6.9 3.0 3.6 9.0 31.0 8.0 22.7 3.4 6.1 3.6 3.2 10.1 21.9 9.1 21.8 

Hill 7 3.1 10.2 3.2 8.5 13.0 28.4 28.4 26.5 4.1 4.6 2.9 16.3 16.7 22.5 10.6 15.5 

Hill 8 3.0 11.2 3.0 2.5 16.3 29.5 3.3 25.7 4.0 11.4 2.0 3.7 13.7 27.4 6.3 25.7 

Hill 9 3.6 2.7 1.2 2.1 10.0 27.9 9.0 14.8 4.3 4.2 4.0 2.5 10.6 27.4 9.0 16.7 

Hill 10 3.2 63 3.2 0.6 16.3 26.8 6.8 21.4 3.2 63 3.2 0.6 16.3 26.8 6.8 21.4 I 

Seg4 4.0 11.4 2.9 3.7 13.7 27.4 6.3 25.7 i 

Seg5 6.0 3.3 2.0 2.0 5.0 22.0 7.0 13.0 

Seg 4 and Seg 5 are chanel segments (elements) and hill! to hilll 0 are hillslopes 1 to hillslope 1 O. 

0\ 
0\ 
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Equations for predicting Kc on rangelands were developed from rainfall simulation data 

collected from 150 plots from 34 locations across the western United States (Alberts et at. 

1995). The effective saturated hydraulic conductivity was obtained by optimizing the WEPP 

model based on runoff volume (Kidwell, 1994, Alberts et a1. 1995). Biotic and abiotic plot 

properties were then used to develop multiple regression equations prediticting Ke on 

rangelands. The resulting equations were based on rill surface cover being less than 45 % or 

when rill cover is equal or greater than 45 %. For rill cover less than 45 % the equation is: 

Kerange= 57.99 - 14.05 In (CEC) + 6.2 In (ROOTlO) - 473.39 BASR2 + 4.78 RESI (4.6) 

and if the rill surface cover is equal or greater than 45 % the Kcransc is predicted from: 

Kcrangc = - 14.29 - 3.4 In (ROOT 1 0) + 37.83 SAND + 208.86 Org + 398.64 RR 

-27.39RESI +64.14BASI (4.7) 

where CEC is cation exchange capacity of surface soil (meq/lOO g), ROOTlO is root 

biomass in the top 10 cm of the soil (kg m -2), BASR is the fraction of rill basal surface 

cover (0-1), RESI is fraction of interrilllitter surface cover (0-1), SAND is fraction of sand 

in the soil (0-1), Org fraction of organic matter in the soil (0-1), RR is the surface random 

roughness (m) and BASI is the fraction ofinterrill basal surface cover (0-1). 

Soil erosion on semi-arid rangelands depends on many factors including precipitation, 

vegetation community, soil type, topographic position and land use. Vegetation influences 

the rate of erosion on rangelands through several processes. Below-ground biomass (roots) 

influences erosion by physically binding the soil in place, adding organic matter that increases 

aggregate stability and reduces particle detachment, decreases bulk density and increases the 
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number of micropores. A data set of below-ground biomass such as ROOT} 0 collected 

during the summers of 1987 through 1993 around the study area for validating WEPP on 

rangelands was also used as input variable to calculate effective hydraulic conductivity for 

this study. 

Above-ground biomass was used in WEPP algorithms to simulate runoff and sediment 

yield because it reduces kinetic energy of precipitation, increases surface roughness, time to 

ponding, time to runoff, physically covers the soil surface and alters the water balance of the 

soil. Surface vegetation characteristics collected from 1990 to 1993 were used as input 

prameters of the model (table 4.5), and the intensive vegetation measurements collected in 

the summer of 1994 were used to design a sampling network (see table 3.2). 

The rainfall-runoff component in WEPP predicts rainfall excess, and the kinematic 

routing procedures are used to estimate overland flow on a plane. Overland flow processes 

are conceptualized as a mixture of broad sheet flow in interrill areas and concentrated flow 

in rill areas. Broad sheet flow on an idealized surface is assumed for flow routing and 

hydrograpb development. Overland flow procedures include both an analytical solution to 

the kinematic wave equations and regression equations derived from the kinematic 

approximation for range of slope steepness and length, friction factors (surface roughness 

coefficient), soil textural classes and rill distributions. 

The WEPP model divides erosion into interrill and rill erosion areas. Interrill erosion is 

described as a process of detachment by raindrop impact and sediment delivery to rill flow 

areas. Sediment delivery ratio to rill flow areas is a function of rainfall intensity and rainfall 
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excess. Rill erosion is described as a function of the flow's ability to detach sediment, 

sediment transport capacity, and the existing sediment load in the flow. The WEPP erosion 

Table 4.5 Vegetation input parameters used on all hillslopes and overland flow 

elements. 

Parameter Units Value 

Coefficient of change in surface residue mass Dimensionless 5.89 

Coefficient of leaf area index 6.00 

Change in root mass coefficient 1.00 

Parameter for canopy height equation 1.30 

Standing biomass where canopy cover is 100 % Kg/m2 1.00 

Projected plant area coefficient for grasses Dimensionless 0.78 

Maximum standing live biomass Kg/m2 0.25 

Plant drought tolerance factor Dimensionless 0.15 

Minimum amount of live biomass Kg/m2 0.00 

Root biomass in the top 10 cm (ROOT 10) Kg/m2 1.14 

Initial residue mass above the ground Kg/m2 0.124 

Initial residue mass on the ground Kg/m2 0.126 
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component of the model uses a steady state sediment continuity equation to describe the 

movement of suspended sediment in a rill as: 

dO 

dx 
= D + D. r , (4.8) 

G is sediment load (kg S-I m-I), x represents the distance down slope. Dr is rill erosion rate 

(kg S-I m2
) and Dj is interrill erosion rate (kg-Is -m ). Deposition is calculated when 

sediment load, G is greater than sediment transport capacity, Te. Net soil detachment in rills 

is calculated for the case when hydraulic shear stress exceeds the critical shear stress of the 

soil and when sediment load is less than sediment transport capacity. For the case of rill 

detachment: 

(4.9) 

where Dr is the rill detachment capacity by flow, K r is the rill erodibility parameter, t' is the 

average flow shear stress (pa), t'e is the critical hydraulic shear stress of the soil (Pa) and Tc 

is sediment transport capacity in the rill (kg S-I m-I). Rill detachment is considered to be zero 

when shear stress is less than the critical shear of the soil. Net deposition is computed when 

sediment load, G is greater than sediment transport capacity, Tc. For this case: 

(4.10) 

where p (= 0.5) is the raindrop induced turbulence coefficient, Vr is the effective fall velocity 
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for sediment (mls), and q is flow discharge per unit width (m2/s). The effective fall velocity 

acts mathematically as a first order decay coefficient that predicts the rate at which the 

sediment load approaches transport capacity during deposition. 

Soil from the interrill is detached by raindrop impact and sediment is delivered to 

concentrated flow areas. WEPP assumes that detached sediment from the interrill is carried 

to the rill areas by overland flow. The interrill detachment rate (Dj ) on rangelands in version 

95.7 ofWEPP is estimated as: 

(4.11) 

where ~ = K ib (K icov) (K if» is the adjusted interrill soil erodibility parameter (kg s m-4), 

K ib is the baseline interrill erodibility for rangeland soils as derived from regression 

equations, K icov is the adjustment factor for rangeland cover, K if is the adjustment factor for 

freezing and thawing, Ie is effective rainfall intensity (mls), qj is the average unit discharge 

of runoff from the interrill area over time of excess rainfall, ~ is the weighted interrill 

sediment delivery ratio based on random roughness (for rangelands ~ is equal to 1), the side

slope and the interrill sediment particle size distribution (unitless), ~ is rill spacing (m), and 

w is the rill width (m). The effective rainfall intensity, Ie is calculated from: 
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(4.12) 

where I is the rainfall intensity, t is time and tc is the total time during which the rainfall rate 

exceeds infiltration rate. The rangeland adjustment factor K icov is predicted from: 

K. = e - 7(icov + ccov) 
lCOV (4.13) 

where icov is interrill cover fraction (0-1) and ccov is the canopy cover fraction (0-1). The 

canopy cover Cc is estimated by: 

c = 1 - e -J,/Jl 
c (4.14) 

where t:: is the user-specified shaping coefficient, B 1 is the total standing biomass (kglm2). 

The ground cover effect on interrill and rill sediment delivery is calculated as the sum of 

litter, rock, basal and, cryptogamic crust. The total litter cover (Cr) is estimated with an 

exponential function and then split into rill and interrill user specified distributions (Arnold 

et al. 1995) as: 

(4.15) 

where Cf is a user-defined shaping coefficient (m2/kg), and Rg is the total litter and organic 

residue mass on the soil surface (kg 1m2
). Total ground cover is calculated as the sum of 

litter, rock cover, basal cover, and cryptogamic crust in both rill and interrill areas. 
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Substitution of equations 4.9 and 4.11 into equation 4.8 gives the sediment continuity 

equation when transport capacity is greater than sediment load as: 

dG [Rs] G - = K. I q. R. - + K T(l --} dx 10 ell W r T 
c 

(4.16) 

where T is the difference between shear stress and critical shear stress (1: - 1:c ), and the term 

(1 -GfTJ is considered a feedback term implying that the detachment rate in rills is a function 

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

load is greater than transport capacity, net deposition is included in the sediment continuity 

equation by substituting equations 4.10 and 4.11 in equation 4.8 give sediment the 

continuity equation as: 

dG [Rs] (~)( G) - = K. I q. R - + P - 1 - -
dx 10 eli W q Tc (4.17) 

WEPP can calculate and update hydrologic and erosion parameters based on physical 

characteristics of the watershed to account for temporal and spatial variability. However, 

some of the variables such as root biomass and leaf area index required to calculate the 

parameters, are too difficult, time consuming and expensive to measure. The relationship 

between leafarea index and dry leaf the ratio of weight to leaf(single side) area divided by 

the area of the canopy were evaluated during rainfall simulation experiments conducted on 

20 rangeland sites in the western United States during the summers of 1987 through 1993 
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(Simanton et al 1991; Arnold et al. 1995). The total root biomass, root biomass coefficient, 

root plant depth coefficient, plant and soil characteristics were also evaluated at this time. 

Regression equations were developed from this studies to predict soil erodibility in the 

WEPP model. The parameters predicted through these regression equations include rill 

erodibility (Kr ), interrill erodibility (Ki), and critical shear stress ('tc). The baseline 

erodibility equations for rangeland soils are: 

Kr = 0.0017 + 0.0024 CL - 0.0088 OM - 0.00088Bmy /1000 - 0.00048 ROOT (4.18) 

Ki = 1810000 - 1910000 SAND - 6327000 OM - 846000 e fc (4.19) 

'tc = 3.23 - 5.6 SAND - 24.4 OM + 0.9 B my (4.20) 

where efc is the volumetric water content of the soil at 0.033 Mpa (m3/m3
), B my is the dry 

soil bulk density (g/cm3), ROOT is the total root biomass between the 0.0 and 0.1 m soil 

zone (kg/m2
), OM is the organic matter, SAND is the percent sand fraction (0 -1), and CL 

is the percent clay fraction (0 -1). WEPP also differentiates between shrub and grass species 

and the total basal cover is estimated as a function of the canopy cover. The total basal cover 

for shrub dominated plant community is 0.335 times canopy cover. Basal cover is 0.429 

times the canopy cover for grasslands. 
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4.3 Semi-variogram computation 

Semi-variogram models may be characterized by three parameters, a sill, a range, and a 

nugget effect (Fig 4.3). The degree of correlation between two distances Xj + hand f' 

usually decreases with increasing lag distance. The value of the sample semi-variogram also 

increases with decreasing correlation. The value at which a variogram does not change with 

distance (h) is called the sill. It is at this point that the traditional statistics dealing with 

independent sampling become effective. The value of the semi-variogram at distance (h = 0) 

is called the nugget. Ideally the nugget value should be zero because the samples taken from 

nearly the same point must be the same. This value is attributed to sampling error and 

random variability. However, in highly variable vegetation properties which are dependent 

on micro-climates, especially in semi-arid environments, the nugget effect is highly 

pronounced. 

The variogram plays a major role in geostatistical techniques such as conditional 

simulation and kriging. It describes the autocorrelation of random fields within the sampling 

domain. The prediction error determined during kriging depends on the semi-variogram. It 

is important to develop efficient strategies for estimating semi-variogram, and this is derived 

from a combination of sampling design and accurate estimation variances. However, the 

estimation accuracy of a variogram is difficult to achieve because of the presence of spatial 

correlation. Traditional statistical theory cannot be applied to make inferences about the 

confidence limits of the variogram estimates (Shafer and VarjIien 1990). 
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Fig_ 4_3 Schematic diagram showing components of a variogram, 

The computation of a variogram is associated with a random variable Z(Xj) and each 

realization of a random variable depends on spatial location, Xj_ Assuming that the random 

function is intrinsic, the spatial correlation ofZ(x) can be characterized by a variogram: 

(4,21) 

The traditional estimate estimation for a sample variogram is: 

1 N(II> 

y(h) = L (Z(x;+h) - Z(xl)Y 
2 N(h) 1=1 

(4.22) 
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where y (h) is the variogram function, Z (Xj) is the random field at spatial location Xj and 

N(h) is the number of data pairs separated by the vector, h. 

A suitable theoretical model out of spherical, exponential and gaussian model was tried 

and the parameters were then fitted to the model. A spherical model is commonly defined 

as: 

y(h) = 
(4.23) 

for h > AI 

An exponential variogram model is defined as: 

(4.24) 

and the gaussian model is commonly defined as: 

y(h) = Co + C, x C.o -e -( ;J ) (4.25) 

where C 0 is the nugget, C 1 is the spatial variance, h is the separation distance vector and 

A 1 is the range. Spherical model was chosen over the other models because it shows rapid 
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changes within short correlation lengths. The rapid vegetation properties changes in semi-

arid environments due to micro-climates are suitable for a spherical model. The fitting of a 

variogram is subjective, and the efficient sampling designs and methods dictate the accuracy 

of the variogram computed from the data. Highly variable samples will also affect the amount 

of scatter points on the experimental variogram. In this study, class intervals were selected 

based on the histograms of the data and the probability density over-plotted, and the normal 

probability plots for the selected lag distances. 

The class size ranged from five to eight samples. Figures 4.4 and 4.5 reveal the shapes 

of the histograms and their normal probability plots. The general shape of these plots 

generally show that the distribution of an estimator is nearly symmetrical for small distances 

and degrades when the class size becomes too small or when it increases. The degradation 

is expected because when the variogram approaches the estimate of the sample variance, the 

magnitude of the distance vector, h increases beyond the correlation scale. 

Quantitative methods of estimating semi-variograms parameters usually require the fitting 

of a sample semi-variogram calculated from the data to a theoretical semi - variogram model. 

Semi-variogram parameters can be estimated using a variety of methods. Weighted least

squares (Cressei 1985; Mcbratney and Wesbster 1986) and jack - knife kriging or "leaving 

one out" (Lamorey and Jocobson 1995 and Kruidsen and Kim 1978) are the most used 

methods for semi-variogram model validation and the minimum jack-knife error is calculated 

for a specific semi-variogram fit. 

A suitable theoretical model to fit the variogram calculated from the original data 
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Fig. 4.4 Frequency histograms and normal probability plots from traditional variogram 

estimates for lag distances (class 4 to class 6). 
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estimates for lag distances (class 7 to class 9). 
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samples or from the drift residuals is selected and a cross validation procedure known as " 

leaving-one-out" is employed. Cross validation is a useful exploratory tool used to search 

for the generalized covariance function or the generalized variogram function to be used in 

estimation procedure among a finite number of candidates. This procedure is used to find the 

best performing model among the possible models. This procedure consists of a set of 

iterations whereby the candidate variogram model parameters are used to perform point 

kriging. 

The procedure involved during the cross validation of a variogram is to select a model 

and its associated parameters for an underlying variogram. One sample is left out of the data 

set and the value at that location is estimated by kriging with the selected variogram model 

and the remaining data set. This procedure is repeated for all sample data locations. The 

difference between the observed and the estimated value is calculated for each data location. 

The sum of the difference squared is divided by the kriging estimation variance. The best 

model is the one which causes mean and the standard deviation of the difference data to be 

closest to zero. 

Knudsen and Kim (1978) proposed a weighted square error (W8E) and the kriging 

variance discrepancy measure as the difference between true values and corresponding 

estimated values as: 



d = 
( Z /(x;) - Z(X;>? 

2 
0; 
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(4.26) 

where d is the measure of discrepancy between true values and estimated values (WSE), 

l'(Xj) is the estimated value for location Xj in the omitted value, l(Xj) is the observed value 

at location Xj and sigma is the kriging estimation variance. The empirical justification given 

by Knudsen and Kim is that points that should be estimated closely are given more weight 

and vice versa. 

4.4 Kriging 

Kriging is an exact unbiased linear interpolation technique based on the theory of 

regionalized variables. It falls within other estimators such as polygonal method, inverse 

distance method, multi-quadric and polynomial method. The detailed discussion of these 

techniques is given in section 2.5 of chapter 2. This study used kriging as a technique to 

estimate the optimum size of a hillslope and overland flow elements required to distribute 

vegetation parameters in space and time. 

The kriging procedure can be divided into two main parts. First, univariate exploratory 

statistical analysis of data to determine first, second and third moment characteristics. 

Several theoretical models are tried on the data and the candidate theoretical model is 

selected. The modeling of the correlation structure of the variable of interest is performed 

and the variogram parameters are determined. Secondly, these variogram parameters such 
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as the sill, range and the nugget are used to perform kriging. 

In order to perform kriging, the boundaries in terms of X, Y and Z coordinate system of 

the area under consideration are set. The size of the block to be kriged is specified and this 

is controlled by the range of the theoretical variogram. The number of samples used to krige 

each block are specified. The sample spacing, the range, the maximum horizontal and vertical 

distance from the block will restrict the number of samples to be used. The type of 

theoretical variogram model is specified ( spherical, gausian or exponential). The angle of 

anisotropy, the vertical and the horizontal anisotropic factors (ratio of horizontal range to 

vertical range) are specified when the range changes from one direction to another. If 

universal kriging is employed, the number of drift coefficients is given. 

The spherical model was selected ( see equation 3.23) to krig a 30 by 30 m block. Ten 

samples were used to estimate the average value of the block with vertical and horizontal 

maximum distances of 50 m. Since an omni-directional variogram was computed, the 

horizontal and the vertical anisotropic factors were set to one, and three drift coefficients 

were used in universal kriging. 

The size ofthe block which translates into hillslopes and overland flow elements (OFEs) 

was determined from the integral scale determined from the theoretical fitting of a sample 

variogram. The variogram parameters such as range, sill and the nugget were used to krige 

30 m by 30 m block for all the vegetation variables considered. A kriging program 

developed at the Mining Engineering Department of the University of Arizona (Kim 1991) 

was used to perform ordinary kriging of rill (litter, rock and basal vegetation) cover and 
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interrill rock cover and the standard deviation of random roughness. Universal kriging was 

used to krige total canopy cover, interrilliitter cover and interrill basal vegetation cover. 

4.5 Runoff and sediment yield simulation 

Runoff has been measured at Kendall 112 since 1963, and soil loss since 1974. A 

triangular V-notch weir has been used for runoff measurements. The sediment is partitioned 

into suspended sediment and bed load material. Pump samplers have been used to measure 

suspended sediment and the bed load have been trapped in a small pond behind the weir. 

Runoff events have been few and small in magnitude on Kendall 112 sub-watershed 

because of gentle slopes, sandy soils and basal vegetation cover that reduce the kinetic 

energy of the raindrops as well as rainfall excess. Sediment yield was also low due to amount 

of surface resistance offered by basal vegetation cover and rock cover (see table 3.2). Out 

of the rainfall events occurring from 1974 to 1985 and from 1990 to the summer of 1994, 

thirty two rainfall-runoff producing events were selected to validate the performance of 

WEPP. The selection of the events was based on the availability of observed runoff and 

sediment yield data collected during those periods. 

Geostatistical techniques were used to split the watershed into hillslopes and overland 

flow elements using the variogram parameters such as the sill, nugget and range. The average 

estimated value and its standard deviation were determined by ordinary and universal 

kriging. WEPP was used to simulate runoff, peak runoff rate and sediment yield for each 

watershed configuration based on the estimated values obtained within each hillslope and 
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OFE. Three methods of simulation were performed by: 

1. letting the model internally calculate effective hydraulic conductivity (K e range) (see 

equations 4.6 and 4.7) by using break point rainfall data. 

2. using an vegetation properties whereby the coefficient of variation was increased by 

spreading the data around the mean kriged value 

3. selecting an optimum effective hydraulic conductivity value of seven. 

The scatter grams of simulated runoff, peak runoff rate and sediment yield were plotted 

against the observed runoff, peak runoff rate and sediment yield. Since there was very little 

variation amongst the watershed configurations, the kriged vegetation characteristics were 

spread around the mean value by subtracting 90 % of that value if the value was less than the 

mean estimate, and 90 % was added to the value if it was greater than the mean. This was 

done to increase the coefficient of variation amongst the blocks which translated into 

hillslopes and OFEs. The increase or the decrease of the value by 90 % increased the CV of 

vegetation characteristics. 

An optimum value ofK crange was sought by performing simulation runs with effective 

hydraulic conductivity values ranging from 4.5 mmlhr to 7.5 mm1hr. Figure 5.3 shows the 

optimum K c range value of 7 mmlhr slightly improves the R 2 and the slope of the linear 

regression fit. 

The similarity between the three simulation criteria was assessed by using analysis of 

variance (ANOVA) to determine ifthere was any significant difference among the means of 

predicted runoff, peak discharge and sediment yield between the three simulation criteria and 
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among the selected watershed configurations of a one hillslope watershed up to a ten 

hillslope watershed. The Fisher's least significant difference (LSD) test was used to 

determine which means were different if ANOVA had indicated any significant difference. 

The Fisher's LSD considers the null hypothesis that the means from different simulation 

scenarios and means from the different watershed configurations are similar as against an 

alternative hypothesis that at least one of the means differs from the rest and it can be 

evaluated as: 

LSD~I ~2MS 
a.J2 n (4.27) 

where t aJ2 is the Student's t test evaluated at probability of a12, MS is the mean square error 

within the two groups of populations and n is the number of observations. LSD answered 

the question as to whether there was any significant difference between the observed data 

and predicted runoff, peak discharge and sediment yield produced by: 

1. an internally calculated K c r3llge value from kriged vegetation estimates on all watershed 

configurations. 

2. adjusting kriged vegetation estimates to increase CV on all watershed configurations. 

3. using an optimum K e range value of 7 mmlhr on all watershed configurations. 
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The prediction of runoff and sediment yield using WEPP was the integral part of this 

study. The purpose of this analysis was to determine how accurately the WEPP version 95.7 

simulates rainfall-runoff processes when vegetation parameters are distributed in space and 

time. Vegetation characteristics formed the most important component that can be 

manipulated by land managers to reduce runoff and sediment yield. 

Runoff and soil erosion are also affected by other factors such as climatic, soils and 

topography. The amount, duration, distribution and intensity of rainfall play an important 

role in determining runoff and erosion mechanics. Runoff volume and peak runoff rate are 

the measures of runoff erosivity. Soil characteristics in terms of texture, organic matter, 

cation exchange capacity (CEC), soil structure and permeability affect soil detachment and 

entrainment of soil particles. Topographic features of long and steep slopes contribute 

towards overland flow and peak discharge. The combination of climatic features, soil 

erodibility and topographic features represents the static response of an area to generate 

runoff and sediment yield. Land use is the major factor that land managers can spatially and 

temporally manipulate to reduce the impact of rainfall, soil and topography on runoff and 

sediment yield. 

The WEPP model can be used as an interactive tool for designing conservation systems. 

The output of the model gives information on spatial and temporal distribution of soil loss 
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along a hillslope profile. This information can help the user to create scenarios of different 

management systems based on the spatial and temporal soil loss and runoff distribution 

estimates. The impact of the proposed management strategy can be quickly recreated and 

assessed. This study anticipated improvements in model prediction of runoff, peak runoff rate 

and sediment yield when vegetation characteristics are distributed in a watershed split into 

multiple hiUslopes and overland flow elements versus the vegetation characteristics lumped 

in a single hiIIslope to define the same watershed. 

This chapter presents the results of variogram computation based on spatial vegetation 

distribution. The concept of fitting a theoretical model to a sample variogram is presented 

and discussed. Cross validation as a procedure used to assess the validity of variogram 

parameters is discussed. The results of the vegetation characteristics obtained during kriging 

and the simulated runoff and sediment yield results validated against observed runoff and 

sediment yield data in the study area are presented and discussed. 

5.2 Spatial variability of Kendall slope steepness, soils and vegetation properties 

The slope steepness in Kendall 112 watershed was gentle except for some localized steep 

areas. The slope steepness ranged from 3 % to 17 % (see Appendix AI). Howeve,r the steep 

area represented the channel side slopes. When the channel side slopes were excluded in the 

slope steepness samples, the slope steepness ranged from 3 % to 11 %. These slope 

characteristics were incorporated in the model by using a non-uniform (complex) slope 

configuration. 
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The soil characteristics were measured by Tiscareno-Lopez (1994). The variables 

measured were soil texture, bulk density, organic matter, 113 and 15 bars soil moisture, rock 

fragments and CEC (see table 3.1). The variability of soil characteristics ranges from 7 % to 

38 % for bulk density and rock fragments, respectively. This variability is lower than the 

vegetation properties variability shown in table 3.2. The scarcity and the non-uniform 

distribution of vegetation properties increased the coefficient of variation. This variability 

ranges from 62 % to 133 % for the WEPP vegetation input attributes. The non-normal 

frequency distribution of these vegetation attributes is also shown in figures 3.6, 3.8 and 3.9. 

The computation of a sample variogram started with the selection of the best class size 

(number of sample pairs used to estimate a point) (see equation 4.22 and Fig. 4.4 and 4.5). 

The results of cross validation confirm the suitability of fitting the theoretical model with 

specified variogram parameters. Table 5.1 shows the summary statistics of cross validation. 

The vegetation properties subjected to this procedure were interrill (litter, rock and basal 

vegetation) cover, rill (litter, rock and basal vegetation) cover, total canopy cover and 

random surface roughness. Universal point kriging was applied to total canopy, interrilliitter 

cover and interrill basal vegetation cover (eq. 2.20, 2.22 and 2.23). The rest of the variables 

were subjected to ordinary kriging (eq. 2.10). 

5.3 Kriging results 

Kriging produces a set of estimates for which for which the variance of the errors is 

minimal. The variogram parameters used to fit a theoretical model were used during kriging 
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after cross validation was performed. Selection of these parameters is mostly iterative but 

the leaving one out technique consolidates the selection. The variogram parameters suit the 

sample variogram if the average kriging variance ( Av. Kriging Variance) is close or the 

same as the weighted square error (weighted Sq. Error). The weighted square error is the 

measure of discrepancy between true values and the estimated values weighted by distances 

from each other. The average kriging variance represents the minimized sample kriging 

variance calculated from kriging equations (see eq. 2.10 and 2.15). The ratio between 

weighted square error and average kriging variance is given in the last column of table 5.1. 

The parameters used in point kriging during cross validation fall within acceptable limits 

if the ratio between weighted square error and the average kriging variance is closer to or 

equal to one. The results are acceptable except for random roughness ratio. The standard 

deviation of random roughness is similar and randomly distributed over the watershed. The 

implications of this are that the random roughness did not show any strong spatial 

correlation. 



Table 5.1 Summary statistics of cross validation 

Variable Units Co CI Al Variance Av. Sq. Weighted Av. lWSE 
Error Sq. Error Kriging 

Variance 

Interrilllitter cover % 70 18 35 81.0 80.4 80.8 83.5 0.97 

Interrill rock cover % 10 6 40 14.3 14.2 14.3 14.2 1.01 

Interrill basal cover % 13 3 50 16.1 15.9 15.9 15.8 1.01 

Rill litter cover % 80 25 30 110.4 109.4 109.9 106.8 1.03 

Rill rock cover % 120 40 30 181.2 179.5 179.4 16l.8 1.11 

Rill basal cover % 26 7 30 33.4 33.2 33.2 34.0 0.98 

Total canopy cover % 185 45 50 239.4 237.3 238.4 226.2 1.05 

Random roughness mm 2.2 1.2 50 3.7 3.6 3.7 2.9 l.27 

lWSE = Weighted Sq. Error / Av. Kriging Variance 
Co ,CI and Al are variogram parameters obtained from figures 3.12 through 3.18. 

\0 
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Theoretical variograms of the vegetation parameters used during WEPP simulation are 

shown in figures 5.1, 5.2, 5.3 and 5.4. The nugget on all these variograms is high because 

of the high vegetation spatial variability experienced in Kendall 112 watershed and in semi

arid environments where soil and water availability control distribution and abundance of 

vegetation cover. A high nugget effect make the estimation procedure more like a simple 

averaging of available data because the kriging variance is dominated by the random variance 

(see fig. 4.3). In this case the distribution of optimal weights, Ai are equal or closer to each 

other, the implications of which are that the estimated values may be over-estimated and 

attenuated. The equal weights can also increase the kriging variance. 

The correlation scale (AI) for these vegetation properties varies from 30 m to 50 m. 

Unlike the nugget effect, the correlation on the other hand does not show any pronounced 

effect on the optimal weights, especially when this happens over short distances (Isaaks and 

Srivastava, 1989). If the range is made too small or larger than the range parameter during 

kriging, the samples appear to be far from the point being estimated. This is similar to a pure 

nugget effect model where there is a complete lack of spatial correlation. 
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Fig. 5.1 Theoretical variograms of rill and interrilllitter cover fitted from the sample data. 
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Fig. 5.3. Theoretical variograms of rill and interrill basal vegetation cover fitted from the 

sample data. 
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Fig. 5.4 Theoretical variograms of total canopy cover and random roughness fitted from the 

sample data. 
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Figure 5.5 shows the sampling block design after kriging was performed. The sample 

location is given and this is coarser than the original sample design (see fig. 3.4). Thirty 

samples on a 30 m by 30 grid detennined by ordinary and universal kriging technique would 

be sufficient to run the WEPP watershed model. The number of samples was computed by 

dividing the area of the watershed by the grid size. The results of the estimated values and 

the standard deviation at these locations are found in tables 5.2 and 5.3. 
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Fig. 5.5 Sample estimation location after 30 by 30 m block kriging in Kendall 112 watershed. 



Table 5.2 Estimated vegetation properties in Kendall watershed using ordinary kriging. 

Y Cord X Cord Elev Urock Std Olitte Std Orock Std Obasal Std --BE- Std 

3511525 600135 1517 1.81 1.67 10.59 4.34 28.89 4.34 
3511555 600135 1517 1.15 1.47 9.99 4.02 27.91 4.02 

3511585 600135 1517 3.98 1.54 10.56 4.17 27.40 4.17 

3511615 600135 1517 3.24 2.19 12.09 5.16 26.78 5.16 

3511495 600165 1517 4.37 1.74 10.81 4.47 27.65 4.47 
3511525 600165 1517 2.02 1.39 15.24 3.86 29.05 3.86 

3511555 600165 1517 0.78 1.43 16.73 3.96 22.52 3.96 

3511585 600165 1517 2.90 1.43 13.71 3.95 27.42 3.95 

3511615 600165 1517 3.01 2.13 16.33 5.09 29.50 5.09 

5.32 2.42 2.09 0.78 

8.96 2.26 3.56 0.69 

9.04 2.33 4.31 0.71 

6.83 2.84 3.19 1.05 

6.89 2.49 2.96 0.82 

6.53 2.18 3.19 0.64 

10.55 2.23 4.08 0.66 
6.29 2.23 4.03 0.66 

3.29 2.80 2.98 1.02 
3511525 600195 1517 3.33 1.36 9.38 3.81 33.71 3.81 9.13 

3511555 600195 1517 3.59 1.38 10.14 3.86 21.91 3.86 9.14 

3511585 600195 1517 3.77 1.51 14.19 4.08 28.42 4.08 4.46 
3511615 600195 1517 2.89 2.34 15.40 5.36 31.80 5.36 3.42 

3511495 600225 1517 3.52 1.46 9.35 4.02 25.11 4.02 4.93 

3511525 600225 1517 3.42 1.42 9.24 3.93 35.72 3.93 8.48 

3511555 600225 1517 2.97 1.40 16.06 3.91 20.62 3.91 9.44 
3511585 600225 1517 2.69 1.79 15.94 4.59 23.86 4.59 4.97 

3511615 600225 1517 2.99 2.44 16.35 5.45 23.22 5.45 4.66 

2.16 3.59 0.63 

2.18 3.37 0.64 

2.29 3.58 0.70 

2.94 3.23 1.15 
2.26 3.25 0.68 

2.22 2.61 0.66 

2.21 2.23 0.65 

2.55 2.27 0.84 

2.98 2.35 1.24 
3511495 600255 1517 1.78 1.60 10.03 4.28 29.38 4.28 

3511525 600255 1517 0.96 1.50 10.64 4.09 28.84 4.09 
3511555 600255 1517 1.38 1.40 10.48 3.88 25.40 3.88 

3511585 600255 1517 1.26 2.13 9.68 5.13 27.38 5.13 

8.45 2.39 2.05 0.74 

9.81 2.30 2.14 0.69 
10.90 2.19 1.90 0.65 

10.57 2.82 1.98 1.01 
3511615 600255 1517 1.40 2.41 11.29 5.38 25.52 5.38 8.79 2.95 1.98 1.24 
3511525 600285 1517 2.96 1.64 13.34 4.37 32.97 4.37 

3511555 600285 1517 2.27 1.63 13.14 4.35 23.82 4.35 

3511585 600285 1517 1.42 2.35 12.40 5.39 26.60 5.39 

9.62 2.43 3.32 0.76 
11.94 2.43 2.48 0.76 

13.26 2.96 2.37 1.16 
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Y cord and X cord are Y and X UTM coordinate system, Elev is the elevation in meters at 
the estimation location. U rock is the interrill rock cover (%). Std is the standard deviation 
ofthe variable. Olitte is the rill litter cover (%), Obasal is the rill basal surface cover (%), 
and RR is the surface random roughness (mm). 
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Table 5.3 Estimated vegetation properties in Kendall watershed using universal kriging. 

YCoord X Coord Elev Tcacov Std Ulitte Std Ubasal Std 

3511605 600135 1512 21.39 6.46 6.20 3.75 2.56 1.59 

3511575 600135 1510 16.72 5.11 4.08 3.04 2.60 1.29 

3511545 600135 1515 14.79 5.25 2.74 3.05 2.50 1.30 

3511515 600135 1518 16.43 6.25 5.69 3.49 2.96 1.54 

3511605 600165 1514 25.70 6.04 11.13 3.53 3.77 1.49 

3511575 600165 1511 25.72 4.94 11.33 2.94 3.93 1.25 

3511545 600165 1515 15.48 4.78 4.67 2.84 2.99 1.22 

3511515 600165 1519 25.53 4.70 10.27 2.80 5.68 1.21 

3511485 600165 1521 27.49 6.85 9.90 3.91 6.52 1.68 

3511605 600195 1515 22.97 7.19 9.53 4.12 4.80 1.74 

3511575 600195 1514 28.31 4.58 11.10 2.70 6.31 1.18 

3511545 600195 1514 21.82 4.59 6.04 2.71 3.34 1.18 

3511515 600195 1520 17.82 4.71 4.81 2.80 3.46 1.21 

3511605 600225 1517 22.15 8.03 7.94 4.44 4.68 1.94 

3511575 600225 1518 20.09 4.92 7.36 2.91 4.21 1.25 

3511545 600225 1518 21.66 4.84 4.01 2.90 4.88 1.23 

3511515 600225 1520 27.70 4.79 9.89 2.85 5.73 1.22 

3511485 600225 1523 35.94 5.28 14.80 3.12 5.45 1.33 

3511605 600255 1520 11.68 8.37 3.23 4.51 1.76 2.03 

3511575 600255 1521 13.78 5.98 5.23 3.53 2.19 1.47 

3511545 600255 1522 17.58 4.84 4.65 2.87 2.61 1.23 

3511515 600255 1525 21.25 5.10 6.71 3.04 3.44 1.28 

3511485 600255 1526 25.01 5.58 7.77 3.29 4.29 1.38 

3511575 600285 1524 14.88 7.21 5.52 4.14 1.97 1.75 

3511545 600285 1525 19.25 5.24 6.87 3.13 3.34 1.31 

3511515 600285 1526 17.04 5.62 3.43 3.34 3.16 1.39 

3511545 600315 1527 11.56 7.04 2.90 3.97 2.57 1.72 

Tcacov is the total canopy cover (%), Ulitte is the interrill surface cover (%), and Ubasal 
is the surface basal cover (%). 
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The surface plots of rill (litter and basal vegetation) cover, interrill (litter and basal 

vegetation) cover, the standard deviation of random roughness and total canopy cover are 

presented in figure 5.6. The rill basal vegetation and litter cover show distinct places where 

the percentage cover changes within short distances. There is a gradual increase in 

vegetation cover and random roughness on the other surface plots. 

5.4 Soil moisture and standing biomass accounting 

Soil moisture is directly related to rainfall. Figure 5.7 shows the relationship between the 

observed soil moisture at depths of 20 cm and as an average value of depths (at 5 cm, 10 

cm, 15 cm and 20 cm) and the predicted average soil moisture over a 20 cm depth. The high 

daily soil moisture peaks correspond to daily rainfall events recorded from raingage 82 

located within the watershed. However, the predicted soil moisture is over-predicted in most 

cases. The over-predicted soil moisture may be due the fact that the model was not able to 

accurately predict evapotranspiration. 

The relationship between standing biomass and canopy cover is a function of plant 

species, plant height, density and architecture ( Arnold et.a1 1995). Canopy cover, standing 

biomass, interrill and rill cover are updated during continuous simulation and can therefore 

be used to assess the predictive capabilities of the model. Fig. 5.8 shows the relationship 

between the observed canopy cover and standing biomass. Figure 5.9 compares the standing 

biomass (fig A) and the soil moisture observed and predicted at the same time (fig B). For 

most of the time series, the soil moisture (predicted and observed) increases with increasing 
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Fig 5.6 Surface plots of rill, interrill (basal vegetation and litter) cover, standard deviation 

of random roughness and total canopy cover. 
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standing biomass and the opposite was expected because higher standing biomass should 

increase evapotranspiration and decrease long term soil moisture. However, this relationship 



is possible if the plant canopy shaded the ground from the direct rays of the sun. 
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Fig. 5.8 Observed versus predicted standing biomass (Fig A) and observed canopy cover and 

predicted canopy cover from 1 and 8 hillslope configuration (Fig. B) in Kendall 112 

watershed from 1990 to 19994. 
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Fig. 5.9 Observed versus predicted standing biomass from 1990 to 1994 (fig A) and 

observed soil moisture at the depth of20 em and as an average of moisture at 5, 10, 15 and 

20 em (depth 5 to 20) (fig. B). 
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5.5 WEPP runoff and erosion results 

The results of using WEPP to simulate runoff for each watershed configuration based 

on the estimated values obtained within each hillslope and OFE are presented in figures 5.10 

and 5. 11. This results were obtained by letting the model internally calculate effective 

hydraulic conductivity (K e range) (see equations 4 .. 6 and 4.7) by using break point rainfall 

data and by using vegetation properties estimates of whereby the coefficient of variation was 

increased by spreading the data around the mean kriged value. The results of increasing CV 

are shown in appendix A 1 and A2. An externally calculated hydraulic conductivity value of 

seven (Kerange= 7.0) was selected based on several simulation runs involving other hydraulic 

conductivity values (fig. 5.12). The maximum regression coefficient is associated with the 

effective hydraulic conductivity value of seven. Similarly, the results of simulating runoffby 

selecting an optimum effective hydraulic conductivity value of seven are presented in figure 

5. 13. The predicted runoff validated with observed data using the three criteria are not 

except for the predicted runoff from 1 hillslope. Although the coefficient of determination 

is statistically insignificant between one hillslope configuration and the other hillslope 

configurations, the one hillslope slope of the line is significantly different at (P < 0.05) 

between the rest of configurations (fig. 5.10, 5.11 and 5.13). The difference is pronounced 

on a three hillslope configuration. 



106 

30 30 
1'1 ~: I 

Y = 0.36 X +0.57 /. Y=0.61 X+3.31 
// 

_25 _25 

120 

R squared = 0.50 e R squared = 0.48 

SE xy = 2.40 
-5. 20 SE xy = 4.13 I::: It:: • 0 0 

~ 15 ~ 15 
-.:l -.:l 
u 2 • 
~ 10 - :6 10 

J: 
.,. • ~ 

CL. 

5 1 hillslope 5 6 hillslopes • 

5 10 15 20 25 30 5 10 15 20 25 30 
Observed runoff(mm) Observed runoff(mm) 

30 30 1:1 1: I Y= 0.58 X + 3.79 Y=0.56X+ 1.75 ,......25 ,......25 R squared = 0.50 e R squared = 0.53 
e 

.5 20 
.5 20 SE xy = 3.79 

SE xy = 3.45 I::: I::: 0 • 
0 • 
~ 15 

• ~ 15 • 
• • 

-.:l • "j 
~ • • 
:6 10 • .!:! 10 

• • • ~ ~ CL. 
CL. 5 8 hillslopes 5 2 hillslopes 

• --
5 10 15 20 25 30 5 10 15 20 25 30 

Observed runoff (mm) Observed runoff <mm) 

30 30 
1:1 

Y = 0.62 X + 3.92 
,/:1 

Y = 0.60 X + 4.42 /' ,......25 R squared = 0.46 ,......25 R squared = 0.47 
~ e 

SE xy = 4.34 .5 20 SE xy = 4.17 ~20 - I::: • 
0 • 0 

~ 15 • ~ ~ 15 
-.:l - • "E ... • • 
~1O - .~ 10 

J: ~ 
CL. 

10 hilIslopes 5 - .- 3 hillslopes 5 

a • 
() 

0 5 10 15 20 25 30 5 10 15 20 25 30 

Observed runoff <mm) Observed runoff <mm) 
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effective hydraulic conductivity value of 7.0 nun/hr. 
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The peak runoff rate and sediment yield at the end of the watershed were similarly predicted 

based on the three simulation principles used for runoff volume. The results of the validated 

peak runoff analysis are shown in Figs 5.14, 5.15 and 5.16. The WEPP model under

estimates peak runoff rate from an internally calculated effective hydraulic conductivity 

value (Fig. 5.14). However, there is an improvement in peak discharge from a one hillslope 

configuration to an eight hillslope configuration where most point cluster around the 45 

degree line. The slope of the line remains low throughout the entire watershed configurations 

for this simulation criteria. Similarly the peak discharge was under-estimated from the 

adjusted vegetation data to accommodate high CV with the coefficient of determination (R 2) 

value of 0.55 configuration and the slope of the regression fit of 0.16 on a one hillslope (see 

Fig 5.15). The improvement in model performance is demonstrated by slope of the 

regression line ranging from 0.16 for a single hillslope configuration to 0.42 for a ten 

hillslope configuration. The peak discharge determined from predetermined effective 

hydraulic conductivity value of7 mm1hr scatters around the 45 degree line starting with the 

three hillslope configuration and this improvement continues through a ten hillslope 

watershed configuration (see Fig. 5.16). 
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Sediment yield is over-predicted for most of the runoff events used in this study to 

validate the model's performance except a high sediment yield event (outlier) observed at 

the watershed outlet on October 4, 1980 (fig.5.17, 5.18 and 5.19). This high sediment yield 

event is important because it represents catastrophic soil erosion causing event. This event 

is also predicted better on a higher hillslope watershed configuration for all simualtion 

criteria. 

The coefficient of determination (R 2 ) is insignificantly low (ps 0.05) for all simulation 

criteria on all hiUslope watershed configurations (fig. 5.17, 5.18 and 5.19). The slope of the 

regression fit increases from -0.08 on a single hillslope watershed configuration to 0.42 on 

a three hillslope watershed configuration for a simulation criteria where the model internally 

calculated hydraulic conductivity (K c ) from the vegetation attributes estimated by kriging 

(fig 5.17). This improvement continues into an eight hillslope configuration where the slope 

of the regression fit is 0.56. Similarly, the high CV adjusted vegetation input criteria has 

insignificantly lower coefficient of determination (P s 0.05) between observed and predicted 

sediment yield (fig. 5.18). 

The slope of the line ranges from -0.26 on a single hillslope configuration to 0.60 on a 

three hillslope configuration. Although the slope of the line declines to 0.48 on an eight and 

ten hillslope watershed configuration, there is no significant difference (P sO. 001) between 

the slope of the regression fit on a three hillslope configuration and that of an eight and ten 

hillslope watershed configuration. 

The results of observed and predicted sediment yield predicted by using an optimized Kc 
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are similar to those shown by the other two simulation criteria (i.e, internally calculated Ke 

using kriged vegetation estimates and by using the adjusted vegetation properties to account 

for high coefficient of variability). However, the slope of the regression fit ranges from 0.30 

for two hillslope watershed configuration to 0.58 on a ten hillslope watershed configuration 

(fig 5.19). 
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5.6 Discussion of results 

Stochastic processes involving variogram and kriging can be used to describe temporal 

and spatial variability of the system during continuous simulation. The computation of a 

sample variogram is subjective and it does not involve the confidence limits. However, 

confidence limits can be set by selecting the appropriate class size for estimating a point. This 

technique leads into the determination of a relatively symmetrical and approximately 

normally distributed variogram which indicates that it may be valid to construct symmetric 

confidence limits on a variogram (see fig. 4.4 and 4.5) The variogram is composed of 

random variability and spatial variability (see fig. 4.3). Random variability of vegetation 

properties dominated the theoretical fitting of the variogram in Kendall 112 watershed (see 

fig. 5.1, 5.2, 5.3 and 5.4). The implications of these are that spatial averaging (block kriging) 

estimates are considered to be averages over the sampling domain. 

Kriging as a technique that can be used to split a watershed into block or overland flow 

elements has been described. The results of the kriging estimation have been presented in 

tables 5.2 and 5.3, and the surface plots of rill (litter and basal vegetation) cover, interrill 

(litter and basal vegetation) cover, the standard deviation of random roughness and total 

canopy cover are presented in figure 5.6. The rill basal vegetation and litter cover show 

distinct places where the percentage cover changes within short distances. There is a gradual 

increase in vegetation cover and random roughness on the other surface plots. 

Graphical and quantitative measures were used to compare the performance of the 

WEPP simulation output under the three simulation criteria listed in section 5.2 where the 
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model calculated the value ofKe based on the kriged vegetation input data. The model also 

calculated the value of Ke from the "high CV" vegetation input data and the use of an 

optimum Ke value of 7 mmlhr as an input into the model. The two conditions where 

vegetation characteristics were used to calculate Ke , equations 4.20 and 4.21 were used. 

The effective hydraulic conductivity value was used to predict rainfall excess from which 

runoff volume and watershed peak discharge were determined from a watershed 

configuration of one up to ten hillslopes. 

The scatter plots of predicted runoff, peak runoff rate and sediment yield versus observed 

data are presented in figures 5.1 through 5.12. The scatter grams of runoff volume, peak 

discharge and sediment yield obtained by letting the model internally calculate K e range for 

kriged and adjusted vegetation properties to increase CV are shown in figures 5.10, 5. 11, 

5.14, 5.15, 5.17 and 5.18. The regression coefficients of predicted versus observed data are 

similar and low as shown by R2 values in these figures. The spread of the data along a 1: 1 

line and the slopes of the regression lines are also lower than one and similar. 

The runoff and the peak discharge from the three criteria are not significantly different 

for all the watershed configurations except for the pair of internally calculated effective 

hydraulic conductivity set (1 and 2 above) on a 6 hillslope watershed configuration and the 

high CV vegetation estimates. The data coming from the high CV estimates ( from a 10 

hillslope configuration) evaluated against the optimized Ke value were also found to be 

significantly different (table 5.4). Table 5.4 shows the combination of the significantly 

different means for peak discharge evaluated from different hillslope configurations. If the 



Table 5.4 Fisher's least significance difference among the three simulation scenarios. 

!Runoff (mm) I 

Hillslopes n ta Mean 1 Mean2 Difference MS LSD 

nternal Ke vs High CV 6 28 2.048 7.12 3.98 3.14 27.63 1.44 

nternal Ke vs external Ke 10 29 2.045 8.19 6.27 1.92 25.51 1.36 

Peak discharge (mmlhr) 

Observed vs internal Ke 2 28 2.048 26.07 11.67 14.4 497.97 6.11 

Observed vs external Ke 2 28 2.048 26.07 9.54 16.53 484 6.02 

Observed vs external Ke 6 28 2.048 26.07 11.4 14.67 501.46 6.13 

Observed vs High CV 6 28 2.048 26.07 11.99 14.08 555.43 6.45 

High CV vs external Ke 8 28 2.048 26.88 12.47 14.41 232.02 4.17 

.lnternal Ke vs external Ke 8 28 2.048 20.03 12.47 7.56 151.73 3.37 

Observed vs external Ke 8 28 2.048 26.07 12.47 13.6 509.8 6.18 

High CV vs external Ke 10 29 2.045 22.86 11.62 11.24 192.51 3.73 

nternal Ke vs external Ke 10 29 2.045 4.61 11.62 7.01 57.72 2.04 

Observed vs internal Ke 10 29 2.045 26.07 4.61 21.46 456.74 5.74 

Observed vs external Ke 10 29 2.045 26.07 11.62 14.45 495.05 5.97 

-tv 
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difference between the two means coming from the two population combinations is greater 

than LSD, the corresponding population means are declared different. 

The predicted runoff volume and peak discharge are under predicted on a one hillslope 

configuration. The observed peak discharge is significantly different on a two hillslope 

configuration for the internally calculated K e range and for an optimum effective hydraulic 

conductivity value of 7 rnmIhr. The observed peak runoff rate is therefore similar to the 

predicted runoff rate for the "high CV" estimates. The information content is simulated by 

the three criteria is similar on a three hillslope configuration. The observed peak discharge 

mean is significantly different on a six hillslope watershed configuration versus an optimum 

effective hydraulic conductivity value of 7 mmlhr and a high CV data. On an eight hillslope 

watershed configuration, the observed peak discharge mean is significantly different from the 

peak discharge mean predicted by using an optimum effective hydraulic conductivity value 

of 7 mmlhr at (P :;;; 0.02). This difference between the predicted and the observed runoff, 

peak discharge and the sediment yield are confirmed in figures 5. 10 through 5. 19. 

The slope of the regression fit and the correlation coefficient (R2) between observed 

versus predicted runoff and peak discharge as simulated by the three criteria are indicated 

on the scatter plots (fig 5.10 through 5.14). The slope of the regression lines increased from 

0.36 on a one hillslope watershed to 0.6 on a ten hillslope watershed configuration. 
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However, this change is not pronounced. The LSD test on the means has also confirmed the 

static change in both the slopes of the regression line and the correlation coefficient. Vieux 

and Farajalla (1994) have demonstrated the same notion in their work which assessed the 

effects of using distributed versus lumped Manning's hydraulic roughness coefficients in the 

modeling of surface runoff. 

Sediment yield on the other hand does not show any pronounced change from one 

hillslope watershed to a ten hillslope watershed except for high sediment yield events which 

are underestimated on a single hillslope watershed. There is a gradual increase in predicted 

sediment yield for these events from a two hillslope to a ten hillslope watershed (see figs 5.15 

through 5.17). The lack of variability and the general overestimation of sediment yield can 

be explained by the fact that the predicted canopy cover did not match the canopy cover 

measured between 1990 and 1994 (see fig 5.8). The predicted canopy cover hardly shows 

any appropriate changes shown by the measured data on a single hillslope between 1990 and 

1994 and there is an improvement of canopy cover on an eight hillslope watershed. The 

static nature of the canopy cover obviously affects the interrill erodibility parameters 

because of its relationship with effective interrill erodibility parameter (see equations 4.13 

through 4.15). 

Selection of the optimum hillslope configuration was performed by plotting the predicted 

runoff from an eight hillslope versus predicted runoff from a 10 hillslope, 6 hillslope, 3 

hillslope, 2 hillslope and a 1 hillslope watershed configuration (fig. 5.19). The results of the 
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analysis show that runoff from an eight hillslope is closer to the runoff predicted from a ten 

hillslope configuration than to any other configuration. This imply that the information 

content is not improved by simulating runoff using a ten hillslope watershed configuration 

or higher. The eight hillslope configuration was therefore selected as the optimum scale for 

modeling runoff and sediment yield in Kendall 112 watershed. Table 5.4 also confirm the 

selection because peak discharge is significantly different from the predicted peak discarge 

on 2 and six hillslope configuration. This leaves 3, 8 and 10 hillslope configurations. The 3 

hillslope configuration is ruled out of the selection because it has a lower runoff volume than 

8 hillslope configuration (see fig. 5.19). 
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Fig.5.20 Scatter plots of one hillslope, two hillslope, three hillslope, six hillslope, eight 

hillslope and ten hillslopes configurations plotted against an eight hillslope watershed 

configuration. 
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CHAPTER 6 

SUMMARY, CONCLUSION AND RECOMMENDATIONS 

6.1 Summary 

The main objective of these study was to assess the effects of scale on the predictive 

capabilities of distributed water erosion models. Distributed vegetation parameters, soil 

characteristics, slope length and steepness and rainfall characteristics were used to simulate 

runoff: peak runoff rate and sediment yield on a watershed represented by a single hillslope 

watershed up to multiple hillslope and OFEs. Geostatistical techniques were used to 

determine the optimum hillslope and OFE that can extend a single hillslope watershed 

configuration to a watershed defined by multiple hillslopes and OFEs. Three simulation 

criteria were used (see table 5.1) to assess the similarity or the difference offered by each 

criterion on predicted runoff, peak discharge and sediment yield from a single up to a ten 

hillslope watershed configuration. 

Geostatistical techniques such as variogram computation, cross validation by using a 

"leaving one out" technique was used, and kriging the vegetation characteristics collected 

from a 20 meter grid layout in Kendall 112 watershed during the summer of 1994. The 

spherical model was selected ( see equation 3.3) to krige a 30 by 30 m block. Ten samples 

were used to estimate the average value of the block with vertical and horizontal maximum 

distances of 50 m. Since an omni-directional variogram was computed, the horizontal and 

the vertical anisotropic factors were set to one, and three drift coefficients were used in 
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universal kriging. 

The ground surface cover characteristics included total basal cover, total bare ground, 

total ground cover by litter (organic materials in direct contact with the soil), total ground 

cover by rock, average distance between plants and the density of plants. The ground cover 

characteristics were divided into the under canopy component and the outside canopy 

component. The under canopy cover component is defined as interrill areas and the outside 

canopy cover is defined as rill areas. The components of interrill ground cover measured 

were basal cover, litter cover and rock cover. Similar components were also measured in the 

rill areas (see table 3.2). 

Hydrologic data collected from Kendall 112 watershed outlet was used to validate the 

runoff and sediment yield predicted by the three criteria mentioned in table 5.1. Version 95.7 

was the USDA-ARS WEPP model was used in this study. The model is physically-based, 

distributed parameter, continuous computer model designed to simulate the effects of land 

use practices on soil erosion, sediment yield and gully formation on cropland and rangeland 

watersheds. 

The similarity between the three simulation criteria was assessed by using analysis of 

variance (ANOV A) to determine ifthere was any significant difference among the means of 

predicted runoff, peak discharge and sediment yield between the three simulation criteria and 

among the selected watershed configurations of a one hillslope watershed up to a ten 

hillslope watershed. The Fisher's least significant difference (LSD) test was used to 

determine which means were different if ANOV A had indicated any significant difference. 
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The scatter plots and coefficients of determination helped to visualize the variation in 

predicted versus observed runoff, peak discharge and sediment yield data. However, lack of 

data at the bottom of each hillslope made it difficult to perform appropriate spatial and 

temporal runoff and sediment yield validation. The observed runoff and sediment yield at the 

watershed outlet was used to validate the predicted runoff and sediment yield. 

6.2 Conclusions 

The WEPP model was used to assess the effects of simulating runoff and sediment yield 

from a watershed lumped into a single hillslope up to the same watershed split into mUltiple 

hillslopes and OFEs by block kriging. The influence of spatial variability of vegetation cover 

such as rill and interrill (litter, rock and basal vegetation) cover, random roughness and total 

canopy cover on spatial and temporal simulated runoff and sediment yield were assessed. 

The results of this study show that: 

1. Geostatistics offers a technique that can be used to distribute vegetation 

parameters or any parameters necessary for performing hydrologic simulation using 

any distributed parameter models. The use of kriging as an exact interpolation 

technique gives an estimate of the parameter and its error boundaries at unsampled 

locations. These locations are determined by the range of the variogram. The sill 

gives the confidence limits on the estimated value. 

2. There are elements of erosion processes not well understood on rangelands. 

Sediment yield was over·estimated by average storm events on all watershed 
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configurations. However, averaging vegetation estimates on a single watershed 

configuration gave poor results of predicted runoff and sediment than on higher 

hillslope watershed configurations. This implies that a single vegetation 

measurement of the parameters used to compute the interrill and effective hydraulic 

conductivity cannot be used. 

3. Runoff and sediment yield predicted by using regression equations developed for 

rangelands on estimated and adjusted vegetation data to account for high CV did not 

show any significant difference. The optimum average K e range value of 7 mmlhr did 

not improve the predicted runoff and sediment yield. Kriging has smoothed the 

average vegetation estimates and this has affected the actual variability inherent in 

the measured data. The estimates adjusted for high CV are appropriate and are 

therefore used to validate the effects of scale on distributed vegetation parameters. 

4. From these results, distribution of vegetation parameters by multiple hillslopes did 

not improve the runoff and sediment yield at the watershed outlet. Similar results 

have been reported by Vieux and Farajalla (1994) on the importance of distributed 

versus lumped Manning's hydraulic roughness. Lane et aI. (1995) working at the 

same area of study also observed that the predicted sediment accounted for about 60 

% of the variance in measured data. 

5. The sampling interval determined by the variogram parameter to capture the 

essential spatial variability on vegetation parameters used to model erosion processes 

does not seem to matter due to the nearly uniform random distribution of vegetation 
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characteristics on rangelands (see fig. 5.6). Hence a larger sampling interval would 

give results which are just as acceptable provided that the mean values and the 

random distribution are maintained for any sampling resolution. 

6. Although the information content did not change significantly from a 2 hillslope 

up to a 10 hillslope watershed configuration, the 8 hillslope watershed configuration 

is recommended for sampling vegetation properties at Kendall 112 watershed. This 

would require about 16 samples spread at about 50 meter intervals. 

6.3 Recommendations 

Hydrological scales may range from a few centimeters to kilometers in space and from 

a few minutes to decades in time. However, the measurement of parameters at small scales 

is expensive if not impossible. Furthermore, developing models which can accommodate 

these large ranges is difficult. Distributed modeling of hydrologic processes requires 

parameter inputs determined at appropriate scales and a balance between small scales and 

large scales have to be devised. Spatial statistics offers a technique of estimating and 

distributing this parameters in space and time. 

Validation techniques which are location specific will help us understand and determine 

additional processes in our modeling efforts and the quantitative methods needed to assess 

the dynamics of scale on this complex landscapes. The spatial and temporal variability of 

.. vegetation properties responsible for calculation of effective hydraulic conductivity and 

interrill erodibility parameters on rangeland need to be assessed at a smaller scale than the 
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Kendall 112 watershed (1.9 ha). The results from this study show that more research is 

needed for an improved technology that will develop and measure vegetation parameters and 

soil erosion processes in space and time. 

The WEPP model seem to give plausible results on predicted sediment yield under a 

single event mode, the implications of which are that the model may not be updated some 

of the critical parameters such as effective hydraulic conductivity during continuous 

simulation. The model algorithms have to be revised to acount for continuous change in 

standing biomass and canopy cover. 
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APPENDIX A 

SLOPE AND VEGETATION ATTRIBUTES MEASURED AND ESTIMATED IN 

KENDALL 112 WATRSHED. 



Table A1 Sample plot number, UTM corodinate system, slope (%), vegetatioin properties measured during summer of 1994 in 
Kendall112 watershed. 

# Y COORD X COORD ELEV SLOPE TCACOV UBASAL UUnE UROCK OBASAL OUnE OROCK 

t01 3511599 600141 1511.7 6 20.00 0 11.67 3.33 5.00 5.00 28.33 
t02 3511596 600151 1512.3 6 26.67 0 15.00 1.67 1.67 18.33 31.67 
t03 3511594 600160 1512.9 6 23.33 0 8.33 0 0 3.33 43.33 
t04 3511598 600170 1513.5 4 26.67 5.00 16.67 0 0 36.67 15.00 
t05 3511587 600179 1514.1 7 8.33 3.33 5.00 0 5.00 15.00 36.67 
t06 3511584 600189 1514.8 9 33.33 6.67 11.67 0 1.67 15.00 15.00 
t07 3511581 600198 1515.6 8 6.67 3.33 1.67 1.67 3.33 11.67 31.67 
t08 3511579 600207 1516.4 7 6.67 0 5.00 1.67 5.00 16.67 30.00 
t09 3511575 600218 1517.2 7 11.67 0 3.33 0 0 20.00 15.00 
t10 3511573 600227 1517.9 9 26.67 8.33 10.00 1.67 1.67 6.67 16.67 
t11 3511570 600236 1518.7 9 13.33 3.33 1.67 5.00 8.33 10.00 43.33 
t12 3511567 600246 1519.7 12 0 0 0 0 8.33 11.67 25.00 
t13 3511564 600255 1520.8 14 11.67 1.67 1.67 0 11.67 8.33 31.67 
t14 3511561 600265 1522.3 13 15.00 1.67 6.67 3.33 5.00 16.67 23.33 
t15 3511558 600275 1523.6 12 18.33 3.33 3.33 0 8.33 16.67 31.67 
t16 3511555 600284 1524.7 9 8.33 1.67 1.67 1.67 11.67 10.00 43.33 
t17 3511552 600293 1525.6 8 28.33 3.33 5.00 5.00 8.33 8.33 13.33 
t18 3511549 600303 1526.4 5 0 0 0 0 28.33 5.00 18.33 
t19 3511539 600305 1526.9 1 0 0 0 0 15.00 3.33 11.67 
t20 3511542 600195 1526.2 1 3.33 0 0 0 13.33 8.33 18.33 
t21 3511545 600286 1525.4 15 13.33 3.33 8.33 1.67 16.67 16.67 28.33 
t22 3511548 600276 1523.9 12 3.33 1.67 0 0 21.67 11.67 41.67 
t23 3511551 600268 1522.8 14 53.33 3.33 35.00 3.33 1.67 31.67 6.67 
t24 3511554 600258 1521.3 15 3.33 0 0 0 15.00 5.00 30.00 

STD 

1.84 
1.70 
2.90 
1.43 
2.14 
1.99 
2.06 
1.56 
2.35 
1.97 
2.18 
1.76 
2.96 
1.31 
1.86 
1.60 
1.30 
1.21 
1.56 
1.24 
9.53 
2.33 
2.73 
1.31 w 

w 



Table A 1 - Continued 

# Y COORD X COORD ELEV SLOPE TCACOV UBASAL ULiTTE UROCK OBASAL OLiTTE OROCK srD 

t25 3511557 600248 1519.9 11 1.67 0 0 0 13.33 0 31.67 2.00 
t26 3511560 600239 1518.8 11 5.00 0 0 0 21.67 10.00 21.67 2.17 
t27 3511563 600229 1517.7 8 23.33 1.67 6.67 1.67 16.67 8.33 18.33 2.09 
t28 3511565 600220 1517 7 13.33 1.67 5.00 1.67 1.67 51.67 11.67 2.44 
t29 3511569 600210 1516.2 13 58.33 13.33 23.33 10.00 0 11.67 18.33 3.26 
t30 3511572 600200 1514.9 7 36.67 10.00 13.33 8.33 6.67 16.67 28.33 4.42 
t31 3511574 600191 1514.2 9 20.00 5.00 3.33 5.00 1.67 13.33 50.00 6.46 
t32 3511577 600182 1513.3 8 41.67 13.33 11.67 5.00 3.33 11.67 35.00 7.26 
t33 3511581 600172 1512.5 11 38.33 5.00 18.33 11.67 8.33 10.00 36.67 8.16 
t34 3511584 600163 1511.4 4 46.67 6.67 16.67 8.33 0 8.33 35.00 11.98 

t35 3511586 600153 1511 5 13.33 3.33 3.33 1.67 6.67 23.33 30.00 5.24 
t36 3511590 600144 1510.5 4 25.00 10.00 0 11.67 6.67 20.00 35.00 8.18 
t37 3511592 600134 1510.1 13 41.67 6.67 3.33 11.67 5.00 1.67 28.33 3.84 
t38 3511585 600127 1508.8 5 0 0 0 0 21.67 8.33 10.00 2.25 

t40 3511580 600146 1509.8 8 1.67 0 0 0 16.67 5.00 3.33 1.23 

t42 3511574 600165 1511.3 6 13.33 1.67 3.33 0 21.67 5.00 6.67 7.63 
t44 3511568 600184 1512.5 8 28.33 1.67 18.33 0 11.67 20.00 3.33 1.92 

t46 3511562 600203 1514 10 43.33 8.33 23.33 1.67 3.33 3.33 31.67 4.31 

t48 3511556 600222 1515.9 17 46.67 15.00 20.00 8.33 1.67 30.00 15.00 3.78 

t50 3511550 600241 1519.2 15 10.00 1.67 0 1.67 8.33 1.67 36.67 1.13 

t52 3511545 600260 1522.2 15 18.33 3.33 0 3.33 10.00 3.33 30.00 1.97 

t54 3511538 600279 1525.2 8 35.00 3.33 15.00 8.33 3.33 13.33 15.00 2.33 

t56 3511532 600298 1526.8 4 20.00 8.33 1.67 1.67 3.33 18.33 18.33 1.39 

t58 3511523 600300 1527.2 7 11.67 1.67 3.33 1.67 6.67 0 50.00 3.35 I w 
~ 



Table A1- continued 

# Y COORD X COORD ELEV SLOPE TCACOV UBASAL ULIITE UROCK OBASAL OLIITE OROCK STD 

teO 3511529 600281 1525.8 12 13.33 5.00 0 1.67 6.67 16.67 38.33 1.45 
te2 3511535 600262 1523.3 16 20.00 8.33 1.67 3.33 16.67 6.67 40.00 1.84 
te4 3511541 600243 1520.2 14 16.67 3.33 1.67 1.67 15.00 16.67 16.67 1.62 
te6 3511546 600225 1517.4 16 6.67 1.67 1.67 1.67 6.67 16.67 30.00 1.76 
te8 3511552 600205 1514.2 6 1.67 0 0 0 18.33 11.67 0 1.73 
t70 3511558 600186 1513 6 11.67 1.67 1.67 0 13.33 11.67 8.33 1.83 
t72 3511564 600167 1511.8 5 33.33 5.00 25.00 1.67 5.00 48.33 6.67 4.80 
t74 3511569 600148 1510.9 5 11.67 0 1.67 1.67 11.67 15.00 36.67 7.31 
t76 3511575 600129 1510 17 8.33 0 0 3.33 6.67 1.67 45.00 6.94 
t78 3511566 600131 1511.7 5 40.00 5.00 25.00 3.33 6.67 13.33 26.67 4.92 
t80 3511560 600150 1512.7 4 5.00 0 1.67 0 5.00 45.00 16.67 6.61 
t82 3511554 600169 1513.4 4 8.33 0 1.67 1.67 15.00 5.00 45.00 5.49 
t84 3511548 600188 1614 5 56.67 5.00 25.00 1.67 5.00 10.00 13.33 5.13 
t86 3511542 600207 1515.4 15 43.33 6.67 0 21.67 1.67 0 36.67 4.43 
t88 3511536 600227 1518.4 15 10.00 1.67 3.33 0 15.00 11.67 28.33 1.48 
t90 3511531 600245 1521.2 15 23.33 1.67 1.67 0 10.00 5.00 21.67 1.62 
t92 3511525 600263 1524.2 10 23.33 3.33 0 0 5.00 16.67 21.67 2.82 
t94 3511519 600283 1526.3 5 13.33 1.67 6.67 1.67 13.33 13.33 38.33 7.71 
t96 3511509 600286 1526.8 9 25.00 3.33 5.00 11.67 11.67 16.67 30.00 1.25 
t98 3511515 600266 1524.9 14 10.00 0 0 0 10.00 10.00 46.67 1.37 

t100 3511521 600247 1522.1 14 10.00 0 0 0 10.00 10.00 46.67 1.37 
t102 3511527 600229 1519.5 12 21.67 11.67 0 6.67 6.67 6.67 45.00 1.80 
t104 3511533 600209 1517 7 20.00 3.33 0 6.67 15.00 3.33 46.67 1.59 -t1 ()Et _~~11538 ~()191 1515.6 4 6.67 1.67 0 o 15.00 8.33 40.00 2.87 

-- _ .. _---_. __ ._---_ .. _------

w 
VI 



Table A 1 - continued 

# Y COORD X COORD ELEV SLOPE TCACOV UBASAL UUITE 

t108 3511544 600171 1514.9 4 10.00 1.67 0 
t110 3511550 600152 1514.1 6 21.67 6.67 0 
t112 3511556 600134 1513 6 18.33 1.67 1.67 
t114 3511549 600126 1513.6 6 16.67 1.67 0 

t116 3511549 600144 1514.7 5 6.67 3.33 0 
t118 3511538 600164 1515.8 3 13.33 3.33 3.33 
t120 3511532 600183 1516.5 2 23.33 6.67 8.33 
t122 3511526 600202 1516.5 14 5.00 0 0 
t124 3511520 600221 1519.4 13 31.67 8.33 5.00 
t126 3511515 600239 1521.8 13 23.33 3.33 15.00 
t128 3511508 600258 1524.5 10 8.33 1.67 0 
t130 3511502 600278 1526.5 7 11.67 3.33 1.67 
t132 3511499 600261 1525.3 12 16.67 5.00 1.67 
t134 3511505 600241 1522.9 15 65.00 11.67 45.00 
t136 3511510 600223 1520 9 53.33 15.00 15.00 
t138 3511516 600204 1518.3 2 6.67 0 0 
t140 3511522 600185 1518 5 5.00 0 0 
t142 3511528 600166 1517 5 28.33 3.33 8.33 
t144 3511535 600146 1515.9 4 3.33 0 0 
t146 3511527 600140 1516.3 8 13.33 3.33 1.67 
t148 3511521 600159 1517.8 6 38.33 3.33 31.67 
t150 3511515 600178 1519.1 5 33.33 11.67 11.67 
t152 3511509 600197 1520 3 10.00 1.67 1.67 

UROCK OBASAL OUITE OROCK 

1.67 6.67 0 40.00 
0 15.00 6.67 25.00 

1.67 10.00 0 26.67 
0 3.33 5.00 23.33 
0 10.00 11.67 23.33 

1.67 3.33 15.00 36.67 
5.00 6.67 6.67 35.00 
1.67 5.00 26.67 30.00 
6.67 8.33 3.33 45.00 

0 6.67 20.00 35.00 
0 11.67 0 18.33 

3.33 23.33 11.67 23.33 
3.33 11.67 3.33 40.00 
1.67 1.67 20.00 5.00 
6.67 1.67 10.00 20.00 
1.67 5.00 0 36.67 

0 15.00 5.00 30.00 
0 0 28.33 20.00 

1.67 8.33 1.67 53.33 
1.67 1.67 11.67 38.33 
3.33 5.00 30.00 6.67 
1.67 10.00 26.67 20.00 

0 5.00 6.67 41.67 

STD 

5.68 
2.71 
3.30 
1.75 
1.34 
1.30 
2.29 
6.26 
2.06 
2.78 
2.60 
1.80 
1.77 
4.12 
3.09 
6.01 
3.48 
3.57 
1.76 
1.32 
3.68 
3.20 
3.19 

w 
0'1 



Table A1 - continued 

# Y COORD X COORD ELEV SLOPE TCACOV UBASAL ULinE UROCK OBASAL OLinE OROCK 

t154 3511503 600216 1519.4 16 8.33 1.67 5.00 0 10.00 
t156 3511497 600235 1522.5 13 48.33 1.67 16.67 6.67 5.00 

t158 3511492 600253 1525 6 15.00 0 3.33 1.67 11.67 
t160 3511482 600255 1525.6 13 16.67 0 3.33 0 13.33 

t162 3511487 600237 1523.1 10 18.33 8.33 5.00 3.33 5.00 
t164 3511493 600217 1521.1 1 63.33 3.33 35.00 5.00 0 

t166 3511499 600200 1521 2 25.00 3.33 11.67 0 5.00 

t168 3511505 600180 1520.7 6 33.33 5.00 15.00 5.00 10.00 
t170 3511511 600161 1519.4 9 16.67 5.00 3.33 0 10.00 
t172 3511517 600142 1517.6 15 8.33 3.33 0 3.33 1.67 
t174 3511505 600153 1520 7 31.67 3.33 16.67 6.67 3.33 

t176 3511498 600172 1521.4 4 41.67 18.33 6.67 10.00 5.00 
t178 3511492 600192 1522.2 3 26.67 5.00 3.33 3.33 10.00 
t180 3511486 600210 1521.7 4 25.00 1.67 10.00 1.67 6.67 
t182 3511480 600229 1522.5 10 26.67 1.67 6.67 3.33 5.00 

t184 3511475 600248 1524.4 11 35.00 10.00 3.33 1.67 5.00 

# t 01 to t 184 represent the sample plot number, X coord and Y coord are UTM coordinate system. 
SLOPE is the slope steepness (%), Tcacov is the total canopy cover (%) 

15.00 41.67 
8.33 35.00 
3.33 45.00 
25.00 18.33 
3.33 25.00 
5.00 20.00 

21.67 10.00 
6.67 30.00 
13.33 26.67 

0 21.67 
11.67 35.00 

0 31.67 
1.67 41.67 
3.33 10.00 
8.33 16.67 
10.00 21.67 

Ubasal is interril basal surface cover (%), U rock is interril cover (%), Ulitte is interilllitter cover (%) 
Obasal is the rill basal surface cover (%), Orock is the rill rock cover (%), Olitte is rill litter cover (%) 
STD is the random roughness (mm). 

STD 

2.88 
2.11 
1.11 
2.15 
1.79 
4.73 
6.45 
12.01 
5.39 
1.74 
1.35 
2.85 
3.70 
4.37 
3.86 
1.24 

w 
-...J 



Table A 2 Rill and adjusted interrill (rock and basal surface) total canopy cover 

and random surface roughness in Kendall watershed. 

Urock Ad urock Ubasal Ad ubas Tcacov AD RR AD 

3.74 5.60 2.56 1.28 21.39 32.08 2.34 1.17 

1.81 0.91 2.60 1.30 16.72 8.36 2.09 1.05 

1.15 0.57 2.50 1.25 14.79 7.40 3.56 5.33 

3.98 5.97 2.96 1.48 16.43 8.22 4.31 6.47 

3.24 4.87 5.76 8.64 24.54 36.81 3.19 4.79 

4.37 6.55 3.77 5.65 25.70 38.55 2.96 4.43 

2.02 1.01 3.93 5.90 25.72 38.58 3.19 4.79 

0.78 0.39 2.99 1.50 15.48 7.74 4.08 6.12 

2.90 4.35 5.68 8.51 25.53 38.30 4.03 6.04 

3.01 4.51 6.52 9.78 27.49 41.23 2.98 4.47 

2.73 4.09 4.80 7.20 22.97 34.46 4.00 6.00 

3.33 4.99 6.31 9.47 28.31 42.46 3.59 5.38 

3.59 5.39 3.34 1.67 21.82 32.72 3.37 5.06 

3.77 5.66 3.46 1.73 17.82 8.91 3.58 5.36 

2.89 4.34 4.46 6.70 27.57 41.36 3.23 4.85 

3.52 5.28 4.68 7.03 22.15 33.23 3.25 4.88 

3.42 5.13 4.21 6.31 20.09 30.14 2.61 1.30 

2.97 4.46 4.88 7.32 21.66 32.49 2.23 1.12 

2.69 4.03 5.73 8.59 27.70 41.55 2.27 1.14 

138 
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Urock Ad urock Ubasal Ad ubas Tcacov AD RR AD 

2.99 4.48 5.45 8.18 35.94 53.91 2.35 1.17 

1.78 0.89 1.76 0.88 11.68 5.84 2.05 1.03 

0.96 0.48 2.19 1.09 13.78 6.89 2.14 1.07 

1.38 0.69 2.61 1.31 17.58 8.79 1.90 0.95 

1.26 0.63 3.44 1.72 21.25 31.88 1.98 0.99 

1.40 0.70 4.29 6.43 25.01 37.52 1.98 0.99 

3.12 4.68 1.54 0.77 12.90 6.45 2.37 1.18 

2.96 4.44 1.97 0.98 14.88 7.44 3.32 4.98 

2.27 1.14 3.34 1.67 19.25 9.63 2.48 1.24 

1.42 0.71 3.16 1.58 17.04 8.52 2.37 1.18 

2.13 1.06 2.80 1.40 16.65 8.32 1.91 0.96 

2.55 3.83 1.88 0.94 14.60 7.30 2.13 1.06 

3.17 4.76 2.54 1.27 13.76 6.88 2.72 1.36 

1.71 0.85 2.57 1.28 11.56 5.78 2.16 1.08 

1.68 0.84 2.92 1.46 13.44 6.72 2.11 1.06 

1.35 0.67 2.70 1.35 13.71 6.85 2.51 1.26 

Mean 2.52 3.11 3.61 3.82 19.91 22.09 2.78 2.89 

cv 0.38 0.68 0.38 0.84 0.29 0.71 0.26 0.73 

Urock is interril cover (%), Ad urock is the adjusted interril rock cover (%), Ubasal is 

interril basal surface cover (%), Ad ubas is adjusted interrill surface basal coevr, Tcacove 

is the total canopy cover (%), RR is the random roughness, and AD is the adjusted value. 



Table A 3. Rill and adjusted interrill (rock and basal surface and litter) cover in 

Kendall watershed. 

Olitte Ad olit Orock Ad orock Obasal Ad obas Ulitte Ad ulit 

12.29 18.44 28.91 43.37 5.28 2.64 6.20 3.10 

10.59 5.29 28.89 43.34 5.32 2.66 4.08 2.04 

9.99 4.99 27.91 41.87 8.96 13.44 2.74 1.37 

10.56 5.28 27.40 13.70 9.04 13.56 5.69 2.85 

12.09 18.13 26.78 13.39 6.83 3.41 9.12 13.68 

10.81 5.40 27.65 41.47 6.89 3.44 11.13 16.69 

15.24 22.86 29.05 43.57 6.53 3.26 11.33 16.99 

16.73 25.10 22.52 11.26 10.55 15.83 4.67 2.34 

13.71 20.57 27.42 13.71 6.29 3.15 10.27 15.40 

16.33 24.50 29.50 44.25 3.29 1.64 9.90 14.85 

8.52 4.26 28.30 42.44 6.77 3.39 9.53 14.29 

9.38 4.69 33.71 50.57 9.13 13.69 11.10 16.65 

10.14 5.07 21.91 10.96 9.14 13.71 6.04 3.02 

14.19 21.28 28.42 42.63 4.46 2.23 4.81 2.41 

15.40 23.10 31.80 47.70 3.42 1.71 9.29 13.94 

9.35 4.68 25.11 12.56 4.93 2.46 7.94 11.90 

9.24 4.62 35.72 53.58 8.48 4.24 7.36 11.04 

16.06 24.09 20.62 10.31 9.44 14.16 4.01 2.00 

15.94 23.91 23.86 11.93 4.97 2.49 9.89 14.83 
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OHtte Ad olit Orock Ad orock Obasal Ad obas Ulitte Ad ulit 

16.35 24.52 23.22 . 11.61 4.66 2.33 14.80 22.20 

10.03 5.01 29.38 44.06 8.45 4.22 3.23 1.62 

10.64 5.32 28.84 43.26 9.81 14.72 5.23 2.62 

10.48 5.24 25.40 12.70 10.90 16.36 4.65 2.32 

9.68 4.84 27.38 13.69 10.57 15.85 6.71 10.06 

11.29 5.64 25.52 12.76 8.79 13.18 7.77 11.65 

10.34 5.17 34.13 51.20 12.44 18.66 4.76 2.38 

13.34 20.01 32.97 49.45 9.62 14.43 5.52 2.76 

13.14 19.71 23.82 11.91 11.94 17.91 6.87 10.31 

12.40 18.60 26.60 13.30 13.26 19.90 3.43 1.72 

12.52 18.79 29.22 43.82 10.00 15.01 2.89 1.44 

9.49 4.75 31.78 47.67 13.17 19.76 5.99 2.99 

10.49 5.25 26.57 13.29 11.29 16.93 4.13 2.06 

9.56 4.78 26.37 13.18 12.74 19.11 2.90 1.45 

13.84 20.77 22.83 11.41 11.81 17.72 3.09 1.55 

12.33 18.49 24.39 12.19 13.03 19.54 2.23 1.11 

Mean 12.07 12.95 27.54 28.52 8.63 10.48 6.55 7.36 

cv 0.20 0.65 0.13 0.60 0.34 0.66 0.47 0.88 

Ad orock is the adjusted rill rock cover (%), Ad obas is the adjusted rill basal 

surface cover (%), Ad ulit is adjusted interilliitter cover (%). 
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