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Abstract:
Geographic information systems (GIS) offer users of the Revised Universal Soil Loss Equation
(RUSLE) the opportunity to apply the equation to larger areas. GIS allows the model to incorporate
spatially variable inputs. This study examined the sensitivity of (he combined RUSLE Length-Slope
(LS), and a new physically-based LS factor developed by Moore and Wilson, to different data sources,
grid resolutions, and to methods of computing upslope contributing areas. The sensitivity analysis was
performed in a large (100 km2) forested catchment in southwest Montana. By definition, RUSLE is not
applicable to areas subject to net sediment deposition. An attempt was made to validate the ability of
the EROS model to identify these depositional locations so they can be excluded from RUSLE
calculations. Observed Cesium-137 soil redistribution data from a 1993 erosion assessment in a small
(46 ha) closed catchment in western Idaho was used to test EROS.

Digital elevation model source and choice of grid size were determined to affect terrain attributes and
RUSLE LS factors. Grids of 30, 100, and 200 meters were created. The 100 and 200 meter data
artificially smoothed the topography of the watershed, missing small scale elevation variations. Single
(D8 and Rho8) and multiple flow direction algorithms (FRho8 and DEMON) were used in the
TAPES-G terrain analysis model to examine how calculation of upslope areas and LS factor were
affected. The two major algorithms produced quite different distributions. Multiple flow direction
algorithms (FRho8 and DEMON) produce superior results because they account for flow
convergence/divergence in 3-dimensional terrain. The FRho8 algorithm in TAPES-G requires the user
to enter a cross-grading area value to disable flow divergence once channelized flow is initiated. The
choice of this variable does not affect upslope area or LS factor distributions.

The Moore-Wilson ATc parameter, which is calculated by the EROS model, was used to identify zones
of net deposition. These zones were compared to points where soil motion rates had been determined
using Cs-137 analysis. The model identified less than 60% of the 139 sample points correctly, yielding
a phi correlation coefficient of 0.1 while running the model on 30 and 10 meter DEM data. The poor
performance of the model may be attributed to coarse model input data being compared to field data
that was collected at the point scale. Another possible explanation for validation failure may be that the
governing equations for the ATc parameter omitted some key physical variable that controls patterns of
soil redistribution. 
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ABSTRACT

Geographic information systems (GIS) offer users of the Revised Universal 
Soil Loss Equation (RUSLE) the opportunity to apply the equation to larger areas. 
GIS allows the model to incorporate spatially variable inputs. This study examined the 
sensitivity of (he combined RUSLE Length-Slope (LS)1 and a new physically-based 
LS factor developed by Moore and Wilson, to different data sources, grid resolutions, 
and to methods of computing upslope contributing areas. The sensitivity analysis was 
performed in a large (100 km2) forested catchment in southwest Montana. By 
definition, RUSLE is not applicable to areas subject to net sediment deposition. An 
attempt was made to validate the ability of the EROS model to identify these 
depositional locations so they can be excluded from RUSLE calculations. Observed 
Cesium-137 soil redistribution data from a 1993 erosion assessment in a small (46 ha) 
closed catchment in western Idaho was used to test EROS.

Digital elevation model source and choice of grid size were determined to affect 
terrain attributes and RUSLE LS factors. Grids of 30, 100, and .200 meters were 
created. The 100 and 200 meter data artificially smoothed the topography of the 
watershed, missing small scale elevation variations. Single (D 8 and Rho8) and 
multiple flow direction algorithms (FRho8 and DEMON) were used in the TAPES-G 
terrain analysis model to examine how calculation of upslope areas and LS factor were 
affected. The two major algorithms produced quite different distributions. Multiple 
flow direction algorithms (FRhoS and DEMON) produce superior results because they 
account for flow convergence/divergence in 3-dimensional terrain. The FRhoS 
algorithm in TAPES-G requires the user to enter a cross-grading area value to disable 
flow divergence once channelized flow is initiated. The choice of this variable does not 
affect upslope arda or LS factor distributions.

The Moore-Wilson ATc parameter, which is calculated by the EROS model, 
was used to identify zones of net deposition. These zones were compared to points 
where soil motion rates had been determined using Cs-137 analysis. The model 
identified less than 60% of the 139 sample points correctly, yielding a phi correlation 
coefficient of 0.1 while running the model on 30 and 10 meter DEM  data. The poor 
performance of the model may be attributed to coarse model input data being compared 
to field data that was collected at the point scale. Another possible explanation for 
validation failure may be that the governing equations for the ATc parameter omitted 
some key physical variable that controls patterns of soil redistribution.



CHAPTER ONE

INTRODUCTION 

Scope and Purpose

Soil erosion is a continuing global problem that deserves the attention of the 

scientific and agricultural communities. Alteration of landscapes by humans has caused 

increased soil loss rates, and current rates exceed soil formation in many landscapes (Foth 

and Turk, 1972). During the last 40 years, nearly one-third of the world's arable land has 

been lost by erosion and continues to be lost at rates up to 10 million hectares per year 

(Pimental et al., 1995). Soil is a resource that is non-renewable in the span of human 

lifetimes and needs to be treated accordingly. The economic ramifications of erosion make 

it important to continue research efforts to find cost-effective strategies for reducing future 

soil losses. As world population grows, increased pressures will be applied to croplands 

to provide food and fiber (Crosson, 1984). Accelerated erosion can be considered the pre

eminent environmental problem by virtue of its widespread occurrence and cumulative cost 

(Toy, 1982). These losses are likely to continue in future decades unless definitive actions 

are taken now to identify and minimize the loss o f our soil resource (Toy, 1982; Pimental 

etal., 1995).

Several erosion models have been developed to aid in the identification and 

management of erosive lands. The Universal Soil Loss Equation (USLE) was created in 

the 1950s and computes soil loss for agricultural fields using a lumped parameter approach 

that requires the multiplication of six factors: rainfall erosivity (R), soil erodibiiity (K), 

slope length (L), slope gradient (S), crop cover (C), and supporting practices (P)
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(Wischmeier and Smith, 1965, 1978). The USLE has emerged as the leading model used 

to define acceptable agricultural practices on highly erodible lands (Meyer, 1984; Glanz, 

1994). The refinement of the USLE over the years culminated in the release of the 

Revised-Universal Soil Loss Equation (RUSLE) in 1987 (Renard et al., 1991). RUSLE 

retains the basic structure of USLE, but incorporates updated factor relationships based on 

newly acquired data and modem erosion theory (Renard et al., 1991). There has also been 

increased interest in applying the equation to larger areas to assess erosion at the regional 

scale.

The USLE was developed with several key assumptions about runoff generation 

and sediment transport that make the model easy to apply to soil loss plots but much more 

difficult to apply to landscapes. Numerous researchers have combined the model with 

geographic information systems (GIS) to apply the model at larger scales (e.g., Hession 

and Shanholtz, 1988; Ventura et al., 1988; James and Hewitt, 1992). These past modeling 

efforts all used GIS to generate, store, and analyze model inputs and outputs but they 

differed in how they coupled the model to a particular GIS data structure. The USLE has 

been used in both a raster and vector environment, each of which presents challenges for 

the modeler to correctly apply the assumptions of the model. Key assumptions and 

limitations that need to be addressed are: (I) deposition of sediment is not represented, (2) 

runoff is generated uniformly over a catchment, and (3) runoff occurs via the uniform 

rainfall excess method as opposed to the infiltration excess and/or saturation overland flow 

mechanisms (Wilson, 1996; Wilson and Gallant, 1996).

Moore and Wilson (1992, 1994) have advocated a grid-based index approach that 

could address the problems inherent in the above assumptions. Their erosion index is a 

dimensionless sediment transport capacity index that is a non-linear function of slope add 

specific discharge. The index is equivalent to the combined length-slope (LS) factor in 

RUSLE for a two-dimensional hillslope and can be extended to three-dimensional terrain
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(Moore and Wilson, 1994). It also distinguishes net erosion/deposition areas, accounts for 

different runoff mechanisms and soil properties using a spatially variable weighting 

function, and can be implemented in a GIS (Wilson and Gallant, 1996).

This index approach to soil erosion modeling offers the potential of producing 

cheaper, more substantive data. However, these new methods need to be tested to see 

whether they can be used to extend the capabilities of existing models. This study will 

examine: I) the sensitivity of the RUSLE-LS factor to grid cell resolution; 2) sensitivity of 

terrain attributes to methods used to calculate upslope areas; 3) determine how stream 

channels interact with the accumulation of upslope area through the use of cross-grading 

areas, and 4) evaluate the ability of the erosion index proposed by Moore and Wilson 

(1992,1994) to distinguish zones of net erosion and net deposition.

Literature Review

Erosion prediction techniques developed over the last 30 years have been based 

mostly on the USLE (Renard et al., 1991). The USLE has been the major tool used since 

the 1950s to assess the magnitude of soil erosion and how farmers can respond to the 

problem by using different conservation practices. The equation was developed from the 

statistical analysis of more than 10,000 plot years of data from 50 locations in 24 different 

states (Wischmeier and Smith, 1965, 1978). The USLE includes terms for the major 

factors affecting sheet and rill erosion: climate erosivity, soil credibility, topography, and 

land use/management. The equation requires a large amount of data that may not always be 

readily available.

The equation was designed for use on fields with slope gradients less than 20% and 

slope lengths less than 100 m , and is only applicable to areas experiencing net erosion 

(Renard et al., 1991). It does not predict sediment deposition nor sediment yield at
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downstream locations. The USLE is empirically based and does not represent 

fundamental hydrologic and erosion processes. The effects of runoff are not explicitly 

represented and the equation gives incorrect results for areas that are actually experiencing 

net deposition (Renard et al., 1991). The USLE was intended to be applied to small, 

homogeneous agricultural fields with planar slopes, as opposed to complex 3-dimensional 

watersheds. The product (annual average soil loss) is based on one dimensional water flow 

so accuracy is questionable when dealing with non-uniform fields. Moore and Wilson 

(1994), for example, found that 79% of the cells in a 62 ha agricultural watershed occurred 

on either divergent or convergent slopes (i.e. non-uniform slopes). Continual evolution of 

the USLE has occurred throughout its lifetime to address some of these shortcomings.

The USLE has been modified over the years using new data from numerous states 

so the equation can be applied to more locations (Meyer, 1984). To better approximate 

complex terrain, slope lengths with different gradients (and/or profile curvatures) were 

broken up into segments with similar slope gradients because the original USLE assumed 

planar slope profiles (Foster and Wischmeier, 1974). Griffin et al. (1988) applied several 

forms of the USLE to two farms in Indiana with non-uniform slopes. One of the 

important outcomes from their research was the development of a USLE-based method 

for calculating erosion at points in a landscape without dividing the study area into profiles. 

An obvious advantage of this approach (not thought of at the time) is that it can be 

imbedded in a raster-based GIS.

The Revised USLE

In 1987, the USDA embarked on the development of the Revised-USLE 

(RUSLE) which would incorporate research advancements and an expanded database 

(Renard et al., 1991). The factor relationships were improved by the addition of soil plot 

data from western landscapes to the original database that was used to statistically derive
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the six multiplicative factors of USLE. Improved rainfall and soils maps were made so 

more accurate values of R and K could be determined. New cropping and management 

techniques were incorporated into the database, in the form of improved C and P factors. A 

subfactor approach for calculating the C factor was developed which represents prior land 

use, crop cover, surface cover, and surface roughness (Renard et al., 1991). The 

topographic factor equations for L and S were also updated to provide better representation 

of complex terrain (McCool et al., 1987; 1989):

where I  is the flow path length (m) ahd |3 is the slope gradient (degrees). The two 

topographic factor equations for L and S are often combined into one factor, the combined 

Length-Slope (LS) factor. Soil loss is much m ore sensitive to changes in slope than 

changes in slope length (Wilson, 1986) so RUSLE uses a more linear relation between soil 

loss and slope angle than the USLE. RUSLE tends to estimate less soil loss for slopes 

greater than 20% than the original model (Renard et al, 1991). In its present form, the 

equation still is only applicable to single field units.

The revised equation is not without difficulties. Busacca et al. (1993), for example, 

used RUSLE and Cesium-137 to predict soil erosion in a 46 ha closed catchment in the 

Palouse region of Idaho. The RUSLE predictions combined: (I) a single R value (65) 

that accounted for the seasonal effects of thawing soil and rain falling on snow or partly 

frozen soil, (2) a single LS value (3.10) that was obtained by calculating LS for several 

"representative" transects and taking a simple average, (3) an average K value (0.32) 

calculated from USD A-NRCS soil survey records, and (4) single C and P  values (0.95 and

L = (X /22 .13 )0-6

S = 10.8 Sinp + 0.03 for tan p < 0.09

S = 16.8 sin P - 0.5 for tan P > 0.09 (3)

(2)

( I )
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0.23 respectively) that were estimated by the authors after interviewing current and former 

farm operators and examining management records that extend back to the 1930s. The 

average erosion rate estimated by RUSLE (-31.4 t ha"1 yr-1) was nearly three times the 

average rate estimated by kiiged Cs-137 data (-11.61 ha' 1 y r 1) for erosional areas (Figure 

I) while deposition averaged 18.6 t ha' 1 yr "1 onto depositional areas of the watershed 

(Figure 2). Using the Cs-137 data as a baseline, it suggests that the implementation of 

RUSLE by Busacca et al. (1993) found that RUSLE grossly overestimated erosion rates. 

The authors attributed these discrepancies to the simple averaging of K and LS values and 

tiheir choice of "representative" transects for the LS calculations. Their concerns about the 

methods and/or types of spatial organization (data structure, resolution, etc.) used to 

estimate RUSLE factor values have important implications for GIS-based landscape-scale 

applications (Wilson, 1996).

Previous GIS Applications of the USLE

Wilson (1996) reviewed several recent GIS-based applications of USLE and found 

that different studies used different data structures, input data collected at different scales, 

and different methods to estimate equation factors. Hession and Shanholtz (1988) used 

the USLE and a sediment delivery ratio to estimate potential sediment loading to streams 

from agricultural lands near Virginia's Chesapeake Bay. A single R was obtained from 

published maps and used for each county, K was obtained from county soil surveys, LS 

was computed for each cell by inserting slope length and the weighted cell slope into the 

appropriate USLE equations, C was determined from Landsat imagery, and P was 

assumed to be constant and equal to unity. Cell slopes were determined by weighting the 

slope between each cell and its eight neighbors. All data, with the exception of elevation, 

were encode^ for I ha grid cells. Elqvation data were sampled at a 4 ha (200m x 200m)
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Figure I. Soil erosion rates from Kriged Cs-137 data. (From Busaccaetal.. 1993. 366).

Figure 2. Soil deposition rates from Kriged C s-137 data. (From Busacca et al., 1993, 365).
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cell resolution and I ha maps of elevation were interpolated with computer software 

because of cost constraints. The majority rule was used to assign cell values for 

continuous data such as elevation. A delivery ratio was then calculated for each agricultural 

land cell and combined with the USLE soil erosion value to estimate the sediment that 

reaches a stream. Ventura et al. (1988) used a series of GIS polygon overlays and 

FORTRAN programs to estimate soil erosion in Dane County, Wisconsin. A seamless 

digital soil map of the entire county was prepared from 181 detailed soils maps and used to 

assign R, K, and LS factor values. Five land cover types were classified from a Landsat 

Thematic Mapper (TM) scene and converted to a polygon coverage that was compatible 

with the other GlS data. A composite land cover layer consisting of Public Land Survey 

System quarter sections, incorporated areas, wetlands, and satellite land cover (five classes) 

was then created and combined with the soils layer via a polygon-on-polygon topological 

overlay. The USLE was used to estimate soil erosion for the 500,000 polygons (0.4 ha 

average size) labeled as row crop and hay/meadow areas.

James and Hewitt (1992) used a series of ARC/INFO coverages and Arc Macro 

Language (AML) programs to build a decision support system for the Blackfoot River 

drainage in Montana. The decision support system was based on the Water Resources 

Evaluation o f N onpoint Silvicultural Sources (W RENSS) m odel which, in turn, 

incorporates a modified version of the USLE to estimate soil erosion. R was estimated 

from published isoerodent maps, K values were estimated from a series of digital and 

paper USDA-NRCS and USDA-Forest Service soil surveys, LS values were estiipated 

from 1:250,000 scale DEM s with the GRID tools in ARC/INFO, and a land cover data 

layer was prepared from a Landsat TM scene. Some additional data processing was 

necessary because: (I) some of the soil survey source maps delineated soil mapping units 

and others delineated Forest Service land-type units at scales ranging from 1:250,000 to 

1:24,000, (2) the topographic factor estimates had to be resampled to a larger cell size,
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stratified into classes, and converted to a vector format to ensure compatibility with the 

other model data layers, and (3) a generalized land cover data layer was generated without 

the benefit of extensive ground-truth data. The user interface that was developed as part of 

this decision support system was geared towards data browsing and querying at the basin 

level and data modeling at the subwatershed level. Hence, users are able to estimate soil 

erosion rates under a variety of land cover conditions for a series of third-order catchments 

with this system.

These three applications share some.important similarities and differences. All 

three used the GIS to manage and display model inputs and outputs. They differed in 

terms of: (I) the type and intensity of coupling used to link the GIS and USLE model, and 

(2) the methods used to generate and represent model inputs. Hession and Shanholtz 

(1988) implemented the USLE as a raster-based model while the other two applications 

implemented the equation with a polygon data structure rising areal averages for equation 

factors that may not have retained the spatial variability of the inputs. Hession and 

Shanholtz (1988) did not use the approach proposed by Griffin et al. (1988) to estimate 

erosion at points. None of these studies isolated areas of net deposition from areas of net 

erosion before applying the equation, and they all treated their study areas as planar slopes, 

ignoring flow convergence and divergence, and the variability of runoff mechanisms and 

source areas.

When implementing the equation in a raster environment, a choice has to be made 

concerning grid resolution. Past hydrologic studies have used square grids ranging from 2 

to 200 m on a side (Moore, 1993; Hession and Shanholtz, 1988; Zhang and Montgomery, 

1994; Quinn et al., 1995). Moore (1996) suggested that 100 m may be the upper limit to 

the resolution necessary to define the spatial variability of soil water content and surface 

saturation in a landscape. Zhang and Montgomery (1994) found that a 10 m grid size 

offered substantial improvements over 30 and 90 m data, but 2 or 4 m data provided only
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marginal improvements while requiring much greater computer resources. In the United 

States, the standard DEM  size is 30 m, and acquiring finer resolution DEM s is both 

expensive and time consuming. M odel validation, is usually accomplished against 

distributed point measurements which suggests that resolutions approaching point scales 

might be needed to avoid interpolation errors in study comparisons (Quinn et al., 1995).

Physically-Based Models

In the 1980s, models have been developed that are based on the physical processes 

active at the landscape scale such as soil particle detachment, entrainment and deposition by 

overland and channelized flow (Beven, 1989). The use of process-based indices, which are 

based on simplified representations of the underlying physics of the processes, to identify 

the spatial variability of processes, has emerged as a useful tool to assist modelers at the 

regional scale (Moore et al., 1993). Topography is one of the m ost important factors in 

determining the hydrologic response of a catchment to a given precipitation event (Moore, 

1996). Specific catchment area and slope, for example, have been related to the spatial 

variability of erosion and soil moisture through the erosion index and wetness index, 

respectively (Moore, 1996). These indices can be easily calculated in and/or passed to a 

raster GIS.

The erosion index developed by M oore and W ilson (1992) was designed to 

account for the principal terrain and hydrological factors affecting erosion. The index is 

calculated within a terrain analysis program called EROS (Wilson and Gallant, 1996). 

This erosion index is equivalent to the RUSLE LS factor for a two-dimensional hillslope 

and is a measure of the sediment transport capacity of overland flow (Moore et al., 1992). 

The index can be extended, to 3-D terrain, can accommodate different runoff producing 

mechanisms, and a variant may be used to distinguish areas experiencing net erosion and 

net deposition (Moore and Wilson,. 1994). The index is based on the steady-state, sediment
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transport limiting case predicted by three erosion theories: the Water Erosion Prediction 

Project (W EPP) theory (Laflen et al., 1991), Hairsine-Rose theory (Hairsine and Rose, 

1991), and catchment evolution theory (Willgoose et al., 1991).

The EROS program computes two erosion indices. The first index represents the 

change in sediment transport capacity across a grid cell, ATc, and provides a possible

measure of the erosion or deposition potential in each cell (Moore and Burch, 1986). The 

change in sediment transport capacity can be written as:

ATcj = (j) {  [ X ( j i i a i / b j . ) ] m (sin(3j_)n - [ X(pi aj/bj) ]m (sin(3j)n } (4)

where (j) is a constant, (Ii is a weighting coefficient (0 < (Ii < I) that is dependent on the 

runoff generation mechanism and soil infiltration rate, Oi is the area of the ith cell, bj is the 

width of each cell, |3 is the slope angle in degrees, m and n are constants (0.6 and 1.3 

respectively), subscript j signifies the outlet of cell i, and j- signifies the inlet to cell i 

(Moore et al., 1992). Moore and Wilson (1992, 1994) hypothesized that a positive value 

of ATq indicates net deposition and a negative value indicates net erosion. This hypothesis 

needs to be tested because the work of Busacca et al. (1993) shows that depositional areas 

in a typical watershed are considerable (40%). Cs-137 samples have been successfully 

used to document patterns of soil movement in fields and therefore might be used to test 

the Moore-Wilson index.

The second index computed with EROS represents the spatial distribution of 

erosion potential for each point in a square-grid raster and is obtained from the following 

sediment transport capacity equation:

T cf = [E ((Ii aj /bj)/22.13]m (sinfy / 0.0896 )n (5)
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Wherejxi is a weighting coefficient (0 < Jii < I) that is dependent on the ninoff generation 

mechanism and soil infiltration rate, a; is the area of the ith cell, bj is the width of each cell, 

b is the slope angle in degrees, m and n are exponents (0.6 and 1.3 respectively).

This logic can be used to simulate different runoff mechanisms such as infiltration 

excess and/or saturation overland flow. When jx = O n o  runoff is generated; when jx = I, 

100% rainfall excess is produced (similar to the assumptions currently adopted in USLE 

and RUSLE). Equations (4) and (5) can be rewritten (simplified) when Ji = I as:

ATcj = (|)[Asj-m (sin |3j-)n - Asjm (sin(3j)n] (6)

Tc* =  (A g/22.13) m (sin p /  0.0896 )n (7)

where As is the specific catchment area (m2 n r 1) and P is the slope angle in degrees. 

Equation (7) is equivalent to the LS factor in RUSLE (Moore et al., 1992).

When jx is spatially variable and a function of infiltration characteristics, the model 

effectively represents Hortonian (infiltration excess) overland flow. EROS requires a file 

of polygons and their associated weights and applies a point in polygon overlay to assign 

weights to individual grid cells, in this instance. Calculation o f these weights is 

problematic: Repetto et al. (1994), for example, used the SCS curve number method to 

assign weights in the Squaw Creek, Montana watershed. Incoming precipitation was 

partitioned into a runoff component and an infiltration component. This method was 

developed as an engineering tool to estimate volume and peak flow of stream hydrographs 

caused by a rainstorm event for the design of dams and other hydraulic structures 

(Dingman, 1994). The curve number method is not intended to be used to estimate runoff 

so the accuracy associated with this method is questionable.
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Saturation overland flow is somewhat easier to implement in EROS and can be 

modeled by setting p  = I for areas that are saturated, and JLt=O everywhere else. Runoff 

and soil erosion will only be generated in areas that are saturated. Grid cells that are 

saturated are identified as having wetness indices that are greater than some user-specified 

critical wetness index ( ln(As/tan (3) > Wcrit) (Beven and Kirkby, 1979; Moore et al„

1988). The choice of the critical wetness index will determine the proportion of the basin 

that is saturated, and is the key variable when running this EROS option. Moore et al. 

(1992) implemented this, option in a small 9.6 ha catchment in Queensland and found good 

agreement between predicted and observed soil degradation rates. These conditions may 

be prevalent in many semi-arid and arid locations. Marlow e( al. (1987) and Aspie (1989), 

for example, attributed m ost of the storm runoff to saturation overland flow on a 

rangeland watershed in southwest Montana.

Flow Routing Algorithms

The specific catchment area or drainage area per unit width of contour term in 

equations (I) through (4) is dependent on the direction of water flow from node to node in 

a raster data structure. A 3 x 3 moving window of cells centered on a node is used to 

obtain directional derivatives and flow directions from, an elevation surface.

The m ost commonly used method, the D8 deterministic eight-node algorithm, only 

allows flow from a source node to one of eight neighbor cells based on the direction of 

steepest descent (O'Callaghan and Mark, 1984). This method produces unrealistic parallel 

flow paths with aspects that are multiples of 45°> does not represent flow divergence, and 

over-estimates the number of cells with high specific catchment areas (Moore, 1996). 

However, this method is incorporated in ARC/INFO and is widely used.

Fairfield and Leymarie (1991) developed a stochastic version of the D8 algorithm 

called Rho8. This method, though unable to model flow dispersion, was found to break
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up parallel flow paths at the cost of producing many cells without upslope connection 

(Moore, 1995). The FRhoS method was developed to mimic 3-D flow by accounting for 

flow convergence and divergence (Quinn et al., 1991). A slope weighting function is used 

to allow flow from source cells to multiple nearest neighbors for all cells above user- 

defined channels (Fairfield and Leymarie, 1991). The flow dispersion option is best 

disabled in areas of high contributing area, and this is accomplished in TAPES-G using a 

threshold called the "maximum cross-grading area" above w hich the DB or RhoS 

algorithm is used to channel flow to an outlet (Gallant and Wilson, 1996). Cross-grading 

area is used by the software to determine when enough flow has accumulated to sustain a 

stream. This variable is important because channel/hillslope.interaction is important as 

major variable source areas are found in and around channels. The choice of cross-grading 

area is scale dependent and as lower values are used, the distribution of upslope area will 

shift towards lower values (Quinn et al., 1995). Results show the FRhoS method 

estimates specific catchment area more accurately and breaks up the parallel flow paths that 

are generated with the DS method (Wclock and McCabe, 1994; Moore, 1996).

A somewhat different method of modeling flow dispersion has recently been 

developed by Costa-Cabral and Burges (1994). Their DEMON algorithm generates flow at 

each source pixel and follows the flow down stream tubes, which expand and contract to 

model divergence and convergence, respectively, until the edge of the DEM or a pit is 

encountered. Costa-Cabral and Burges (1994) demonstrated that the FRhoS algorithm 

generated errors under some conditions and the DEM ON algorithm shows the differences 

between convergent and divergent areas more accurately than the D 8, RhoS, and FRhoS 

algorithms. All four of these flow routing calculation methods are incorporated in the 

Terrain Analysis Programs for the Environmental SciencesrGrid (TAPES-G) (Gallant and 

Wilson, 1996).
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Description o f Study Areas

Squaw Creek, Montana .

The Squaw Creek study area is a topographically complex mountain watershed. It 

is located in the Gallatin National Forest approximately 45 km south of Bozeman, Montana

(lat. 45 0 28 ' N, long. I l l  0 15 ' W) (Figure 3). The watershed, which is a tributary of the
2

GaUatih River, contains 109 km of primarily forested land with elevations ranging from 

1690 to 3060 m. Slope gradients are mostly in the 20 to 40 % range throughout the basin. 

Climate in this region is characteristic of the northern Rocky Mountains, with m ost 

precipitation falling as snow during the spring months. Annual average precipitation (250 - 

600 cm yr "^) increases with elevation (Story, 1994). The hydrology of the basin is 

dominated by the snow-melt regime with average annual storage of 1300 m 3. Peak stream 

discharge usually occurs in May or June, and most erosion will occur in the spring due to 

snowmelt or rain falling on melting snow. Parent material in the upper part of the basin 

includes the tertiary volcanic crest (53%) of the Gallatin range. The middle part of the 

catchment has some Paleozoic sediments (23%) and the lower section has considerable 

Precambrian belt series gneiss and granite (24%). Soil characteristics are closely associated 

with parent material (Davis and S ho vie, 1984). The young soils in the watershed are 

variable but generally well drained, with zones of clay accumulation, and fine to medium 

texture. Infiltration rates vary from 4 to 10 mm h r -1. Vegetation includes Lodgepole pine 

(JPinus contorta), Douglas fir (pseudotsuga mertziesii), Subalpine fir (Abies lasiocarpa), 

Engleman spruce (Picea engelmanii), and various bunchgrasses in lower elevation 

meadows.

Principal land uses in Squaw Creek include recreation, hunting, timber cutting, and 

cattle grazing. The watershed contains 112 km of roads built for timber sales. Nearly 809 

ha of timber have been clear-cut since 1960 (7.4 % of watershed). There are four
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Figure 3. Squaw Creek. Montana study area and location maps.

primary grazing pastures used in a deferred rotation system. Several international fluvial 

geomorphology studies have used the Squaw Creek watershed (e.g.. Ergenzinger and 

Custer. 1983; Bunte. 1992: Ergenzinger et al, 1994) and has been proposed as a national 

stream bed load observatory by the USDA- Forest Service.

Naylor Farm. Idaho

The 46 ha Naylor Farm study area is located in the Missouri Flat Creek watershed 

which is a major tributary of the Palouse river (Figure 4). It is located 4 km north of 

Moscow, Idaho (lat. 46 46 ' N, long 116 59 1 W). An embankment carries Idaho State 

Highway 95 above the field, and blocks the outlet of this third order watershed.
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Figure 4. Naylor Farm. Idaho study area and location maps.

The embankment has prevented the escape of sediments since the 1950s (when Cs- 

137 was added to the atmosphere via nuclear testing programs). Elevations range from 

810 m at the outlet to 844 m along the divide of this third order drainage. Slopes range 

from 10 to 30% in the basin. Mean annual precipitation is 56 cm and occurs mainly as 

snow and low intensity rains. Five different soil series, formed of Holocene-age loess, are 

present in the study area (Barker, 1981). The soils are generally fine-textured, silty, with 

mollic and/or cambic horizons formed in the loess. The series differ in terms of source
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material (they include different relative proportions of two different ages of loess), soil 

drainage, and wetness. The field is managed in a wheat- pea- fallow rotation.

The Palouse region of eastern Washington and northern Idaho is an important 

wheat production area despite high erosion rates. The bulk of the precipitation occurs from 

November to May, and falls on soils with minimal crop cover. The largest erosion losses 

occur when rain falls on partially thawed soils and these conditions have led RUSLE 

developers to develop a LS factor specifically for this region (Renard et al., 1991). The 

area has been designated a priority region by the USDA-NRCS for soil erosion research 

and the development of Best Management Practices (BMPs).
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CHAPTER TWO 

METHODS

Digital elevation data were used for the first part of this study to examine the 

sensitivity of the RUSLE LS factor to several data sources and methods of calculation. 

DEM-based topographic attributes and field data obtained from Busacca et al. (1993) were 

used to test the performance of the EROS model against observed soil redistribution data 

in the second part of the study.

Squaw Creek Methods and Data Sources 

DEM Data Sources and Preprocessing

TheUnited States Geological Survey (USGS) provides DEM s at 30 m and 3 arc- 

second resolutions. The Squaw Creek drainage covers parts of the Bozeman 1:250,000 

scale map sheet (3 arc-second data) and the Garnet Mountain, M ount Blackmore, and 

Fridley Peak 1:24,000 scale map sheets (30 m data). The DEM s were imported into 

ARC/INFO using the DEMLATHCE command, edgematched, and clipped to the Squaw 

Creek study area.

Five sets of elevation data were generated from the source DEM s for the Squaw 

Creek study area. Grids at 100 and 200 m resolutions were created from the 30 m and 3 

arc-second DEM s with the TOPOGRID command. These are the same grid sizes used in 

previous GlS-based USLE applications (Hession and Shanholtz, 1988; Venmra et aL, 

1988; James and Hewitt, 1992). This Command launches a procedure similar to 

ANUDEM  (Hutchinson, 1989) and offers the advantage of an automatic drainage
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enforcement algorithm over other interpolation methods. The 30 m DEM itself provided 

the final set of elevation data.

An intermediate step was required to convert the 3 arc-second data to the same 

Universal Transverse Mercator (UTM) planar coordinate system used by the 30 m data. 

The 3 arc-second lattices were converted to point coverages in ARC/INFO and the 

projection was changed from geographic to UTM. The UTM-based point coverage was 

used as the input for TOPOGRID because converting 3 arc-second data to a planar 

coordinate system in ARC/INFO's GRID m odule would introduce an additional 

interpolation step (ARC/INFO only works with square grids).

Calculation of Primary and Secondary Terrain Attributes

TAPES-G (version 6.0) was used to calculate the slope, upslope area and flow path 

length terrain attributes for the five sets of elevation data (Gallant and Wilson, 1996). Each 

rectangular DEM was converted to an ASCII file, Ordered by row, for input to TAPES-G. 

The method of Jbnson and Dom ingue (1988) was used in TAPES-G to create 

depressionless OEMs, prior tp application of the RhoS method to compute flow directions 

and the FRhoS method to calculate upslope contributing areas. A maximum cross-grading 

area must be chosen when using FRho8. All runs used a maximum cross-grading area 

that represents the ratio of the area of total cells to the area of cells containing streams. For 

Squaw Creek it was found that for every 22 cells (approximately 20,000 m 2), one cell 

contained a stream when a 30 m grid was superimposed on a digitized version of the blue 

lines from the 1:24,000 scale map sheets. Slopes were calculated in TAPES-G using a 

finite difference algorithm.

The computed attributes were transferred to ARC/INFO, using a FORTRAN 

program called TAPESOUT which was written by Robert Snyder at the MSU Geographic 

Information and Analysis Center. The attribute grids were then clipped to the boundary of
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the watershed. The digital boundary file was created with the WATERSHED command in 

ARC/INFO. Cells that have upslope contributing areas greater than 20,000 m 2 were 

assumed to include a stream channel and were masked out (assigned a value of zero) 

because the RUSLE equation is not applicable to areas of channelized flow. RUSLE also 

assumes that the equation is not applicable to areas experiencing net sediment deposition as 

well. Areas of net erosion/deposition were estimated with EROS (version 2.0) (ATc)

index (Wilson and Gallant, 1996) and a mask grid was constructed with a value of zero at 

any cell predicted to have deposition (negative values of ATc).

Calculation of RUSLE LS Factor Values

The LS factor values were computed in ARC/INFO using the RUSLE equations 

for slope length (L) (equation I) and slope gradient (S) factors (equations 2 and 3). The 

Moore-Wilson method of estimating the LS factor values (equation 7) ,was also applied in 

ARC/INFO using the slope and specific catchment area attributes, transferred from the 

TAPES-G output file.

Calculation of Moore-Wilson LS Factor Values

Multiple sets of LS factor values were computed with the Moore-Wilson method 

(equation 7) to examine the impact of choice of flow routing algorithm and maximum 

cross-grading area thresholds on LS factor values.

TAPES-G incorporates four different algorithms to estimate upslope areas in a 

watershed. Specific catchment areas were estimated using the D 8, Rho8, FRhoS and 

DEMON flow routing algorithms for Squaw Creek. Terrain attributes were computed in 

four separate TAPES-G runs using the same 30 m DEM input file. The D 8 run used the 

D 8 method ( 0 'Callaghan and Mark, 1984) to compute both drainage directions and 

catchment areas. The other three runs used the RhoS method (Fairfield and Leymarie,
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1991) to compute drainage directions and the RhoB (Fairfield and Leymarie, 1991), FRhoB 

(Fairfield and Leymarie, 1991), and DEMON (Costa-Cabral and Burges, 1994) algorithms 

to calculate catchment areas. The FRhoB algorithm was used with a cross-grading area of 

20,000 m 2 as above. The specific catchment areas from each run were imported to 

ARC/INFO and clipped to the watershed boundary. Two sets of results were compiled as 

follows: (I) using all 116,828 cells in the Squaw Creek watershed and (2) with the cells 

with upslope areas greater than 20,000 m 2 (channels) and predicted net deposition cells 

masked out (i.e., using approximately 81,000 cells).

When using the FRhbB flow accumulation algorithm, TAPEStG prompts the user 

for a maximum cross-grading area (i.e., channel initiation threshold) in Order to disable 

flow divergence once channelized flow occurs. The 30 m Squaw Creek DEM was used 

with the FRhoB algorithm (with flow divergence) and five maximum cross-grading area 

thresholds (20,000,50,000,100,000,200,000, and 300,000 m2) to evaluate the sensitivity 

of computed Moore-Wilson LS factor values to the choice of this threshold. The highest 

cross-grading area was chosen to produce the same total stream length that appears as blue 

lines on the USGS 1:24,000-scale quad sheets. This result was accomplished by digitizing 

the blue lines from the study watershed, finding the total length of the stream network and 

then performing multiple TAPES-G runs with variable cross-grading areas until the length 

of the stream network created by TAPES-G was the same as the length of the quad sheet 

blue lines. The rationale for using the lowest cross-grading value was described above. 

The specific catchment area attribute was imported to ARC/INFO, and clipped to the 

watershed boundary. Two sets of results were compiled again, one using all the data and 

the other with those cells with contributing areas greater than 20,000 m 2 (channels) and 

predicted net deposition masked out.
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Scale Effects Analysis

The Squaw Creek study area was chosen to examine the effects of DEM data 

source, DEM  resolution, method used to calculate upslope contributing areas, and 

maximum cross-grading area (channel initiation) threshold on computed terrain attributes. 

These issues were handled in two ways.

A t one level a series of maps and agreement matrices were prepared to test for 

spatial similarity of the ES factor between different grids. The 30 m grids for the RUSLE 

ES and the Moore-WilsOn ES were divided into 5 equal area classes with the SLICE 

command in ARC/ENFO (each category had 20 % of the catchments cells). The same 

class boundaries were then applied to reclassify the 100 and 200 m RUSLE and Moore- 

Wilson ES grids into 5 classes representing very low, low, medium, high, and very high 

ES factors. The 100 and 200 m grids were resampled to 30 m resolution using the 

TOPOGRID command with the majority rule algorithm. For each of the respective 

sensitivity tests, a matrix was constructed that shows the percent agreement both before 

and after masking. This result was accomplished by subtracting the reclassed grids from 

each other and counting how many cells in the subtraction grid had values equal to zero 

(i.e. the same value).

The Kolmogorov-Smirnov (K-S) categorical difference test was used at the next 

level to test whether terrain attributes in Squaw Creek are sensitive to data source and 

resolution, method of computing upslope areas, and choice of cross-grading area. The 

SPSS statistics package was used to perform the K-S test. This test generates a Z- value 

test statistic and corresponding probability value. The higher the Z-value, the lower the 

probability of falsely rejecting the null hypothesis that the two distributions are from the 

same population. Results were deemed significant at the 0.01% level of significance.
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Naylor Farm Methods and Data Sources

Calculation of Primary and Secondary Terrain Attributes

The Robinson Lake, Idaho 1:24,000 scale DEM, which contains the Naylor Farm 

study area, was also obtained from the USGS for the second part of this thesis project. 

The DEM was imported into ARC/INFO using the DEMLA l  IlC E command, converted 

to an ASCII file, and input to TAPES-G (Gallant and Wilson, 1996) to compute the 

primary terrain attributes required by the ERGS program (Wilson and Gallant, 1996).

The 30 m by 30 m square grid DEM cells were superimposed on the contour map 

reproduced in Figure 4 and used to manually delineate the third order channel system in 

this small closed catchment prior to TAPES-G runs (Figure 5). This analysis showed that 

115 of the DEM  cells (18.7%) contained a channel segment and that each of these cells 

collected drainage from 4.35 upslope cells (i.e., those cells not crossed by channels) on 

average. A series of TAPES-G runs were performed starting with a maximum cross

grading area of 3,915 m 2 (4.35 x 30 m x 30 m) to find the largest value of the maximum 

cross-grading area threshold that correctly delineated the sources of each of the eight first- 

order streams in the ephemeral channel system. A depressionless DEM was computed for 

each of these TAPES-G runs using the algorithm developed by Jenson and Domingue 

(1988).

A value of 8,000 m 2 was chosen as the cross-grading area and used in the final 

TAPES-G run to switch from the FRhoS algorithm (which allows flow divergence to 

multiple downslope cells in upland areas) to the RhoS algorithm (which directs flow to
■ '■ - X

single downslope cells using a stochastic slope weighting function). Ai Visual comparison 

of Pjgures 5 and 6 shows that this computef-generate^ stream network contained two 

additional first-order streams that were not delineated in the origmal hand-drawn network.

r " '
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U.2 km

Figure 5. Hypothetical hand-drawn stream network superimposed on Naylor Farm map 
showing DEM grid and elevation contours.

Figure 6. Hypothetical computer-generated stream network superimposed on Naylor 
Farm map showing DEM grid and elevation contours.



A depressionless DEM  was again calculated with the Jenson and Domingue (1988) 

algorithm for this final TAPES-G run and the finite difference, RhoS and FRho8/Rho8 

algorithms were used to compute slopes, flow directions and upslope contributing areas, 

respectively. The elevation, slope, flow path length, upslope contributing area, plan and 

profile curvature attributes were converted into ARC/INFO grids with the TAPESOUT 

program described earlier.

The EROS program calculates two erosion indices: (I) a sediment transport 

capacity index that is similar to the length-slope factor in RUSLE but applicable to three- 

dimensional terrain, and (2) the change in sediment transport capacity across a grid cell that 

is a possible measure of the erosion and deposition potential in a watershed (Moore and 

Burch, 1986; Moore et al., 1992; Moore and Wilson, 1992, 1994; Wilson and Gallant, 

1996). The program requires the elevation, slope, flow direction, and upslope drainage 

area attributes generated by TAPES-G and optionally a soil boundary file which contains 

polygons specifying the boundaries of soil mapping units and a weighting factor for each 

polygon. The choice of weighting scheme depends on the runoff generation mechanism 

that is used and the simplest option, which assumes rainfall excess overland flow is 

generated uniformly across the entire watershed ( jii = I in equations (4) and (5 )), was 

chosen for this application.

This approach meant that equations (6) and (7) could be used in place of equations 

(4) and (5), respectively in EROS to predict those cells experiencing net erosion (i.e., cells 

with negative values of ATcj) from those cells experiencing net deposition (i.e., cells with 

positive values of ATcj) and the sediment transport capacity index (Tc*), respectively. The 

two ASCII files containing the EROS outputs (ATc and Tc*) were converted into 

ARC/INFO grids with the TAPESOUT program described earlier and the ATc grid was 

reclassified into an integer grid containing O ' s and I ' s to indicate cells for which net 

erosion and net deposition were predicted.



The six primary (elevation, slope, flow path length, upslope contributing area, plan, 

and profile curvature) and two secondary attributes (sediment transport capacity and net 

erosion/deposition) topographic attribute grids were required for the Cs-137 data analysis 

described below.

Cs-137 Data Sources and Preprocessing

The Cs-137 soil redistribution data (139 points) collected by Busacca et al. (1993) 

was obtained from the authors in the form of two x, y, z data files. The x and y fields 

represent locational coordinates and the z field represents elevation (m). In the other file the 

z value represents soil motion rate (kg m-2 yr -I). These files were converted into an 

ARC/ESfFO point coverage, and the x and y coordinates were projected into the UTM 

coordinate system: Busacca et al. (1993) used a local coordinate system to locate their 

sample points. The UTM coordinates of the watershed outlet sample point were obtained 

using GPS. Using differential correction, the x, y position of the outlet is known to sub

meter accuracy. A consultant from Moscow, ID was hired to obtain the UTM coordinates 

of the outlet sample point. Knowing both the UTM coordinates and the local coordinates 

of this point, the position of the origin of Busacca's local coordinate system can be 

calculated. The UTM coordinates of all the sample points can be easily obtained by adding 

the local coordinates of each point to the UTM coordinates of the local origin.

Erosion/Deposition Analysis

The POINTINGRID command in ARCPLOT was used to assign the sediment 

transport capacity index, upland/channel and net erosion/deposition designations to each of 

the 139 sampling points. This approach meant that three additional items were added to the 

appropriate records in the point attribute table (PAT) to facilitate comparison of calculated 

terrain attributes and measured soil motion rates.
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Three types of statistical tests were performed to explore the relationship between 

calculated terrain attributes and measured soil redistribution rates. A correlation matrix was 

generated to measure the strength of the relationships between six primary attributes 

(elevation, slope, flow path length, upslope contributing area, plan and profile curvature 

attributes) and one secondary terrain attribute (the Moore-Wilson sediment transport 

capacity index). The terrain attributes were then used as independent variables and soil 

motion rate was used as the dependent Variable in nine separate simple (pairwise) 

regression analyses. One run used all 139 Cs-137 sampling locations and the second and 

third runs used only the data for the Cs-137 sampling locations experiencing net erosion (n 

= 82) or net deposition (n = 57), respectively. This triplet of runs was then repeated for 

the Cs-137 sampling sites located in channels (a total of 19 sampling locations with net 

erosion and net deposition predicted at 8 and 11 sites, respectively) and upland zones (a 

total of 120 sampling locations with net erosion and net deposition predicted at 74 and 46 

sites, respectively). The t-test statistic was calculated for each correlation coefficient (r- 

value) and used to identify terrain/soil motion relationships that were significant at the 0.05 

and 0.10 levels of significance.

The third and final statistical test used the phi (<j)) correlation coefficient to test the 

ability of the ATc variable calculated in EROS to predict the net erosion/net deposition sites

determined with the Cs-137 data in upland areas. The phi coefficient is applicable for non- 

parametric testing of binomial data and produces values between - I  (perfect inverse 

relationship) and +1 (perfect positive relationship) (McGrew and Monroe, 1993). 

Channels areas were excluded from this portion of the analysis because the Cs-137 data in 

these locations can indicate net erosion and/or net deposition depending on the timing and 

magnitude of recent runoff events (see Pings, 1990 for examples) and RUSLE was not 

designed to be used in these areas.
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CHAPTER THREE 

RESULTS

The results of this study are presented in two parts. The effects of DEM source 

and grid resolution, method of calculating upslope contributing area, and choice of 

maximum cross-grading area on computed RUSLE and Moore-Wilson LS factor values 

for the Squaw Creek, Montana catchment are presented in the first part. The results of . 

application of spatially distributed Cs-137 data for the Naylor Farm in northern Idaho to 

validate the proposed Moore-Wilson model for predicting net erosion and net deposition 

areas are presented in the second part.

Squaw Creek, Montana

Effects of DEM Source and Resolution on Selected Terrain Attributes

The three primary terrain attributes required to compute the RUSLE and Moore- 

Wilson LS factors (slope, flow path length, specific catchment area) and the LS factor 

values themselves were found to be sensitive to both DEM source and grid resolution. 

These differences were evident when tire entire Squaw Creek catchment was examined and 

when the cells containing streams and predicted depositional areas were masked out. The 

three primary and two secondary attributes varied in their responses to changes in DEM  

source and grid resolution and their behavior is discussed in m ore detail below. 

Figure 7 shows how slope varied with DEM source and grid resolution throughout the 

study area., The five cumulative frequency curves indicate that (I)  high slope values
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Figure 7. Cumulative frequency distribution of slope from 5 OEMs.

disappeared as the grid resolution was increased from 30 m to 200 m for the 30 m DEM 

sources; (2) this same trend occurred when grid resolution was increased from 100 m to 

200 m for the 3 arc-second DEM source, and; (3) the 100 m DEM derived from the 3 arc- 

second DEM produced similar results to the 200 m DEM derived from the 30 m DEM. 

Larger grid scales, therefore, tend to have a "smoothing" effect on the terrain surface 

because short, steep slopes tend to disappear with increasing grid size. Masking out 

channel cells and predicted net deposition cells tends to have the opposite effect (i.e. 

increasing mean values of slope at all grid resolutions) because masking eliminates many 

gently sloping areas at low elevations (Table I).
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Table I. Computed minimum, mean and maximum slopes (%) before and after masking 
stream and net deposition cells in Squaw Creek catchment for five different DEM grid 
resolutions.

DEM grid resolution Before masking After masking
and data source Min. Mean Max. Min. Mean Max.

30 m cells3 0 42.8
100 m cells b 0.5 36.9
200 m cellsb 0.2 31.8
100 m cellsc 0 31.4
200 m cellsc 0 28.8

215.7 0 44.9 215.7
123.4 0.5 39.9 123.4
75.4 2.0 34.5 75.4

121.5 0 34.3 121.5
76.8 0 31.4 76.8

aSame as 30 m USGS DEM.
^Derived from 30 m USGS DEM. 
cDerived from 3 arc-second USGS DEM.

The Kolmogorov-Smimov (K-S) categorical difference test supported the above 

findings except for (3). Different data resolutions produced significantly different slope 

distributions, the null hypothesis that the distributions were drawn from the same 

populations can be rejected at the 0.01 level of significance, with the exception of data 

derived from different sources that had the same grid spacing.

Different grid resolutions and/or DEM data sources also produced different flow 

path length cumulative frequency distributions (Figure 8). These results show in particular 

that larger grids produced fewer short flow paths and more long flow paths. Because 

TAPES-G computes flow path values of zero for cells on the catchment divide, the 

minimum values have been set to one-half the grid spacing, and therefore depends on the 

grid spacing that is chosen. This was done to avoid having RUSLE ES values of zero for 

all cells on ridgelines. The maximum value depends on the size of the drainage basin 

and m easures the distance from the furthest point to the watershed outlet



32

0.9 --

0.8 - -

o' 0.6 --

0.4 - . /  L

0.3 /

0.2 - -

0.1 - -

Flow Path Length (m)

---------------- 30 m cells (30 m
USGS DEM)

----------------- 100 m cells
(derived from 30 m 
USGS DEM)

----------------  200 m cells
(derived from 30 m 
USGS DEM)

----------------- 100 m cells
(derived from 3 
arc-sec USGS 
DEM)

----------------- 200 m cells
(derived from 3 
arc-sec USGS 
DEM)

Figure 8. Cumulative frequency distribution of flow path length from 5 OEMs.

(24,640 m in Squaw Creek). Different grid spacings will only generate the same 

maximum value of flow path length if the same drainage paths are delineated in the basin 

as cell spacing is changed.

K-S test results were similar to those for slope, so that the null hypothesis that the 

flow path length distributions came from the same population can be rejected at the 0.01 

level of significance. Data derived from different sources with the same resolution 

accepted the null hypothesis that they came from the same population.

Different data sources also generated different distributions of specific catchment 

area (Figure 9). The graphs show the natural logarithm of specific catchment area, to 

accommodate very large maximum values in the main channel of Squaw Creek (e.g. 3.56



33

0.9 --

0.8 - -

0.7 --

0.6 - -

0.5 --

0.4 --

0.3 --

0.2 - -

0.1 - -

log ( As ) (mA2/m)

---------------- 30 m cells (30 m
USGS DEM)

----------------- 100 m cells
(derived from 30 
m USGS DEM)

----------------  200 m cells
(derived from 30 
m USGS DEM)

----------------- 100 m cells
(derived from 3 
arc-sec USGS 
DEM)

----------------- 200 m cells
(derived from 3 
arc-sec USGS 
DEM)

Figure 9. Cumulative frequency distribution of specific catchment area from 5 OEMs.

x 106 m2 m-1). Minimum values for this attribute are a function of grid spacing hence the 

30 m curve starts at 1.5 (i.e. ln(30)) and the 100 m and 200 m curves start at 2 (i.e. 

In(IOO)) and 2.5 (i.e. ln(200)), respectively. Examination of the curves shows large 

differences between the 30 m data and the other four grid spacings. The two 100 m and 

200 m data sets produced distributions that were quite similar. Before masking, there 

seems to be no apparent relationship between grid size and average or maximum values of 

specific catchment area. After masking streams and depositional cells, higher resolutions 

gave higher values of specific catchment area because flow cumulates in larger increments 

(Table 2). The largest values of this attribute occur at the drainage outlet and are not 

identical.

Figures 10 and 11 show the cumulative frequency distributions for the two sets of 

reclassed ES factor values and how the larger grid resolutions tended to produce fewer cells
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Table 2. Predicted specific catchment areas (m2 n r 1) values before and after masking 
stream and net deposition cells in Squaw Creek catchment for five different DEM grid 
resolutions.

DEM grid resolution 
and data source Min.

Before masking 
Mean Max. Min.

After masking 
Mean Max.

30 m cells3 30 10557 3565650 30 161.9 664.9
100 m cells15 100 9840 1056792 100 274.5 1493.6
200 m cells15 200 10148 532700 200 401.4 1955.5
100 m cellsc 100 10704 1057471 100 332.6 1484.3
200 m cellsc 200 10151 529536 200 450.6 1904.1

aSame as 30 m USGS DEM.
^Derived from 30 m USGS DEM. 
cDerived from 3 arc-second USGS DEM
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Figure 10. Cumulative frequency distribution of the RUSLE ES factor from 5 OEMs.
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with low LS values. The grids were reclassed into classes five units wide because 

ARC/INFO can only build Value Attribute Tables (VAT) for integer grids with a range of 

values less than 100,000 and fewer than 500 unique values. The means and standard 

deviations summarized in Table 3 confirm this result and also show that: (I) the 100 m and 

200 m grids derived from the 3 arc-second USGS DEMs produced higher RUSLE LS 

values than the same grids derived from 30 m USGS OEMs; (2) this pattern was reversed 

for the Moore-Wilson LS values; (3) the mean Moore-Wilson LS values are 2-3 times 

higher than the equivalent RUSLE LS values; and (4) the standard deviations and 

maximum Moore-Wilson LS values decreased with increased grid spacing. Figure 12 

shows the Moore-Wilson LS values plotted against the RUSLE LS values on a cell-by-cell
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Table 3. Predicted RUSLE and Moore-Wilson LS values before masking streams and 
depositional areas.

DEM grid resolution RUSLE LS Moore-Wilson LS
and data source Min. Mean Max. S.D. Min. Mean Max. S.D.

30 m cells3 0 14.5 478.8 16.2 0 41.4 12112 157.6
100 m cellsb 0 16.2 492.7 22.6 0 46.2 5937 143.7
100 m cells0 0 18.7 606.5 21.5 0 44.1 7200 123.5
200 m cellsb 0 18.3 282.6 24.1 0 52.2 1997 103.5
200 m cellsc 0 20.7 238.3 22.9 0 50.9 1694 97.8

aSame as 30 m USGS DEM. 
bDenved from 30 m USGS DEM. 
cDerived from 3 arc-second USGS DEM.

I O OT

I 0 0 I 2 5

RUSLE LS Factor

Figure 12. Scatterplot of Moore-Wilson LS factor versus RUSLE LS factor, after 
masking stream and depositional cells (30 m DEM).



basis for Squaw Creek using the 30 m DEM  ater masking out stream and depositional 

dells. The paucity o f dots below the 45 0 line drawn on this scatterplot shows there were 

few planar hillslopes in this catchment (with slope gradients and lengths in the range where 

the two equations produce similar values) and indicates that the Moore-Wilson ES values 

exceeded the RUSLE LS values in the majority of the cells.

Tables 4 and 5 report the Z scores computed with the K-S test and show that the 

null hypothesis that the cumulative frequency distributions from the various DEMs were 

drawn from the same population can be rejected at the 0.01 level of significance in eight out 

of ten instances for both the RUSLE (Table 4) and Moore-Wilson LS factor values (Table 

5). The null hypothesis was not rejected in either case when the grid resolution was held 

constant.

Spatial agreement between RUSLE LS grids derived from DEM s of differing size 

was poor when the grids were reclassified into five classes that represent very low to very 

high LS values (Table 6). The matrix shows that less than 50% of the nearly 117,000 cells 

had LS values in the same classes. The Moore-Wilson LS grids fared only slightly better 

(Table 7), overall agreement was only about 10-12% better than that between the 

equivalent RUSLE grids. When comparing the 30 m data to the other resolutions, the 

overall agreement was generally low (< 30%). The best agreement for both attributes was 

between the 100 m (derived from the 3- arc-sec DEM) and 200 m grids (derived from the 

30 m DEM). These results show that different resolutions not only produce grids that are 

statistically different, but grids that are also spatially variable.
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Table 4. Z scores from Kolmogorov-Smirnov test that RUSLE LS factor cumulative 
distributions came from same population. The values in parentheses show the probability 
of falsely rejecting the null hypothesis that the two distributions were derived from the 
same population.

DEM grid resolution 
and data source

30 m 
cells3

100 m 
cellsb

100 m 
cells0

200 m 
cellsb

200m
cells0

30 m cells3 X

100 m cellsb 5.64 X
(0.000)

100 m cellsc 5.32 1.19 X
(0.000) (0.118)

200 m cellsb 6.09 2.85 3.19 X
(0.000) (0.000) (0.000)

200 m cells0 5.82 2.54 2.99 0.48 X
(0.000) (0.000) (0.000) (0.979)

a Same as 30 m USGS DEM. 
b Derived from 30 m USGS DEM. 
c Derived from 3 arc-second USGS DEM.



39

Table 5. Z scores from Kolmogorov-Smirnov test that Moore-W ilson LS factor 
cumulative distributions came from same population. The values in parentheses show the 
probability of falsely rejecting the null hypothesis that the two distributions were derived 
from the same population.

DEM grid resolution 
and data source

30 m 
cells3

100 m 
Cellsb

100 m 
cellsc

200 m 
Cellsb

200 m 
cellsc

30 m cells3 X
100 m cellsb 5.03 X

(0.000)
100 m cellsc 18 6 0.58 X

(0.000) (0.893)
200 m cellsb 7.08 2.85 2.71 X

(0.000) (0.000) (0.000)
200 m cellsc 7.03 2.71 2.72 0.57 X

(0.000) (0.000) (0.000) (0.906)

a Same as 30 m USGS DEM. 
b Derived from 30 m USGS DEM. 
c Derived from 3 arc-second USGS DEM.

Table 6. Overall agreement between RUSLE LS factor grids using 5 different DEM 
sources (%), before masking.

DEM grid resolution 30 m 100 m 100 m 200 m 200 m 
and data source cells3 Cellsb cellsc cellsb cellsc

30 m cells3 X
100 m cellsb 31.3
100 m cellsc 27.2
200 m cellsb 27.4
200 m cellsc 26.9

X
40.1 X
37.5 37.4 X
38.7 49.3 42.6 X

3 Same as 30 m USGS DEM 
b Derived from 30 m USGS DEM 
c Derived from 3 arc-second USGS DEM
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Table 7. Overall agreement between Moore-Wilson LS factor grids using 5 different 
DEM sources (%), before masking.

DEM grid resolution 
and data source

30 m 
cells3

100 m 
Cellsb

100 m
Cellsc

200 m 
cellsb

200 m 
cellsc

30 m cellsa X
100 m cellsb 35.2 X
100 m cellsc 30.9 38.9 X
200 m cellsb 32.2 45.4 41.0 X
200 m cellsc 308 38.1 52.5 44.1 X

a Same as 30 m USGS DEM 
b Derived from 30 m USGS DEM 
c Derived from 3 arc-second USGS DEM

After masking out stream and depositional cells, the average and maximum values 

for both RUSLE and Moore-W Hs on LS factor grids are seen to be substantially different 

from the pre-mask values (compare Tables 3 and 8). For both the RUSLE and Moore- 

Wilson LS factor, the orderly increase in average values with increasing grid size 

disappears. Both 100 m RUSLE LS grids have lower average and maximum values than 

the 30 m data, while the 200 m data has larger average values and more variability than the 

other data sets. Overall, maximum values were reduced by an average of 87%, and mean 

values reduced by an average of 42% (across all five grid resolution/DEM source 

combinations) after masking. Minimum values were unaltered (0 in all cases). The 

Moore-Wilson LS factor had a simpler relation between grids. After masking, increases in 

grid size gave increases in average values. Overall, maximum values were reduced by an 

average of 97%, and mean values reduced by an average of 45% (across all five grid
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Table 8 Predicted RUSLE and Moore-Wilson LS values after masking streams and 
depositional areas.

DEM grid resolution RUSLE LS Moore-Wilson LS
and data source Min. Mean Max. S.D. Min. Mean Max. S.D.

30 m cells3 0 9.45 90.90 10.75 0 22.66 123.18 14.98
100 m cellsb 0 8.53 84.19 11.82 0 23.47 112.23 15.37
100 m cells0 0 8.61 67.56 12.84 0 26.63 93.08 15.62
200 m cellsb 0 12.51 86.40 15.05 0 27.30 124.37 18.07
200 m cells0 0 12.46 77.14 15.78 0 29.80 120.56 17.76

aSame as 30 m USGS DEM. 
bDerived from 30 m USGS DEM. 
cDerived from 3 arc-second USGS DEM.

resolution/DEM source combinations). Minimum values were unaltered (0 in all cases). 

The square grids derived from 3 arc-second data have higher average values than the 

equivalent square grids derived from 30 m data. No clear pattern was observed between 

grid size and source, and maximum value for either the RUSLE or Moore-Wilson LS 

distributions (Table 8).

Tables 9 and 10 summarize levels of agreement between the different pairs of grids 

after masking of streams and depositional areas. There are modest increases in the percent 

agreement, caused by the addition of another data class representing the masked cells. This 

class tends to repeat itself on successive maps, especially in cells masked out by the 

channel network. Overlap for the masked cells between grids ranged from 70 to 80 %. 

Maps showing the spatial patterns of variability are based on the same reclassed data used 

to make the agreement tables discussed earlier (Tables 6 and 7). The spatial variations 

between grid resolutions show the progressive loss of information as grid size increases
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Table 9. Overall agreement between RUSLE LS factor grids using 5 different DEM 
sources (%), after masking.

DEM grid resolution 
and data source

30 m 
cells3

100 m 
cells b

100 m 
cellsc

200 m 
Cellsb

200 m 
cellsc

30 m cells a X
100 m cells b 35.3 X
100 m cellsc 30.1 44.8 X
200 m cells b 29.4 39.3 41.4 X
200 m cellsc 29.3 42.7 51.5 46.4 X

a Same as 30 m USGS DEM 
b Derived from 30 m USGS DEM 
c Derived from 3 arc-second USGS DEM

Table 10. Overall agreement between Moore-Wilson LS factor grids using 5 different 
DEM sources (%), after masking.

DEM grid resolution 
and data source

30  m 
cells3

100m
cellsb

100 m 
cellsc

200 m 
cellsb

200 m 
cells0

30  m cells3 X
100 m Cellsb 38 .0 X
100 m cellsc 33.2 43 .8 X
2 00  m cellsb 32.7 4 5 .0 43 .9 X
200 m cellsc 32.6 43 .4 56.2 48 .7 X

a Same as 30 m USGS DEM 
b Derived from 30 m USGS DEM 
c Derived from 3 arc-second USGS DEM



(Figures 13 - 18). Figure 13 shows many high LS values in areas where slopes are steep 

and elevations are high. Low values are concentrated in valley bottoms where slopes are 

gentler. Cells in the channel have LS values that alternate between high and low values. 

Figure 14 shows the same 30 m data after the streams and depositional areas have been 

masked out. The mask removes cells in the stream channel and many cells lower in the 

catchment that have higher LS values. Figure 15 shows the 100 m data (derived from the 

30 m DEM ) before masking, the channel and terrain features can still be visually 

discerned. The 100 m grid (derived from the 3 arc-second data) has more very high LS 

values and larger areas of contiguous high values than the same resolution derived from 30 

m data (compare Figures 15 and 16). The 200 m grid (derived from the 30 m DEM ) 

shows that major terrain features such as streams and cirques are not discernible and that 

no sense can be made of the pattern (Figure 17). The same grid resolution derived from the 

3 arc-second DEM  once again has more high values and contiguous areas (compare 

Figures 17 and 18).

Effects of Choice of Flow Routing Algorithm on Calculated Terrain Attributes

Specific catchment areas and Moore-Wilson LS factor values were also computed 

for the 30 m USGS DEM  with each of the flow routing algorithms incorporated in 

TAPES-G. Figures 19 and 20 show that the two single flow direction algorithms (D8 and 

Rho8) and two multiple flow direction algorithms (FRho8 and D EM ON) generated 

different specific catchment area and Moore-Wilson LS factor distributions, respectively. 

This result is confirmed by the K-S results summarized in Table 11 which show that the 

Moore-Wilson LS factor cumulative distributions produced with the two single and two 

multiple flow direction algorithms were similar to each other but that the null hypothesis 

that the two distributions were similar could be rejected for every combination of single
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Figure 13. Moore-Wilson LS factor grid (30 m) before masking streams and deposition.

Figure 14. Moore-Wilson LS factor grid (30 m) after masking streams and deposition.
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Figure 15. Moore-Wilson LS factor grid (100 m data from 30m DEM ) before masking 
streams and deposition.

Figure 16. Moore-Wilson LS factor grid (100 m data from 3 arc-second DEM) before
masking streams and deposition.
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Figure 17. Mcore-Wilson LS factor grid (200 m data from 30 m DEM ) before masking 
streams and deposition.

Figure 18. Moore-Wilson LS factor grid (200 m data from 3 arc-second DEM) before
masking streams and deposition.
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Table 11. Z scores from Kolmogorov-Smirnov test that Moore-Wilson LS factor 
cumulative frequency distributions are drawn from the same population. The values in 
parentheses show the probability of falsely rejecting the null hypothesis that the two 
distributions were derived from the same population.

Flow Routing Algorithm DB RhoB FRhoB DEMON

D8 X

RhoB 0.53 X

FRhoB
(0.939)
2.33 2.19 X

DEMON
(0.000)
L U

(0.000)
1.48 0.89 X

(0.169) (0.029) (0.408)

and multiple flow algorithm at the 0.05 level of significance.

The single flow direction algorithms initiated flow from 30-40% of the cells and 

generated much higher proportions of cells with small upslope contributing areas (Figure 

19). This result translated into larger numbers of cells with low and medium LS factor 

values (Figure 20) and lower mean values (Table 12) for the single flow direction 

algorithms. These results had important implications for the spatial patterns as well. 

The blue colors occur in much smaller blocks in Figures 21 and 22 (compared to Figures 

23 and 24) because the single flow routing algorithms tend to produce parallel flow paths 

and therefore take longer to accumulate large upslope contributing areas (i.e., flows). 

These algorithms always direct the flow from each cell to only one of the eight surrounding 

cells, whereas the multiple flow routing algorithms can direct the flow from upslope cells



Table 12. Moore-Wilson LS factor values computed with four different flow routing 
algorithms and a 30 m DEM prior to masking out stream and net deposition cells.

Flow routing 
algorithm Min. Mean Max. Std. Dev. CoV

D8 O 37.9 12005 156.4 1.3
RJhoS O 37.8 11989 156.8 1.3
FRhoS O 41.4 12111 157.6 1.3
DEMON O 44.5 12001 156.2 1.3

to multiple downslope cells in selected parts of the catchment. Table 13 summarizes the 

level of agreement on a cell by cell basis after the Moore-W ilson LS values were 

reclassified into five categories, and shows (as would be expected given the previous 

results) that the two single and two multiple flow routing algorithms generated the highest 

levels of agreement (60-75%) in terms of the spatial distribution of Moore-Wilson LS 

values. This result can be confirmed visually by examining the maps reproduced in 

Figures 21 through 24. The single flow direction methods produce a spatial pattern with 

more red areas (low LS values) and smaller groups of cells with green and yellow colors 

(medium LS values) compared with the multiple flow routing algorithms.

Masking out stream and net deposition cells eliminates large LS values and reduces 

both the mean values (average reduction of 51% ) and spread of values about the mean 

(average coefficient of variation decrease of 42% times) (Table 14). The difference 

between the mean values for the single and multiple flow algorithms increase although the 

K-S test results can not be distinguished from the pre-mask results (Table 11). Table 15 

shows increases in spatial agreement after masking out streams and net depositional cells. 

This result is due to the similarity of the stream and net depositional cells masked areas on 

the different grids. The two single and two multiple flow routing algorithms generated
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Table 13. Overall agreement between Moore-Wilson LS factor grids using four different 
flow routing algorithms and a 30 m DEM prior to masking out stream and net deposition 
cells.

Flow routing algorithm DB RhoB FRhoB DEMON

DB X
RhoB 59.8 X
FRhoB 54.6 52.1 X
DEMON 52.5 48.8 74.5 X

Table 14. Moore-Wilson ES factor values computed with four different flow routing 
algorithms and a 30 m DEM after masking out stream and net deposition cells.

Flow routing
algorithm Min. Max. Mean Std. Dev. CoV

DB O 135.6 17.7 13.4 0.75
RhoB O 131.6 15.7 12.4 0.79
FRhoB O 123.2 24.0 15.0 0.62
DEMON O 128.9 23.7 15.2 0.64

Table 15. Overall agreement between Moore-Wilson LS factor grids using four different 
flow routing algorithms and a 30 m DEM after masking out stream and net deposition 
cells.

Flow routing algorithm DB RhoB FRhoB DEMON

DB X
RhoB 73.0 X
FRhoB 69.6 63.8 X
DEMON 67.7 61.0 85.9 X
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Figure 22. Moore-Wilson LS factor grid produced with die RhoS algorithm, before mask.
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Figure 23. Moore-Wilson LS factor grid produced with the FRhoS algorithm, before 
mask.

Figure 24. Moore-Wilson LS factor grid produced with the DEM ON algorithm, before 
mask.
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the highest levels of agreement (73 - 86%) in terms of the spatial distribution of Moore- 

Wilson LS values. The tendency for two single and two multiple flow direction algorithms 

maps to be more like each other than other combinations is maintained. Maps showing the 

spatial patterns after masking confirm this trend. Many of the larger LS values (blue 

colors) are eliminated (Figures 25 -28). This trend is especially evident for the single flow 

direction algorithms. This effect was less pronounced for the multiple flow direction 

algorithms which maintained more cells with higher LS values and hence higher average 

LS values.

Effects of Choice of Channel Initiation Threshold on Calculated Terrain Attributes

Recent studies by Qumn et al. (1995) and Holmgren (1995) have suggested that the 

choice of channel initiation threshold (maximum cross-grading area in TAPES-G) can 

have a large impact on computed specific catchment areas for multiple flow routing 

algorithms like FRho8. Five cross-grading area values were used with the FRhoS flow 

routing algorithm and 30 m USGS DEM in this study to evaluate the effects of choice of 

this threshold on computed Moore-Wilson LS factor values.

Table 16 shows that the means and standard deviations are remarkably similar as 

cross-grading increases and that masking out the channel and predicted net deposition cells 

has the same effect as noted earlier. The mean values and spread o f values around the 

means are reduced because this mask eliminates most of the high LS values. Tables 17 

and 18 summarize the overall levels of agreement between different pairs of maps prior to 

and after application of the mask, and show very high levels of agreement (> 85% in all 

cases and > 92% for the post-mask cases).. These results imply that the choice of cross

grading area when using the FRhoS flow routing algorithm is less critical than the initial 

choice of flow routing algorithm (at least for the range of maximum cross-grading area 

values tried in this catchment).
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Figure 25. Moore-WiIson LS factor grid produced by the D8 algorithm, after mask.

Figure 26. Moore-Wilson LS factor grid produced by the RhoS algorithm, after mask.
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Figure 27. Moore-Wilson LS factor grid produced by the FRhoS algorithm, after mask.

Figure 28. Moore-Wilson LS factor grid produced by the DEMON algorithm, after mask.
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Table 16. M oore-Wilson LS factor values, before and after masking streams and 
depositional cells, computed with five different maximum cross-grading areas.

Cross-grading area 
(m2 m -I) Min.

Before masking 
Mean Max. S.D. Min.

After masking 
Mean Max. S.D.

20,000 0 41.4 12111 157.6 0 22.7 123.2 14.3
50,000 0 42.3 12171 158.2 0 23.5 123.2 15.2
100,000 0 43.0 12227 158.7 0 23.7 123.2 15.3
200,000 0 43.7 12299 159.5 0 218 123.2 15.9
300,000 0 44.1 12379 160.5 0 23.8 123.2 15.9

Table 17. Overall agreement between Moore-Wilson LS factor grids using five different 
maximum cross-grading area and a 30 m DEM before masking out stream and net 
deposition cells.

Cross-grading area (m2) 20,000 50,000 100,000 200,000 300,000

20,000 X
50,000 92.5 X
100,000 90.1 96.8 X
200,000 89.2 94.7 97.6 X
300,000 87.7 94.0 96.8 99.1 X

Table 18. Overall agreement between Moore-Wilson LS factor grids using five different 
maximum cross-grading areas and a 30 m DEM after masking out stream and net 
deposition cells.

Cross-grading area (m2) 20,000 50,000 100,000 200,000 300,000

20,000 X
50,000 95.6 X
100,000 94.1 98.0 X
200,000 92.9 96.7 98.5 X
300,000 92.4 96.2 97.9 99.4 X
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Naylor Farm, Idaho

There are two main focuses for the study at the Naylor Farm. First, the 

relationships between topographic attributes and how they were associated with soil 

redistribution in the watershed were examined. The second is a validation test o f  the 

EROS model (Moore-Wilson ATc parameter) with observed soil redistribution data.

Topographic Attribute Correlation

Terrain attributes were correlated against each other to quantify the nature and 

strengths of the relationships between these variables (Table 19). The correlation matrix 

shows the strength and direction of associations through the use of correlation coefficients. 

Perfect positive correlation is represented by a maximum value of 1.0. Perfect negative 

correlation would have a value of -1.0. A value of zero implies no association between 

variables. Table 19 shows the correlations for the terrain attributes at the 139 Cs-137 

sample locations. The strongest correlations are between flow path length (FPL) and 

specific catchment area (Ag) which was expected since these attributes are related and each 

is used in a separate equation to obtain the RUSLE slope length factor (L). Both of these 

attributes had a strong positive correlation with the RUSLE and Moore-Wilson LS factors 

which are functions of slope and flow path length, and slope and specific catchment area, 

respectively. Though much weaker, the next strongest association occurred between flow 

path length and profile curvature. Other combinations of attributes that had correlation 

coefficients greater than 0.3 were Moore-Wilson LS and profile curvature, flow path length 

and elevation, slope and elevation, elevation and specific catchment area, specific catchment 

area and profile curvature, elevation and plan curvature, and finally plan and profile 

curvature. Relations between the other attribute combinations gave weak correlations. 

Overall, these results demonstrate why it is difficult to use  tw o or m ore o f
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Table 19. Correlation matrix for Moore-Wilson LS factor, RUSLE LS factor, flow path 
length, slope, specific catchment area, elevation, plan curvature, and profile curvature at Cs- 
137 sample points.

M W LSa RLSb FPLP Sloped Ase Elevf PlancS Profch

MWLS X
RLS 0.86 X
FPL 0.80 0.68 X
Slope 0.14 0.39 -0.21 X
As 0.82 0.60 0.95 -0.20 X
Elev -0.28 -0.23 -0.44 0.36 -0.38 x-
Plane 0.27 0.41 0.35 0.13 0.24 -0.15 X
Profc 0.32 0.37 0.47 -0.09 0.43 -0.34 0.44 X

a Moore-Wilson LS factor 
b RUSLE LS factor ; 
c Flow path length (m) 
d Slope (%)
e Specific catchment area (m2 n r 1) 
f Elevation (m)
S Plan curvature (convex curvatures are negative) (1/100 m) 
h Profile curvature (convex curvatures are negative) (1/100 m)

these terrain terms in multiple regression analyses that explore the topographic controls on 

soil redistribution patterns.

Topographic Controls on Soil Redistribution

The results above suggest that the examination of topographic controls on soil 

redistribution patterns should be limited to simple bivariate regression for this study. 

Simple bivariate regression was performed using the terrain attributes as the independent 

variables and overall soil redistribution, erosion, and deposition as dependent variables 

(Table 20).
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Table 20. Statistically significant regression coefficients between soil motion and 
topographic attributes at the 95% level; results in parentheses are significant at the 90% 
level. a

Redistribution__________ Erosion___________ Deposition
MWLS 0.168

FPL 0.187
Slope 0.323

As 0.203
Elev 0.269
Plane (-0.151)
Profc (-0.166)

aUnits of soil motion are kg/m2 yr

Theregression results shows that there is a relatively weak positive relation between each 

of the flow path length, specific catchment area and Moore-Wilson LS factor terms and 

overall soil redistribution. An equally weak negative relationship between plan and profile 

curvature and overall soil redistribution suggests that large erosion rates tend to occur on 

convex slopes. Looking only at the Cs-137 sample locations where erosion was identified, 

6-10% of the variability in erosion rates was explained by slope and elevation, 

respectively. When regression analysis was applied only to those C s-137 points identified 

as experiencing deposition, none of the attributes had a significant relationship with the 

level of Cs-137 accumulation (soil deposition).

EROS Model Performance

The PO IN tlNG RID  command in ARC/INFO was used to assign 30 m EROS 

(ATc) grid values to the sample points based on the value of the grid cell that the point falls 

in. Points in cells with upslope contributing areas greater than 8,000 m 2 were considered 

to be in the channel, and all other sample points were considered "upland" sites. Table 21
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Table 21. Contingency table showing predicted and observed net erosion and net 
deposition on Naylor Farm, Idaho.

AU Cs-137 sites Cs-137 (channel) Cs-137 (upland)

Erosion Deposition Erosion Deposition Erosion Deposition

EROS Erosion 62 40 6 3 56 37

Model Deposition 18 19 2 8 16 11

shows how the EROS model predicted which process was occurring compared to 

measured Cs-137 data. The relatively high number of sites that are in the lower left and 

upper right of two of the three cases ( all sites and upland sites) shows that EROS had 

problems identifying the correct process that was occurring. The most frequent error made 

by the model was over-predicting areas of erosion that were identified as depositional by 

Cs-137.

The Phi regression coefficient test yielded a value of 0.109 when using all 139 

sample points, a value of 0.008 for the 120 upland sample points, and a value of 0.472 for 

the 19 channel points. These low coefficients suggest that the correct process 

identifications made by EROS were random. Perfect identification would have yielded a 

coefficient of +1 in all cases.
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CHAPTER FOUR 

DISCUSSION

RUSLE is still the most widely used erosion estimation tool in the United States 

(Glanz, 1994). The equation is usually applied to individual fields (slopes) using published 

maps and field data. Busacca et al. (1993) compared RUSLE predictions with Cs-137 data 

for a 46 ha field in the Palouse region of northern Idaho and found that the model must be 

applied carefully even on individual fields to avoid erroneous predictions. The potential for 

erroneous predictions is increased several fold in GIS-based landscape-scale applications 

that draw on input data from multiple sources (Wilson, 1996). The popularity of these 

types of applications has increased in recent years (e.g. Hession and Shanholtz, 1988; 

Ventura et al., 1988; James and Hewitt, 1992). Griffin et al. (1988) proposed a variation of 

the original USLE for soil loss estimation at points in a landscape. The results from the 

investigation reported here have implications for the terrain analysis tools, scale issues, and 

field measurements needed to support GIS-based RUSLE applications.

Terrain Analysis Tools

Terrain analysis methods like those incorporated in TAPES-G offer users the. 

ability to generate sets of spatially variable topographic attributes so that RUSLE does not 

have to use areal averages in factor equations. When scaling RUSLE up from applications 

on single farm fields to landscape-scale applications, it is important to include 

characteristics that capture the spatial variability of topography. Flow routing algorithms 

that consider the effects of three-dimensional terrain offer advantages over methods that do



not consider convergence and divergence of overland flow (Quinn et a i, 1991; Moore, 

1995; Wolock and McCabe, 1995). The current study shows that upslope contributing 

areas, and subsequently, the RUSLE and Moore-Wilson length-slope factors were affected 

by the choice of flow routing methods. Final soil loss estimates will also be impacted by 

which type o f algorithm is applied because RUSLE incorporates a simple multiplicative 

structure.

Past studies that examined effects of flow routing methods agreed that there are 

important differences in distributions of terrain attributes between single and multiple flow 

direction algorithms (Quinn et al„ 1991; Wolock and McCabe, 1994; Quinn et al., 1995). 

W olock and McCabe (1994) and M oore (1996) recommended using multiple flow 

direction methods over single flow directitin methods if users are concerned with spatial 

patterns of terrain attributes. Multiple flow direction algorithms produce smoother 

distributions and hence more realistic patterns of upslope area (Figures 19 and 20). Costa- 

Cabral and Burgess (1994) found that single flow direction algorithms produced errors 

when applying the method to basic three-dimensional shapes, while multiple flow methods 

accurately modeled water flow over these synthetic landforms. They cautioned users of the 

FRhoS algorithm that upslope area values are discontiguous and rely on geometric 

symmetry and accurate portrayal of catchment boundaries (Costa-Cabral and Burges, 

1994).

Two multiple flow direction algorithms are available in TAPES-G. The DEMON 

algorithm is based on stream tubes and utilizes variable flow path widths to represent the 

effects of flow convergence and divergence. The FRhoS algorithm distributes fldw to one 

or more downslope cells on a slope-weighted basis in upland areas. Upland area (cells) are 

differentiated from channels (cells) in TAPES-G by a user-specified maximum cross- 

grading area threshold. The choice of this parameter did not significantly affect the 

computation of specific catchment areas and Moore-Wilson LS factor values. However,
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cross-grading area does influence how channel/upland areas are depicted visually (Figure 

29). Lower cross-grading values allow channelized flow to occur sooner, so that parallel 

flows in adjacent cells are generated in low-lying areas. This result gives the appearance of 

wide channels where one would expect to find only first order streams. Higher values of 

cross-grading area seem to produce a more realistic stream network without wide channels 

at higher elevations. Flow divergence is allowed to continue lower in the watershed 

because streams require more upslope contributing area before flow to single downslope 

cells is initiated. Quinn et al. (1995) determined that an interaction between upslope area 

accumulation and the analytic definition of the channel network has major impacts on 

topographic index patterns. The topographic index is a topographic attribute which 

represents a  theoretical estimation of the.accumulation.of .flow at any point, and similar to 

the Moore-Wilson LS factor, it is a function of specific catchment area and slope. They 

determined that an "optimum channel initiation threshold", analogous to the TAPES-G 

maximum cross-grading area, may be used to identify channel headwaters. They also 

found that this threshold could be varied as a smooth function of upslope contributing area 

but further work is needed to test this idea and the types of values that should be used in 

different landscapes.

The single flow/multiple flow routing algorithms available in TAPES-G are only 

partially implemented in.EROS because the ATc index that M oore and Wilson (1992, 

1994) proposed to distinguish net erosion and net depositional areas is currently tied to 

either of the single flow direction algorithms. This limitation may help to explain the lack 

of coincidence between Cs-137 results and ATc index values and it should be addressed in 

future revisions of the EROS modeling software.
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Figure 29. Representation of channel network in TAPES-G using the FRhoS flow routing 
algorithm with three different values of maximum cross grading area (from top to bottom: 
8.000. 6,000, and 4.000 m 2).
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Scale Issues

In the past, GIS-based USLE applications tended to use grid cell sizes of up to 

200 m to represent equation factors (e.g. Hession and Shanholtz, 1988; Ventura et al., 

1988; James and Hewitt, 1992). Results from this study suggest that choice of DEM grid 

resolution and/or source of DEM data have major impacts on computed LS values using 

the RUSLE and Moore-Wilson equations (see Tables 3 and 8).

Numerous studies have examined the sensitivity of computed terrain attributes to 

grid scale (Quinn et al., 1991; Zhang and Montgomery, 1994; Wolock and McCabe, 

1994; Quinn et al., 1995), and several have explored what resolution is needed to accurately 

represent the key hydrologic and geomorphic processes operating in selected landscapes. 

Grid sizes of 50 m or more tend to ignore the existence of lower order streams and 

artificially smooth landforms in complex landscapes (Quinn et al., 1991; Zhang and 

Montgomery, 1994). Zhang and Montgomery (1994) used grid sizes as small as 2 m and 

concluded that 10 m was the best comprom ise between model accuracy and data 

processing time. They also stated that grid sizes of 30 and 90 m may be too large for 

modeling complex terrain. Quinn et al. (1995) looked at the effects of differing pixel 

resolutions on computed terrain attributes and concluded that 50 m DEM s can not capture 

terrain features that modulate key hydrologic processes.

Another issue concerning choice of grid ,size.in the RUSLE model is that RUSLE 

is based on data from soil-loss plots that had standard slope lengths of 10 -100 m. Grid- 

based studies that use resolutions greater than 30 rh may incorporatemuch longer slope 

lengths (e.g. using 200 m cells give a minimum slope length of 100 m) that were not 

included in  the data used to develop the USLE and RUSLE statistical models. Large 

watersheds such as Squaw Creek may contain average slope lengths that are much longer 

than the standard RUSLE soil-loss plots depending on the grid resolution that is used.
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Grid size must be carefully chosen based on the goals of each particular study. 

Regional erosion assessments that are not concerned with rigorous model application could 

use coarse DEMs. On the other hand, those interested in trying to validate a statistical 

model like the RUSLE against observed data collected from internal state measurements 

-made at points require more detailed elevational information. DEM s presently available in 

the United States are limited to a minimum grid-spacing of 30 meters. Other national 

databases use standard DEM sizes as small as 50 meters. These "best" DEMs appear to 

be inadequate to validate statistically and/or physically-based models using observed point- 

scale data such.as that at the Naylor Farm (see Table 21).

If a grid size finer than 30 m is required for modeling applications, a DEM would 

have to be created at some expense to the user. An increasingly popular method of 

building a fine-scale DEM  involves mounting a Global Positioning System (GPS) 

receiver on a vehicle, and driving the vehicle around the study area with the receiver 

continuously obtaining x,y,z triplets (Spangrud et al., 1995). After enough points are 

collected a DEM can be interpolated using,any of a number of different methods (e.g.. 

ANUDEM ). Fine resolution DEM s can be created and easily resampled to coarser 

resolutions as desired.

Field Measurements and Model Validation 

An attempt was made to validate the M oore-W ilson ATc parameter against 

observed soil motion data at the Naylor farm in Idaho. The observed data used to test the 

model was based on C s-137 analysis, a method considered by many to reliably measure 

soil redistribution quantities and rates (Loughran, 1989). A 30 m DEM was used as input 

to TAPES-G and EROS to see if the model could correctly identify whether erosion or 

deposition was occurring at the sample points (quantities of soil movement were not of 

concern). The model correctly identified less than 60% of the points correctly .



There are several factors that may explain the poor performance of the model: (I) 

there are scale differences between model predictions (30 m cells) and point field data; (2) 

the EROS model fails to incorporate multiple flow direction algorithm in calculation of 

Moore-Wilson ATc parameter; (3) the Moore-Wilson ATc parameter provides incomplete 

description of net erosion/net deposition process, and (4) the Moore-Wilson model is 

wrong.

The model runs were performed using a standard 30 m DEM  although this grid 

spacing might not have been fine enough to pick up micro-scale terrain variations that 

control processes on the landscape. Quinn et al. (1995) were unable to validate 

TOPMODEL predictions using a 50 m DEM  against observed point data and suggested 

that grid sizes less than 10 meters would be needed. There are two possible ways to avoid 

these problems: (I) use.a smaller DEM grid size to calculate terrain attributes closer to the 

point scale, probably on the order of 5 m or less; and/or (2) design a sampling scheme that 

will give reliable Cs-137 data for 30 m grid cells.

At present, EROS computes the ATc index with a single flow direction algorithm 

The results reported above show that choice o f flow routing algorithm had a substantial 

effect on specific catchment area distributions. The EROS model fails to incorporate a 

multiple flow direction algorithm for the calculation of the ATc  parameter. Implementing 

this solution will be more difficult in upland areas where single cells are connected with 

multiple adjacent cells.

Another explanation for the failure of EROS to predict net erosion/net deposition 

areas could be that the model in its present form has omitted some key physical variables. 

At present EROS is a simple terrain-based model that incorporates slope angle and specific 

catchment area. Geology, soil type,-rainfall intensity, or land cover might be included to 

improve model performance. Mitas et al. (1996) incorporate the influences of soil and land 

cover using Mannings n, a detachment rate coefficient, and a sediment transpbrt coefficient.
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Their new. techniques modify the sediment transport capacity assumptions embedded in the 

Moore-Wilson model. Mitas et al. (1996) argue that the ratio of detachment capacity to 

transport capacity is the principal parameter that controls where sediments are eroded and 

deposited. Quine and Walhng (1995) found that soil texture was an important factor in 

soil redistribution and that assumptions of spatially constant soil properties should be 

avoided.

Another factor that could improve the performance of the model is knowledge of 

soil losses to wind erosion. At Naylor Farm the amount of soil that left the field due to 

wind transport is unknown and could prove to be an important variable in an area such as 

the Palouse that is subject to high winds over a landscape that has tittle vegetative protection 

from the wind.

Lastly, there is the possibility that the Moore-Wilson model is incorrect. The 

processes that might be controlling sediment transport and deposition might not be 

accounted for. The change in sediment transport capacity might not be the best measure of 

erosion and/or deposition potential. The Moores W ilson LS factor is based on the 

transport-limiting case of overland flow to move sediment, while the RUSLE LS factor 

was developed on the basis that sediment motion is limited by the ability of water to detach 

and entrain soil particles (Moore and Wilson, 1994).

Conclusions

GIS techniques offer the ability to link spatially variable data with models of earth 

system s. Recent advances in physically-based modeling, computing power, and 

availability of geo-referenced data should lead to more frequent use o f  computer models to 

predict landscape processes. With an abundance of software available, users need to be 

completely aware of the underlying assumptions and physics of the models they are using.



and the response of the models to input data. Model outputs are. sensitive to different data 

sources and to different computer routines used by the modeling Software.

The work reported here concerns the application of RUSLE to larger areas. Use of 

an appropriate grid spacing and accounting for the three-dimensional effects in flow routing 

may generate better LS factor calculations and final soil loss estimates. Users of widely 

available single flow direction algorithms such as D8 should consider-the use of one of the 

m ore advanced multiple flow direction methods if they are interested in better 

representation of three-dimensional terrain and overland flow. RUSLE users should be 

concerned with applying the equation in its original form: this includes eliminating streams 

and net depositional zones from the area of interest. In mountain watersheds there are 

other areas that should also be eliminated for. correct application of RUSLE. Squaw Creek 

was chosen to illustrate the effects o f grids resolution and computational methods on 

RUSLE topographic factor.calculations in complex three-dimensipnal terrain. There are a 

number of factors which should be taken into consideration before using RUSLE in 

mountain watersheds: (I) the equation should not be applied in cirque basins that have near 

vertical walls with talus slopes below (Xe. no soil to be eroded), and (2) methods need to be 

developed that deal with snowmelt runoff in basins that are dominated by snowmelt 

hydrology.

Given that current minimum DEM resolutions are typically 30 m, validation of the 

Moore-Wilson ATc index to predict locations of . deposition against observed point data 

does, not seem likely because points at this scale are really areas and little, areal validation 

data exists. Other physically-based models may suffer the same fate when their developers 

attempt to validate them against observed data. Unfortunately, the likelihood of generating 

natitinal databases of fine resolution D EM s is not very great with, many countries already 

committed to grid sizes in the 30 to 50 m range.
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