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Gully erosion has been established as a major source of

sediment pollution in the upper Trinity River watershed in

north-central Texas. This fact, along with a lack of models

appropriate for large-area gully erosion analysis

established a need for a gully erosion study in the upper

Trinity basin. This thesis project attempted to address

this need by deriving an index indicative of gully erosion

risk using remote sensing and geographic information systems

(GIS) methodology. In context of previous field studies,

the coarse spatial resolution of the input GIS data layers

presented a challenge to prediction of gully prone areas.

However, the remote sensing/GIS approach was found to

provide useful reconnaissance information on gully risk over

large areas.
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CHAPTER I

INTRODUCTION

In A Sand County Almanac, well known naturalist Aldo

Leopold (1949) recognized the problem of gully erosion:

In farm country, the plover has only two real

enemies: the gully and the drainage ditch.

Perhaps we shall one day find that these are our
enemies, too.

Considerable research and conservation effort has been

exerted on the problem of water erosion of soil. Water

erosion of soil, including gully erosion, causes natural and

agricultural lands to become less productive, streams and

rivers to become polluted with sediment, and reservoirs to

fill with deposited sediment. Gully erosion is not as

important in terms of lost agricultural productivity as

overland flow erosion because it generally occurs in

marginal lands (Hudson, 1981). However, gully erosion is

responsible for considerable water quality degradation and

reservoir sedimentation (Atkinson, Thomlinson and Sill,

1993).

Gully erosion has been recognized as a contributor of

sediment delivered to streams and reservoirs worthy of

consideration when planning conservation efforts (Lane et

1
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al., 1992, Hudson, 1981). In small-area field studies,

gullies have been found to be responsible for as much as

60%-80% of the total sediment yield (Osborn and Simanton,

1989) . Because gullies cause land degradation and increase

sediment delivery to water bodies, more emphasis should be

placed on modelling and mitigation of gullies.

Many erosion models have been devised to help provide

direction to conservation efforts. Most models categorize

water erosion of soils into overland flow (sheet-and-rill)

and concentrated flow (gullies and perennial channels). The

majority of effort in both research and conservation has

been focused on controlling overland flow erosion rather

than concentrated flow phenomena and gully erosion

(Atkinson, Thomlinson and Sill, 1993).

According to Lane et al. (1992), the most widely used

erosion model the Universal Soil Loss Equation (USLE), was

designed to predict overland flow erosion in agricultural

fields (Wishmier and Smith, 1978). With the exception of

small ephemeral gullies which can be tilled away with farm

equipment, concentrated flow erosion (i.e. gully) rarely

occurs in agricultural fields. The USLE model estimates

rill erosion, but considers no channels larger than rills.

However, the USLE model has been used in the following

regional erosion study to establish the relative sediment

contributions of sheet-and-rill versus gully erosion.
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In a project funded by Tarrant County Water Control and

Improvement District Number One (TCWD), the USLE model was

applied to the Upper West Fork of the Trinity River (Upper

Trinity) using Remote Sensing/GIS methods (Atkinson et al.,

1993). USLE model results, combined with sediment delivery

ratios in the Upper Trinity area, vastly underestimated the

amount of sediment that actually reached Eagle Mountain

Reservoir and Lake Bridgeport. Gully erosion is believed to

be responsible for a large portion of this additional

sediment which was not estimated to come from sheet-and-rill

erosion.

More recent models have begun to incorporate delivery

of sediments from almost all erosion sources, including

gullies. Examples of these models include the Water Erosion

Prediction Project (WEPP) and Chemical Runoff and Erosion

from Agricultural Management Systems (CREAMS) models. WEPP

and CREAMS include the contribution of ephemeral gullies to

sediment delivery. However, these models do not consider

the contribution of large, more permanent gullies (Lane et

al., 1992).

Models designed -specifically to study gully erosion

have been derived with varying levels of complexity and

spatial scales. Large geographic scale, or small-area,

models include the morphology, growth and sediment potential

of individual gullies. Small geographic scale, or large-

area, models consider the spatial distribution of gullies in
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regions. Large-area gully erosion models report areas

having a high probability of developing gullies in the

future.

Models of gully erosion for conservation purposes are

most effective when conducted regionally (Bocco, 1990).

While noting the existence of many small-area gully erosion

models, Bocco (1991(a)) recognized the scarcity of

reconnaissance (regional) models for gully erosion analysis.

Regional modelling to predict areas at risk of developing

gullies facilitates development of a preventative approach

to conservation efforts.

Objectives

Considering the need to protect water bodies from all

major sources of sediment pollution, the establishment of

gullies as significant sediment sources, and the lack of

regional gully erosion models, more research in regional

gully erosion modeling is needed. The primary objective of

this thesis project was to address this need by deriving,

implementing and verifying models capable of identifying

areas at the greatest risk of future gully erosion.

It was hypothesized that categorical GIS data layers,

assumed to be correlated with gully erosion processes, were

contingent with gully location in the study area. It was

believed to be feasible to develop a GIS overlay model

capable of predicting gully erosion risk areas, assuming the
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GIS data were found to be contingent. After establishing

contingency, a simple overlay model was derived.

A comparison of gully erosion risk areas from this

project, USLE sheet-and-rill erosion predictions (from

Atkinson et al., 1993) and lake sedimentation data (Rutledge

and Davis, 1988) was conducted. It was hoped that this

analysis could provide further insight into 
the issue of

sediment delivery from gullies. However, the complexity,

site specificity and cyclical nature of gully processes

combine to make sediment delivery predictions problematic

(Harvey, Watson and Schumm, 1985). These difficulties were

compounded by the spatially generalized GIS data 
layers used

in the model. Although it is desirable to be able to make

predictions about sediment delivery from gullies, 
reservoir

sedimentation data were available for only two reservoirs.

This fact, in conjunction with the other difficulties

listed, precluded the ability of this project to make gully

sediment delivery predictions. Rather than gully sediment

delivery, this research focused on predicting locations

where gullies were most likely to occur.

Scope of Study

The west fork of the upper Trinity River watershed was

the study area analyzed in this project. This area is

comprised of the Lake Bridgeport and Eagle Mountain

Reservoir watersheds. This study area is a subset of the

area studied by Atkinson et al. (1993). The Upper Trinity
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watershed is approximately 5017 km2 in area. The Eagle

Mountain Reservoir watershed comprises approximately 2188

km2 of the study area and the Lake Bridgeport watershed

comprises the remaining 2829 km
2 . Portions of Archer, Clay,

Jack, Montague, Parker, Tarrant, Wise and Young Counties are

included in the study area. The primary goals of the

project were to derive a GIS overlay model of gully erosion

in the Eagle Mountain Reservoir watershed and to verify the

model in the Lake Bridgeport watershed. A map of the Eagle

Mountain Reservoir and Lake Bridgeport watersheds is

provided as Figure 1. Figure 2 is an illustration of the

counties within the study area and, the location of the

study area within the state of Texas.

Prior implication of gullies as a major sediment source

by the TCWD project, the quantity of gullies in the area,

and the availability of applicable GIS data layers made the

Upper Trinity an excellent area for gully erosion analysis.

This project utilized a Remote Sensing/GIS modeling approach

to regionally analyze gully erosion. The regional model

attempted to define the spatial distribution of areas under

the greatest risk of experiencing land degradation due to

gully formation. In the process of deriving and verifying

the model, the following null hypotheses were tested: class

frequencies of proposed input data layers are not contingent

upon gully status, no multiple interactions exist among

categorical input data layers, and no difference in gully
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risk index value (a numerical index indicative of gully risk

to be defined later) exists among the study area and the

gullied portion of the study area. It was beyond the scope

of the model to describe or make predictions about

individual gullies or the structure and growth of gully

networks.

About This Document

The information in this document is presented in five

chapters. This first chapter includes background

information, purpose, objectives and scope of the study.

The second chapter is a literature review. The literature

review primarily focuses on previous remote sensing/GIS

approaches to gully erosion analysis of large areas. The

third chapter describes the research methods and procedures

that were followed to meet the project objectives. The

fourth chapter presents and discusses the results of

implementing the procedures. The fifth chapter briefly

summarizes the objectives and findings of the research and

makes suggestions for further research. Tables and Figures

and computer source code follow the fifth chapter in an

appendix. References are provided following the appendix.



CHAPTER II

LITERATURE EVALUATION

Although gully erosion has been studied for many years

(see Ireland, Sharpe and Eargle, 1939) there is little

agreement on the processes involved (Hadley et al., 1985;

Harvey, Watson and Schumm, 1985). The following review of

literature illustrates some of the conflicting opinions on

gully erosion processes. Previous erosion modeling in the

upper Trinity River watershed study area is discussed.

Primary emphasis in this review is given to large-area GIS

gully erosion models that have recently been developed.

Defining Gully Erosion

There is considerable disagreement on how gullies

should be defined (Harvey, Watson and Schumm, 1985). Many

definitions of gullies have been suggested by combining

definitions proposed by previous authors. Some definitions

stress gully erosion processes that are believed to be

important, others simply describe gullies and gully

activity.

Hudson (1981) defines gullies as steeply eroded

channels which cannot be crossed by farm equipment. This

definition distinguishes large gullies from ephemeral

gullies, which can be tilled away using farm equipment.

8
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Harvey, Watson and Schumm (1985) included definitions which

stress inability to till with farm equipment, ephemeral

water flow, formation in both valley floors and valley walls

(from Ireland, Sharpe and Eargle, 1939), and "significant

alteration of the existing landform," in their discussion of

gully erosion. They stressed a missing element in other

definitions: that a gully is an unstable landform. For the

purposes of this study, Nordstrom (1988) provides a very

useful, generalized definition, which is not limited to a

specific region:

(Gullies are) steep, incised channels often with a

sharp headcut, not permanently occupied by flowing

water, which has shown or is showing rapid growth

or extension, and is mostly limited to

unconsolidated soils, but may sometimes develop in

erodible bedrock.

Surface Equilibrium-Seeking Processes

Different conceptual frameworks of complex gully

processes have been proposed. One group of ideas maintains

that gully erosion is a purely hydrologic process, governed

by surface water flows. Harvey, Watson and Schumm (1985)

give hydrologic processes emphasis in their coverage 
of

gully erosion processes. Their report provides an analysis

of the hydrologic framework. This framework considers

gullies as part of a continuum of incised channels 
that can

exist simultaneously within a watershed. Gullies were

considered by some to initially develop as rills. The rills
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were believed to eventually enlarge to form gullies. Under

this framework, gullies are governed by the headward

migration of nickpoints (head cuts) into their contributing

watersheds. As nickpoints migrate headward, the

contributing watershed areas become smaller and smaller

until an equilibrium is reached. Equilibrium occurs when

the contributing watershed areas are no longer of sufficient

size to provide water flow with enough erosive energy to

continue head cutting. According to Schumm (1973), the

watershed size required for the system to reach equilibrium

is highly determined by slope. Watershed size, slope above

headcut, soil erodibility, erosivity of flow (based on

sediment load), and rainfall intensity are important

parameters required to predict surface gully erosion

(Harvey, Watson and Schumm, 1985).

Subsurface Process Gully Erosion

Others have suggested that conceptual models of gully

erosion processes which regard gullies to be controlled by

purely surface hydrologic processes to be an

oversimplification. Subsurface water flow is an important

gully erosion process in some sites. According to Hadley et

al. (1985), subsurface flows may, in some cases, be the

dominant process leading to gully development. Subsurface

flows can displace underground sediments in a process known

as piping. The weakened pipe areas may collapse and form

gullies (Hadley et al., 1985). Protective vegetation cover
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seems to inhibit gully erosion in some situations because of

increased anchoring of soil particles. However, it may lead

to increased subsurface flows due to increased infiltration.

The increased subsurface flows may result in increased gully

erosion (Bocco, 1990).

Self-Sustaining Processes

Gully systems can not be expected to reach a state 
of

stability in all situations (Bocco, 1990) . In contrast with

conceptual models in which gullies approach equilibrium,

Hudson (1981) found gully processes to be self-sustaining

once they have initiated. Because gully processes can be

self-sustaining, a preventative approach to conservation

would seem to be the most practical.

Hudson (1981) uses Manning's formula in the following

form,

2 1

V R 3 S2
V7oc RS

n

Where: V is velocity, R is hydraulic radius, S is slope

gradient, n is coefficient of roughness

to illustrate self-sustaining gully erosion processes. As

gullies begin forming, hydraulic radius (R) increases. The

gully channel is denuded of vegetation, so the coefficient

of roughness (n) decreases. In order for the velocity to

remain constant, the slope gradient (S) of the gully must

flatten, relative to the surrounding land. When the slope

flattens relative to the surrounding land, water collected
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at the headcut falls from a greater height, increasing the

erosive energy. The increased erosive energy leads to

further

migration of the headcut into the contributing watershed,

even though the contributing watershed continues to become

smaller.

Threshold Conditions

Schumm (1973) introduced the concept of geomorphic

thresholds in gully erosion analysis. For a given landuse

and soil, threshold slope values (called the critical slope)

were identified, above which gully erosion was likely to

occur. Recognition of these geomorphic thresholds allowed

unstable l-andforms to be identified in the field. A very

important point, with respect to the goals of this project,

is that critical conditions associated with future gully

erosion can be estimated and used to predict where gully

development is probable. The ability to distinguish areas

meeting the necessary conditions, before initiation of gully

erosion, .provides support for preventative conservation

measures.

In addition to critical conditions such as slope,

watershed size, soil type, landuse, rainfall intensity,

Schumm (1973) also introduced the concept of intrinsic

thresholds. Schumm stated that intrinsic thresholds account

for some of the variation not explained by other process

variables. An intrinsic threshold represents unmeasurable
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activities taking place within the process system of an

individual gully, or potential gully. The intrinsic

threshold can best be viewed as a cumulative maximum amount

of erosive energy that an area can receive before a gully

begins to develop. The threshold can be surpassed by a

single large rain event or over a longer period of time from

smaller rain events. Bocco and Garcia-Oliva (1992)

considered major events to be of less importance than

typical events because major events occur less frequently.

In contrast, Jayawardhana, Hill and Bell (1992) found major

rain events to be very important in initiating gully erosion

in their study area (Australia).

The concept of critical conditions has also been

applied to active gullies. Douglas (1988) considered each

actively eroding gully headcut to have threshold conditions

determining its future stability. He found threshold

conditions to be related to gully dimensions, materials

(soils), biotic activity (landuse/land cover), and

topographic position (slope and contributing watershed).

Erosion Modeling in the Upper Trinity

The USLE model has been used as verification for new

models that quantify sedimentation (Lane, et al., 1992).

The USLE has also been used to determine the contribution of

gully erosion relative to sheet-and-rill in field scale

projects (Osborn and Simanton, 1989). Atkinson, et al.

(1993) applied the USLE model to the Upper Trinity region to
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establish sheet-and-rill erosion trends. Sheet-and-rill

erosion results were modified by sediment delivery ratios

(from Mills et al., 1985) to illustrate both areas of high

sheet and rill erosion and sediment delivery. Delivery

ratio modified USLE sheet-and-rill erosion results were

compared with total sediment that reached Eagle Mountain

Reservoir and Lake Bridgeport (from Rutledge and Davis,

1988). There was a large discrepancy in the USLE based

predictions and the total sediment actually delivered to

Eagle Mountain Lake and Lake Bridgeport. The discrepancy

could be explained by an underestimation of sheet-and-rill

erosion by the GIS applied USLE model. However, previous

work in northern Texas by Hunter (1990) has showed no

tendency for underestimation when applying the model using a

GIS and sediment delivery ratios from Mills et al. (1985).

Another explanation for the discrepancy between predictions

and actual measurements could be an overestimate in the

sediment volume from sediment sampling. However, Butcher et

al. (1992) found reservoir surveys to be an excellent method

of measuring sediment yields with no universal tendency for

bias in over-estimation or under-estimation.

If gully erosion is assumed to make up a significant

portion of the difference between reservoir sediment volume

and sheet-and-rill erosion, we can begin to examine the

magnitude of the gully erosion problem. By subtracting

sheet-and-rill sediment delivery from total sediment in the
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reservoirs, gullies were found to have contributed as much

as 73% of the sediment reaching Lake Bridgeport and 64% of

the sediment reaching Eagle Mountain Reservoir. These

results implicate gully erosion as a major contributor of

sediment reaching surface waters in the Upper Trinity

(Atkinson et al., 1993). It is important to note that the

previously referenced study considered all channels as

gullies, including streams with permanent flow. Figure 3 is

an illustration of sheet-and-rill versus gully contributions

to the total sediment deposited in the two reservoirs from

the previous study. The indication that gullies are

responsible for both land degradation and reservoir

sedimentation points to the necessity for studying gully

erosion in north-central Texas.

Modeling Sediment Delivery From Gullies

Ireland, Sharpe and Eargle (1939) recognized the

complex and cyclical nature of gully erosion processes.

Rates of gully erosion were observed to drastically change

as gullies cut into soil layers having varying erodibility.

Leopold, Wolman and Miller (1964) described a cyclical form

of gully erosion occurring in discontinuous gully systems.

In these systems, soil lost due to headcutting is deposited

in topographically lower areas. The deposition continues to

form a fan of deposited sediment. The sediment fan

eventually becomes unstable and may begin eroding. Hadley

(1977) concluded that the complexity of both gully erosion
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processes and cyclical erosion and deposition processes

confounded prediction of sediment delivery from gullies.

Lentz, Dowdy and Rust (1993) found that ephemeral gullies

were equally difficult to model. One of the primary reasons

for the difficulty is that the hydrologic processes which

lead to ephemeral gully erosion were found be different

among different contributing watersheds.

Regional Modeling of Gully Erosion - GIS Approaches

Many small-area models of gully erosion have been

developed (Bocco, 1991(b)). Most of these models are

extremely site specific due to differences in climate, soils

and vegetation. Such site specificity makes comparisons

with other areas unsatisfactory (Harvey, Watson and Schumm,

1985). The complexity and site specificity of gully erosion

processes make large-area, process-based models difficult to

develop. Thus, empirical models of gully erosion risk are

more appropriate for large study areas (Bocco, 1990).

Empirical models of gully erosion over large areas

differ from small-area models in two respects. Regional

models are concerned with the spatial distribution of

gullies rather than with growth and sedimentation rates of

individual gullies. Regional models are typically used to

make generalized predictions over large areas.

Comparatively, small-area field models are developed around,

and applied to, a small number of individual gullies.
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Remote Sensing and GIS have provided new methodologies

for regional gully erosion modeling. Several regional

models of gully erosion using Remote Sensing and GIS 
have

been derived (see Garg and Harrison, 1992, Jayawardhana,

Hill and Bell, 1992, Bocco, 1990). In the development of

these models, process considerations were primarily limited

to the selection of GIS data layers to include in the

models. Data layers were selected because of assumed

correlations with gully erosion processes. Models having

this design are classified by Morgan (1979) as being

"parametric" models:

which are based on identifying statistically

significant relationships among variables that are

assumed to be important, where a reasonable

database exists.

The three regional gully erosion studies mentioned

above share several similarities. Each used raster GIS

databases to compare gullied areas with a number of other

GIS data layers. Comparisons were made by overlaying a

coverage-of gully areas with the input data layers. Each of

these studies developed an overlay model using "if-then"

decision rules to discriminate between high and low gully

risk areas. It is noteworthy that all three of the studies

found similar slope ranges associated with gully erosion.

Table 1 is a summary of site information on the three

previous GIS studies cited.
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The decision rules used in these overlay models

eliminate areas from consideration if all the critical

conditions for gully erosion are not met. This type of

model is referred to as a "decision tree model," by

Jayawardhana, Hill and Bell (1992). Decision rules in the

models were based on exploratory data analysis of each input

data layer relative to a coverage of existing gully areas.

In some cases, literature on local conditions, and expert

opinion were also taken into consideration when deriving the

decision rules. In each of these studies, predicted gully

risk areas were compared with existing gullies as model

verification. An important assumption is that currently

stable areas with similar conditions as gullied areas are at

risk of developing gullies in the future. This assumption

is the basis for the methods used to develop and verify

these models.

Jayawardhana Hill and Bell (1992) developed a model of

gully erosion risk in an agriculturally important area of

Australia approximately 900km2 in size. A raster coverage

of gully erosion areas was created by digitizing aerial

photographs. According to Bocco (1990), aerial photography

is the most commonly used source of gully distribution data.

Additional categorical GIS data layers used in the model, in

order of importance were: Slope (from Digital Elevation

Model Data (DEM developed from 1:24,000 scale topographic

maps)), Soil (associations), Landuse (from Landsat MSS and
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TM imagery), and Geology (digitized from several geologic

studies of the study area) . The model defined an area to be

at risk if its slope was greater than two percent, if its

soil was among several association classes found to be prone

to gully formation (from GIS overlay analysis and

literature), and if its landuse class was either grassland,

cultivated or open woodland. The model was verified by

comparing areas of predicted gully risk with gully locations

in the same study area that was used for model development.

The decision tree model showed 97% agreement between the

high risk areas and the locations of existing gullies. 
This

model was not verified in a separate area.

A model derived in Central Mexico by Bocco (1990) was

also developed by comparing a gully coverage with GIS data

layers assumed to be indicative of gully erosion processes.

The use of SPOT imagery for the development of the gully

coverage replaces air photography used in the studies by

Jayawardhana, Bell and Hill (1992) and Garg and Harrison

(1992) . Critical conditions (c.f. Schumm, 1973) were

identified by examining class frequencies within areas

defined by the gully coverage. Classes most frequently

occurring within the gully coverage were assumed to be

required for gullies to form.

In the Bocco model, the following data layers were

compared with the gully coverage: climate, terrain mapping

unit (a geology layer enhanced with slope data), soil (with
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permeability information), slope (from DEM), and landuse

(from Landsat TM imagery). The following decision tree

model was derived:

if seasonal climate and Quaternary volcanic

terrains, and impeding layer, and slope gradient

>2% and <15% and landuse agricultural or

grassland, then predict gullied area.

This model predicted 103km
2 of the 491km2 study area to

be "under more severe gully erosion risk". Agreement of 75%

between existing gully locations and the predicted high risk

areas was attained. The model was verified by application

in another area in Central Mexico. Similar results were

found by applying the model in the new area.

Garg and Harrison (1992) developed a gully erosion risk

model in a 19km2 area of Southeastern Spain using remotely

sensed data (air photographs) and GIS. Rather than

developing a binary coverage of gullies and background areas

(as in Jayawardhana et al., 1992 and Bocco, 1990), Garg and

Harrison considered the number of gullies per grid cell. A

gully density coverage was derived by interpreting air

photographs and digitizing the results. The model was

developed by comparing the gully density coverage with slope

and aspect (derived from DEM) and landuse (from air photo

interpretation) .

The Garg and Harrison model uses a risk mapping

approach with the maximum sustained production from a given

landuse, as the endpoint to be protected from land
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degradation due to excessive gully erosion soil loss. The

risk/prevention approach was supported by noting that gully

processes are often self sustaining once they begin.

Conservation and Gully Erosion

The Soil Conservation service of the United States

Department of Agriculture lists a number of control

mechanisms used to limit gully erosion, including terracing

and flow diversion, tillage and leaving crop residues in

place. (USDA-SCS, 1989). Bocco (1991 (b)) characterized

government proposed gully erosion conservation measures in

developing nations as a failure. More implementation of

local traditional methods was proposed as an alternative.

The author noted how the lingering problem of gully erosion

in developed nations does not indicate any greater degree of

success in conservation effort.

Considering that gully erosion generally occurs in

marginal lands, any conservation efforts are often more

expensive than the value of the land (Hudson, 1981).

Moreover, remedial efforts to cure existing gullies are far

more expensive than prevention (Hudson, 1981). Self-

sustaining gully erosion processes, the ability to recognize

threshold conditions, and the applicability of regional

scale gully erosion risk models provide a basis for risk-

focused conservation efforts aimed at prevention.



CHAPTER III

METHODS AND PROCEDURES

This chapter describes the methods followed to meet the

objectives and test the hypotheses described in CHAPTER I.

The major procedures can be condensed into the following

phases: preparation of remotely sensed and Geographic

Information System (GIS) data, analysis of GIS data,

derivation of a gully erosion risk model based on analysis

of the GIS data, application of the model in the model

development area, verification of the model in a separate

area. A flow-chart of the major procedures is provided as

Figure 4.

Following the flow chart from top to bottom, the first

step was to interpret the aerial photography to derive a

coverage .of gully locations. Each of the input data layers

was modified for compatibility with other data layers.

Contingency of each of the proposed input data layers with

gully erosion was tested. All contingent layers were

retained; non-contingent data layers were discarded. Index

values for each class in each input data layer were derived.

These class index values were used to generate a Gully Risk

Index (GRI) coverage. The agreement among the GRI coverage

22
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and existing gullies in the Bridgeport watershed was

examined as verification.

Remote Sensing/GIS Method

A GIS was used in this project, because of its capacity

to analyze spatially referenced data covering large areas.

A GIS was also ideal because of its ability to quickly

manipulate large spatially referenced data sets. This

allows models of the changing landscape to be updated as new

data become available. The large-area, but coarse spatial

resolution of this GIS application, while not suitable for

field-scale studies of individual gullies, works well with

the regional study area of this project.

The model required raster GIS data. While some of the

data were already in raster format, some data had to be

converted to raster. A raster GIS data layer is constructed

of a grid of cells, commonly called "pixels." The center of

each grid cell represents an X,Y location on the land

surface. All cells contain either categorical or numerical

data. Each data layer used in this project, with the

exception of rainfall, contained categorical data. Table 2

is a summary of the GIS and Remote Sensing data that were

required for this project.

The spatial resolution (grid cell size) of each of the

data sets was 30X30 meters. The 30 meter cell size

corresponded with the spatial resolution of Landsat TM

imagery. Each data layer was georeferenced to Universal
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Transverse Mercator (UTM) zone 14. The minimum acceptable

Root Mean Square (RMS) error for all georeferencing

transformations was established at 90 meters. CHAPTER IV

contains a discussion of the levels of RMS error achieved

for aerial photography and satellite imagery.

Georeferencing all data layers to the same projection and

coordinate system, with identical cell sizes allowed the GIS

data layers to be overlayed and quickly compared.

Index Model

A numerical index model of gully erosion was developed

and implemented in the study area. This type of model

outputs a range of risk index values throughout the study

area rather than separating the study area into high versus

low risk. By providing a range of risk index values, the

index model supplies a greater amount of information, when

compared to binary (yes/no) outputs. The index model was

derived using all of the available class frequency data, as

opposed to decision tree models, where critical decision

rules may be defined using somewhat arbitrary cutoff

frequencies.

For each class in each data layer, a class index value

(CIVL) was generated. The numerical class index values were

proportional to the degree that classes were associated with

gully areas. Degree of association was indicated by the

frequency of class representation within the gully coverage

relative to its representation in the total study area.
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A series of class index values for each data layer was

calculated from the ratio of class frequency in the gully

areas (FreqcG) versus class frequency in the total study

area (FreqCT). The class in each data layer most associated

with gully areas was normalized to an index of 1. The most

associated class (Cmx) is defined as the class with the

highest FreqcG/FreqCT ratio. Less associated classes in the

data layer were normalized to lower values (NCIVL) by

dividing all CIVL ratios by CAx. CIVL and NCIVL derivation

is described by the following equations.

CIVIL = FregcG
FregcT

Where CIVL is index value of a given class in a given
data layer (L), and FreqcG is the frequency of that
class in gully coverage, and Freqgc is the frequency of
that class in the total study area.

NCIV-=CIVL
CMAX

Where NCIVL is the normalized index value of a given
class in a given data layer, and CIVL is the index
value of that class (determined above), and Cx is thehighest FreqCG/Freqgc ratio calculated for that data
layer (L).

The following example of the calculation of CIVL and

NCIVL may be helpful. Assume 12,300 pixels of upland fell

inside the area defined as gullied, so FreqCG for upland is

12,300. 542,279 pixels of the total Eagle Mountain

watershed area were upland, so the FreqCT for upland is
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542,279. By dividing the FreqG by the Freqco, a CIVL of

0.0227 is calculated. Finally the CIVL value for upland is

normalized by dividing it by the highest CIVL value (called

CMAX) , to derive the NCIVL for upland. Assume a CAX of

0.0366 to be held by cropland, for this example. So, by

dividing the CIVL for upland by the CAX a NCIVL of 0.619 is

calculated for the upland class. The following equations

illustrate the example.

CIve = 12,300 = 0.0227
L 542, 279

NCIVL - 0.0227 -0.619
0 . 0366

The Gully Risk Index value (GRI) for each pixel was.

calculated by taking the 5th root of the product of the

NCIVL for each layer at each pixel. This calculation was

performed at each pixel using an ERDAS GISMO program

(APPENDIX). The multiplicative design of the index model

allows negative weighing of grid cells containing one or

more classes strongly disassociated with gully erosion.

This negative weighting through multiplication allows the

index model to partially eliminate unlikely areas comparable

to a decision tree model. The following equation

illustrates how the erosion risk index was determined for

each grid cell.
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Where GRI is the gully risk index for the cell and
NCIVL is the normalized class index value calculated as
described above.

Once again an example of the actual calculations may be

helpful. For this example the calculation of the GRI at one

hypothetical pixel is demonstrated. Assume the following

classes exist at a pixel location: landuse-pasture (NCIVL =

0.822), soil texture-Sandy Loam (NCIVL = 1.000),

infiltration capacity-Moderate (NCIVL = 0.296), slope range-

6-8% (NCIVL = 0.686) and rainfall Energy-Intensity (EI)

value of 250 (NCIVL = 0.556 note: special calculation of

NCIV for rainfall follows in section on rainfall data). A

GRI of 0.622 would be calculated by taking the 5th root of

the product of the NCIV's at this pixel. For purposes of

software compatibility these GRI values were scaled up by a

factor of 100 and rounded to the nearest integer value. So,

this value of 0.622 would be recoded to a GRI of 62. The

following equation illustrates this example.

GRI = jO.822 x 1.000 x 0.295 x 0.686 x 0.556 = 0.622

An indication of the ability of the model to partition

gullies into high GRI areas was initially determined by

comparing existing gully locations to the output of the

index model in the Eagle Mountain area. The index model was

later verified by application in the Bridgeport watershed.

27
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Gully Sediment Delivery Modeling

It is important to note the limitations of the data

available for sediment delivery analysis. Sedimentation

data were available only for Eagle Mountain Reservoir and

Lake Bridgeport (from Rutledge and Davis, 1988). Limitation

of data to only two reservoirs prevented any in-depth

analysis of sediment delivery from gully erosion. So, only

a simple comparison was made of concentrated-flow erosion

data from the TCWD project (Atkinson et al., 1993) and gully

erosion risk values from this project.

Decision Tree Model

Among the original goals for this project was to

develop a decision tree model analogous to the models by

Bocco (1990), Jayawardhana, Bell and Hill (1992) and Garg

and Harrison (1992), to complement the index model.

However, once the data were analyzed, it became apparent

that problems resulting from the coarse spatial resolution

of the input data layers prevented development of a decision

tree model.

The data layer preparation work for the decision tree

and index models was identical. So, some work toward a

decision tree model was completed before this approach was

found to be unfeasible. A general summary of the methods

required to create a decision tree model follows.

A decision tree model was to be developed using all

data layers found to be contingent with gully location.
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Decision rules were to be derived by comparing each layer

with the gully coverage to find which classes were most

associated with gully erosion. Decision rules based on

exploratory data analysis would have been applied to each

data layer at each grid cell in the study area, resulting in

a gully erosion risk map. The decision tree model would

have generated the map by assigning each grid cell of the

study area into either a high or low risk class. With

respect to this project, only the steps leading to and

including exploratory data analysis were performed. An

accounting of the data incompatibilities which prevented a

decision tree model from being created is presented in the

following chapter. For examples of decision rules in gully

erosion models see the previous chapter (CHAPTER II,

Literature Review).

Development of GIS Gully Coverage from Aerial Photography

Garg and Harrison (1992) stated that gully areas, on

aerial photographs, can be discriminated from surrounding

areas due to their distinct tone and texture relative to

surrounding areas. High-altitude aerial photography, from

United States Department of Agriculture, Soil Conservation

Service (USDA-SCS) soil survey reports, were used to

generate a raster GIS data layer depicting the locations of

gullied areas in the Eagle Mountain Reservoir watershed area

and a portion of the Lake Bridgeport watershed area. Soil

survey photographs were unavailable for the counties of
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Young, Jack, and Archer. Portions of these counties were

sampled using 9"X9", 1:20,000 scale panchromatic aerial

photographs obtained from the Texas Natural Resource

Information Service (TNRIS).

Gully channels discriminated by aerial photo

interpretation were first outlined in pencil. A lighted

magnifying lens was sometimes used to help discriminate

gullies from surrounding areas. The gully channel lines

were digitized using a Calcomp 9100 digitizer and ARC/INFO

(ESRI, 1992) versions 6.1 and 7.0 software. Gully lines

from the air photographs were georeferenced to US Census

TIGER line data illustrating road centerlines, using a

method known as heads-up digitizing. Known locations on the

photographs, primarily road intersections, were used as

control points. The control points were added as ARC/INFO

tics to an empty coverage which was in a graphical overlay

of the TIGER roads. The result was a coverage of control

points (tics). with Universal Transverse Mercator (UTM)

coordinates. Each photo was then registered to the tic

coverage before digitizing. By registering the photographs

to the UTM tic coverage before digitizing, errors in ground

control selection could be detected in advance. When

transforming the photographs to UTM, a maximum root mean

square (RMS) error tolerance of 90 meters was achieved for

all air photos. Any transformations resulting in greater

than 90 meters RMS were repeated until a lower RMS was
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achieved. Each of the transformed line coverages was

appended to create a single line coverage of the entire

model development area (Eagle Mountain Reservoir watershed).

A 45 meter buffer was generated around the appended

gully line coverage, to depict areas experiencing gully

erosion. A 45 meter buffer was chosen to coincide with the

maximum 90 meter RMS tolerance for all coverages. The

digitized and corrected ARC/INFO vector gully area coverage

was converted to an ARC/INFO grid with a 30 meter cell size

and finally converted to ERDAS (ERDAS, Inc., 1992) format

for compatibility with other data layers. The result was a

raster data layer containing two classes, gully area and

background. Although every effort was made to locate all

gullies in the study area, some certainly escaped this

process without being digitized. Some gullies may not have

been digitized due to small size. Gullies smaller than 100

meters in length were difficult to interpret from the aerial

photographs, since they are represented on air photographs

as a line less than 4.2mm long. Additional gullies may not

have been digitized due to aerial photo interpretation

error. A preliminary assessment of this process, prior to

digitizing, indicated that a relatively small number of

gullies would not be digitized. After digitizing, another

brief field assessment was conducted to estimate the actual

percentage of gullies that were not digitized using the

methods described above. It was found that interpretation
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of gullies consisting of a single channel was unreliable.

Many false positives and false negatives were introduced.

More complex, dendritic gullies were found to have been

detected and digitized with much greater reliability. A

gully area size cutoff of 100 pixels was used to ensure that

only dendritic gullies were used in the derivation of the

model. ERDAS CLUMP and SIEVE procedures were used to remove

areas smaller than 100 contiguous pixels.

Model Input Data Layers

Some of the remaining GIS data layers that were needed

for this project were modifications of data layers

constructed for the TCWD (Atkinson et al., 1993) study. An

additional layer, not from the TCWD study, was used as model

input to show variation in infiltration capacity across the

study area. This was derived from a surface geology

coverage, digitized from Land Resources of Texas (Kier,

Garner and Brown, 1977) maps for a statewide groundwater

project conducted at UNT (Atkinson et al., 1992).

The.GIS data layers from the TCWD study and the

groundwater study required recode and study area adjustments

for compatibility with this project. The data from the

groundwater study had a statewide extent. The TCWD study

included small subwatersheds that were outside the

Bridgeport and Eagle Mountain reservoir watersheds.

Unwanted areas were clipped from the source data layers to

retain only those areas within the project study area. Once



33

the input data layers had been clipped to the study area

boundaries, the data were recoded to remove classes that

were not represented within the study area.

Digital Remotely Sensed Data

Digital remotely sensed data consisted of Landsat

Thematic Mapper (TM) satellite imagery. Landuse maps were

generated by classifying the TM imagery. Subscenes of TM

images from path-rows 27-37 and 28-37 provided coverage of

the study area with some overlap. The subscenes cover

approximately a 100kmX100km square of land each. Table 3 is

a summary of information about the images used in this

project.

The TM images were georeferenced to 1:250,000 USGS

topographic maps by finding ground control points among the

images and the maps. Road intersections were used primarily

as ground control points. In consideration of the small

scale of the maps used for geographic control, a maximum RMS

tolerance of 3 pixels (90 meters) was allowed when

georectifying both images.

Principal components analysis was used to reduce the

dimensionality of the data from seven bands to three. By

reducing the dimensionality, computer storage space and

analysis time were reduced. The three principal components

bands explaining the majority of the variance were retained.

A predetermined minimum of 95% of the variance present in



the seven original bands was achieved in the principal

components image.

An unsupervised classification was performed on the two

principal components images to generate a GIS file

containing spectrally similar classes. These landuse

classes from the unsupervised classification were viewed as

a video overlay on the original TM image. Several classes

were identifiable in the overlay, including bottomland

forest, water and cropland. The remaining unknown classes

were identified by comparing printed landuse maps with known

areas in the field.

The classified, field verified images were then joined.

The eastern image had to be shifted slightly so that

recognizable features in the overlapping portions of the

imagery matched. The need for this shift is not surprising

considering the use of such small scale (1:250,000) maps to

collect ground control points.

The classified and joined satellite images were used to

provide landuse input to the gully erosion models. Landuse,

derived from the TM imagery, was classified to the level of:

upland forest, bottomland forest, pastureland/grassland,

cropland, shrubland, infrastructure (urban areas and roads

from 1:250,000 topographic maps), disturbed, unclassified

and water. These classes were found to provide an adequate

description of landuse in the Upper Trinity for the TCWD

project (Atkinson et al., 1993).

34
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Slope Layer

The GIS data layer depicting the slope of the land

surface was generated from USGS 1:250,000 scale Digital

Elevation Model (DEM) data. Each DEM image was rotated 90

degrees, resampled to a 30X30 meter pixel size (from an

approximate 80X90 meter cell), then georeferenced by its

four corners. The method used by ERDAS to generate a slope

coverage from the DEM involves examining the elevation of

each pixel relative to its surrounding pixels. The slope is

determined by the neighboring pixel with the greatest

difference in elevation. Individual slope values were then

combined to form slope range classes. Numerical slope

values were converted to a series of slope classes for

continuity with the other layers (i.e. categorical data) and

to prevent the model from overestimating the importance of

individual slope percentage values. The slope range classes

used were: 0-2%, 3-5%, 6-8%, 9-11%, 12-14%, and >14%.

Infiltration Capacity Layer

The infiltration capacity data layer was derived from

surface geology maps digitized for a statewide groundwater

project by Atkinson et al. (1992). The geology classes were

cross-referenced with a table provided with the original

paper maps by Kier, Garner and Brown (1977). Cross-

referencing with the table allowed the study area to be

separated into areas of high, medium and low infiltration

capacity. Some modifications were required to collapse
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variable infiltrations listed in the published table into

the high, medium and low classes. For example, an

infiltration capacity described in the table by Kier, Garner

and Brown (1977) as "High to Low" was coded as medium in the

infiltration capacity data layer. The surface geology

coverage was originally created with a 250 meter cell size

and required resampling to a 30 meter cell size for

compatibility with the other data layers used in this

project. Thus, the original data were more spatially

generalized than the cell size utilized in this project

implies.

Soil Texture Data Layer

Soil textures were obtained from the STATSGO soil

associations database, maintained by the Soil Conservation

Service (SCS). This database contains information based on

soil series but is grouped into associations. The

associations are spatially grouped into polygons, called

mapping units, which are much more generalized than polygons

for soil series. Since the series data are spatially

represented within the larger association polygons, it is

not possible to determine spatially where specific soil

types occur. The textures of various soil types and their

relative proportion within each mapping unit was extracted

from the STATSGO database. The dominant texture was defined

as the texture occupying the greatest areal percentage of

the association. Each association mapping unit polygon was
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coded by the dominant texture and rasterized to produce a

soil texture data layer.

Rainfall Layer

The effect of variation in rainfall intensity

throughout the study area was accounted for by using the

Annual Rainfall Erosion Index (EI) from the Universal Soil

Loss Equation (see Wishmeir and Smith, 1978). EI values

were generated, for use in the USLE, based on a 22-year

average. EI values range from less than 50 to over 450 in

the U.S. (Wishmeir and Smith, 1978). Higher values

represent higher rainfall energy, lower values represent

lower energy. Since these numerical data cannot readily be

converted- to categorical data, class frequencies could not

be used to determine the level of association of different

rainfall intensities with gully erosion.

The EI values were incorporated into this study by

digitizing the isoerodent map of the United States from

Wishmeir and Smith (1978). The areas between the lines of

equal El.value were interpolated using ERDAS, to create a

rainfall intensity coverage. NCIV's for rainfall defined as

the ratio of pixel EI values to a high value of 450. The

rainfall NCIV was calculated this way to allow this model to

be used in other locations, and to scale rainfall energy

relative to the maximum EI values. Using this method, the

maximum possible rainfall energy would be given a CIV of 1,

even though a EI of 450 or above does not occur in the study
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area. It is important to recognize the fact that the

rainfall data layer represents a divergence from the

empirical nature of this model. The NCIV's for rainfall

data were defined rather than calculated based on class

frequency comparisons of gully and non-gullied areas.

Statistical Analyses

Previous GIS overlay models of gully erosion (Bocco,

1990; Garg and Harrison, 1992; and Jayawardhana, Hill and

Bell, 1992) applied few statistical analyses to support

their choice of GIS data layers. These models were

developed using a combination of class frequency data

comparisons and past research on gully erosion processes.

Inclusion of a GIS data layer was supported either because

is was assumed to be correlated with some gully process

(Morgan, 1979) or because it contributed to the prediction

accuracy of the models.

By recognizing possible correlations with gully

processes, several GIS data layers were proposed for

inclusion in the model. This project attempted to support

the validity of using each of these data layers by applying

contingency analyses. For each data layer, proof of

contingency was required prior to its inclusion in the

model. The Chi-square analyses tested the null hypothesis

that class frequency proportions were not different among

the gully area and total area. It was assumed that a

significant result, in which class frequencies were found to
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be significantly different among gully and non-gully areas,

indicated the existence of a relationship among the proposed

input data layer and gully erosion processes. The PC

version of SAS (SAS Institute, 1985) was used to perform the

contingency analyses on class frequency data extracted using

ERDAS.

Since the rainfall data used in the model are numerical

rather than categorical, contingency tests could not be

performed for this layer. Inclusion of rainfall intensity

is supported on the basis of established correlation with

gully erosion, with higher rainfall intensities being

associated with higher incidences of gullies.

Interactions Among Input Data Layers

The predictive capabilities of this type of overlay

model are limited by the amount of spatial correlation that

exists among the different input data layers. A new data

layer that is highly spatially correlated with other layers

already in the model will contribute little to the

predictive capacity of the model. Since spatial

correlations were likely to exist among the input data

layers proposed for this model, an investigation of their

degree of intercorrelation was attempted.

The investigation of interactions among multiple data

layers required the extraction of frequencies for each class

overlay combination throughout the study area. Since the

class overlay combinations occur at each grid cell, GIS
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software was used to generate the frequencies. A partial

barrier to investigating multiple class interactions was the

large number of possible class combinations.

The following method for extracting the frequency of

each class combination was used. Using ERDAS software, each

data layer was assigned an integer level. The landuse data

layer was assigned to the first integer position (ones), the

classes of the soil texture layer occupied the second

decimal position (tens), the slope classes occupied the

third integer position (hundreds), the infiltration capacity

classes occupied the fourth integer position (thousands).

An overlay of the data layers was produced. The values in

each of the layers above were added to produce a new raster

data layer of class overlay codes. The frequency of each

unique code was then extracted as an ASCII text file.

The row and column format of ASCII file was modified

for compatibility with SAS software. Frequencies of class

combinations.were analyzed using log-linear models in the

SAS statistical package. A log-linear model method was used

to determine if relationships existed among multiple data

layers consisting of class data. This type of analysis is

analogous to a Chi--square analysis with several dimensions.

Typically, all the possible two, three, four, etc. variable

interactions can be examined using log-linear models.

With nine landuse classes, six soil texture classes,

six slope range classes, and three infiltration capacity
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classes, the number of possible class combinations was 972.

The number of possible combinations coupled with a sample

size of over 2.3 million prevented the analysis from being

conducted on a personal computer. So, a Solbourne Series

6904 mini-computer was used as a platform to perform the

log-=Linear model analysis in SAS. It was found that the

sample size constraints prevented examination of all the

possible interactions among the input data layers. The

scope of the log-linear model analyses had to be reduced.

The analysis was limited to an investigation of whether or

not significant class interactions existed among all the

categorical input data layers, rather than examining all

possible interactions.



CHAPTER IV

PRESENTATION AND DISCUSSION OF RESULTS

The index model of the spatial distribution of gully

erosion risk was generated using the Geographic Information

System (GIS) analysis in the Eagle Mountain watershed. The

application of the index model in both the Eagle Mountain

and Bridgeport watersheds produced raster GIS coverages of

gully erosion risk. The following discussion summarizes

information on each GIS data layer and explains the

derivation and results of applying the index model. It was

determined that the available input GIS data were

incompatible with the decision tree model method. An

explanation of the incompatibility of the data with a

decision tree model is provided.

Gully Layer

GIS data layers depicting the spatial distribution of

gullied areas in the Eagle Mountain and Bridgeport

watersheds were digitized from aerial photography as

described in the previous chapter. The gully layer was used

to derive the index model in the Eagle Mountain watershed

and to verify the model in the Bridgeport watershed. To

complete the coverages for both areas, 118 photographs were

interpreted, registered to UTM'coordinates, and digitized.
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All of the photographs were registered to UTM coordinates

with root mean square error (RMS error) of less than 90

meters. The highest RMS error of any photograph

registration was 84 meters. The average RMS error among all

the photographs registered was 20.9 meters.

As stated in the previous chapter, gully areas less

than 100 contiguous 30X30 meter pixels were not considered.

By eliminating smaller gully areas, it was ensured that only

complex, dendritic gullies were included in the gully

coverage. Following these criteria, the total area in the

Eagle Mountain watershed interpreted as gullied area was

67230 pixels or 6050.1 hectares. A map of spatial

distribution of gullies within the Eagle Mountain watershed

is provided as Figure 5.

During the course of the project, it was determined

that complete photograph coverage of the Bridgeport area was

not available. However, full coverage was not necessary to

verify the model. Of the 276113.8 hectares in the

Bridgeport watershed, 95500.9 hectares (34.6%) were

interpreted. Figure 6 is an illustration of the spatial

distribution of gullies within the photo-interpreted area of

the Bridgeport watershed. Within the portion of the

Bridgeport area covered by photographs, 5910 pixels, or

531.9 hectares were interpreted as gullied.
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Input Data Layer Statistics

As stated in CHAPTER III, Chi Square analyses were

performed to determine if proposed categorical input data

layers were contingent upon gully erosion. All of the

proposed data layers had classes which were found to be

highly significantly contingent upon the presence of gullies

(Chi-square, p < 0.0005). This finding allowed each of the

proposed data layers to be included in the index model.

Such highly significant findings on all the Chi Square

analyses are not surprising considering the large sample

sizes (n > 2.3 million).

An examination of contingency coefficients, which

measure the level of association among two dichotomous

variables, can provide additional insight when statistically

significant contingencies exist (Zar, 1984). Since gullied

areas are a subset of the total study area, class

frequencies cannot be expected to be partitioned into

completely separate classes when comparing gullied areas to

the total study area. For example, we cannot expect to see

gullies occurring in cropland if cropland does not exist in

the study area. This condition precludes the comparison of

contingency coefficients with P-max (the maximum possible

contingency coefficient value). However, contingency

coefficients can be compared among the input data layers to

determine which possesses the greatest amount of class data

correlation with gully erosion. The contingency



45

coefficients for the input data layers are 0.097 for

infiltration capacity, 0.065 for soil texture, 0.043 for

landuse, and 0.037 for slope range class. Based on this

comparison, the infiltration capacity data layer seems to

have the strongest association with gully erosion among the

categorical input data layers. The contingency coefficients

are indicative of the importance of the individual data

layers. The methodology ensured that more important data

layers would have greater impact on the calculated GRI

values.

Landuse Data Layer

The Landsat Thematic Mapper (TM) imagery for the Eagle

Mountain area was classified to the level of the following

landuse classes: water, bottomland forest, shrubland,

pasture, upland forest, cropland, disturbed, urban / road,

and unknown. The classified imagery showed the dominant

landuse class in the Eagle Mountain area to be pasture,

covering 34.4% of the watershed, followed by Upland Forest,

covering 22.0% of the watershed. The frequencies of each

landuse class in the Eagle Mountain reservoir watershed is

provided in Table 4. A map of the landuse classes in the

Eagle Mountain reservoir watershed is provided as Figure 7.

A 730.5 hectare area where the imagery did not cover the

study area was coded as unknown. The unknown area covers a

negligible 0.33% of the Eagle Mountain area.
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The calculation of Normalized Class Index Values (NCIV)

for the landuse classes followed the procedure outlined in

CHAPTER III. Table 5 is a summary of the landuse NCIV

values calculated based on landuse class frequencies in the

Eagle Mountain area. The landuse class most associated with

gully erosion was found to be Cropland, which earned a NCIV

of 1.0. Gullies were frequently found in Pasture, Disturbed

and Shrubland classes. NCIV values of approximately 0.8

units were calculated for each of these three classes. High

NCIV's for cropland and pasture (which includes grassland)

compares well with the findings of Bocco (1990), and

Jayawardhana, Hill and Bell (1992). Upland Forest was found

to be less associated, earning a NCIV of 0.62. Bottomland

Forest, with a NCIV value of 0.33 and Urban / Road with an

NCIV of 0.10 were found to be the classes least associated

with gully erosion. The small area of Unknown class was

assigned an NCIV of 0.5 to limit its influence on the model.

The NCIV for water was set to zero.

Soil Texture Data Layer

Soil textures were derived by taking the dominant soil

texture within a STATSGO database mapping unit, as described

in CHAPTER III. Table 6 is a list of mapping units

represented in both watersheds and their dominant soil

texture class. Table 7, from Atkinson, et al. (1993), lists

soil association names for associations found in either

watershed. Sandy loam was clearly the most dominant soil
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texture class in the Eagle Mountain watershed, covering

approximately 80% of the area. Silty clay loam is the least

represented class in the Eagle Mountain area covering less

than 1% of the watershed. The silty clay loam class covers

approximately 1.3% of the area in the Bridgeport watershed.

This texture was not found in the Eagle Mountain area. The

NCIV for silty loam was set to that of silty clay loam,

which was represented in Eagle Mountain. A map of soil

texture classes in the Eagle Mountain area is provided as

Figure 8. Table 8 is a list of soil texture class

frequencies in the Eagle Mountain area.

NCIV's for soil textures were calculated based on class

frequencies in the Eagle Mountain watershed. Table 9 is a

summary of soil texture NCIV's. Sandy loam was found to be

the class most associated with gully erosion, and earned a

NCIV value of 1.0. Clay, the texture class found to be

least associated with gully erosion, earned a NCIV of

approximately 0.09. A general conclusion can be made when

examining the NCIV's for soil texture classes; soils lower

in clay content are the most associated with gully erosion

in this area. erosion. The NCIV value for water was set to

zero.

Infiltration Capacity Data Layer

The infiltration capacity classes were derived from

surface geology data published by Kier, Garner and Brown

(1977) as described in CHAPTER III. Table 10 is a list of
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geology land unit codes and infiltration capacities for

geology classes which occurred in either watershed. The

most dominant infiltration class in the Eagle Mountain area

was high infiltration capacity, covering approximately 57%

of the study area. Low and medium infiltration capacity

classes covered 22.5% and 20.6% of the watershed,

respectively. Table 11 is a summary of infiltration

capacity class frequencies in the Eagle Mountain watershed.

Figure 9 is a map of the infiltration capacity classes in

the Eagle Mountain watershed.

The NCIV's for this data layer were calculated based on

infiltration capacity class frequencies in the Eagle

Mountain watershed. Table 12 is a summary of the

calculation of NCIV's for the three infiltration capacity

classes. High infiltration capacity was most associated

with gully erosion, earning a NCIV value of 1.0. Moderate

and Low infiltration capacity classes were progressively

less associated with gully erosion, earning NCIV values of

0.2955 and 0.1375 respectively. A trend of proportionality

between infiltration capacity and association with gully

erosion was observed. This trend may implicate subsurface

gully erosion processes. However, high infiltration

capacity may be indicative of sandy, erosive subsoils, which

scour away quickly when the topsoil is breached. The NCIV

for water was set to zero.
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Slope Data Layer

Slope range classes were determined from United States

Geological Survey (USGS) 1:250:000 Digital Elevation Model

(DEM) data, as described in CHAPTER III. Table 13 is a

summary of slope range class frequencies for the Eagle

Mountain watershed.

The 0-2% slope range is the most represented class

covering 76.8% of the Eagle Mountain watershed area. The

remaining slope range classes of 3-5%, 6-8%, 9-11%, 12-14%

and 15%-greater are represented in progressively decreasing

proportion. A map of the spatial distribution of slope

range classes for Eagle Mountain is provided in Figure 10.

The NCIV's calculated for the slope data layer were

based on slope range class frequencies in the Eagle Mountain

watershed. Table 14 is a summary of the calculation of

NCIV's for the slope range class data layer. Although the

0-2% slope range class contains the greatest number of

gullies, it was calculated to have the second to lowest NCIV

value of 0.3959. The 9-11% slope range class contains far

fewer gullies but was found to be the class most associated

with gully erosion, with a NCIV of 1.0. Low NCIV for slopes

of 2% and less, and for slopes 15% and greater compare

favorably with cut-off slope values found by previous

researchers (Bocco, 1990; Jayawardhana Hill and Bell, 1992;

Garg and Harrison, 1992). Refer to Appendix A.1 for a

summary of the critical slope ranges for the above
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referenced models. Finding fewer gullies in very high slope

areas is not surprising considering there is most likely

little or no soil present (Atkinson, et al., 1993). Also,

high slope areas as defined by DEM data may have very short

slope lengths, which would most likely favor other erosional

processes such as mass wasting.

Rainfall Data Layer

As described in CHAPTER III, the rainfall data layer

was derived from Wishmier and Smith (1978) rainfall

Erosivity Index (EI), which is one of the inputs to the

Universal Soil Loss Equation (USLE). Rainfall EI values

ranged from 235 to 272 units in the Eagle Mountain

watershed. A map of EI values in the Eagle Mountain

watershed is provided in Figure 11.

Since the rainfall data layer consists of numerical

rather than categorical data, NCIV's were calculated using a

ratio of the EI value in each pixel in the study area to the

maximum possible EI value across the U.S., rather than class

frequencies, as was done for the other layers. NCIV's for

rainfall ranged from 0.52 to 0.60 in the Eagle Mountain

watershed.

Gully Risk in the Eagle Mountain Watershed

Once NCIV's for each data layer were calculated, they

were used to calculate the Gully Risk Index for each non-

water pixel in both the Eagle Mountain and Bridgeport

watersheds. Surface water areas were eliminated from
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consideration by coding the water class to an NCIV of zero

in the infiltration capacity, soil texture, and landuse data

layers. The equation used to calculate GRI values was

described in CHAPTER III. The calculation of GRI in each

grid cell was accomplished using the ERDAS GIS modeling

(GISMO) source code provided (APPENDIX).

The coverage of GRI values in the Eagle Mountain

watershed was then clipped with the gully coverage to create

a coverage of GRI values in only the gullied areas. GRI

values were then compared among'these two coverages. It was

found that GRI values were highly significantly larger in

gully areas versus the total.Eagle Mountain area (Mann

Whitney U test with Z approximation, p > 0.0001). Large

sample size contributes to the high level of significance.

However, when recognizing the difference in GRI among the

two areas, it is important to remember that purpose of the

model is to represent gully prone areas with high GRI

values. This comparison of GRI values among the two

coverages provided an initial indication of the ability of

the index to partition gullies into high GRI values.

The model by Bocco (1990) was capable of showing that

75% of existing gullies fell within areas defined as high

risk. Using this level of agreement as a target, the

following comparison of GRI values in the gully mask of GRI

coverage and the complete Eagle Mountain watershed GRI

coverage provides an example of how the index model results
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can be interpreted. 75% the gullied Eagle Mountain area has

GRI values greater than 66. Approximately 56% of the total

Eagle Mountain watershed has GRI values of 66 or less. So,

while retaining 75% of the gullied areas, approximately 56%

of the Eagle Mountain area can be considered lower risk.

Rather than completely eliminating "low risk" portions of

the study area from consideration (as with a decision tree

model), the index model provides a range of gully risk index

values across the study area. The option to consider areas

of lesser GRI value as still being in risk of gully erosion

may prove useful to practitioners of erosion control.

However, lowering the GRI cutoff value, while including more

gullies, also enlarges the portion of the study area that

must be considered at risk. A map of the spatial

distribution of GRI values in the Eagle Mountain watershed

is provided as Figure 12. Refer to Figure 5, which is a map

of GRI values within gullied areas in the Eagle Mountain

watershed.

Because of greater reliability in interpreting complex

gullies from air photos, the derivation and verification of

this index model utilized a mask which eliminated gullied

areas represented by less than 100 contiguous pixels.

However, a comparable degree of success was achieved when

examining gully GRI values regardless of the number of

pixels required to represent those gullies. GRI values in

all areas interpreted as gullied were highly significantly
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greater than GRI values in the watershed (Mann Whitney U

test with Z approximation, p = 0.0001). Again, large sample

size was partially responsible for such a high level of

significance.

A comparison of GRI values among the unmasked gullied

areas and total study areas, similar to the comparison

above, follows. 75% of the gullied areas (regardless of

size) had GRI values of 62 and greater. 53% of the total

Eagle Mountain area pixels had GRI values less than 62. So

75% of the gullied areas could be retained, while removing

approximately 53% of the study area from consideration.

Table 15 is a list of the quantiles (selected percentile

values) of the distribution GRI values from the Eagle

Mountain area GRI coverage, the 100 pixel gullied area mask

GRI coverage, and the unsieved GRI mask.

The percentage value in the quantile column indicates

the percentage of data points less than or equal to the GRI

value specified in the other columns. For example, by

looking at the 50% row and the Total Area GRI column, it can

be interpreted that 50% of the pixels in the total study

area have GRI values less or equal to 59.

Model Verification

The index model using the NCIV's derived in the Eagle

Mountain watershed was applied to the adjoining Lake

Bridgeport watershed for verification. Since complete air

photo coverage was unavailable for the Bridgeport watershed,
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the model was verified in a portion of that watershed where

photographs were available. As in the Eagle Mountain area,

the GRI values in the gullied areas were found to be

significantly higher than the total study area (Mann Whitney

U test with Z approximation, p = 0.0001). The high level of

significance, while apparently indicative of successful

discrimination of gullied areas by the model, should be

tempered by the fact that sample sizes are large (n > 1

million).

Well into the project, it became apparent that the

photo interpreted area of the Bridgeport watershed was not

an ideal area to use as verification for the model.

Ideally, the two watersheds should have been as identical as

possible. GRI values in the Eagle Mountain watershed are

clearly higher than the Bridgeport watershed. Table 16 is a

list of the quantiles for Bridgeport GRI values, in both the

gullied and photo interpreted areas. The median GRI value

in the photo interpreted portion of the Bridgeport watershed

was 46 compared to a median of 59 in the Eagle Mountain

area. However, a promising outcome is that in

correspondence with lower GRI values, a much lower

proportion of the Bridgeport area was interpreted as

gullied. In the photo interpreted portion of the Bridgeport

watershed 0.55% of the area was defined as gullied area.

Over five times the proportion of the Eagle Mountain (2.79%)

was defined as gullied area. A map of the spatial
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distribution of GRI values in the Bridgeport watershed is

provided in Figure 13. A map of the spatial distribution of

GRI values within the photo interpreted portion of the

Bridgeport watershed is provided in Figure 14.

Some of this fivefold discrepancy among the proportion

of area covered by gullies within the watersheds seems to be

explained by comparing the proportions of high GRI values

among the two areas. Only 9.75% of the interpreted area of

Bridgeport has GRI values above 66. Over 4.5 times that

proportion (44.06%) of the Eagle Mountain area has GRI

values above 66.

A similar comparison of ratios can be made when

examining total pixels rather than proportions. Only 8.9%

as many total pixels were defined as gullied area in the

photo interpreted area of Bridgeport watershed compared to

Eagle Mountain. This seems to compare well with the fact

that slightly less than 10% as many pixels in the Bridgeport

area have GRI values above 66 compared to Eagle Mountain.

Additional interpretation of the GRI data may be made

by examining histograms of gully GRI and total area GRI.

The histograms are provided in Figures 15 and 16 for Eagle

Mountain and Bridgeport respectively. A fairly clear cutoff

point can be seen in the Eagle Mountain histogram of gully

GRI; the frequencies of gully area GRI values above 66

increase drastically. When examining the histogram of GRI

values in gullied areas for the photo interpreted portion of
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Bridgeport, there is no clear cutoff value. However, when

comparing both Bridgeport GRI histograms (gullied area and

photo interpreted area), the relative frequency of gully

pixels begin to diminish notably below GRI values of 52.

By using the recognizable cutoff values obtained from

the histograms, comparisons among gully and total area GRI

frequencies produced the following observations. In Eagle

Mountain, there were 6.3% as many gully pixels with GRI

values above 66 as total area pixels with GRI values above

66. There were 1.2% as many gully pixels with GRI values

below 67 as total area pixels with GRI values below 67. So,

if we define areas above 66 as high risk, it can be stated

that there were 5.25 times the relative amount of gullied

area in high risk areas than lower risk areas. In

Bridgeport, there were approximately 1.3% as many gully

pixels with GRI values above 51 as photo interpreted pixels

with GRI values above 51. There were approximately 0.17% as

many gully pixels with GRI values below 52 as total area

pixels with GRI values below 52. If areas with GRI above 51

are defined as high risk in the photo interpreted portion of

the Bridgeport watershed, it can be stated that there were

7.75 times the relative amount of gullied area in high risk

areas than lower risk areas.

A promising observation was made when examining the

spatial distribution of gullies within the photo interpreted

area of the Bridgeport watershed. The majority of the
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higher GRI values occur in the eastern portion of the area.

Correspondingly, almost all of the gullied areas are in

those high GRI areas of the watershed. Refer to Figure 6,

which is an illustration of the GRI of gullied areas found

in the photo interpreted areas of the Bridgeport watershed.

An examination of differences in class frequencies of

the input data layers among the Eagle Mountain and

Bridgeport watersheds helps explain why lower GRI values

were calculated for Bridgeport. Tables 17 - 20 are lists of

the class frequencies of all the categorical input data

layers for the Bridgeport area. Maps of the input data

layers for the Bridgeport watershed GRI model are provided

as Figures 17 - 21.

There are several differences in landuse data which

were initially thought to account for lower GRI values in

Bridgeport. The Bridgeport watershed has a lower percentage

of Cropland (with a NCIV of 1.0), which would cause lower

GRI values to be calculated. However, Bridgeport has more

shrubland and pasture combined with less bottomland forest,

which would contribute to higher GRI values. Since the

differences among the watersheds for the landuse layer are

conflicting, landuse is now assumed to have only small

influence.

Differences in infiltration capacity clearly account

for some of the difference in GRI among the two areas. The

Eagle Mountain watershed is primarily High infiltration
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capacity (56.9%), which is most associated with gully

erosion. The Bridgeport watershed is primarily low

infiltration (73.2%), which is least associated with gully

erosion.

Differences in soil texture are not as pronounced as

differences in infiltration, or landuse. In both areas, the

dominant soil texture is sandy loam, covering 76.3% and

80.0% of the Bridgeport and Eagle Mountain areas

respectively. However, an increase in the relative

frequency of clay loam in the Bridgeport area partially

accounts for lower GRI values.

A trend toward lower slope range values in the

Bridgeport area also partially accounts for lower GRI

values. This influence is small, since both areas are

primarily covered by the 0-2% slope range class. In the

Bridgeport area 80.9% of the area is covered by the 0-2%

slope range class compared to 76.5% in the Eagle Mountain

area.

EI values based on the isoerodent map from Wishmier and

Smith (1978) increase in an easterly direction. Therefore

rainfall EI values are lower in the Bridgeport area than the

Eagle Mountain area. EI values range from 205 to 253 units

in Bridgeport compared to a range of 235 to 272 in Eagle

Mountain. In terms of NCIV the ranges are 0.45 to 0.56 and

0.52 to 0.60 respectively. This difference in rainfall data

partially accounts for lower GRI values in the Bridgeport
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watershed. However obvious this trend may be, the range of

possible NCIV's is the narrowest of all data layers

examined. The lowest value (0.45) is 75% as large as the

highest value (0.60). This range is quite low compared to a

seven times difference between the highest and lowest NCIV

(infiltration capacity), resulting in a much less pronounced

impact on GRI when compared to other data layers..

Reduced range of NCIV has the effect of reducing the

weight that rainfall intensity has in the model relative to

the categorical data layers. The inability to compare

rainfall intensity with gully erosion as categorical data

resulted in this shortcoming. Although including the EI

layer in the model accounts for some potential gully

formation, it cannot be readily determined if its influence

is being sufficiently weighted.

Sediment Delivery

A comparison of sediment delivery ratio modified USLE

predictions and reservoir sedimentation data led Atkinson,

et al. (1993) to conclude that gully erosion was responsible

for at least half of sediment reaching the Eagle Mountain

and Bridgeport reservoir. That study considered gullies to

include all channels including those permanently occupied by

water. The study calculated that as much as 487,881 tons of

sediment per year (68% of the total) reaching Eagle Mountain

Lake came from channels. As much as 538,341 tons per year
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(73% of the total) sediment reaching Lake Bridgeport was

calculated to come from channels.

Now it is known that the Eagle Mountain watershed

contains many more acres of gullied land than the Bridgeport

watershed, an unexpected finding following Atkinson, et al.

(1993) conclusions. Comparisons of gullied area or GRI

values among the two watersheds and the sediment delivery

findings of Atkinson, et al. (1993) imply that gullies alone

cannot readily account for the difference between erosion

predictions based on the USLE and the sedimentation rates

measured in Eagle Mountain and Bridgeport lakes. Some of

the factors that make comparisons of these studies difficult

are the complexity and cyclical nature of gully erosion

processes, the inability to account for sediment delivery

from stream channel scouring, and the fairly generic

sediment delivery ratios typically attached to USLE

predictions. Although this project dealt primarily with the

spatial distribution of gully erosion, it was hoped that

comparing the results of this study with those of Atkinson,

et al. (1993) would provide new information on the problem

of sediment delivery from gullies.

Decision Tree Model

Previous GIS models of gully erosion used decision tree

model methods as described in Chapter II. Decision rules in

the previous studies were derived primarily by eliminating

classes in which gullies were rarely found. However, those
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previous studies examined much smaller areas. Since they

were applied in smaller areas, they were able to use more

spatially detailed input GIS data. This project relied

primarily on GIS data which were already available in a

digital form. Manually digitizing detailed soil and

topographic data was not feasible for a study area of this

size.

The soil texture, slope, and infiltration capacity data

layers used here were more spatially generalized than any of

the previous GIS models. When input data layer class

frequencies among the gullied areas and total study area

were compared, it was impossible to eliminate classes as low

risk. In the case of each input data layer, gullies were

found in all classes.

Clearly, the input data layers were too spatially

generalized to fully account for gully erosion influences

which can occur in very small areas. For example a trip to

the field revealed that a gully in the study area was being

initiated where a vehicle had traveled up a steep slope. A

spatially generalized GIS could not possibly predict such an

occurrence with any reliability. As they were used in the

index model, the generalized data layers were capable of

showing in which classes gullies tended to occur.



CHAPTER V

SUMMARY

This final chapter summarizes the objectives and

results of this research project. The problem leading to

this project is briefly detailed. Finally recommendations

for further study are made in light of the findings and

continuing improvements in GIS technology.

Meeting Objectives

Gully erosion has been established as a major source of

sediment pollution in the upper Trinity River watershed.

This fact, along with the lack of models appropriate for

large-area gully erosion analysis established a need for a

gully erosion modeling project in the upper Trinity. To

meet this need the primary objectives of this project were

to design, implement and verify large-area gully erosion

models in the upper Trinity watershed.

Each of the GIS data layers proposed for model input

including: landuse, slope, soil texture, infiltration

capacity and rainfall, were found to be contingent upon

gully location using Chi Square analyses. Therefore, each

of these data layers was included in the index model.

Determination of multiple data layer interactions among the

62
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proposed data layers was attempted by extracting frequencies

for all class combinations and applying log linear model

analyses. The large sample size and the number of class

combinations was a partial barrier to this type of analysis.

The only information that could be extracted from this

procedure was that statistically significant interactions do

exist among the categorical variables. In other words, it

was determined that among the data layers, particular

classes tend to occur at the same spatial locations. For

example, bottomland might tend to overlay slope ranges of 6-

8% which might tend to overlay soil types of sandy loam,

etc. However the intensities and details of these overlay

tendencies were not determined.

The index gully erosion risk model was used to generate

risk maps that can hopefully aid in directing future

conservation efforts by pointing out areas prone to gully

erosion. Gully Risk Index (GRI) values generated by the

index model were found to be higher in gullied areas than in

the complete Eagle Mountain Reservoir watershed area. This

was also established when the model was applied to the Lake

Bridgeport watershed area for verification.

The Lake Bridgeport watershed was found to be a less

than ideal verification area because of noticeable

differences when comparing it to the Eagle Mountain

watershed. Ideally the two areas would have been as

identical as possible. However, there were far fewer
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gullied areas found in the Bridgeport watershed.

Recognizing the differences among the two watersheds, it is

encouraging that fewer gullies in Bridgeport corresponded

with lower GRI values.

Model Limitations

Gully erosion risk values were compared to gully

sediment delivery predictions (from Atkinson et al., 1993).

The limitations in available reservoir sedimentation data,

along with complexity of gully sediment delivery processes

made these comparisons unfruitful. Based on comparisons

with the previous study, it is concluded that this type of

model, while useful in illustrating the spatial distribution

of gully erosion risk, cannot alone be used to make

predictions about sediment delivery from gullies to

reservoirs. The complexity and site specificity of gully

erosion, particularly sediment delivery from gullies, is not

addressed by such a coarse regional model. However, more

spatially detailed model input data combined with an

accounting of sediment delivery from river and stream

scouring'and other sources would be a step closer to

regional prediction of sediment delivery from gullies.

A Call For Further Research

One of the limitations that prevented the derivation of

a decision tree model in such a large study area was the

lack of availability of detailed soil and slope data. The

USGS is currently working on providing 1:24,000 scale DEM
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data. The SCS is currently digitizing county soil survey

maps. When these GIS data become available, they could be

used with the same procedures followed here. Using more

spatially detailed data would very likely improve the

effectiveness of this type of model, while continuing to

consider large study areas.

Inclusion of more spatially detailed data, resulting in

better prediction, would make this type of model a more

effective tool for decision makers. However, as it stands,

this model should be highly effective when comparing large

areas, such as counties.
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Table 2. GIS and Remotely sensed data used in this project.

Gully Coverage Digitized from USDA-SCS Photographs
and 1:20,000 panchromatic photographs

Landuse Coverage Landsat TM imagery

Soil Coverage USDA-SCS STATSGO Database

Slope Coverage USGS Digital Elevation Model (DEM)

Infiltration Atkinson et al.,1992 (Digitized from

Capacity Coverage surface geology maps by Kier et al.,
1977)

Rainfall Coverage USLE EI Factor (Wishmier and Smith,
1978)
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Table 3. Landsat TM imagery information for subscenes used

in this project. ____

SUBSCENE CENTER

Y5261516242X0 27-37
i . +..+ u- .. .. r.I,

I29-APR-91 -97 07'W, 33011'N

Y5196616354X0 28-37 19-JUL-89 -98 0 42'W, 33 0 11'N
I'

=t-

i



Table 4. Landuse
watershed.

class frequencies in the Eagle Mountain

Landuse Class Points Hectares %

Bottomland 247971 22305.5 10.05

Shrubland 220813 19862.6 8.95

Pasture 849381 76403.7 34.42

Upland 542279 48779.2 21.97

Cropland 357644 32170.9 14.49

Disturbed 141872 12731.7 5.75

Urban / Road 30848 2774.8 1.25

Water 68953 6202.5 2.79

Unknown 8117 730.1 0.33
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Table 5. NCIV calculation for the landuse data layer.

Class Gully Area CIVL NCIVL
Frequency Frequency
(FreqCG) (FreqcT)

Bottomland 3018 247971 0.0122 0.332

Shrubland 6414 220813 0.0290 0.792

Pasture 25589 849381 0.0301 0.822

Upland 12300 542279 0.0227 0.619

Cropland 13103 357644 0.0366 1.000

Disturbed 4204 141872 0.0296 0.809

Urban / Road 109 30848 0.0035 0.104

Unknown 1895 8117 * * 0.5

* The NCIV for unknown landuse was set to 0.5 to
minimize its influence.
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Table 6. Soil associations and dominant textures from
STATSGO database.

CLASS MUID Association Dominant
Texture

1 TX008 Aledo-Bolar-Brackett Clay Loam

2 TX039 Bastrop-Apalo-Vomont Sandy Loam

3 TX058 Bluegrove-Jolly-Westwind Sandy Loam

4 TX059 Bluegrove-Musquiz-Leeray Clay Loam

5 TX063 Bonti-Exray-Truce Sandy Loam

6 TX084 Callisburg-Gasil-Aubrey Sandy Loam

7 TX094 Chaney-Demona-Pedernales Loamy Sand

8 TX193 Frio-Tinn-Ovan Silty Clay Loam

9 TX247 Kamay-Deandale-Bluegrove * Silty Loam

10 TX345 Minwells-Thurber-Bosque Sandy Loam

11 TX396 Palopinto-Set-Hensley Clay Loam

12 TX425 Ponder-Sanger-Slidell Clay Loam

13 TX436 Pulexas-Gowen-Bosque Sandy Loam

14 TX442 Purves-Dugout-Maloterre Clay

15 TX496 Sagerton-Rowena-Rotan Clay Loam

16 TX501 Sanger-Slidell-Bolar Clay

17 TX516 Silawa-Bastil-Silstid Sandy Loam

18 TX533 Stoneburg-Anocon-Kirkland Loam

19 TX612 Windthorst-Duffaw-Bunyan Sandy Loam

* Silty Loam was not represented in the model
development area. The NCIV for Sandy Loam was
substituted.
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Table 7. Soil association names for associations occurring
in Eagle Mountain Reservoir and Lake Bridgeport watersheds.
This table is reprinted from Atkinson, et al., (1993).

MUID Soil Association Names

TX008 Aledo, Bolar, Urban-land, Somervell, Maloterre, Purves, Bracket,
Sanger

TX039 Bastrop, Apalo, Yomont, Norwood, Lincoln, Hardeman

TX058 Bluegrove, Jolly, RockOutcrop, Grandfield, Kamay, Weswood, Wichita,
Port, Winters, Weswind, Tillman, Vernon, Mangum

TX059 Bluegrove, Musquiz, Leeray, Owens, Truce, Bonti, Exray, Lindy,
Hensley, Gageby, Throck, Harpersville

TX063 Bonti, Exray, Truce, Owens, Chaney, Elandco, Vashiti, Santo

TX084 Callisburg, Gasil, Aubrey, Birome, Crosstell, Crockett, Konsil,
Silstid, Wilson

TX094 Chaney, Demona, Pedernales, Hassee, Bunyan, Nimrod, Owens, Truce,
Windthorst

TX193 Frio, Tinn, Ovan, Pulexas, Gaddy

TX247 Kamay, Bluegrove, Stoneburg, Deandale, Grandfield, Hollister,
Weswood, Wichita, Winters, Knoco, Mangum, Vernon

TX345 Minwells, Thurber, Bosque, Hassee, Owens, Nix, Bonti, Truce, Bastrop

TX396 Palopinto, Set, Hensley, Leeray, Truce, Lindy, Bosque

TX425 Ponder, Sanger, Slidell, Lindale, Frio, Wilson, Lott, UrbanLand,
Gowen, Lewisville, Rader

TX436 Pulexas, Gowen, Bosque, Truce, Windthorst

TX442 Purves, Dugout, Maloterre, Lewisville, Brackett, Altoga, Bosque,
Real, Denton, Frio

TX496 Sagerton, Rowena, Rotan, Tobosa, Tillman, Miles, Weymouth, Pitzer,
Gageby, Colorado, Mereta, Winters

TX501 Sanger, Slidell, Bolar, SanSaba, Aledo, Purves, Somervell, Branyon,
Krum

TX516 Silawa, Bastsil, Silstid, Wilson, Sunev, Dutek, Trinity, Arents,
Gasil

TX533 Stoneburg, Anocon, Kirkland, Jolly, Vernon, Grandfield, Port,
Renfrow

TX612 Windthorst, Duffau, Purves, Dugout, Bunyan, Hassee, Chaney, Selden

TXW Water

Note: The map unit identifier (MUID) from the SCS STATSGO database
represents soil associations which may have different names in different
counties. All association names for each MUID appearing in the Eagle
Mountain Reservoir and Lake Bridgeport watersheds are provided above.
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Table 8. Soil texture class frequencies in the Eagle
Mountain watershed.

Class Points Hectares %
Clay Loam 172656 15530.8 7.1

Sandy Loam 1949267 175434.0 80.0

Loamy Sand 85624 7706.2 3.5

Silty Clay 23103 2079.3 0.9
Loam

Clay 164688 14821.9 6.8

Loam 40374 3633.7 1.7
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Table 9. NCIV calculation for the soil texture data layer.

Class Gully Area CIVL NCIVL
Frequency Frequency
(FreqCG) (Freqgc)

Clay Loam 736 172656 0.0043 0.129

Sandy Loam 64422 1949267 0.0333 1.000

Loamy Sand 965 85624 0.0113 0.341

Silty Clay Loam 241 23103 0.0104 0.316

Clay 519 164688 0.0031 0.095

Loam 347 40374 0.0086 0.260
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Table 10. Infiltration capacity classes derived from Kier,
Garner and Brown (1977).

Land Land Unit Name Defined Interpreted
Unit Infiltration Infiltration
Code Capacity Capacity

Al Recharge Sand High High

B1 Massive Limestone Low to High Moderate

B2 Thin Bedded Limestone Low Low

B3 Potential Cement Material Moderate Moderate

B6 Clay Mud and Sandstone Low to Low
Moderate

B7 Ceramic Clay and Lignite Coal Low Low

B10 Conglomerate High High

C4 Hard Limestone and Limy Mud Low to Low
Moderate

C6 Hard Sandstone, Mud and Mudstone Low Low

C7 Moderately Hard Sandstone Moderate to Moderate
Low

C8 Hard Sandstone and Conglomerate Commonly High, High
Locally Low to
Mod

D3 Terraces Low to High Moderate

D8 Stairstep Topography Variable Moderate

El Flood Prone areas High to Low Moderate

H1 Surface Water Storage Areas - n/a
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Table 11. Infiltration capacity class frequencies in the
Eagle Mountain watershed.

Infiltration Points Hectares %
Class

High 1380055 124204.9 56.9

Moderate 545880 49129.2 22.5

Low 499215 44929.3 20.6
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Table 12. NCIV calculations for the infiltration capacity
data layer.

Infiltration Gully Area CIVL NCIVL
Class Frequency Frequency

(FreqG) (Freqco)

High 57878 1380055 0.0419 1.000

Moderate 6188 499215 0.0123 0.296

Low 3149 545880 0.0058 0.137
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Table 13. Slope range class frequencies in the Eagle
Mountain watershed.

% Slope Range Points Hectares %
0-2 1887922 843786.7 76.5

3-5 406948 169913.0 16.49

6-8 134160 36625.3 5.44

9-11 17819 2503.7 1.13

12-14 7933 714.0 0.32

15-greater 3096 278.6 0.13
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Table 14. NCIV calculation for slope range data layer.

% Slope Range Gully Area CIVL NCIVL

Frequency Frequency
(FreqCG) (Freq)c _

0-2 44837 1887922 0.0237 0.396

3-5 15474 406948 0.0380 0.634

6-8 5524 134160 0.0412 0.686

9-11 1069 17819 0.0600 1.000

12-14 259 7933 0.0326 0.544

15-greater 67 3096 0.0216 0.361



81

Table 15. Quantiles of the distribution of GRI values in
the Eagle Mountain watershed.

Quantile Total Area Gully GRI Unsieved
GRI Gully GRI

100% Max 89 89 89

99% 81 82 82

95% 78 81 80

90% 74 78 78

75% 71 74 74

50% 59 71 71

25% 47 67 62

10% 36 55 49

5% 31 49 46

1% 28 36 32

0% Min. 19 24 21
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Table 16. Quantiles of the distribution of GRI values in
the Bridgeport watershed.

Quantile Photo Area Gully
GRI GRI

100% Max 89 85

99% 77 81

95% 70 79

90% 66 78

75% 54 73

50% 46 66

25% 45 52

10% 31 46

5% 30 46

1% 28 31

0% Min. 20 28



Table 17. Landuse class frequencies
watershed.

in the Bridgeport

Landuse Class Points Hectares %
Bottomland 145268 13074.1 4.5

Shrubland 596244 53662.0 18.7

Pasture 1481536 133338.2 46.3

Upland 365321 32878.9 11.4

Cropland 391979 35278.1 12.3

Disturbed 132681 11941.3 4.2

Urban / Road 16356 1472.0 0.5

Water 67964 6116.8 2.1
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Table 18. Soil texture class frequencies in the Bridgeport
watershed.

Class Points Hectares %
Clay Loam 570584 5137.6 18.2

Sandy Loam 2395875 215628.7 76.3

Loamy Sand 81055 7294.9 2.6

Silty Clay 40762 3668.6 1.3
Loam

Clay 51486 4633.7 1.6
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Table 19. Infiltration capacity class frequencies in the
Bridgeport watershed.

Infiltration Points Hectares %
Class

High 371085 33397.6 11.8

Moderate 470037 42303.3 20.4

Low 2299131 206921.8 73.2



Table 20. Slope
watershed.

range class frequencies in the Bridgeport

% Slope Range Points Hectares %

0-2 2588007 232920.6 80.9

3-5 409871 36888.4 12.8

6-8 130505 11745.5 4.1

9-11 37660 3389.4 1.2

12-14 17066 1635.9 0.5

15-greater 14240 1281.6 0.5
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Figure 1. Model derivation and verification watersheds.
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Figure 2. Study area location.
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Figure 3. Gully versus sheet-and-rill sediment delivery,
Lake Bridgeport (BP) and Eagle Mountain Reservoir (EM), from
Atkinson et al. (1993(b)).
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Figure 4. Flow chart of major procedures proposed in this
project .
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Figure 5. GRI values in 100 Pixel gullied areas in Eagle
Mountain Reservoir Watershed.
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Figure 6. GRI values in 100 Pixel gullied areas in photo
interpreted portion of Lake Bridgeport watershed.
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Figure 7. Landuse classes in Eagle Mountain Reservoir
watershed.
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Figure 8. Soil texture classes in Eagle Mountain Reservoir
watershed.
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Figure 9. Infiltration capacity classes in the Eagle
Mountain Reservoir watershed.
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Figure 10. Slope range classes in the Eagle Mountain
Reservoir watershed.
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Figure 11. Rainfall EI (from Wishmeir and Smith, 1978)
values in the Eagle Mountain Reservoir watershed.
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Figure 12. Gully Risk Index
Mountain Reservoir watershed.
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Figure 13. Gully Risk Index (GRI) values in the Lake
Bridgeport watershed.
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Figure 14. Gully Risk Index (GRI) values in the photo
interpreted areas of the Lake Bridgeport Watershed.
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Figure 15. Histograms of GRI values in gullied and total
portions of Eagle Mountain watershed.
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Figure 16. Histograms of GRI values in gullied and total
portions of Bridgeport watershed.
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Figure 17. Landuse classes in the Lake Bridgeport

watershed.
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Figure 18. Soil texture classes in the Lake Bridgeport
watershed.

104

H ODU



105

Figure 19. Infiltration capacity classes in the Lake

Bridgeport watershed.
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Figure 20. Slope range classes in the Lake Bridgeport
watershed.
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Figure 21. Rainfall EI (from Wishmeir and Smith, 1978)
values in the Lake Bridgeport watershed.
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ERDAS GISMO source code used to generate GRI values in the
Eagle Mountain watershed. GRI values were generated in
Bridgeport using a similar program; only filenames were
changed.

data

input geology file "egeoltx";
input muid file "emuid";
input slope file "eslopemrsz";
input lc file "elcfin";
input rain file "erain";
output gri file "egri6.gis";

float gritemp;
float geologyt;
float muidt;
float slopet;
float lct;
float raint;

start

geologyt = geology.gri5 * 100;
muidt = muid.gri5 * 100;
slopet = slope.gri5 * 100;

lct = lc.gri5 * 100;
raint = (rain + 100) * 100 / 450;
gritemp = (geologyt*muidt*slopet*lct*raint);
gri = gritemp**(0.2)

end
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