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ABSTRACT

An automated system for distributed hydrologic modeling was developed for use

with the Soil and Water Assessment Tool (SWAT: Arnold et al., 1996) and the Kinematic

Runoff and Erosion Model (KINEROS; Smith et al., 1995). This suite of programs, the

Automated Geospatial Watershed Assessment (AGWA) tool, was used to investigate the

impacts of land cover change in watersheds within the Catskill/Delaware watershed

complex in upstate New York and Upper San Pedro River basin in southeastern Arizona.

As shown by classified remotely sensed imagery, these watersheds have undergone

opposing land cover transitions over the past 25 years. SWAT simulations illustrated

minor improvements in hydrologic response within the Castkill/Delaware watershed but a

moderate increase in the San Pedro. A small watershed within the San Pedro was

modeled using KINEROS to demonstrate localized impacts of land cover transitions.

Fifty watersheds ranging in size from 5 to 100 km - were prepared for input to the

KINEROS model using a range of geometric complexities and rainfall events. A non-

linear response to watershed complexity as a function of watershed scale and rainfall

magnitude was observed. Small watersheds were more sensitive to landscape variability

when small rainfall inputs were used, but the impact of spatial representation became

insignificant when large rainfall inputs were used. Conversely, large watersheds were

sensitive to spatial complexity for all rainfall data, although the relative effects were

mitigated by increased rainfall.
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Remotely sensed imagery served as the primary mechanism for determining land

cover within the study areas. A technique was created in which the errors from a

misclassification error matrix were systematically introduced to a classified image to

produce 100 realizations of land cover within the San Pedro basin. These realizations

were used by AGWA to prepare input to KINEROS at a range of basin scales and rainfall

inputs. The propagation of error and resultant uncertainty in simulation results was found

to vary with watershed scale and rainfall input. Larger watersheds are more sensitive to

misclassification error, while uncertainty in model output is inversely related to rainfall

magnitude.
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CHAP I ER 1

1.0 INTRODUCTION

1. I Context of the Research

The accurate depiction of earth surface processes and their responses to land

cover, climate, or managerial change has been the goal of research hydrologists for nearly

a century. As the science has evolved, fully integrated watershed assessment tools for

support in land management and hydrologic research have become established

mechanisms in both basic and applied research. The backbone of many of these tools is a

spatially distributed hydrologic model because it serves as a mechanism for investigating

the various interactions among climate, topography, vegetation, and soil as they affect

watershed response. Spatially distributed models are by definition data-intensive, and if

these models are to be applied on an operational basis, there is a critical need for

automated procedures to store, access, and prepare data for modeling.

Planning and assessment in land and water resource management are maturing

from simple, local-scale problems toward complex, spatially explicit regional ones. Such

problems have to be addressed with distributed models that can compute runoff and

erosion at different spatial and temporal scales. With the advent of sophisticated spatial

analysis programs incorporating remote sensing and geographic information systems

(GIS) it is becoming remarkably simple to configure and characterize a watershed in
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order to investigate the area's hydrologic processes. A suite of GIS packages is available

that allows even unskilled practitioners to quickly parameterize complex physically-

based runoff models using easily accessible GIS data layers. Distributed hydrologic

modeling has long been the purview of academicians and research scientists due to the

heavy requirements of model theory, data intensiveness, and the complex nature of the

models themselves. To untrained users, such models can be quite daunting and the steep

learning curve has kept such models under relatively tight scientific control. GIS

interfaces are changing this arrangement, and it is an open question as to whether or not

this trend will be beneficial to the field of hydrology and watershed analysis.

Research presented in this dissertation was performed using the Automated

Geospatial Watershed Assessment (AGWA) tool, a GIS interface designed to transform

commonly available GIS data into parameter input files for hydrologic models. The

author was a primary investigator in the development of AGWA, and this dissertation

presents a body of research revolving around the use of this tool. AGWA was created to

facilitate hydrologic modeling, especially in ungauged areas, and research presented here

shows that this work can be highly beneficial. However, there are several identified

weaknesses in this approach, and the bulk of this dissertation addresses uncertainty and

potential error resulting from the use of automated hydrologic modeling.

The application of complex models by untrained users can yield suspicious, even

spurious results. Lumped parameter models tend to be relatively simple to use and have
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limited parameter estimation error, but they lack scientific appeal since they do not reveal

information regarding processes controlling watershed response. As such, more process-

based models are desired by the user community, and a GIS framework is highly useful

for these data-hungry models. Ease of application and slick presentation can disguise a

host of limitations, assumptions, and other systemic errors. Hydrologic models are

driven by their assumptions, and GIS tools that disassociate the user from these

assumptions are inadequate. Simply put, a thorough accounting of the limitations and

uncertainties associated with the GIS-model approach must be clearly presented to the

user. Given that the impetus behind GIS development is to allow unskilled users to

utilize complex models, the onus of responsibility falls on the shoulders of scientists

involved in this research.

Process-based models such as KINEROS (Kinematic Runoff and Erosion; Smith et

al., 1995) require a large number of parameters to describe the modeling elements. In the

case of KINEROS, each watershed element may be described by as many as 20

parameters, while the channel elements have up to 17 parameters. The determination of

large parameter input sets is time-consuming and requires substantial spatially distributed

data. Notwithstanding the inherent uncertainty and inaccuracies involved in coupling

automated GIS-based systems with distributed models, a variety of approaches have been

undertaken to simplify and speed up the transformation of spatial data into hydrologic

model input files. Given this spate of recent efforts (Johnson and Miller, 1997; Julien et

al., 1995; Gee et al., 1990; Vieux, 1993; Goodrich and Woolhiser, 1989; Moore and
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Grayson, 1989; Arnold et al., 1998; Storck et al., 1998; among many others), it appears

that the decision to proceed in this vein of research is foregone. Unfortunately, these

procedures can approximate a "black box" modeling approach, masking the complexity

inherent in the examination of watershed response.

In reviewing these approaches, key knowledge gaps in the state of the science are

identified and addressed in this dissertation. The first gap relates to the primary method

by which a watershed is partitioned into model elements for input to a simulation model.

In a process commonly referred to as subdivision or discretization, topographic data is

used to determine flow paths and homogeneous planes are identified on which

calculations for runoff and erosion are made. AGWA, like most GIS-based watershed

modeling tools, uses a threshold concept to determine the uppermost headwaters of

stream channels; decreasing the threshold increases the length and number of stream

channels as well as the number of overland flow planes.

The choice of threshold can have profound consequences on simulation results, and

some research regarding the appropriate level of complexity on small watersheds

(Goodrich, 1991) or theoretical elementary support areas (Wood et al., 1988) has helped

to define the scientific questions surrounding complexity. However, scant research has

been undertaken to address the impacts of complexity at a range of watershed scales

under a variety of conditions. This lack of research is identified as a critical gap for two

reasons: one, the range in results can vary more than 30% with even small variations in
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representation complexity, and two: in an automated modeling system the choice of

threshold is the primary mechanism by which a modeler interacts with the model. This

disconnect between the impact of representation complexity and an understanding of the

manner in which results are modified has profound implications for interpreting model

results, especially when performed by unskilled users.

The second identified knowledge gap relates to the use of classified remotely sensed

imagery in hydrologic modeling. The AGWA tool uses three basic GIS data layers to

derive hydrologic information: topography, land cover, and soils. Techniques for

transforming remote sensing images into spatially distributed land cover are well

accepted and have become a standard means for investigating the spatial distribution of

landscape processes. However, these data are imperfect and contain misclassification

error. Commonly, land cover maps are validated using independent observations and the

accuracy of results codified in an error matrix detailing errors of omission and

commission. Thus, reclassified land cover scenes contain hidden errors that may

propagate through the model in the form of parameter estimation error and represent a

form of uncertainty in the results. An error matrix is a highly descriptive means for

illustrating the magnitude and type of errors within a given map, but no research has been

reported upon in the scientific literature to determine the potential hydrologic impacts of

these errors.
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The error matrix has become a commonly accepted, even expected, component of a

classified remote sensing image. A validation of the approach used to classify the

imagery is of great benefit to users of those data since error inherent to the classification

scheme will propagate through any analysis based on the imagery. A literature review of

hydrologic analyses dependent on land cover data revealed a complete lack of

quantitative research into the uncertainty in simulation results due to misclassification

error. If distributed modeling approaches based on land cover data are to become an

accepted tool in the suite of hydrologic analyses available to researchers, it is of

immediate importance that the associated uncertainty implicit in these approaches be

identified.

In general, automated procedures for hydrologic modeling can be very powerful

tools since they greatly simplify the preparation of input data, which can be a very time

consuming and tedious task. However, these approaches have great potential to be

abused since they represent a relatively "black box" modeling approach in which the

connection between the user and the data is nearly severed. If a model is to be used in an

operational setting, the various uncertainties associated with its use should be made clear.

Towards that end, this dissertation seeks to address the previously identified knowledge

gaps and articulate some of the more insidious sources of uncertainty in a fully automated

modeling system.



25

1.2 Objectives of the Research

The objectives of this research plan are threefold and will be met during the

individual research thrust areas that are designed to lead to publication. They are:

1. Demonstrate the feasibility of using remotely sensed land cover scenes in

conjunction with commonly available DEM and soil data to simulate hydrologic

response to land cover change. This phase of the research demonstrates the use of

AGWA for integrated hydrologic and ecological modeling to assess the impact of

long-term land cover change on hydrologic response.

2. Examine how the representation of watershed characteristics for model input

(geometric complexity) affects model results as a function of the scale, inherent

complexity of the subject area, and rainfall input. During this phase of the research,

the various factors affecting watershed hydrology as a function of scale and

complexity are addressed, and appropriate methods for discretizing watersheds as a

function of scale and rainfall depth are presented.

3. Quantify the effects of remote sensing misclassification error in terms of the error it

may potentially impart on model results and the evaluation of watershed

susceptibility to land cover change. A methodology is presented for propagating
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observed classification error in the estimation of model parameters to investigate

uncertainty in simulation results due to spatially distributed error.

Taken as a whole, these papers provide a coherent examination of the uncertainty in

simulated runoff and sediment yield resulting from input GIS data and landscape

representation, processes that are inherent to the automated modeling technique. It is the

overall objective of this project to create a framework for integrating spatial data to

provide appropriate input for watershed-scale hydrologic modeling. The various

influences of scale, watershed complexity, and error are poorly understood, and often

confounding or compensating, factors in the accurate simulation of watershed hydrology.

By addressing the three objectives shown above, techniques for automating the

integration of spatial data for watershed modeling and assessment are made more robust.

Results of the three research areas are presented as separate manuscripts; as of this

writing, one of the manuscripts has been accepted for publication, while the other two are

in review.
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2.0 PRESENT STUDY

Results presented in this dissertation demonstrate the feasibility of using an

automated GIS-based hydrologic modeling tool for distributed hydrologic modeling and

associated uncertainty implicit in the approach. The methods, results, and conclusions of

this study are presented in the papers appended to this thesis. The following is a

summary of the most important findings in these papers.

2.1 Manuscript 1: Integrating Landscape Assessment and Hydrologic Modeling For

Land Cover Change Analysis

A demonstration of the effectiveness of the tool in land cover change analysis is

presented in the first manuscript (Appendix A). The intent of this research was to test the

feasibility of using an automated system for distributed watershed modeling in a GIS

environment in concert with landscape analysis for watershed assessment. The AGWA

tool was developed during this phase of the research and used to parameterize the SWAT

and KINEROS models in the Catskill/Delaware and Upper San Pedro River basins.

Classified remote sensing imagery was used to parameterize the SWAT model at the

basin scale in both research areas for two land cover scenes taken over a 25 year period.

The same GIS data layers were used to parameterize the KINEROS model on a small



,8

watershed near and within the city of Sierra Vista. 	 Outcomes from this study

demonstrate that the AGWA tool was effective in simulating the effects of land cover

change at a range of temporal and spatial scales.

2.1.1 Outcomes of Manuscript 1

2.1.1.1 Large-scale modeling.

The SWAT model was successfully used to simulate annual water yield in the

Cannonsville watershed within the Catskill/Delaware basin complex and the

Upper San Pedro Basin above the USGS Charleston runoff gauging station.

Results indicate that the hydrologic condition of the Catskill/Delaware watershed

has improved during that time, while the San Pedro basin has degraded.

2. 1 .1 .2 Event-based runoff modeling.

SWAT simulation output were used to identify high impact areas in the San

Pedro, and a small watershed that lies passes through a fast-growing section of the

city of Sierra Vista was modeled with the KINEROS model to simulate localized

effects of land cover change. Simulation results highlight the local disturbance to

the hydrologic regime resulting from urban growth and mesquite invasion through

increases in simulated runoff volume, peak discharge, and sediment yield.
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2.1.1.3 Landscape analysis.

Landscape analyses indicate that the improvements in the Cannonsville watershed

were due to the transition of agricultural lands to forest. Negative impacts in the

San Pedro were associated with localized urban growth and widespread woody

plant invasion in grassland and desertscrub communities. Localized land cover

transitions of urban growth and mesquite invasion in the Sierra Vista watershed

were associated with altered hydrologic simulation, and the effects were shown to

be highly variable in space and intensity.

2.2 Manuscript 2: Effects of Geometric Simplification and Information Entropy Loss in

Distributed Hydrologic Modeling

This phase of the research was designed to address a knowledge gap associated

with the impact of watershed representation complexity and hydrologic model

uncertainty. A large number of watersheds ranging in scale from 5 to 100 km 2 in size

were subdivided into 18 configurations and prepared for input to KINEROS using

AGWA. Six rainfall events were input to the model varying in size from the 5-year, 30-

minute storm to the 100-year, 60-minute storm. The experimental design was created to

investigate the impacts of representation complexity as a function of scale and rainfall

magnitude. Analysis of the information entropy change associated with reducing

watershed complexity was used to correlate changes in hydrologic response with a loss in
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information and parameter estimation variability. This manuscript is presented as

Appendix B.

2.2.] Outcomes of Manuscript 2

2.2.] .1 Watershed scale effects.

Results demonstrate a non-linearity of watershed response to representation

complexity. Simulation results from small watersheds are consistently less

influenced by reduction in complexity than large watersheds for runoff volume,

peak discharge, and sediment yield. This outcome demonstrates the importance

of using a small channel threshold for large watersheds, but indicates that smaller

watersheds may be successfully modeled with a lower degree of complexity.

2.2.1.2 Rainfall magnitude effects.

All watershed size classes were sensitive to the complexity of the watershed

representation when small rainfall events were used. However, with increased

rainfall input, there was a non-linear response as a function of watershed scale.

Small watersheds were insensitive to complexity when return-period duration

rainfalls greater than 10-year, 30-minutes were used as input. Large watersheds,

however, continued to be affected by changes in complexity when larger storms

were used.
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2:2.1.3 Information entropy.

Landscape analyses of the information entropy for each parameter input file

revealed strong correlations between alterations in simulated hydrologic response

and information entropy of three sensitive hydrologic parameters. Variability in

estimated saturated hydraulic conductivity, slope, and surface roughness decrease

with increased channel source area threshold due to smoothing. This reduction in

information content corresponds to simulated changes in runoff volume, peak

discharge, and sediment yield, thereby demonstrating the linkage between spatial

variability and effective hydrologic modeling.

2.3 Manuscript 3: Land Cover Misclassification and Hydrologic Modeling Uncertainty

While error matrices associated with classified remote sensing imagery have

become standard components of remote sensing research, these valuable resources have

been underutilized in hydrologic research. This phase of the research served to address

this knowledge gap in the use of classified land cover data in automated modeling and is

presented in Appendix C. Land cover data derived from a 1997 Landsat Thematic

Mapper scene were used by AGWA to estimate hydrologic parameters for KINEROS at a

range of basin scales. A method was created to introduce error into the classified

imagery according to the errors of omission detailed by a previously published error

matrix. This procedure was used to generate 100 land cover maps with identical
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distributions of land cover types, which were used to estimate hydrologic parameters for

50 watersheds randomly located within the Upper San Pedro River basin. Two

differently sized rainfall files were used as input to the model to investigate uncertainty in

model results as a function of watershed size and rainfall input.

2.3.1 Outcomes of Manuscript 3

2.3.1.1 Monte Carlo method for introducing error.

A major component of this research was the development of an Arc/Info-based

algorithm for introducing error into a classified land cover data. This technique

systematically manipulates a land cover map and transforms randomly selected

cells within each class into different class types according to the percent error

detailed in the error matrix. This procedure evaluates the number of resultant

cells within each class and rejects the realization if the distribution of results has

more than one percent error. This guarantees that analyses based on the

manufactured maps share a common basis and that results may be compared in a

statistical analysis. This algorithm was implemented to produce 100 new land

cover maps within the study area.

2.3.1.2 Uncertainty due to misclassification error.

Misclassification of land cover has a direct effect on the estimation of

interception, surface roughness, and infiltration capacity, all of which directly
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affect erosion, overland flow, watershed and channel routing, and sediment

transport. Sediment yield was found to be the most sensitive to land cover

uncertainty. Peak discharge was less sensitive, but a wide range in model results

was still present. Runoff volume was relatively insensitive, especially at the small

watershed scale.

2.3.1.3 Scale effects.

Large watersheds were more sensitive to misclassification error than smaller

watersheds. Large watersheds are more likely to contain a greater range in

watershed characteristics and accumulate greater error and uncertainty in the

estimation of model parameters due to the increased number of misclassified

pixels within their boundaries. Rainfall intensity was shown to dampen out the

simulated uncertainty, and all watershed sizes were shown to be more sensitive to

changes with smaller rainfall events. As rainfall intensity increases, simulated

watershed response is dominated by rainfall characteristics, while watershed

characteristics play a more significant role when rainfall does not overwhelm

watershed response.
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ABSTRACT

Significant land cover changes have occurred in the watersheds that contribute runoff to

the upper San Pedro River in Sonora, Mexico and Southeast Arizona. These changes,

observed using a series of remotely sensed images taken in the 1970's, 1980's and 1990's,

have been implicated in the alteration of the basin hydrologic response. The

Cannonsville subwatershed, located in the Catskill/Delaware watershed complex that

delivers water to New York City, provides a contrast in land cover change. In this region

the watershed condition has improved over a comparable time period. A landscape

assessment tool using a geographic information system (GIS) has been developed that

automates the parameterization of the Soil and Water Assessment Tool (SWAT) and

KNEmatic Runoff and EROSion (KINEROS) hydrologic models. The Automated

Geospatial Watershed Assessment (AGWA) tool was used to prepare parameter input

files for the Upper San Pedro Basin, a subwatershed within the San Pedro undergoing

significant changes, and the Cannonsville watershed using historical land cover data.

Runoff and sediment yield were simulated using these models. In the Cannonsville

watershed, land cover change had a beneficial impact on modeled watershed response

due to the transition from agriculture to forest land cover. Simulation results for the San

Pedro indicate that increasing urban and agricultural areas and the simultaneous invasion

of woody plants and decline of grasslands resulted in increased annual and event runoff

volumes, flashier flood response, and decreased water quality due to sediment loading.

These results demonstrate the usefulness of integrating remote sensing and distributed
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hydrologic models through the use of GIS for assessing watershed condition and the

relative impacts of land cover transitions on hydrologic response.
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A.1 INTRODUCTION

Hydrologic response is an integrated indicator of watershed condition, and

changes in land cover may affect the overall health and function of a watershed. Such

changes vary spatially and occur at different rates through time. In this study, hydrologic

change was assessed both spatially, using distributed hydrologic models, and temporally,

using satellite imagery acquired over 25 years. The objective of this paper is to evaluate

the effects of historic land cover change on watershed response by applying the Soil and

Water Assessment Tool (SWAT; Arnold et al., 1998) on the San Pedro River Basin and

on one of the Catskill/Delaware basins in upstate New York, and the KINEmatic Runoff

and EROSion model (KINEROS; Smith et al., 1995) on a small contributing watershed in

the San Pedro Basin. A landscape assessment of the spatial distribution of land cover

changes was performed using classified satellite imagery. Simulated watershed response

in the form of runoff volume, peak runoff rate, and total sediment yield were used as

indicators of watershed condition. Using this approach, trends and direction of land

cover change over time can be used to predict trends and direction of watershed

hydrologic response.

Direct and powerful linkages exist among spatially distributed watershed

properties and watershed processes. Stream water quality changes, especially due to

erosion and sediment discharge, have been directly linked to land uses within a

watershed. For example, erosion susceptibility increases when agriculture is practiced on
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relatively steep slopes (Wischmeier and Smith, 1978), while severe alterations in

vegetation cover can produce up to 90% more runoff than in watersheds unaltered by

human practices (Franklin. 1992). The principal degradation processes that have occurred

in these western rangelands involve changes of vegetative cover, i.e. decrease in above

ground biomass and compositional diversity (primarily manifested by the introduction of

exotic annual species or native woody xerophytic shrubs and trees) and the acceleration

of water and wind erosion processes. Historically, these have been linked to both human-

induced and natural stressors, i.e. livestock grazing, short-term drought, timber

harvesting, and fire suppression (Grover and Musick, 1990; Novotny and Olem, 1994;

Swetnam and Betancourt, 1998). Additionally, fertilizers, pesticides and other pollutants

can be readily transported into streams that flow through or very close to agricultural or

urban land, more easily than streams that flow through well vegetated areas.

In general, the three primary watershed properties governing hydrologic

variability in the form of rainfall-runoff response and erosion are soils, land cover, and

topography. While topographic characteristics can be modified on a small scale (such as

with the implementation of contour tillage, terracing, and in agricultural fields), variation

in watershed-scale hydrologic response through time is primarily due to changes in the

type and distribution of land cover. Improved understanding of the relationships among

land use, habitat change, runoff, and water quality at the landscape scale can be used to

compare watersheds, identify those that are at risk or susceptible to change, and aid in

management attempts to limit undesired impacts. Watershed processes are highly
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variable in both time and space (Bloschl and Sivapalan, 1995) and spatially explicit

hydrologic models can serve as useful tools in the investigation of such relationships. A

growing number of studies have used GIS to prepare spatial data for input to hydrologic

models (deVantier and Feldman, 1993; Wilkinson, 1996; Bhaduri et al., 2000; Pullar and

Springer, 2000). In this study, two hydrologic models that operate at different scales were

used in conjunction with multi-date classified remote sensing imagery to investigate the

hydrologic impacts of decadal-scale land cover change.

Two distinctly different study areas were selected for inclusion in this study: the

Upper San Pedro Basin, located in southeastern Arizona and northeastern Sonora,

Mexico, and the Catskill/Delaware watershed region in southeastern New York.

Remotely sensed imagery was acquired over the two study areas covering the past 25

years. These images were classified into land cover, and the results indicate that the San

Pedro and Catskill/Delaware watersheds offer a study in contrasts with respect to their

hydrology. Since the mid-1970's (our earliest imagery) the San Pedro Basin has

undergone significant transformations in its land cover. Transitions in the native

vegetation assemblages have occurred, along with an increase in the amount of urban and

agricultural areas. These transitions have theoretically affected the hydrologic regime

within the basin, as the vegetation changes have altered the rainfall-runoff response and

groundwater pumping has increased. The Catskill/Delaware region, on the other hand,

has remained relatively stable, with some transition from agriculture to forest cover. This
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stability bodes well for the New York metropolitan area, which relies on a series of

reservoirs in this region for the majority of its drinking water.

Modeling and estimation of the trends and direction of hydrologic watershed

response due to land cover change are predicated on three assumptions: (I) that the

chosen hydrologic model is sensitive to changes in the landscape; (2) that the input data

is adequate, accurate, and that observed changes are not artificial; and (3) that the model

is responding to changes in cover correctly. The models chosen in this study have been

extensively validated for runoff in semi-arid areas in the United States (Arnold, 1999;

Smith et al., 1995). Accuracy assessments of the classified remote sensing imagery

indicated that the land cover data were of a sufficiently high quality for this study.

The major shortcoming of rainfall-runoff modeling, particularly in ungauged

basin, is the lack of both long-term rainfall observations with sufficient spatial coverage

and corresponding runoff observations that would allow for adequate model calibration

and validation. For the models employed in this study, sensitivity analyses and

hydrologic model calibration and validation have been successfully carried out on well

instrumented watersheds (Hernandez et al., 2000; Syed, 1999; Goodrich, 1990). These

studies lend confidence that the trends and direction in hydrologic response can be

correctly inferred from the corresponding trends and direction in land cover change,

predicated upon the use of comparable rainfall data in conjunction with differing land

cover.



A.2 DESCRIPTIONS OF THE STUDY AREAS

A.2.1 Upper San Pedro Basin to the Charleston Gauge

The San Pedro River flows north from Sonora, Mexico into southeastern Arizona

(Figure A.1). With a wide variety of topographic, hydrologic, cultural, and political

characteristics, the basin is an exceptional example of desert biodiversity in the semi-arid

Southwest and a unique study area for addressing a range of scientific and management

issues. It is also a region in socioeconomic transition as the previously dominant rural

ranching economy is shifting to increasing areas of irrigated agriculture and urban

development. The area is a transition zone between the Chihuahuan and Sonoran deserts

and has a highly variable climate with significant biodiversity. The tested watershed is

approximately 3150 km 2 and is dominated by desert shrub-steppe, riparian, grasslands,

agriculture, oak and mesquite woodlands, and pine forests at higher elevations. The basin

supports one of the highest number of mammal species in the world and the riparian

corridor provides nesting and migration habitat for over 400 bird species.

4?
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Figure A.1. Locations of the two study areas within the upper San Pedro River basin.

The larger basin (3160 km 2) was modeled using SWAT and drains to the Charleston

USGS runoff gauging station. This basin encompasses the smaller watershed (92 km2),

labeled here as "Sierra Vista subwatershed", that was modeled using KINEROS. The

spatial variability of the change in Curve Number from 1973-1992 as predicted using

AGWA is shown in the San Pedro Basin to illustrate why the Sierra Vista Subwatershed

was chosen for intensive study.

An examination of the spatial distribution of land cover change and its impact on

hydrology via through the Curve Number is presented in Figure A.1. The Automated

Geospatial Watershed Assessment tool (AGWA; Miller et al., 2000) was used to derive

the change in Curve Number between 1973 and 1997 as a function of land cover

transitions. The entire basin contributing runoff to the USGS gauging station at

Charleston was subdivided into subwatersheds and area-weighted Curve Numbers are
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presented to illustrate the spatial variability of change within the basin. This analysis

shows that a small watershed running through the developing city of Sierra Vista, noted

in Figure A.1 as "Sierra Vista Subwatershed", underwent changes in its land cover that

profoundly affected the hydrologic regime. This area was investigated using the

distributed rainfall event model KINEROS. This subwatershed was chosen for its size

(92 km 2) and degree of land cover change. KINEROS is an effective tool for predicting

the runoff from relatively small watersheds, but recent research in semi-arid regions

indicate that, due to decreasing runoff ratios with increasing watershed area, accurate

results become difficult to obtain on large watersheds for all but very large flood events

(Syed, 1999). The size of the subwatershed is large enough to illustrate the impacts of

changing land cover at the regional management scale, yet small enough to be within the

effective range of KINEROS for semi-arid regions. This is a challenge for any rainfall-

runoff model as the signal (runoff) to noise (uncertainty in rainfall) ratio becomes small.

A.2.2 Cannonsville Watershed

The Catskills area of southeastern New York State supplies over 90% of the 1.4

billion gallons of drinking water consumed in New York City annually (Mehaffey et al.,

1999). Water quality and quantity are consequently a major concern to city and state

managers and planners. In this study, a sub-basin of the Catskills area called the

Cannonsville watersheds was chosen for intensive investigation. The watershed (Figure

A.2) is approximately 1200 km 2 in size, draining an area dominated by forests and

agriculture; water not routed to New York City eventually contributes to the Delaware
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River. Mehaffey et al. (1999) summarized the characteristics of this region and identified

it as a critical research site due to the potential impacts on New York resulting from a

transition in land cover due to human pressures.

Figure A.2.	 Location of the Cannonsville study area (1200 km 2) within the

Catskill/Delaware watersheds used to supply water to the city of New York. Upland and

channel elements are shown as they were used in the SWAT runs.

Hydrologically, the Catskills study area differs significantly from the semi-arid

San Pedro region. Being in a humid climate with strong seasonal variability, the Catskills

are characterized by higher precipitation volumes but lower rainfall intensities, higher

storage, higher annual runoff with less flashy events, and a significant portion of the

annual runoff is derived from snowmelt. Contributions, are made to runoff from

groundwater within stream and river channels. Classified as semi-arid, the San Pedro



46

study area is characterized by larger relative extremes in components of the hydrologic

cycle than the Catskill/Delaware study area. Specifically, semi-arid zones are typified by

lower annual precipitation, but much of the annual rainfall occurs in highly localized,

intense rainfall events with high potential for runoff and erosion. Since the stream

channels are predominantly ephemeral in the San Pedro Basin, transmission losses occur

during runoff events. Due to the aridity of the region, there is a higher potential

evaporation rate, lower annual runoff but flashier runoff events, and relatively sparse

vegetation. This relative lack of vegetation is implicated in the fact that these regions are

especially prone to erosion. Hydrologic models that are applied in semi-arid areas must

adequately account for these factors if they are to be applicable to the investigation of

hydrologic response as a function of land cover change.

A.3 METHODS

The general approach used in this study was to acquire suitable geospatial

information relating to land cover, topography, and soils for the two study areas, assess

the overall land cover trends over the past quarter-century, and analyze the consequent

impacts on simulated runoff. An ArcView (ESRI, 1998a) GIS software package called

Automated Geospatial Watershed Assessment (AGWA) was created to aid in the creation

of the complex input files required by these models. Figure A.3 is a schematic detailing

some of the relevant interrelationships among land cover and hydrologic variables treated
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by AGWA. AGWA was developed during the course of this research to automate the

transformation of GIS data into SWAT and KINEROS parameter input files.

Figure A.3. Schematic illustrating the role of land cover change in altering the

hydrologic response of a watershed with particular attention to runoff and erosion.

Dashed arrows indicate the direction of change of the parameter, flux, or state variable.

The rapid and repeatable subdivision of a watershed into hydrologic response

units is performed by AGWA, thereby sparing the user from the task of preparing input

files by hand and allowing for a more far-reaching investigation into the impacts of land

cover change. Input parameters required by SWAT and KINEROS are estimated by

AGWA as a function of the topographic, soil, and cover characteristics of the individual
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watershed response units. Look-up tables relating soil and land cover associations to

relevant hydrologic parameters (e.g. Curve Number, saturated hydraulic conductivity,

surface roughness) were defined through literature review and calibration exercises.

Hernandez et al. (2000) describe the derivation of input parameters for KINEROS and

SWAT used in this approach. In their paper the feasibility of modeling hydrologic

response to changing land cover was demonstrated on a small watershed within the San

Pedro Basin by applying land cover transformation scenarios and examining the

simulated results. Hernandez et al. (2000) carried out a sensitivity analysis to detelinine

the parameters most critical for accurate hydrologic modeling using KINEROS and

SWAT. This paper represents an extension of their research, in which larger basins with

greater variability and distinct hydrologic characteristics are investigated using historical

data. Historical rainfall records were used to provide input to the SWAT model and

define return period rainfall events for the KINEROS model.

A.3.1 Landscape Change Analyses

Land use/cover information is of critical importance in hydrologic modeling as it

helps determine model variables that account for the volume, timing, and quality of

runoff. The amount of expected runoff from vegetated land use types is influenced not

only by the surface and soil physical properties, but also by the uptake capacity of the

flora present. Remote imagery for the San Pedro Basin was derived from the Landsat

MSS (1973, 1986 and 1992) and TM (1997) earth observing satellite sensors. These
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images are georectified and have been corrected for elevation using a DEM. Images

included in this effort had less than 30% cloud cover and have been atmospherically

corrected. All images were captured in early June of the recorded year to reduce the

influence of annual plant phenology changes. The MSS imagery has been remapped and

projected to Universal Transverse Mercator ground coordinates, commensurate with

other GIS data, at 60 meter resolution; the 30 meter TM has been resampled and mapped

at 60 meter resolution for comparison. Derivative products (digital land cover maps) were

developed for the image sets using ERDAS IMAGINE 8.3 (ERDAS, 1998) software and

analyzed in a geographical information system using ARC/INFO (ESRI, 1998b)

software.

Image classification was first accomplished by unsupervised classification using

the bands 1 (green), 2 (red) and 4 (near infrared) to produce a map with 60 classes. Each

class was then displayed over the false-color image and classes were assigned into a land

cover category. Mixed classes were separated into different categories using other

vegetation maps from a variety of sources and scales, including 1:250,000 scale maps

from Mexico's National Institute of Statistics, Geography and Information (1NEGI), U.S.

Department of the Interior GAP; topographic maps from INEGI at a 1:50,000 scale,

1:24,000 scale U.S. Geological Survey data, and maps derived from field visits. The

classified maps were revised, with particular attention to boundaries by displaying the

classes over the satellite image. The resulting digital land cover maps have 10 classes:

Forest, Oak Woodland, Mesquite Woodland, Grassland, Desertscrub, Riparian,
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Agriculture , Urban. Water. and Barren. Proportions by land cover type for each time

sequence are described in Table A.1.

Table A.1. Proportional land cover extent as total hectares and percent for the Upper San

Pedro basin (1973, 1986, 1992, and 1997).

1973 1986 1992 1997
Land Cover Hectares % Hectares % Hectares % Hectares %

Forest 7446 0.98 7437 0.98 7045 0.93 7071 0.94
Oak Woodland 93612 12.38 93464 12.36 88894 11.76 90270 11.94
Mesquite 20821 2.75 106968 14.15 105192 13.91 101602 13.44
Grassland 312850 41.37 267321 35.35 265231 35.08 263432 34.84
Desertscrub 296330 39.19 243502 32.20 235480 31.14 229953 30.41
Riparian 8665 1.15 8852 1.17 8889 1.18 9218 1.22
Agriculture 8775 1.16 11507 1.52 14859 1.97 14530 1.92
Urban 3205 0.42 10002 1.32 12574 1.66 16494 2.18
Water 264 0.03 294 0.04 337 0.04 415 0.05
Barren 4177 0.55 6799 0.90 6792 0.90 6769 0.90
Clouds 0 0.00 0 0.00 10850 1.44 16388 2.17

Detailed accuracy assessments of the 1992 and 1997 land cover maps for the San

Pedro have previously been published (Maingi et al., 1999; Skirvin et al., 2000,

respectively). Airborne videography was used to isolate a random sample of 527 points

stratified by map class. Following Congalton (1991), an error matrix was assembled and

Cohen's Kappa and Kendall's Tau-b statistics used to quantify the producer's, user's and

overall classification accuracies. These assessments show that the comparison between

observed and classified land cover generally fall between 60-90%. These data may be

characterized as having "good to excellent accuracy" (Skirvin et al., 2000) with the
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heterogeneous class labeled "mesquite woodlands" had the lowest accuracy. Since the

1973 and 1986 maps were created using the same approach as the 1992 and 1997 data

sets, it was assumed that they shared similar accuracy characteristics and the quality of

the data were high enough that classified changes in land cover were considered correct.

Landsat TM and MSS imagery were used to classify land cover within the

Cannonsville subwatershed, which is shown to have been relatively stable throughout the

period for which remotely sensed imagery was collected. MSS imagery was used to

classify land cover in 1973, while TM data was used for three additional scenes for 1984,

1990, and 1998. These images were corrected for elevation and geo-rectified. Images for

the various years were taken within one month of each other to account for plant

phenology. The selected images were relatively cloud-and haze-free. Unsupervised

classification was used in conjunction with National High Altitude Aerial Photography

(NHAP) images to assign land cover classes to spectrally similar areas. Ancillary data,

such as population, elevation, and site surveys, were used to improve the accuracy of the

classification, and training sites of known land use were identified to improve the defined

spectral characteristics of the various land cover classes. The final land cover maps are

classified into four classes: forest, urban, agriculture, and barren. Proportions for each of

the land cover type for each time sequence are detailed in Table A.2.
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Table A.2. Proportional land cover extent as total hectares and percent for the

Cannonsville watershed (1975, 1985. 1991, and 1998).

1975 1985 1991 1998
Land Cover Hectares % Hectares % Hectares % Hectares %
Forest 87030 75.31 86634 75.00 90613 78.51 92097 79.75
Urban 559 0.48 697 0.60 715 0.62 731 0.63
Agriculture 27651 23.93 27823 24.09 23772 20.60 22275 19.29
Barren 320 0.28 352 0.30 314 0.27 384 0.33

An accuracy assessment of the Catskill region, including the Cannonsville

watershed, was performed in which accuracy assessment points were chosen using a

stratified random sample technique (Fitzpatrick-Lins, 1981, Skirvin et al., 2000).

Because the amount of change in the area was very small, the area proportions for the

early 1990s were used for all dates. Sample points were randomly selected within the

correct cover type with one restriction. Aerial photographs and other available

independent imagery was used as reference or "truth" to determine the accuracy of the

Landsat classifications. In order to minimize error due to landscape change, the

acquisition dates of the reference data were within two years of the acquisition of the

Landsat data. Error matrices illustrating errors of omission and commission using the

Cohen Kappa and Kendall's Tau-B tests were created to determine the producer's and

user's accuracies errors (Congalton, 1991). Overall accuracy was quite high for all four

dates, with results near 90%. The accuracies of the classification data were thus deemed

appropriate for investigations of land cover change and hydrologic modeling at the scale

of the Can nonsville watershed.



A.3.2 GIS Processing and Database Development

The AGWA tool uses GIS data layers of soil, topography, and land cover to

derive watershed parameters in two ways. First, the primary data contained in these data

sets were used as direct input to the hydrologic model for topographic and soil

characterizations such as slope, area, and hydrologic soil group. Second, these primary

data were used in conjunction with look-up tables constructed from a literature review to

determine secondary watershed parameters not contained in the original data. Examples

of these secondary variables include Curve Number (SWAT only), saturated hydraulic

conductivity, channel dimensions, and surface roughness.

Topography plays an important role in the distribution and flux of water and

energy within the natural landscape. Classic examples include surface runoff,

evaporation, infiltration, and erosion, i.e. hydrologic processes that take place at the

ground-atmosphere interface. The quantitative assessment of these processes depends on

the topographic configuration of the landscape, which is one of several controlling

boundary conditions. Landscape topography can be digitized into an array of elevation

values called a Digital Elevation Model (DEM), which can be used to rapidly and reliably

determine landscape features such as slope, aspect, flow length, contributing areas,

drainage divides, and channel networks (Tarboton et al., 1991; Garbrecht and Martz,

1995). Landscape features for the San Pedro River Basin were determined from a

composite DEM formed from USGS 7.5-minute 30 m data for the U.S. portion of the
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basin and a 50 m DEM in Mexico resampled to 30 m to match the U.S. data. A 10 m

DEM served as the basis for analysis in the Cannonsville watershed.

Soils data were used to characterize infiltration and soil storage capacity

properties of the upper soil layers that interact with runoff processes. The State Soil

Geographic (STATSGO) Database served as the basis for soil-derived parameters. With a

mapping scale of 1:250,000, STATSGO is relatively generalized, and more suitable for

fiver basin, state, and regional resource planning, management, and monitoring. It is

recognized that STATSGO presents limitations in smaller-scale physically-based

modeling due to its generalized nature, but for the purposes of these investigations

STATSGO is adequate since the focus on hydrologic response was on land cover change.

The automated extraction of surface drainage, channel networks, drainage divides

and other hydrologic data for both watersheds from DEMs was carried out using AGWA.

When using this tool, the user specifies the smallest allowable upland area and the

watershed is automatically subdivided into upland and channel model elements. This

tool also determines the hydrologic parameters required by KINEROS and SWAT for

each of the model elements. As a demonstration of this approach, Figure A.2 shows the

resultant watershed configuration for the Cannonsville watershed as prepared for SWAT.
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A.3.3 Hydrologic Simulations

The SWAT model is used primarily as a strategic planning tool (Arnold et al.,

1998). The model operates on a daily time step and allows a basin to be subdivided into

natural subwatersheds and is characterized by its focus on land management, water

quality loadings, and continuous simulation over long time spans. Rainfall excess is

determined by SWAT primarily through a modified Curve Number approach on each

subwatershed. The rainfall excess is then partitioned into hydrologic processes such as

evapotranspiration, infiltration, return flow, channel routing, transmission losses, and soil

moisture. An attempt was made to simulate the major hydrologic components and their

interactions as simply and yet as realistically as possible with readily available input data

over large areas so the model can be used in routine planning and decision-making. As

reported by Arnold et al. (1999), SWAT has been extensively used and validated for

runoff.

A calibration exercise was undertaken for SWAT modeling runoff to the

Charleston USGS gauging station that served as the outlet for subsequent SWAT model

runs. A sensitivity analysis was used to determine the appropriate model parameters that

could best be used to improve the model performance. In this calibration exercise the

model was run for a 14 year period of record and the model was optimized on total

annual water yield at the watershed outlets. Minimizing the objective function through

systematic variation of the SWAT input variables yielded a Nash-Sutcliffe efficiency
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coefficient of 0.44 in the Upper San Pedro. When the calculated long-term average

annual runoff values are compared with model results, however, model performance is

within 10% error. Nine rainfall gauges were available to provide input to SWAT for the

calibration exercise. Given that Osborn et al. (1980) found that gauges separated by more

than approximately four kilometers are effectively independent in the semi-arid

Southwest, this number appears insufficient for highly detailed and accurate modeling

and serves as a limitation on the effective determination of input parameters to SWAT.

KINEROS has evolved over a number of years primarily as a research tool (Smith

et al., 1995). KINEROS is an event-oriented, physically based model describing the

processes of interception, infiltration, surface runoff, and erosion from small agricultural

and urban watersheds. The watershed is represented by a cascade of overland flow and

channel model elements; and the partial differential equations describing overland flow,

channel flow and erosion, and sediment transport are solved by finite difference

techniques. Runoff is generated as infiltration-excess overland flow and water is

dynamically routed using the kinematic equations during the runoff event. Spatial

variability of rainfall and infiltration, runoff, and erosion parameters can be

accommodated.

Calibration of KINEROS on the Sierra Vista subwatershed was not possible due

to the lack of a runoff gauging station. However, input parameters were estimated from

prior research on the Walnut Gulch Experimental Watershed, which lies in close
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proximity to the study area and has approximately the same plant assemblage and rainfall

characteristics. In these studies (Goodrich, 1990; Syed, 1999), KINEROS was calibrated

to very high efficiencies depending on scale. Calibration results ranged from 0.98 at the

sub-hectare scale to 0.86 at the small watershed scale (60 km 2). While it is unfortunate

that gauge data does not exist for the Sierra Vista watershed, the Walnut Gulch data serve

as good proxies for parameter estimation.

A.3.4 Precipitation Data for Hydrologic Modeling

Confidence in the hydrologic modeling effort depends to a large extent on the

availability of extensive high quality rainfall data. Traditionally, rainfall estimated from

sparse rain gauge networks has been considered a weak link in watershed modeling. In

this study the variability in rainfall through time serves as a confounding variable in the

interpretation of the impacts of cover transition on hydrologic response, so it was

necessary to apply the same rainfall data to each parameter set associated with the

different land cover scenes. Problems associated with the non-stationarity of rainfall

through time are also obviated in this process. Since rainfall is held constant for each

model run, changes in model results are due solely to changes in input parameters

affected by land cover change.

The SWAT model uses daily rainfall input data for a multi-year simulation. In

our approach multi-year rainfall for each of the study areas was extracted from long-term
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National Weather Service records and input to the SWAT model. These rainfall records

represent periods in which a minimum of data was missing from the long-term records.

For this effort, nine gauges that record rainfall in the San Pedro study area contain long-

term historical data for input to SWAT. A 14 year period of record was extracted for this

area. Likewise, six gauges were available for long-term data in the Cannonsville

watershed; in this case a complete 24 year period of record was extracted from the

rainfall data.

Since KINEROS requires rainfall to be input on a per-event basis, design storms

were created for the Sierra Vista subwatershed. These design storms were taken from

Osborn et al. (1985), who used extensive long-term records on a separate but very similar

watershed within the San Pedro Basin to derive 5-, 10-, and 100-year events for both 30-

and 60-minute duration storms. Since applying point estimates for design storms across

larger areas tends to lead to the overprediction of runoff due to the lack of spatial

heterogeneity in input data, an area-reduction method developed by Osborn et al. (1980)

was used to reduce rainfall estimates. The KlNEROS model was run using this series of

design rainfall events, with the same rainfall data applied over each land cover scenario.

By using the same rainfall input files, simulated changes in peak runoff or volume were

due solely to altered land cover within the watershed, and not to differences in rainfall

input.



A.4 RESULTS

A.4.1 Assessment of Landscape Change

As illustrated in Figure A.4a, significant land cover change occurred within the

San Pedro Basin between 1973 and 1997.  A matrix illustrating the relative change within

each cover class for the different scenes (1973, 1986, 1992, 1997) is presented as Table

A.3. The most significant changes were large increases in urbanized area, mesquite

woodlands, and agricultural communities, and commensurate decreases in grasslands and

desertscrub. This overall shift indicates an increasing reliance on groundwater (due to

increased municipal water consumption and agriculture) and potential for localized large-

scale runoff and erosion events (due to the decreased infiltration capacities and roughness

associated with the land cover transition). Change within the study area was not steady

throughout the evaluation period. Note how the percent changes in various land covers

do not always increase or decrease between scenes, indicating that the trend towards

urbanization and mesquite invasion occurred at different rates.

59



60

Table A.3. Percent Relative land cover change for the Upper San Pedro basin (1973-

1986, 1986-1992, 1992-1997, and 1973-1997). A positive value in a difference column

indicates an increase in area between dates.

Land Cover 1973-1986 1986-1992 1992-1997 1973-1997

Forest -0.12 -5.27 0.37 -5.04

Oak Woodland -0.16 -4.89 1.55 -3.57

Mesquite 413.75 -1.66 -3.41 387.98

Grassland -14.55 -0.78 -0.68 -15.80
Desertscrub -17.83 -3.29 -2.35 -22.40

Riparian 2.16 0.42 3.70 6.38
Agriculture 31.13 29.13 -2.21 65.58
Urban 212.07 25.71 31.18 414.63

Water 11.36 14.63 23.15 57.20
Barren 62.77 -0.10 -0.34 62.05
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Figure A.4. Land cover within the study areas as classified from the end members of

their respective satellite images. A contrast in the trends of land cover transition between

the study areas is evident. Note increases in urban, mesquite, and agriculture, and the

commensurate decline in grassland and desertscrub communities in Figure A.4a. A small

increase in forested area and commensurate decline in agriculture can be seen in Figure

A.4b



The Sierra Vista subwatershed experienced significant land cover change between

1973 and 1997 (Table A.4), with the dominant transitions within this watershed being the

declines in grasslands and desertscrub and increases in urban and mesquite woodlands

Table A.4.	 Percent relative land cover change within the Sierra Vista subwatershed

(1973-1986, 1986-1992, 1992-1997, and 1973-1997). A positive value in a difference

column indicates an increase in area between dates.

Land Cover 1973-1986 1986-1992 1992-1997 1973-1997
Forest 0.00 0.00 0.00 0.00
Oak Woodland -0.48 -1.17 -1.47 -3.09
Mesquite 306.25 -5.98 -12.67 233.57
Grassland -34.65 0.00 -9.01 -40.54
Desertscrub -36.67 -5.38 -7.09 -44.32
Urban 302.78 19.62 36.34 556.89

Figure A.4b illustrates the change in land cover over the study period within the

Cannonsville watershed. Note that the overall land cover has remained relatively static,

with some slight increases in urban area, but with a larger overall trend of decreasing

agriculture and increasing forest. Human pressures have remained minimal in this region

over the past 30 years, as the population has increased by only 17%. The continued

effluent from waste treatment plants, non-point agricultural sources, and urban runoff

imply a potential for diminished water quality, especially with respect to fecal coliforms,

nutrients, and sedimentation (Mehaffey et al., 1999). Furthermore, the topography of the
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area often constrains human use to the flatter riparian corridor, thereby increasing the

risks to stream water quality.

Change has been fairly consistent throughout the past 23 years in the

Cannonsville watershed, with the exception of a slight increase in change from

agriculture to forest during the 1985 to 1990 period. A total of 9.14% of the

Cannonsville watershed area was converted from agriculture to forest between 1975 and

1998, and 4.7% changed from forest to agriculture resulting in a net increase of forest

cover by 4.44% (Table A.5). Change within the riparian buffer zone has also occurred

but to a lesser extent than for the watershed as a whole. There has been an 11.4% change

from agriculture to forest and 7.6% from forest to agriculture, resulting in a net 3.8% gain

in the amount of forest cover in the riparian zone. Although this is an improvement, it is

still smaller than for the Cannonsville watershed as a whole, indicating that more

agriculture to forest conversion is taking place away from the streams.
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Table A.5. Percent relative land cover change for the Cannonsville watershed (1973-

1985, 1985-1991, 1991-1998, and 1975-1998). A positive value in a difference column

indicates an increase in area between dates.

Land Cover 1975 - 1985 1985- 1991 1991 -1998 1975 - 1998
Forest -0.31 3.51 1.24 4.44
Urban 0.12 0.02 0.01 0.15
Agriculture 0.16 -3.49 -1.31 -4.64
Barren 0.03 -0.03 0.06 0.06

A.4.2 Hydrologic Modeling of the San Pedro Basin to Charleston Gauge

Runoff was simulated with the SWAT model from the San Pedro Basin using a

14-year continuous rainfall period with input data corresponding the four classified

satellite scenes. In general, the total annual runoff volume increased as a function of land

cover change within the basin (Figure A.5). Note that these results do not necessarily

reflect observed changes in runoff volume for the time periods simulated in this study,

but are illustrative of the effects on hydrologic response of the transition the basin has

undergone over the past quarter-century. Given that the 1973 scene serves as the base

image from which landscape change is derived, annual runoff results are presented in

Figure A.5 as the percent change from the 1973 runoff results.
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Figure A.5. SWAT simulation results for the Upper San Pedro basin. The graph shows

the deviation in total annual runoff results from the 1973 land cover results. Note that

annual runoff volumes are simulated to increase for each scene relative to the base data.

Simulated runoff results show an increase in annual runoff over time

commensurate with increasing urbanization and woody plant invasion. Recall that there

is a considerable amount of spatial variability in the observed land cover change (Figure

A.4a and Table A.3). This spatial variability has implications for hydrologic modeling

and assessment. As shown in Figure Al, along with the spatial variability in land cover

change, there is a strong spatial component to changes in model input parameters.

While increased runoff occurred in some of the subwatershed elements, other
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regions showed improvements in their condition. These compensating changes serve to
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cancel out changes in annual runoff volume at the watershed outlet. Internal variability

and sensitivity to change is therefore much greater than what is observed simply by

looking at the watershed outlet. In this study, runoff results from SWAT illustrated that

several areas within the Upper San Pedro Basin were responding to the land cover change

to a greater degree than others. Even with compensating decreases in runoff from other

planes there was still an overall increase in simulated annual runoff at the watershed

outlet (Figure A.5). The Sierra Vista subwatershed was found to have changed

significantly through time, so the KINEROS model was used to investigate this area in

more detail. In this approach, KINEROS is used to "zoom in" both temporally and

spatially. SWAT (a daily, continuous lumped parameter model) is used to locate

subwatersheds that are responding strongly to change over long time periods, while

KNEROS (an event-oriented, physically-based model) is operated to provide more detail

and analysis for return period rainfall events.

A.4.3 Hydrologic Modeling of the Sierra Vista Subwatershed

For this smaller subwatershed within the San Pedro Basin, KINEROS was used to

simulate runoff and sediment yield for 6 design storms using watershed data from the

classified satellite imagery, resulting in a suite of 24 simulation runs. Results for the

simulation runs are given in Table A.6, and Figure A.6 shows hydrographs from the two

endpoint design storms, the 5-year, 30-minute event and the 100-year, 60-minute event.

Note the disparity in the hydrographs resulting from the smaller event, and their
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similarities for the larger event. The differences in simulated results decrease with

increasing storm size and duration. This trend towards convergence is due to the

increasing importance of storm characteristics over watershed characteristics as storm

size increases. For smaller storms, changes in the watershed, especially those due to land

cover change, may radically alter the hydrologic response. However, the hydrologic

response for very large storms is driven by the characteristics of the rainfall, and

management may have little ameliorating or exacerbating effects.

Table A.6. Runoff simulation results using design rainfall events and 1UNEROS for the

Sierra Vista subwatershed. Design storms are given as return period events (5 and 10

year) and storm duration (30 and 60 minute).

Rainfall
Event

Rainfall Runoff (mm) % Change
1973 -
1997

(mm) 1973 1986 1992 1997

5 -30 17.35 0.057 0.144 0.134 0.158 177.2
5-60 21.08 0.185 0.339 0.367 0.498 169.2
10 — 30 22.74 1.25 1.64 1.72 1.95 56.0
10 — 60 26.44 2.07 2.47 2.55 2.79 34.8

100 — 30 31.79 7.02 7.55 7.65 7.95 13.2
100 — 60 38.33 10.2 10.7 10.8 11.0 7.8
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Figure A.6. Runoff Hydrographs simulated using KINEROS for the Sierra Vista

subwatershed. The 5-year, 30-minute storm response is shown in the left panel, while the

right panel depicts the 100-year, 60-minute storm; these two events represent the end

points in stoi in intensity and depth used in the modeling exercise. Note the changes in

scale on the Y-axes between the panels.

As would be expected with design storms, runoff volume and peak runoff rates

increased directly with the size of the modeled events. Since erosion and sediment yield

are tied closely to the energy of a given runoff event, they are subsequently determined

by runoff rates, and therefore increase greatly with storm size and duration. In all cases

the hydrographs produced with the 1986, 1992, and 1997 classification data were

significantly larger than those produced using the 1973 data. Recall that the dominant

land cover transitions within this small watershed were from grassland and desertscrub to

mesquite woodlands and urban. These transitions provide lower surface roughness
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values, decreased infiltration rates, and provide less cover, thereby reducing interceptions

and exposing the surface to raindrop splash, all of which contribute to increased runoff

and erosion.

The sediment yield data depicted in Table A.7 reveal a more nuanced response to

urbanization within the watershed. Given that erosion and sediment yield are directly

related to runoff velocity and volume (KINEROS employs a transport capacity model in

its erosion component), as runoff rates increase the sediment likewise increases. Note

that the percent increases in sediment yield from 1973 to 1997 (Table A.7) do not equal

the percent increases in runoff for the same time periods (Table A.6). This apparent

dissimilarity can be explained by the complexity of the spatially distributed changes

within the watershed. As urbanization increases, so does the percent impervious and

paved area, which is treated in the model with a factor that reduces the erosion on those

impervious areas. In this way, proportionately less area is available for surface erosion

through raindrop impact or detachment due to increasing shear stress. However, those

areas that remain unpaved, including portions of the uplands and the channel bottoms,

remain exposed to scour. Thus, competing mechanisms limiting and increasing erosion

operate within a watershed undergoing a transition to urbanization, and this is reflected in

the simulation results. Importantly, the overall trend towards increasing erosion is

reflected in all cases; it is only the proportion of the increase, not the general tendency

toward increased erosion and decreased water quality, that is affected by the spatial

distribution of the land cover change.
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Table A.7. Sediment yield simulation results using design rainfall events and KINEROS

for the Sierra Vista subwatershed. Design storms are given as return period events (5 ,10,

and 100 year) and storm duration (30 and 60 minute).

Rainfall
Event

Rainfall Sediment Yield (tons/ha) % Change
(mm) 1973 1986 1992 1997 1973- 1997

5-30 17.35 2.02 18.0 15.2 19.2 851
5-60 21.08 20.8 21.9 24.1 26.9 29.3
10 — 30 22.74 212 208 248 295 39.2
10 — 60 26.44 283 423 427 449 58.7

100 — 30 31.79 1803 2070 2180 2420 34.2
100 — 60 38.33 2580 2550 2890 3090 19.8

In general, simulation results indicate that land cover changes within this

watershed have led to increased runoff rates and have increased the probability of large-

scale erosion and sediment yield. Increased runoff rates are implicated in localized

hydrologic changes associated with decreased infiltration, and sediment discharge is the

dominant water quality concern within the semi-arid Southwest. In short, the increasing

urbanization and shift in dominant vegetative species have had an adverse effect on the

hydrology and sediment discharge of the watershed.

A.4.4 Hydrologic Modeling of the Cannonsville Watershed

As noted earlier, the Cannonsville watershed has remained relatively stable over

the past several decades, and land classification shows that the forested area has increased
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during that time period. Because of the large canopy cover, high root density, and their

interactions with soil infiltration properties, forests have some of the lowest ratios of

runoff to rainfall. Rainfall representing a continuous period of 24 years was used to

simulate runoff using SWAT for each of the land cover classi fications. As is shown in

Figure A.7, the mean annual runoff depth decreased as a function of changing land cover.

Results are presented as a deviation from the base 1975 data to illustrate the temporal

variability in the results. While some changes in the land cover were observed within the

study area, these changes were not particularly significant for two reasons. First, the

major transition was from agriculture to forest. Such a transition will not translate to a

large change in simulated hydrologic response in SWAT since the differences in Curve

Numbers between these land covers are not vast. Had the transition been between barren

and forest, for example, the differences in simulated response would have been greater.

Second, the total area converted between land cover classes was not a large portion of the

watershed area (less than 5% change in any category). Thus, the cumulative hydrologic

response was muted as spatial averaging of surface cover and hydrologic dynamics

dominated the altered hydrology. From a watershed management or planning

perspective, these changes were for the better since they indicate a stable watershed under

no particular threat of decreased water quality due to erosion and sedimentation or a

change in predicted water yield from the upland areas.
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Figure A.7. SWAT Simulation Results for the Cannonsville Watershed. The graph

shows the deviation in total annual runoff results from the 1975 land cover results. In

this case simulated runoff increases slightly from 1975-1986 but decreases for each of the

subsequent satellite classification scenes.

A.5 CONCLUSIONS

The hydrologic responses of three watersheds to land cover change over several

decades were modeled using a pair of hydrologic simulation models. These models,

SWAT and KINEROS, significantly differ in their representation of hydrologic processes

and operate at different temporal and spatial scales. Input parameters for these models
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were obtained using GIS tools in conjunction with readily available topographic and soil

data and a series of classified satellite images detailing land cover over the study areas.

Procedures to automatically derive input parameter fi les for the SWAT and KINEROS

runoff models were implemented in AGWA, a GIS tool created as an integrated

landscape assessment tool for watershed managers and planners.

Two primary study areas with different characteristics were used: the Upper San

Pedro River Basin in southeastern Arizona and northeastern Sonora, Mexico has

undergone a profound transition over the past several decades from a rural watershed to

one that contains significant urban and agricultural regions, while the Cannonsville

watershed in southeast New York has remained relatively stable. The Sierra Vista

subwatershed within the Upper San Pedro Basin was chosen for more intensive research

since it has undergone significant land cover change implicated in increased runoff

volumes and rates accompanied by decreased water quality due to erosion and

sedimentation. These results follow the conclusions of Kepner et al. (2000) who showed

that rapid urbanization in the towns within the San Pedro watershed over the last 20 years

has become an important factor in altering land cover composition and patterns. In

contrast, the eastern New York watershed has undergone little land cover change over the

same period and remains largely undeveloped.

Hydrologic modeling results indicate that watershed hydrologic response in the

Upper San Pedro Basin has been altered to favor increased average annual runoff due to
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land cover change during the period from 1973 to 1997, and is consequently at risk for

decreased water quality and related impacts to the local ecology. The small watershed

within the San Pedro was modeled using design rainfall events, and the hydrographs

resulting from these events showed dramatic increases in runoff volume, runoff rate, and

sediment yield. Since the Cannonsville watershed condition improved during the period

in which the satellite imagery were taken, simulated average annual runoff decreased,

suggesting that the watershed is in good condition and potentially improving.

Because of the complex spatial and temporal nature of land cover change and

watershed response, new technologies such as AGWA are useful tools for such

investigations and may lead to improved watershed management and environmental

decision-making. The authors believe the combination of landscape analysis with

hydrological modeling can be widely applied on a variety of landscapes. However, a

number of other test watersheds would need to be included in the analysis before the

research could be combined and automated into a decision analysis tool for planners and

decision-makers. This first level testing contrasts the extremes of a rapidly changing

environment in the arid and semi-arid Southwest with the more humid and relatively

stable conditions of the northeastern U.S. With the addition of more case examples, a

broadly applicable decision-support tool could be developed.

By integrating ecological and hydrological analytic components, this project

demonstrates the value of combining the research talents of multiple scientific
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organizations, including those with differing types of expertise (landscape ecology,

hydrology, natural resource management, etc.) to assess potential watershed or regional

vulnerabilities. While more work is needed, this small study demonstrates important

progress towards more comprehensive large-scale watershed assessments across a range

of watersheds. This analysis largely ignored the groundwater component of the

hydrologic cycle, and future analyses could build on this work by quantifying the impacts

of land cover change on groundwater through the use of a coupled surface water-

groundwater modeling approach.
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ABSTRACT

The representation of hydrologic processes in distributed models is critically important

from the point of view of model parameterization. A GIS-based tool (Automated

Geospatial Watershed Assessment: AGWA) for preparing input parameter files for the

distributed, physically based Kinematic Erosion Runoff and Erosion (K1NEROS) model

has been developed for application on ungauged watersheds. This tool uses a threshold

approach for determining the complexity of the geometric representation of the upland

and channel elements in the model. Fifty watersheds ranging in size from 5 to 100 km 2

within the Upper San Pedro River Basin in southeastern Arizona were modeled in

KINEROS for runoff and sediment yield using AGWA. These watersheds were

discretized into 18 configurations ranging from highly complex to overly simplistic.

Information entropy scores of the input parameters were determined for each

configuration to assess the effects of parameter smoothing in the input files. A variety of

rainfall events were input into the model for the different configurations; results were

assessed as a function of watershed scale, information loss, and rainfall magnitude.

Results indicate a non-linear response to geometric simplification as a function of scale

and rainfall magnitude. Geometric complexity is shown to strongly affect simulation

results on smaller watersheds when rainfall depth is small and on larger watersheds for

increased rainfall event magnitudes. Change in simulated hydrologic response is highly

correlated to changes in information entropy resulting from spatial averaging.



B. l INTRODUCTION

Distributed hydrologic models have immense potential and utility in forecasting

the effects of land use change and movement of pollutants and sediment. These models

either discretize the watershed into smaller elements by overlaying a square grid or by

dividing it into various subbasins. When integrated into a geographic information

systems (GIS) it is possible to automate watershed discretization for model input, making

it less tedious to generate large numbers of elements and their associated hydrologic

parameters. The consideration of spatial variability for model input parameters is limited

by geospatial data quality, the scale of application, and computational efficiency. For

effective use of distributed hydrologic models, it is necessary to discretize the watershed

at an appropriate level of detail. In theory, an overly simplified discretization may lead to

poor simulation results whereas a very complex representation would require far more

input data and significantly increased computation time and space with no or little

increase in accuracy.

This paper presents research into the impacts of watershed discretization on

hydrologic simulation results as a function of scale and rainfall magnitude. An

automated GIS-based tool for process-based distributed hydrologic modeling has been

developed by the USDA-ARS Southwest Watershed Research Center and US-EPA

Landscape Ecology Branch. This modeling package, called the Automated Geospatial

Watershed Assessment (AGWA) tool, an open-source freely available toolkit, is designed

80
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for use on ungauged watersheds (www.tucson.ars.ag.gov/agwa). In AGWA, the level of

watershed representation complexity is subject to user control.

The hypothesis put forth in this research was that generalized predictive

relationships exists among watershed scale, landscape complexity, and rainfall event to

determine the appropriate level of watershed representation complexity. In order to

assess these relationships hydrologic simulations were performed on ranging in size using

a series of rainfall events of varying magnitude.

Over the past decade numerous approaches have been developed for automated

extraction of watershed structure from grid digital elevation models (e.g. Mark et al.,

1984; O'Callaghan and Mark, 1984; Band, 1986; Bloschl and Sivapalan, 1995; Jenson

and Domingue, 1988; Moore et al., 1988; Martz and Garbrecht, 1993; Garbrecht and

Martz, 1993). The most widely used method for the extraction of stream networks that

has emerged is to accumulate the contributing, or channel, source area (CSA) upslope of

each pixel through a network of cell-to-cell drainage paths. This network is subsequently

pruned based on a threshold drainage area required to define a channel (Band and Moore,

1995), and the watershed is further subdivided into upland and channel elements as a

function of the stream network density. This technique is implemented in AGWA, and

the manners in which watershed discretization occurs and hydrologic parameters are

estimated are illustrated in Figure B.1. A hydrologically correct digital elevation model

is used to derive flow direction and flow accumulation maps. A specified CSA is used to
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define the locations and numbers of stream channels. The watershed is dicretized into

upland and channel elements as a function of the stream channels, so the choice of CSA

is the determining factor in the spatial complexity of the watershed discretization. Each

of the planes are intersected with soil and land cover data, and a series of look-up tables

are used to estimate the hydrologic parameters for the land cover pixels and soils

polygons. These estimates are area-weighted to produce a single parameter value for

each hydrologic element. Thus, as the watershed representation is simplified the

dominant watershed characteristics become more dominant in parameter estimation.



V.

Digital elevation model Flow direction, accumulation maps Discret ized watershed

Watershed ID! 73
Area 2.05 km 2 	Slope 3 53 %
Width: 528 m	 Length 3875 m
Interception: 2 60 mm Cover: 13.70%
Manning's n: 0.052	 Pavement 0.00 %
Splash: 24 91
Ks: 6.67 mm/hr
Porosity: 0.45
Cv of Ks: 0.9
Silt. 33
Distribution: 0.3

Rock 043
Suction: 115 mm
Max saturation 0.93
Sand: 50%
Clay: 17 %
Cohesion: 0.006

STATSGO soils	 NALC land coverWatershed configuration
• 21 planes
• 9 channels Soil: STATSGO MUIDs AZ252, 271,61

Landcover: Grassland & desertscrub
Topography: moderate relief
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Figure B.1. Illustration of the techniques used by AGWA to discretize a watershed and

estimate hydrologic parameters for the resultant model elements for input to KINEROS.

Techniques used for delineation of the drainage path network by surface routing

of drainage area and local identification of valley forms are ultimately dependent on a

topographic signal generated in a local neighborhood on the representation of topography

within the digital elevation model (DEM). If watershed structural information is used to

drive the hydrological model, the scaling behavior and consistency of the derived stream

network needs to be addressed. One of the primary questions dealing with automated
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channel network extraction is that of the appropriate drainage density and consequent

watershed complexity. Some authors suggest criteria to find this appropriate scale. For

example, Goodrich (1991) found a drainage density of approximately 0.65 to 1.52 m -1 for

watersheds greater than 1 hectare was adequate for kinematic runoff modeling in a semi-

arid study area. La Barbera and Roth (1994) proposed a filtering procedure based on the

identification of a threshold value for the quantity AS k , where A is the contributing area,

S the stream slope and k E 2. Tarboton et al (1991) found that the representation of

stream networks and watershed complexity is dependent on the degree of smoothing in

the dataset and has a direct influence on model results. Wood et al. (1988) proposed that

a representative elementary area exists for a given watershed that dictates the minimum

threshold by which a watershed should be subdivided. The degree of spatial complexity

has also been shown to affect the representation of watershed processes (Julien and

Moglen, 1990), as the influence of watershed properties on simulated response is affected

by drainage density. Other studies have focused on the impact of spatial scaling on small

watershed response (Goodrich, 1991; Sasowsky and Gardner, 1991).

In theory, the complexity of the representation of watershed plane and channel

elements should be proportional to the complexity of the landscape characteristics to

which a runoff model is most sensitive. Thus, as a landscape's complexity increases, so

too should the representation of the watershed for input to the model. Small features,

such as patchy urban areas, which contribute significantly to runoff generation processes,

will be more accurately represented if the watershed is subdivided into small segments,
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with many associated planes and channels. If the watershed is not subdivided into small

enough portions , then the characteristics of the urban area that make it important for

runoff generation (impervious surface area, low surface roughness) will be incorporated

into the average landscape characteristics which surround the urban patch and the runoff

processes may not be adequately represented in the model. Contrasting issues of

watershed scale and the relative importance of different runoff mechanisms at different

scales serve to confound these relationships (Bloschl and Sivapalan, 1995). An inherent

non-linearity of watershed response (Goodrich et al., 1997) has been shown to affect

runoff across a range of watershed sizes, which implies that the degree of watershed

representation required for hydrologic simulation may vary as a function of scale.

The concept of information entropy is used as a measure of system complexity.

Entropy is the measure of the degree of uncertainty or disorder associated with a system

(Amorocho and Espildora, 1973; Chapman, 1986; Journel and Deutsh, 1993; Shannon

and Weaver, 1949). Recent hydrologic applications of entropy have focused on its use as

a measure of spatial heterogeneity (Martin and Rey, 2000; Rodriguez-Iturbe et al., 1998)

and as a component of decision making or assessment (Singh, 1997; Singh, 1999). This

research uses entropy as a proxy for loss in information content as a function of spatial

data smoothing in a GIS. With the aggregation of spatially distributed data into large

area-weighted planes, the spatial variability and magnitude in the input data is lost and

entropy is reduced.
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Model parameterization is critically important for the representation of hydrologic

processes in distributed models. The choice of surface hydrologic parameter values and

the way in which hydrologic processes are represented has a profound effect on both

predicted outflow hydrographs and distributed flow characteristics. The latter is

particularly important if the output from the hydrologic model is to be used to predict

sediment transport since this process is sensitive to flow velocity and depth. As discussed

by Grayson and Moore (1992), calibrating a model using only an outflow hydrograph can

lead to very different estimates of distributed flow characteristics, depending on the

representation of the underlying hydrologic processes.

If automated modeling procedures such as AGWA are to be proven useful in an

application environment in the absence of calibration data, the uncertainty and variability

in simulation results should be well documented. Given that simulated hydrologic

response is affected by the choice of watershed representation, it is important that the

variability in response resulting from the choice of CSA be quantified. This paper

presents the results of a study using AGWA in which 50 watersheds ranging in size from

5 to 100 km 2 were discretized at 18 different levels of complexity and runoff simulated

from those watersheds using 6 rainfall events of different magnitudes and duration.
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B.2 DESCRIPTION OF THE STUDY AREA: UPPER SAN PEDRO RIVER

The Upper San Pedro River basin originates in Sonora, Mexico and flows north

into southeastern Arizona (Figure B.2). The basin represents a transition area between the

Chihuahuan and Sonoran deserts and topography, climate, and vegetation vary

substantially across the watershed. Elevation ranges from 900 to 2,900 m and annual

rainfall ranges from 300 to 750 mm. Biome types include desertscrub, grasslands, oak

woodland, mesquite woodland, riparian, forest, and agriculture. The upper basin

encompasses an area of approximately 7,600 km2 (5,800 km2 in Arizona and 1,800 km 2

in Sonora, Mexico). Large changes in the socio-economic framework of the basin have

occurred over the past 25 years, with a shift from a rural ranching economy to

considerably greater urbanization. As the human population has grown, so too has

groundwater withdrawal, which threatens the riparian corridor and the long-term

economic, hydrologic, and ecological stability of the basin (Tellman et al., 1997).
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Laccmcms of modeled olerzhed5 1997 clxed Sold cover data

Figure B.2. Location of the Upper San Pedro River Basin in southeastern Arizona. The

boundaries of each of the 50 watersheds used in the modeling exercise are shown along

with the classified 1997 North American Landscape Characterization (NALC) scene used

in the parameterization of KINEROS.

Based on the North American Landscape Characterization (NALC) approach,

Landsat Multi-Spectral Scanner (MSS) imagery were reclassified into 10 land cover

types ranging from high altitude forested areas to lowland grasslands and agricultural

communities with 60 meter resolution (Kepner et al., 2000). Land cover data from 1997

represents the most current condition available and displays considerable spatial
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variability due to the introduction of urbanization and habitat fragmentation (Hernandez

et al., 2000; Miller et al., 2002).

B.3 METHODS

This research was composed of six parts. First, the GIS data needed to describe

the spatial variability of landscape characteristics were assembled. Second, ten

watersheds within five size classes from 5 to 100 km 2 were randomly selected for

inclusion in the research. Third, each of the watersheds was subdivided into model

elements based on their topographic characteristics using 18 contributing source area

thresholds. Fourth, these subdivided watersheds were intersected with the land cover and

soils data to estimate hydrologic parameters. Model input parameter files were generated

for the resulting 900 watersheds. Fifth, the hydrologic model KINEROS (Kinematic

Runoff and Erosion; Smith et al., 1995) was run on these watersheds using six design

storms ranging in size from the 5-year, 30-minute event to the 100-year, 60-minute storm.

Results were tabulated as a function of the watershed size class and magnitude of rainfall

event. Sixth, an analysis of the landscape variability and information entropy for each

watershed configuration provided information regarding the loss in data and effects of

data smoothing for different complexities.
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B.3.1 Geospatial Input Data

GIS data were assembled for the Upper San Pedro River Basin as required for

input to AGWA. The basic input data include a mosaiced USGS 30m digital elevation

model (DEM), the State Soil Geographic Database (STATSGO) map for Arizona, and

North American Landscape Characterization (NALC) classified satellite imagery for land

cover taken in 1997.

Standard USGS DEM data with 30m resolution were stitched together, and the

results were filtered using a low-pass filter to remove topographic anomalies and then

filled to create a "hydrologically correct" surface, where all locations within the study

area were connected to the outlet. The majority of DEMs used to create the larger

surface were Level II, with a few Level I surfaces used where no other data were

available. It is recognized that the generalized nature of the STATSGO soils are overly

simplified for small-scale application of rainfall-runoff modeling. Unfortunately, more

detailed geospatial soil data are not presently available for the San Pedro. One of the

purposes of this research was to investigate the impact of complexity and scale in a "real-

world" example; at present detailed soil data are unavailable throughout much of the

semi-arid United States and the San Pedro Basin is thus representative of many locations

on which the AGWA tool may be applied.
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Remote sensing, imagery for the San Pedro Basin was derived from the Landsat

TM earth observing satellite sensors. These images were georectified and corrected for

elevation. Images included in this effort had less than 30% cloud cover and have been

atmospherically corrected. Furthermore, the image was captured in June to reduce the

impact of phenological change within the 10 land cover types: Forest, Oak Woodland,

Mesquite Woodland, Grassland, Desertscrub, Riparian, Agriculture, Urban, Water, and

Barren.

A detailed accuracy assessment of the land cover map has previously been

published (Skirvin et al., 2000). In their study, Skirvin et al. (2000) used airborne

videography was used to isolate a random sample of 527 points stratified by map class.

Following Congalton (1991), an error matrix was assembled and Cohen's Kappa and

Kendall's Tau-b statistics used to quantify the producer's, user's and overall

classification accuracies. These assessments show that the comparison between observed

and classified land cover generally fall between 60-90%. These data may be

characterized as having "good to excellent accuracy" (Skirvin et al., 2000) with the

heterogeneous class labeled "mesquite woodlands" having the lowest accuracy.

Rainfall data were assembled from long-term records taken on the Walnut Gulch

Experimental Watershed (Osborn et al., 1980), an intensively studied watershed with 89

continuously recording rain gauges that lies within the Upper San Pedro River Basin.

Runoff-producing rainfall in the San Pedro Basin is dominated by summer convective
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thunderstorms that are locally intense and highly constrained in space. It has been well

demonstrated that return period-duration rainfall depths decrease as a function of

watershed scale (Osborn et al., 1985; Zehr and Myers, 1984), so return period storm

depths were reduced following Osborn et al., (1985). Return-period rainfall events for

the 5-, 10-, and 100-year return periods with both 30- and 60-minute durations were used

as inputs to the model.

B.3.2 Hydrologic Modeling Using KINEROS

The physically-based, event-oriented, distributed hydrologic model KINEROS

describes the processes of interception, infiltration, surface runoff, and erosion from

agricultural and rangeland watersheds. Watersheds are represented as a cascade of

overland flow and channel model elements, and partial differential equations describe

overland flow, channel flow and erosion, and sediment transport. Plane and channel

infiltration is modeled using the Smith and Parlange (1978) equation. Runoff generated

by infiltration excess is routed interactively using the kinematic wave equations for the

overland flow and channel flow, respectively stated as:

ah a a • hm
	 = r (t) — f

" 
( x, t

at	 ax 
(B.1)

aA aQ(A) 
= q (t) — f ( , t) 	(B.2)at	 ax
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where h is mean overland flow depth, t is time, x is distance along the element, cc is

solved as 1.49 S 112/n when using the Manning equation, in which case S is slope, n is

Manning's roughness coefficient, m is 5/3, r1(t) is rainfall rate at time t, f (x, t) is

infiltration rate, A is channel cross-sectional area of flow, Q(A) is channel discharge as a

function of area, q i(t) is net lateral inflow per unit length of channel and f , (x, t) is net

channel infiltration per unit length of channel.

These equations, and those for infiltration, erosion and sediment transport, are

solved using a four-point implicit finite difference method (Smith et al., 1995). Unlike

excess routing, the interactive routing in KINEROS necessitates that infiltration and

runoff are computed at each finite difference node using rainfall, upstream inflow, and

current degree of soil saturation. This feature is particularly important for accurate

treatment of transmission losses in the ephermeral channels of the San Pedro Basin.

Important to this research, KINEROS can accommodate the spatial variability of rainfall

and infiltration, runoff, and erosion parameters as a function of the complexity of the

input data. The properties of each overland and channel element are homogeneous,

however, and landscape complexity must be accounted for by adjusting the number, size,

and location of the individual model elements.

Calibration of KINEROS on each of the 50 watersheds was not possible due to

the lack of rainfall and runoff gauges. Prior research on the heavily instrumented Walnut

Gulch Experimental Watershed was used to provide estimates of model parameters as a
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function of topographic, soil, and land cover characteristics.	 Walnut Gulch is

encompassed by the larger San Pedro basin and is presumed to be representative of

upland watersheds within the San Pedro. These prior studies (Goodrich, 1991; Syed,

1999), were able to calibrate KINEROS to very high efficiencies depending on scale.

Calibration correlations ranged from 0.98 at the sub-hectare scale to 0.86 at the small

watershed scale (60 km 2 ).

B.3.3 Watershed Discretization by GIS Analysis

Sets of algorithms were developed in AGWA that configure a watershed into

discrete, connected channel segments and corresponding contributing areas as required

by KINEROS. The watershed complexity is determined by the contributing area

threshold value that determines which cells are designated stream channels. The stream

network is then partitioned into segments between confluences into which lateral and

upland contributing areas are routed. The contributing source area (CSA) as a function of

total watershed area was used to define stream networks. The GSA concept is depicted

in Figure B.3; in this example a 100 km 2 watershed in the Upper San Pedro River Basin

is systematically subdivided as a percentage of its area into 4 configurations. Note the

increase in the numbers of channel and plane elements, and the commensurate increase in

total channel length with decreasing CSA.
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Plane and channel routing: direction offlow and numbering scheme
	 Abstract routing representation

Figure B.3. Illustration of contributing source area (CSA) influence on the complexity of

watershed representation. In this example, the total watershed area is 100 km2. As

shown in the top two panels, increasing the CSA reduces the geometric complexity and

the number of planes and channels. The lower panels show the routing scheme used by

AGWA and the abstract representation of the planes and channels used in KINEROS.

A random number generator was used to locate the outlets of 50 watersheds

within the Upper San Pedro Basin. To investigate the impact of watershed scale, five

watershed size classes were chosen (5, 10, 20, 50, and 100 km2). Ten watersheds

approximately equal to each of these watershed size classes were randomly located,
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yielding 50 watersheds. These 50 watersheds were then subdivided (discretized) using

the AGWA modeling tool into 18 different configurations based on a percentage of

watershed size (1, 1.5, 2, 2.5, 3, 3.5, 4, 4.5, 5, 7.5, 10, 15, 20, 30, 40, 50, 60, 75%), which

produced a total of 900 watershed configurations. Finally, simulations were run on each

of these 900 watershed configurations using the 6 return period rainfall events. Thus, a

total of 5400 simulations were completed for a suite of watersheds ranging in size from

5-100 km 2 and subdivided from 1% to 75% of the total watershed size for a range in

rainfall event sizes from the 5-year, 30-minute to the 100-year, 60-minute event.

B.3.4 Landscape Analysis and Information Entropy

Geospatial data for land cover and soils were intersected with the 900 watershed

configurations to determine hydrologic input parameters for KINEROS. These

parameters were automatically derived by the AGWA tool, which explicitly accounts for

the spatial heterogeneity of landscape data through an area-weighting scheme. In

addition to using direct relationships between GIS data and hydrologic parameters,

AGWA uses an adjustment factor for saturated hydraulic conductivity (ks) that is a

function of vegetation cover (Stone et al., 1992) as:

= Kee0.0015•C,	 (B.3)



9 7

where lc, is saturated hydraulic conductivity, ke is the estimated hydraulic conductivity

from the soil database, and Cc is the percent canopy cover estimated from the land cover

data. Any variability in the ks parameter values for a watershed with homogenous soils is

thereby introduced by the intersection of the soils and land cover GIS data. Watershed

configurations with high CSA values have fewer planes, that are consequently larger, and

fewer channels, that are also shorter in length (Figure B.3). This change in upland

element size affects the input parameters for KINEROS as the spatial variability is

reduced due to averaging. As the CSA approaches the watershed size, model parameters

approach the regional average and small-scale variability in the land cover and soil data

are effectively removed.

After each of the upland and channel elements were characterized by AGWA for

hydrologic modeling, a suite of algorithms was used to extract average parameter values

for the watersheds. The information entropy was derived for land cover data and several

of the most sensitive KINEROS parameters following:

e = pi log(p i ); p, „ >0; p = I (B.4)

where p i is the probability of occurrence for a given value for each histogram bin from i

to n (Singh, 1997). A sensitivity analysis of KINEROS showed that the variables with

the most influence over runoff and sediment discharge were saturated hydraulic

conductivity, slope, and Manning's roughness coefficient. Significantly from a GIS and
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information content perspective, these variables come primarily from three separate GIS

data layers: soils, topography, and land cover, respectively.

Information entropy of the NALC land cover data was derived from the

probabilities of occurrence of the 10 discrete land cover classes. Roughness, slope, and

conductivity are all continuous variables, and a histogram approach was used to

determine the probability of occurrence for these model parameters. Since the number

and size of their respective histogram bins are not pre-determined as they are for discrete

variables, they were determined for each of the watersheds at the most complex

discretization level. The number of bins was calculated as a function of the number of

unique records as:

k= 1 + 3.3log(n)	 (B.5)

where k is the number of bins, and n is the number of records (Izenman, 1991). The bin

width was determined by dividing the range in values by the number of bins, and

probability of occurrence computed by presence within a bin.

Information entropy values for the selected variables were determined for each of

the 900 watersheds. For a given watershed the entropy values were normalized to the 50

most complex case (1% CSA), where entropy for the most complex case equals 1.0. As

the spatially variable land cover and soils data are averaged due to decreasing the
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discretization level, entropy values decrease to 0, where all model elements contain

identical parameters.

B.4 RESULTS AND DISCUSSION

Complex interactions were found among watershed parameters, rainfall intensity

and channel routing in the simulation of runoff volume, peak discharge, and sediment

yield. However, the hypothesis put forth that a predictive relationship among watershed

variables and consequent appropriate watershed complexity was not proved true.

Numerous confounding relationships and changes in process representation in the

simulation model confounded efforts to produce a strong statistical relationship between

landscape parameters and necessary drainage density or watershed discretization. This

lack of predictive relationship does not imply, however, that strong connections among

watershed characteristics and simulation response do not exist; quite the contrary. This

discussion will describe the quantitative connections among watershed complexity and

simulation response as a function of watershed scale and rainfall magnitude.

The importance of watershed configuration generally decreases with increasing

rainfall for a given watershed size. This general relationship does not hold true across

watershed scales, however, as larger watersheds show greater variability in response to

larger rainfall events, while larger rainfall events on small watersheds effectively

overwhelm the spatial variability of the landscape and reduce the importance of
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discretization and parameter estimation. In this section results are broken down in terms

of watershed scale, landscape complexity, and rainfall event size to illustrate the various

influences on the hydrologic model. The focus of this discussion will be on runoff

volume and sediment yield. It is recognized that peak discharge is highly relevant to

runoff modeling, especially with respect to hydrologic engineering and the simulation of

sediment transport processes. In this study the results relating to peak discharge were

highly correlated to those of sediment yield, and detailed reporting of the relationships is

redundant.

B.4.1 Spatial Data and Configuration Complexity

It was previously expostulated that increasing the CSA reduces the variability in

input parameters as the spatial variability in the land cover and soils data are averaged

into more homogeneous units. Ultimately these values approximate regional averages

when the average plane size nears the watershed area. Average plane size increased for

each watershed class size from 5 to 100 km 2. The largest planes on the larger watersheds

were most representative of the regional averages within the San Pedro Basin, but all

watersheds considered in this research were relatively small and can be considered

upland components of the larger riverine system.

There is a proportionate relationship between cumulative channel length and CSA

independent of watershed area. While the total length of stream channels is a function of



CSA ((q) CSA )

u 0 75

0.3

100 km'

50 km'

20 km'

10 km'

5 km2

60 8070

101

watershed scale (Figure B.4), the relative length of the channels compared to the

cumulative length of the most complex configuration (Figure B.4) is remarkably

consistent among the different watershed size groups. Pearson correlation testing showed

that the differences among these data sets are statistically insignificant. From this

observation it can be inferred that the factors controlling runoff will remain proportional,

allowing for comparisons of hydrologic responses among size classes. In the absence of

this consistent behavior, the relative importance of upland and channel properties would

be dependent on the scale of analysis, further obscuring the differences in simulated

hydrologic response as a function of CSA and scale.

Figure B.4. Average cumulative channel length (a) and relative cumulative channel

length (b) for various watershed size classes as a function of contributing source area

(CSA). Relative cumulative channel length is determined as compared to the cumulative

channel length of the 1% CSA configuration. Watershed sizes are not indicated in panel

(b) since they are statistically identical.
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Many of the larger GSA values within each size class produce exceedingly

generalized configurations that should not be considered for use in a simulation

environment. In this research, these extreme points serve to illustrate the trend towards

the minimal entropy score. The simplest scenario produced by AGWA for the KINEROS

model is a configuration with 3 planes and 1 channel. This representation is commonly

achieved by a GSA of 30% of the watershed area regardless of watershed size. Less

topographically complex watersheds may achieve this simplistic representation with

lower CSAs. The minimum entropy score is achieved when the number of planes is

minimized and the planes become highly similar to one another. Mathematical errors

increase with decreasing scale, and other research has demonstrated that process

representation is affected by significantly changing the plane size (Julien and Moglen.

1990; Quinn et al., 1991; Vieux, 1993).

B.4.2 Hydrologic Simulations: Interactions of Watershed Scale and Rainfall Depth

Scale impacts were demonstrated in the simulation of runoff and sediment yield.

Both peak rate and runoff depth decrease as a function of watershed scale. These

relationships are due to the impact of transmission losses simulated by KINEROS.

Keppel and Renard (1962) demonstrated that runoff depth on semi-arid rangelands is

attenuated as a function of watershed size when the rainfall event is a localized

convective storm and the runoff flows through the sandy ephemeral washes typical of this
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area. Runoff volume increases with watershed area, but area-depth runoff calculations

show a profound decrease in runoff with area.

Simulation results parallel these observations.	 Small watersheds produced

hydrographs with consistently higher estimates of runoff depth and sediment yield for a

given rainfall event (Figure B.5). In this study, 10 watersheds of each size class were

included in the analysis to capture a broad range of watershed characteristics and reduce

the influence of anomalous watersheds. A wide range in watershed runoff and sediment

yield responses were found, even among watersheds of the same size class, increasing the

variability in the simulation results and introducing uncertainty.

Figure B.5. KINEROS simulation results as a function of contributing source area (CSA)

for the 10-year, 30-minute rainfall event. Average results for runoff depth (a) and

sediment yield (b) for 10 watersheds within each watershed size class (5, 10, 20, 50, 100

km 2) are presented.
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B . 4 . 2 . l Runoff depth

Average relative runoff results as a function of CSA are presented in Figure B.6.

Relative values were determined by dividing the simulated value for a given

configuration by the simulated value produced with the most complex representation (1%

CSA). Aside from the 100 km 2 watersheds, which did not exhibit a smooth relationship

among hydrographs of different configurations, the average runoff depth decreased with

each increase in CSA for the smallest rainfall event (5-year, 30-minute). As the rainfall

event size increased, the configuration effect on simulated runoff decreased. Note that

the relative average runoff depth trends towards 1.0 for each CSA as the rainfall event

becomes large. For example, the average runoff depth from the 20 km2 watersheds

decreased by approximately 70% due to changes in the watershed configuration for the 5-

year, 30-minute storm. Subjecting the same watersheds with identical input parameters

to the 100-year, 60-minute event shows that the relative depth decreased by less than

10% even at the least complex configuration. The relationship between GSA and runoff

volume becomes very poorly defined for the 100 km2 watersheds for the smallest rainfall

events. This deviation occurs where the model assumptions are violated due to overly

large plane sizes with extremely small amounts of runoff occurring on the overland

elements. In effect, the error term overwhelms the simulated response where the GSA

exceeds 30% of the watershed area on these large watersheds with small rainfall events.
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Figure B.6. Average runoff depth (mm) as a function of contributing source area (CSA)

for a variety of watershed sizes and rainfall events. Values are relative to the most

complex configuration (1% CSA). The rainfall event used to simulate runoff response is

indicated within each of the Figure panels.
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Average runoff depth values for the largest watersheds (100 km 2) were affected

by configuration complexity for each of the rainfall events, although the magnitude of

change was significantly greater for the smaller rainfall events; the declines in runoff

volume are evident in Figure B.6, especially for the larger GSA values. More important

for hydrologic modeling, however, is the decrease in simulated response at smaller GSA

values since these are more appropriate in practical application. Except for the erratic

simulation predictions for the smallest storm, the change in simulated runoff from 0-10%

GSA was most significant for smaller runoff events, and the rate of change declined with

increasing rainfall depth. Changes in simulated runoff depths for these large watersheds

are much greater than those generated on the smaller watersheds, suggesting the impact

of rainfall event size is more significant for larger watersheds.

B.4.2.3 Sediment yield

Sediment yield was highly sensitive to watershed configuration. Simulated yield

varies as a function of watershed size, with larger watershed generally demonstrating a

decrease in sediment yield as a function of GSA, while the smaller watersheds showed

the opposite relationship and sediment yield increased with CSA (Figure B.7). The

impact of decreasing complexity was directly associated with rainfall event size as

variability in simulation response increased dramatically with increased rainfall.
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Figure B.7. Average sediment yield (tons/ha) as a function of contributing source area

(CSA) for a variety of watershed sizes and rainfall events. Values (originally tons/ha) are

relative to the most complex configuration (1% CSA). The rainfall event used to

simulate sediment yield is indicated within each of the Figure panels.
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Sediment yield is a function of runoff velocity, soil erodibility, and transport

capacity. As the watershed complexity is decreased the average watershed and channel

slopes decrease, reducing surface runoff volumes and rates (Figures B.6 and B.7).

However, these effects are countered by the loss in cumulative stream channel length that

occurs with increasing CSA. Stream channels within the San Pedro Basin are

characterized as having high width:depth ratios as a function of watershed size following

Miller et al. (1996).

With low slopes and high widths, in-channel velocities for smaller rainfall-runoff

events are predictably low, and channels serve as a sediment sink. Increased rainfall

depth and intensity, resulting in increased runoff depth and velocity, which in turn

increases sediment yield. Reducing channel lengths by decreasing geometric complexity

resulted in fewer sediment sinks and higher sediment yield values for a given runoff. As

shown in Figure B.6, runoff depths were strongly negatively affected by CSA for small

runoff events, while the impact was relatively small for large rainfall depths. These

results propagated through in the estimation of sediment yield: the drop in stream channel

lengths is implicated in decreased sediment deposition, and this change in conjunction

with the slight decrease in runoff resulted in highly increased sediment yields (Figure

B.7).



B.4.3 Representation of Physical Processes

Following Wood et al. (1988) one would expect the simulation results to stabilize

as the minimum support area decreases. In this study, however, such a stabilization never

occurs as the simulated runoff and sediment yield continue to be affected by changing the

complexity. On small watersheds subdivided with a small CSA, planes are relatively

homogenous, and further subdivision simply changes the number and length of planes

and channels without significantly altering the distribution of parameter values. Thus,

changes in simulation results are primarily due to changes in the representation of

landscape processes rather than due to the impacts of spatial variability on parameter

estimation.

Altering the level of complexity within the watershed representation directly

affects the manner in which processes are represented in KlINEROS. With the

commensurate decrease in channel length with decreasing complexity, channel

infiltration is lessened, which is implicated in increased simulated runoff. However, due

to the increase in average upland plane size and subsequent decrease in the average

slopes of those elements, plane infiltration processes increase significantly,

overwhelming the decline in channel losses. Additionally, total plane infiltration is

considerably greater than channel infiltration, so declines in channel infiltration are not as

significant as changes in plane infiltration. Thus, the process representation of infiltration

losses is conflicted between the channel and planes, but the result is that cumulative

109
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infiltration is inversely proportional to watershed complexity, with the result that runoff

is inversely related to complexity as well (Figure B.8).

contributing source area

Figure B.8. Change in simulated infiltration as a function of geometric complexity

relative to the most complex watershed configuration (1% CSA).

Decreasing the geometric complexity of the watershed results in a reduction in

total stream length for a given watershed (Figure B.4), thereby reducing transmission

losses and contributing to an increase in simulated runoff depth. Several watershed

characteristics served to counter this trend and effectively control the decline in simulated

runoff with increasing CSA. For one, average upland and channel slope decreased as the

number of planes and channels decreased because the relatively small, steep portions of

the various watersheds are averaged out in the calculation of average slope. In a similar
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fashion, those patches of the watershed with rougher and/or higher infiltration rates were

lost due to the spatial averaging scheme imposed by AGWA. In general, as the CSA

increased, small urban patches and/or anomalous soils with low infiltration rates were

lost and the average upland characteristics yielded lower runoff.

B.4.4 Information Entropy: the Influence of Landscape Complexity on Simulation

Results

Strong correlations were found among simulation results, landscape information

entropy, and watershed representation complexity. As the number of channels and planes

is reduced the variability in input parameters is also lowered and values trend towards the

regional average. Thus, the most complex representation should contain the greatest

information entropy given that it will capture the greatest amount of detail in the

determination of hydrologic parameters on the various watershed elements. Three

watershed parameters to which KINEROS is highly sensitive, Manning's roughness,

saturated hydraulic conductivity and slope, were investigated. Figure B.9 shows the

information entropy score for these parameters as a function of watershed size and CSA.

Note that the average entropies decreased with increasing CSA and their magnitudes are

associated with watershed size.
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Figure B.9.	 Average relative information entropy scores of selected hydrologic

parameters for the various watershed size groups as a function of CSA. Scores are

relative to the most complex watershed representation (1% CS A).

Strong correlations between information entropy and hydrologic response were

found for each of the watershed size classes (Table B.1). Results are presented for each

watershed size class as a function of rainfall magnitude. As in the previous analyses the

total entropy score for each of the configurations was divided by the score for the most

complex configuration. Pearson correlation analysis was employed to statistically relate

the relative mean and entropy scores of the three parameters to the simulation

components.
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B.4.4.1 Manning's roughness coefficient

Parameter estimation for Manning's roughness coefficient (n) was strongly

affected by the selection of CSA. For example, small patches of bare or urban areas can

have a disproportionately large impact on runoff, but increasing plane size smoothes out

the roughness by reducing the relative importance of patches. Total entropy scores of

Manning's n values decreased steadily to a CSA of approximately 25% (Figure B.9a),

after which changes were negligible.

Relative runoff depth as a function of watershed complexity was found to be very

highly correlated to the relative information entropy for Manning's roughness. Smaller

watersheds (5, 10, 20 km 2) had stronger correlations between for smaller rainfall events,

while large watersheds had weaker correlations for small events that grew stronger with

increasing storm size (Table B.1). An examination of Table B. l shows that the only non-

positive correlation value for the Manning's roughness parameter was the relationship

between the largest rainfall event and smallest watershed.
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Table B.1. Pearson correlation scores for relationships between hydrologic simulation

results for runoff volume as a function of watershed size class and rainfall magnitude,

where Ks, is the average entropy for saturated hydraulic conductivity, ni is the average

entropy for Manning's roughness, and S i is the average entropy for slope.

5y30 5y60

runoff (mm)

I 0y30	 10y60 100y30 100y60

Ks, 0.74 0.81 0.80 0.73 0.77 0.18
E.._

tn
111 0.96 0.85 0.88 0.61 0.67 -0.30

S, 0.94 0.75 0.79 0.46 0.53 -0.46

, Ks, 0.90 0.92 0.94 0.88 0.92 0.66
E

--
c)

n, 0.94 0.96 0.97 0.92 0.96 0.73

- S, 0.94 0.96 0.97 0.91 0.95 0.70

, Ks, 0.66 0.82 0.82 0.83 0.83 0.80
E

.--
c)

n, 0.89 0.96 0.96 0.94 0.95 0.87

" S, 0.89 0.97 0.97 0.96 0.97 0.90

, Ks, 0.41 0.88 0.90 0.94 0.95 0.95
E

--
c)

n, 0.43 0.92 0.94 0.97 0.98 0.98

Lr) 5, 0.46 0.93 0.94 0.97 0.98 0.98

,-, Ks, 0.05 0.68 0.70 0.80 0.91 0.91
E.._
oo

n, 0.33 0.82 0.85 0.92 0.97 0.97

- S, 0.30 0.88 0.90 0.94 0.97 0.97
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Table B.2. Pearson correlation scores for relationships between hydrologic simulation

results for sediment yield as a function of watershed size class and rainfall magnitude,

where Ks, is the average entropy for saturated hydraulic conductivity, n, is the average

entropy for Manning's roughness, and S, is the average entropy for slope.

5y30 5y60

sediment yield (kg/ha)

10y30	 10y60 100y30 100y60

<-, Ks, 0.87 0.55 0.55 -0.66 -0.61 -0.69
E 0.68 -0.04 -0.04 -0.97 -0.96 -0.96

Si 0.62 -0.15 -0.15 -0.98 -0.97 -0.96

ci ,-. Ks, 0.09 -0.73 -0.73 -0.90 -0.91 -0.92

----
o

ni 0.18 -0.67 -0.67 -0.89 -0.88 -0.92

- S, 0.10 -0.75 -0.75 -0.94 -0.93 -0.96

Ks, 0.79 0.86 0.86 0.24 -0.33 -0.58

-':-
c)

ni 0.95 0.91 0.91 0.05 -0.46 -0.69

" S, 0.96 0.90 0.90 0.00 -0.50 -0.73

, Ks, 0.59 0.90 0.90 0.84 0.19 -0.74

.--
o

n, 0.63 0.95 0.95 0.84 0.27 -0.75

S, 0.64 0.95 0.95 0.83 0.19 -0.78

j
oc)

Ks,

n,

0.12

0.20

0.29

0.36

0.29

0.36

0.84

0.93

0.91

0.84

0.91

0.84

- S, 0.19 0.41 0.41 0.92 0.74 0.74

B.4.4.2 Watershed element slope

Average watershed slopes tended to decrease with basin scale. Increasing

watershed size can incorporate the bajadas or piedmont regions of the San Pedro basin.

Many of the small upland watersheds (5 - 10 km 2) were located towards the San Pedro
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divides (Figure B.2). Since watershed steepness increases with proximity to basin

divides, smaller watersheds were more likely to be located in the steeper sections of the

basins. The larger basins often had their headwaters on or near the watershed divides, but

extended farther towards the San Pedro River where average slopes are lower.

Information entropy scores for watershed slope characteristics were relatively

similar for watersheds 50 km 2 and smaller (Figure B.9b). At low CSA values these

watersheds contain a higher range in the slopes of upland model elements. Note that the

information content of the slopes drops rapidly with increasing CSA, and by 30% CSA

the internal variability in slope is mostly lost. The largest watersheds (100 km 2) have

relatively low scores in entropy even at the most complex configuration. This is an

indication that the plane sizes are overly large even at the lowest CSA value and the

topographic variability within the watershed has been smoothed out due to averaging

within the upland elements.

A relatively high penalty is extracted in terms of slope information loss as a

function of CSA. Note that in Figure B.9b the change in slope entropy is fairly steep

beginning at 1% CSA and continues to steadily drop to a minima of approximately 30%

for each of the watershed sizes. Small steep areas affect the estimated upland element

slope values at the lowest CSA values where the watershed in subdivided into numerous

planes and channels, but topographic detail was lost at each step in CSA. Even the
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largest watersheds are affected by the decrease in slope information, even though their

plane sizes are relatively large at small CSAs.

Changes in runoff depth was strongly correlated to the loss in slope information

entropy for all watershed sizes and rainfall events, with only a single case of negative

correlation in runoff; the smallest watersheds with the largest rainfall event (Table B. I).

Sediment yield was not correlated to change in slope entropy for the two smallest

watershed sizes (Table B.2), but strong correlations were present for the 20, 50, and 100

km 2 watersheds for most rainfall events.

Slope characteristics are governing factors in the estimation of surface runoff

timing and velocity, which in turn drive peak discharge rates. Erosion and sediment

discharge are a function of local energy relationships, and slope is a principle determining

factor in the estimation of erosive energy. As the variation in slope was lost due to

geometric simplification, and high slope values were averaged out with increasing plane

size, the simulation of localized runoff, erosion, and sediment transport were simplified

as well. Local characteristics that may be important in the accurate estimation of

hydraulic and transport processes were lost, which result in a strong relationship between

hydrologic response and slope information entropy.
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B.4.4.3 Saturated hydraulic conductivity

The importance of saturated hydraulic conductivity (k s) in the estimation of runoff

was lessened by the high degree of similarity among the basins. STATSGO soils are

overly generalized for estimation of detailed lc, values. Figure B.9c shows that the

information entropy scores for k s are lowest on the smaller basins. This is due to the

large polygons within the STATSGO soil map. A 5 km 2 watershed can fit within a single

STATSGO polygon; thus the range in initial estimates of lc, for the upland planes would

be minimal, affected only by variability in land cover type Recall that AGWA uses an

adjustment factor of canopy cover for estimating k s . This ensured that some level of

variability was present in watershed elements with heterogeneous land cover.

Information entropy of ks represents a cumulative response to the reduction in landscape

complexity associated with both the soils and land cover data. Larger watersheds have a

greater probability of containing a range in soils types and thus a greater range in lc,

values. Since many of the watersheds have their headwaters in the mountains and extend

through piedmont complexes, there is a high degree of similarity in soil type among the

various watersheds in the basin.

Pearson correlations between relative ks and simulation components of runoff and

sediment yield (Tables B.1 and B.2) were of a similar pattern to those shown previously

for Manning's n and slope. Small watersheds subjected to small rainfall events were

highly correlated, while increasing rainfall decreases the correlation scores for runoff
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depth. On the other hand, on the large watersheds the opposite relationship holds true:

increasing rainfall increases the correlation. In the analysis of each of the three

watershed parameters and their relationship to watershed response a distinct pattern

emerged. On smaller watersheds there was a strong correlation between the loss in

information entropy and the corresponding changes in simulated watershed response.

This strong correlation weakened with increased rainfall depth. On larger watersheds this

pattern was reversed and the relationships were weakest for small rainfall events and

increased with increasing storm size.

An interesting feature of Table B.2 is the inversion of correlation as a function of

watershed size and rainfall magnitude for sediment yield. There are negative correlations

for all but the smallest rainfall events on the smallest watersheds (5 km2). As the

watershed size increases, the change in sign occurs with progressively larger storm sizes

until all relationships are positive for the largest watersheds (100 km2). This is an

indication of the dominance of storm size as a function of watershed area. The smaller

watersheds respond strongly to relatively low magnitude events and reduction in the

variability of watershed characteristics resulting from decreasing complexity is

overwhelmed by runoff resulting from the rainfall event (Table B1). Reducing the

variability of hydrologic parameters within larger watersheds retains a greater degree of

relevance to simulation results for larger rainfall events. Given a large enough storm

size, the rainfall will overwhelm the influence of watershed characteristics and
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information entropy for the larger watersheds in much the same way it does so on the

small watersheds shown in Table B. I.

In general, large rainfall events reduced the importance of the complexity of the

watershed representation and information content within the parameter files since runoff

characteristics are driven more by the characteristics and size of the rainfall event than by

the local hydrologic conditions. Small watersheds responded more directly to the

influence of increased rainfall while the larger watersheds retain a complex response even

when subjected to large events. In fact, the larger watersheds develop a more coherent

relationship between geometric complexity and changes in simulation results only when a

relatively high rainfall event was used.

The information entropy of the various watersheds is reduced as a function of

geometric complexity and is a factor in controlling the estimation of runoff and sediment

yield in cases where the rainfall event has not overwhelmed the spatial characteristics of

the watershed. Thus, the correlation between information entropy and runoff response

was highest on small watersheds for small rainfall events, but on larger watersheds the

correlations are highest with high rainfall magnitude.

These results underscore the importance of the relationships among geometric

complexity, watershed scale, and rainfall depth. When large rainfall events were used as

input, the complexity of the watershed representation was relatively unimportant as the
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watershed response is driven primarily by rainfall input and regional characteristics.

Gross simplifications in the representation of the watershed may suffice, with the input

parameters more closely approximating the watershed average than incorporating locally

variable characteristics. For example, a small urban patch within a larger desertscrub

community may play a strong role in the estimation of total runoff volume for smaller

events, but as the rainfall increases in size and intensity, the difference in predicted runoff

between the urban patch and the surrounding region is diminished, and the area can be

treated as a more homogeneous unit. Because KINEROS uses infiltration-excess to

determine excess rainfall for surface runoff, a storm with a high intensity will overwhelm

the spatial variability in the landscape.

B.5 CONCLUSIONS

The Automated Geospatial Watershed Assessment (AGWA) tool, an automated

system for preparing input parameter files for the KINEROS hydrologic model, was used

to configure 60 watersheds ranging in size from 5 km 2 to 100 km2 for 18 different

geometric configurations. The watersheds were each subdivided into upland and channel

model elements as a function of the minimum contributing source area used to define the

upper channel reaches within the watershed. To investigate the impact of altering the

geometric complexity on simulated hydrologic response in the form of runoff depth and

sediment yield, the CSA was altered systematically from 1% of the total watershed area

up to 75%. Each of these configurations was intersected with land cover and soil GIS



1 9 7

data to estimate hydrologic input parameters and separate input parameter files were

created. Design rainfall events with a wide range in frequency and duration were

formulated from historical rainfall data and used to provide input to the model. As the

geometric complexity of the watershed was reduced as a function of increasing CSA,

variability in geospatial data were systematically reduced and the input parameters to the

model significantly changed as a result of the loss of information. Information entropy

was calculated for several of the input parameters to which KINEROS is most sensitive

to investigate the impact of the loss of spatial data on simulation results.

Simulated runoff depth and sediment yield were highly affected by changes in

geometric complexity and the associated loss in information content. Significant

differences in the magnitudes and directions of these changes were found for watersheds

of different size classes. Smaller watersheds were highly responsive to change when

smaller rainfall events were used, but with increased rainfall the direct relationship

between watershed characteristics and hydrologic response was lessened because

hydrologic response was driven primarily by rainfall characteristics. Larger watersheds,

on the other hand, were strongly affected by larger rainfall events, suggesting that

retaining geometric complexity and parameter variability is still important even for very

large events.

As the number of upland and channel elements was decreased, so was the

associated information entropy for the input hydrologic parameters. The relative change



in information entropy for several sensitive parameters was strongly correlated to

commensurate changes in simulated runoff, peak discharge, and sediment yield.

A steep drop in information content occurred on smaller watersheds when the

CSA was altered from one to five percent of the total watershed area. The watershed

representation at these levels is still relatively complex, but increasing the CSA beyond

that level results in grossly oversimplified watershed representation. In this paper the

CSA was increased to a large proportion of the watershed area to illustrate the trend in

watershed response to a regional average. Based on these results, it is recommended that

the minimum functional support area be used for small watersheds when relatively small

rainfall events are provided as input. For larger rainfall events, the complexity was less

important and a larger CSA value was equally acceptable.

An attempt was made to satisfy the research hypothesis that predictive

relationships among watershed characteristics and optimal CSA exist and can be

determined prior to attempting a simulation exercise. Unfortunately, the confounding

influences of watershed size, rainfall magnitude, and watershed variability preclude such

an approach. As shown by Syed (1999) the use of very small CSA values on large areas

is impractical since the number of upland and channel elements expands rapidly and does

not necessarily improve modeling results. Increasing geometric complexity does not

necessarily increase simulation accuracy since model process representation and

parameter estimation are more relevant to model results than the number of planes and
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channels. If a watershed is subjected to a calibration/validation exercise, the geometric

complexity may be treated as an alternate parameter to be adjusted in coordination with

the hydrologic parameters.

This paper focused primarily on the interactions of geometric complexity, rainfall

depth, and landscape variability on hydrologic simulation as a function of watershed

scale. Future research into the behavior of individual watersheds is warranted since the

variability in watershed response within each of the watershed size classes was large.

The AGWA tool is designed to be applied in ungauaged watersheds where calibration is

impossible, and these results illustrate the confounding and compensating effects

associated with changing various parameters. Research into the behavior of the

individual watersheds in response to changing CSA should further refine the estimation

of the level of detail required to adequately simulate runoff and sediment yield in

ungauged watersheds.
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ABSTRACT

Land cover data serves as a primary data source for the estimation of input parameters for

many distributed hydrologic models. Remotely sensed imagery has become a standard

tool for characterizing land cover through the use of a variety of classification techniques.

The Automated Geospatial Watershed Assessment (AGWA) tool is a geographic

information system (GIS)-based suite of programs used to estimate hydrologic

parameters for the physically-based distributed hydrologic model KINEROS (Kinematic

Runoff and Erosion) on a variety of rangeland watersheds. AGWA uses commonly

available topography, soils, and classified remote sensing imagery in the estimation of

model parameters. Land cover data for the San Pedro River basin in Southeast Arizona

has been developed with known classification error A stochastic method is presented

that uses the associated confusion matrix to systematically introduce error into the land

cover data. These errors are propagated in AGWA through the preparation of input files

that result in an alteration of simulation results. The uncertainty in simulation results is

evaluated for fifty watersheds ranging in size from 5 to 100 km2 for two different-sized

rainfall events. Simulation results show that model sensitivity to classification error

varies as inversely a function of watershed scale and rainfall magnitude.
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C.1 INTRODUCTION

Land cover is an important watershed characteristic in that it directly affects

processes governing hydrologic response, specifically evapotranspiration, infiltration,

runoff, and erosion. Thus, almost any physically based hydrologic model uses some form

of land use data or parameters based on these data (Spanner et al., 1990; 1994; Nemani et

al., 1993). Classified remotely sensed imagery has emerged as a standard mapping

product for characterizing the spatial distribution of land cover. Distributed models, in

particular, need specific data on the distribution of land cover within a watershed. If a

hydrologic simulation model is sensitive to land cover, results will be erroneous if land

cover is misclassified. Some level of uncertainty or error will be present in any land

cover map since all geographic data contain some spatial error. For example, Rango et

al. (1983) estimated that up to 33% of a pixel-based classification may be inaccurate, and

many misclassification reports have detailed the spatial error inherent in classified remote

sensing imagery (van Generen and Lock, 1977; Skirvin et al., 2000; Choudry and Morad,

1998; Burrough and McDonnell, 1998; Moody and Woodcock, 1994; Wilkinson, 1996).

Spatial error in hydrologic modeling is propagated through parameter estimation error

and results in model uncertainty. This error can be mitigated with large-scale spatial

averaging (Engman and Gurney, 1991).

This paper presents the results of a study evaluating the uncertainty associated

with hydrologic simulation using a physically-based distributed runoff model using land
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cover data with a known misclassification error. A stochastic methodology is presented

for transforming a remote sensing error matrix into spatially distributed error. This error

is systematically introduced into a classified remote sensing image to produce 100

misclassified land cover maps. An automated modeling tool has been developed that

transforms geographic information system (GIS) data into parameter input files for the

distributed hydrologic model KNEROS (Kinematic Runoff and Erosion; Smith et al.,

1995). Hydrologic simulations were run at a range of spatial scales and rainfall depths to

evaluate the uncertainty associated with introduced spatial error derived from the remote

sensing error matrix.

The accurate depiction of earth surface processes and their responses to land

cover, climate, or managerial change has been the goal of research hydrologists for nearly

a century. Fully integrated watershed assessment tools for support in land management

and hydrologic research are becoming established tools in both basic and applied research

(DHI, 2000; Johnson and Miller, 1997; Julien et al., 1995; Gee et al., 1990; Vieux, 1993;

Moore and Grayson, 1989; Miller et al., 2001; Arnold et al., 1998; Storck et al., 1998). A

distributed hydrologic model serves as the backbone of many of these tools as a method

for investigating the various interactions among climate, topography, vegetation, and soil

as they affect watershed response. Spatially distributed models are by definition data-

intensive, and if these models are to be applied on an operational basis, there is a critical

need for automated procedures to store, access, and prepare data for modeling. In this

project the open-source Automated Geospatial Watershed Assessment (AGWA; Miller et



133

al., 2002; http://www.tucson.ars.ag.gov/agwa) tool was used to prepare parameter input

files for the KlINEROS model.

Relatively recent advances in vegetation classification implementing digital

satellite data have utilized higher spatial, spectral, and radiometric resolution Landsat

Thematic Mapper (TM) data. These studies have shown that the higher information

content of TM data combined with the improvements in image processing power result in

significant improvements in classification accuracy (Congalton et al., 1998). The

accuracy of maps made from remotely sensed data is measured by the location and

classification accuracies (CongaIton and Green, 1999). This project is concerned with

classification accuracy and presumes that the location accuracy is high, and may be

ignored as a potential source of uncertainty in simulation results.

The history of accuracy assessment of remotely sensed data is relatively short,

beginning around 1975. Researchers, notably Hord and Brooner (1976) and van

Genderen and Lock (1977), proposed criteria and techniques for testing map accuracy. In

the early 1980s more in-depth studies were conducted and improved techniques proposed

(Rosenfield et al., 1982; Congalton et al., 1983; and Aronoff, 1985). Finally, from the late

1980s up to the present time, a great deal of work has been conducted on accuracy

assessment. An important contribution is the error matrix, which compares information

from reference sites to information on the map for a number of sample areas. The matrix

serves as the basic unit of reference for the types and distribution of errors in a spatial
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land cover map. This paper present the results of a suite of simulation results that

illustrates the effects of land cover error on simulation results as a function of watershed

scale and rainfall depth.

C.2 METHODS

A schematic of the research methodology is presented in Figure C.1. GIS data

were compiled for the Upper San Pedro River Basin and a Monte Carlo process was

developed to create 100 stochastic land cover surfaces containing misclassification error.

A GIS analysis of the topography within the San Pedro was used to randomly locate 50

watersheds. These watersheds fall within five size classes (5, 10, 20, 50, and 100 km 2),

and 10 watersheds within each size class were selected using a random number generator.

Each of these watersheds was discretized into upland and channel model elements as

required by K1NEROS. These model elements were intersected with the topography,

soil, and land cover data to extract hydrologic model parameters. This process was

repeated 100 times for each of the stochastic land cover surfaces and the parameters

written to a KINEROS input file. Two rainfall files served as input to the model, which

was run for each watershed realization with both hyetographs. Simulation results were

processed to investigate runoff depth, peak discharge, and sediment yield.
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Figure C.1. Flow chart illustrating the procedures used to transform GIS data into

hydrologic parameter files for input to KINEROS. Several loops are shown in which a

given watershed was subjected to repeated processing.

C.2.1 Description Of The Study Area

Located in southeastern Arizona, the San Pedro River flows North from Sonora,

Mexico into Arizona (Figure C.2). With a wide variety of topographic, hydrologic,

cultural, and political characteristics, the basin represents a unique study area for



136

addressing a range of scientific and management issues. The area is a transition zone

between the Chihuahuan and Sonoran deserts and has a highly variable climate with

significant biodiversity. Major vegetation components include desert shrub-steppe,

riparian, grasslands, agriculture, oak and mesquite woodlands, and pine forests. The

basin supports one of the highest number of mammal species in the world and the

riparian corridor provides nesting and migration habitat for over 300 bird species.

Elevation within the basin ranges from 900 to 2900m and is bounded by relatively steep-

fronted mountain ranges. All selected sites for this study were located within the

uppermost 7600 km 2 of the basin, of which approximately 1800 km 2 is in Mexico.
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Figure C.2. Location of the Upper San Pedro River Basin in southeastern Arizona with

the 50 watersheds used in the simulation exercise highlighted in shades of gray according

to their size class. An example of how watersheds are discretized for input to IGNEROS

is inset showing upland watershed elements.

C.2.2 Watershed Parameterization

The core of the hydrologic modeling was performed by the Automated Geospatial

Watershed Assessment (AGWA) tool, a GIS-based suite of programs that transform

spatial data into parameter input files for the KINEROS hydrologic model and display the
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output data from the model runs (Miller et al.. 2002). The USDA-ARS Southwest

Watershed Research Center, in cooperation with the U.S. EPA Offi ce of Research and

Development, developed this tool to simplify the construction of model input files.

Using digital data in combination with the automated functionality of AGWA greatly

reduces the time required to prepare for, use, and interpret results from the KINEROS

model. AGWA, which runs as an extension to ESRI's ArcView GIS software (ESRI,

1998a) requires the user to select an outlet for which it delineates and discretizes the

watershed using a DEM. Resulting watershed and channel elements are then intersected

with soil, land cover, and precipitation data layers to derive the requisite model input

parameters. The model runs outside of AGWA, and the results are imported back into

AGWA for visualization. In the absence of observed gauge data, the tool can only be

used to evaluate relative change and to provide qualitative estimates of runoff and

erosion. KINEROS has been demonstrated to be appropriate for application in semi-arid

regions driven by infiltration-excess overland flow, and AGWA was therefore deemed

appropriate for this application. For this research AGWA was slightly modified to allow

for a very fine level of complexity and to automate the repeated runs required for the

analysis.

C.2.3 Geospatial Data: Topography, Soils, and Land Cover

GIS data were assembled as required by AGWA: USGS digital elevation models

(DEMs_ were used to represent topography; the polygonal soils map layer was formed
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from the USDA-NRCS STATSGO database and; classified North American Landscape

Characterization (NALC) data was used to represent land cover. To reduce errors in

hydrologic routing associated with the assemblage of a seamless DEM from individual

7.5' quadrangles, the terrain data was subjected to a high pass filter and then filled. These

procedures produced a "hydrologically correct" surface model in which all grid cells were

connected to the outlet, but these procedures also had the effect of smoothing the original

data and removing some of the topographic detail. It is acknowledged that the

STATSGO soils database constitutes a crude approximation of the soil types present

within the San Pedro. However, in the absence of either SSURGO data or a customized

soil survey, the STATSGO represents the best available data in this region.

Rainfall data were assembled from long-term records taken on the Walnut Gulch

Experimental Watershed (Osborn et al., 1980), an intensively studied watershed with 89

continuously recording rain gauges that lies within the Upper San Pedro River Basin.

Return-period rainfall events for the 5-year, 60-minute and 10-year, 30-minute events

were formulated based on Osborn et al. (1980). Both these events deliver similar amount

of rainfall (36 and 41mm, respectively), but the shorter duration event produces more

intense rainfall, which is significant when using an infiltration-excess model like

KINEROS.
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Remote imagery for the San Pedro Basin was derived from the Landsat TM earth

observing satellite sensors. These images are georectified and have been corrected for

elevation using a DEM. Images included in this effort had less than 30% cloud cover and

were atmospherically corrected (Lunetta et al., 1998). In order to be comparable to other

land cover data sets in this region, the 30 meter TM data was resampled and mapped at

60 meter resolution. Image classification was first accomplished by unsupervised

classification using the bands 1 (green), 2 (red) and 4 (near infrared) to produce a map

with 60 classes. Each class was then displayed over the false-color image and classes

were assigned into a land cover category. Mixed classes were separated into different

categories using other vegetation maps from a variety of sources and scales, including

1:250,000 scale maps from Mexico's National Institute of Statistics, Geography and

Information (INEGI), U.S. Department of the Interior GAP; topographic maps from

INEGI at a 1:50,000 scale, 1:24,000 scale U.S. Geological Survey data, and maps derived

from field visits. The classified maps were revised, with particular attention to boundaries

by displaying the classes over the satellite image. The resulting digital land cover maps

have 10 classes: Forest, Oak Woodland, Mesquite Woodland, Grassland, Desertscrub,

Riparian, Agriculture, Urban, Water, and Barren.

A detailed accuracy assessment of the land cover map was completed by Skirvin

et al. (2000). In their approach, airborne videography was used to isolate a random

sample of 527 points stratified by map class. An error matrix was assembled following

Congalton (1991), and Cohen's Kappa and Kendall's Tau-b statistics used to quantify the



141

producer's, user's and overall classification accuracies (Table C.1). Comparisons

between observed and classified land cover types produce an overall accuracy score of

71.73%. The Kendall's Tau-B score was 0.741 with a standard error of 0.024, and the

Cohen's Kappa score is 0.646 with a standard error of 0.024. Errors of omission and

commission (Congalton et al., 1983) are presented in Table C.1.
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Table C.1. Error matrix detailing results of the airborne video-based accuracy assessment

of the 1997 NALC land cover map (Skirvin et al., 2000). Percentages of the grand total

of observed classes are shown in italics below the number observed. The user's accuracy

is highlighted in bold and is the total number correct for each class. Associations

between land cover class numbers and type are detailed in Table C.2.

Reference (Video Frame Data) Grand
Total1 2 3 4 5 6 7 8 10

1
20

83.5
4

16.7
0 0 0 0 0 0 0

24

2
2

3.6
50

90.9
0 3

5.5
0 0 0 0 0 55

Q

3
0 1

1.8
27

48.2
13

23.2
12

21.4
2

3.6
0 1

1.8
0

56

4
0 8

5.0
16

10.1
113
71.1

21
13.2

0 0 1
0.6

0 159v,
c-t

.-0 5 0 4 4 12 115 0 0 2 0
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This study focused on the impact of errors of omission, which measure between-

class discrimination. These errors occur when a pixel is misidentified as other class(es).
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These errors are highlighted in Table C.1 and were used since they directly affect the

estimation of hydrologic parameters within a given plane. Errors of commission, wherein

a pixel is incorrectly classified as belonging to the target class, may compensate for errors

of omission in the total producer's accuracy. However, they do not improve the user's

accuracy, which is affected by the accuracy of individual pixels and is most important for

the overall accuracy of parameter estimation

Land cover data serve as a primary source for estimating various hydrologic

parameters in AGWA. The NALC classified land cover types and associated parameters

are presented in Table C.2. KENEROS requires 19 parameters for upland watershed

elements; the majority of which are derived primarily from soil and topographic data;

those that are affected by land cover are shown in Table C.2. A sensitivity analysis of

KliNEROS was run using the AGWA tool, and it was shown that KINEROS is highly

sensitive to surface roughness (Manning's n), saturated hydraulic conductivity (K,), and

percent canopy cover, and moderately sensitive to interception depth for small rainfall

events. Each of these parameters is either determined expressly from or moderated by

land cover. Manning's roughness and percent canopy cover are strictly a function of land

cover classification, while an initial estimate of Ks is extracted from the soil data layer

and altered following Stone et al. (1992) as:

• e
(o.0015.c,)	 (C.1)
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where K, is the initial estimate of Ks (mm/hr) from STATSGO soils, and Cc is canopy

cover expressed in percent. AGWA uses a series of look-up tables to reproduce the

associations shown in Table C.2. These associations were developed from calibration

exercises within the USDA-ARS Walnut Gulch Experimental Watershed, located in the

San Pedro Basin, and a survey of published reports.

Table C.2. Land cover classes in the Upper San Pedro Basin as defined in the classified

NALC land cover scene. Upland KINEROS parameters associated with the land cover

classes as estimated by AGWA are also presented.

Class Value Land Cover Type Interception (mm/hr) Canopy (%) Manning's n
1 Forest 1.15 30 0.070
2 Oak Woodland 1.15 20 0.040
3 Mesquite Woodland 1.15 20 0.040
4 Grassland 2.0 25 0.050
5 Desertscrub 3.0 10 0.055
6 Riparian 1.15 70 0.060
7 Agriculture 0.75 50 0.040
8 Urban 0.0 0.0 0.010
9 Water 0.0 0.0 0.0
10 Barren / Clouds 0.0 0.0 0.035

C.2.4 Unit-Area Land Cover Modeling

To illustrate the local impact of misclassification, a simplified K1NEROS input

file was prepared in which 9 upland elements were parameterized according to the

landscape characteristics estimated for each of the land cover classes in Table C.2 except

water. A unit-area plane with the same dimensions as the NALC GIS data (60 m 2) was
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input to KNEROS. Soil parameters were estimated for a sandy loam, the dominant soil

type within the San Pedro. The plane slope was set to 4.6%, and rainfall data for a storm

with a 30 minute duration and 15.7 mm depth served as the input data. Simulated runoff,

peak discharge, and sediment yield for each land cover class using the generic unit area

plane were compared to demonstrate the relative impact of the type of misclassification

error among the various land cover classes.

This analysis defines the relative importance of misclassification errors found in

Table C.1 and demonstrates the relative influence of classification error (Tables C.3-C.5).

In tables C.3, C.4, and C.5 the changes in simulated values are presented in percent

relative to the initial value and show that the type of error had a strong effect on

simulated watershed response. For example, there is no distinction made between the

oak and mesquite woodland cover types (classes 2 and 3, respectively), but if a

desertscrub pixel (class 5) is misclassified as mesquite woodland, simulated runoff

increases by 39%, peak discharge by 23%, and sediment yield by 57%. In all cases the

greatest error hydrologically would be to misclassify a vegetated pixel as urban (class 8)

or vice-versa. However, because urban areas are highly distinctive, the probability of

these errors was relatively low, thereby limiting the potential for greatly over- or

underestimating runoff response. As shown in Table C.1, no urban pixels were identified

as being incorrectly classified by Skirvin et al. (2000), although several different

vegetation classes contained pixels that should have been classified as urban. Significant

changes in simulated response are present throughout these results, which demonstrate
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the sensitivity of KINEROS to hydrologic parameters estimated by AGWA, and driven

by land cover.

Table C.3. Percent change in total runoff volume (m 3 ) resulting from misclassification of

a 60m resolution grid cell. Land cover classes in the vertical column are systematically

changed to those in the horizontal direction, with the resulting impact on hydrologic

response shown. Negative values indicate a decrease in simulated runoff.

misclassified land cover class

2	 3	 4	 5	 6	 7	 8	 10

/	 0	 98	 98	 38	 43	 -42	 76	 343	 248
2	 -49	 0	 0	 -30	 -28	 -71	 -11	 124	 76,AcAal	 3	 -49	 0	 0	 -30	 -28	 -71	 -11	 124	 76

7.7è
6 4	 -28	 43	 43	 0	 3	 -58	 27	 220	 152
<I.)

5	 -30	 39	 39	 -3	 0	 -59	 23	 210	 144oc..4	 6	 73	 242	 242	 139	 147	 0	 203	 664	 501-tz
cl	 7	 -43	 13	 13	 -21	 -19	 -67	 0	 152	 98

8	 -77	 -55	 -55	 -69	 -68	 -68	 -60	 0	 -21
10 -71	 -43	 -43	 -60	 -59	 -83	 -50	 27	 0
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Table C.4. Percent change in peak runoff (mm/hr) resulting from misclassification of a

60m resolution grid cell. Land cover classes in the vertical column are systematically

changed to those in the horizontal direction, with the resulting impact on hydrologic

response shown. Negative values indicate a decrease in simulated peak discharge.

misclassified land cover class
1 2 3 4 5 6 7 8 10

0 74 74 36 42 -31 64 224 143
-42 0 0 -22 -18 -60 -5 86 40
-42 0 0 -22 -18 -60 -5 86 40
-27 27 27 0 4 -49 21 138 78
-29 23 23 -4 0 -51 16 129 71
45 151 151 97 105 0 137 368 251
-39 6 6 -17 -14 -58 0 97 48
-69 -46 -46 -58 -56 -56 -49 0 -25
-59 -28 -28 -44 -42 -71 -32 33 0
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Table C.5. Percent change in sediment discharge (kg) resulting from misclassification of

a 60m resolution arid cell. Land cover classes in the vertical column are systematically

changed to those in the horizontal direction, with the resulting impact on hydrologic

response shown. Negative values indicate a decrease in simulated sediment discharge.

misclassified land cover class
2 3 4 5 6 7 8 10

/ 0 157 157 61 63 -47 129 880 407
2 -61 0 0 -37 -36 -79 -11 282 98

3 -61 0 0 -37 -36 -79 -11 282 98
4 -38 59 59 0 1 -67 42 508 215

5 -39 57 57 -1 0 -67 40 501 211
6 88 383 383 203 207 0 330 1745 854
7 -56 12 12 -30 -29 -77 0 329 122

8 -90 -74 -74 -84 -83 -83 -77 0 -48
10 -80 -49 -49 -68 -68 -90 -55 93 0

C.2.5 Error Simulation Model For Land Cover Data

A program was written in Arc macro Language (ESRI, 1998b) to systematically

introduce the errors illustrated in Table C.1 into the 1997 classified NALC scene to

produce 100 realizations of altered land cover data. A Monte Carlo approach was

developed for this project wherein random number grids were used to locate the pixels

subject to re-classification. For example, according to Table C.I, 17% of the pixels

classified as value 2 (oak woodlands) should have been classified as value 1 (forest),

while 3.6% of the forest pixels should have been classified as oak woodlands. These

statistics were used to partition the random number map, which was intersected with the
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land cover map to isolate and change pixels from one class to another. A different

random grid was generated for each realization.

An overview of the Monte Carlo technique is presented as Figure C.3. To begin,

each of the 10 land cover types in the classified NALC imagery is extracted into a single-

class map. These data serve as the basis for creating a synthetic land cover map. Ten

spatially distributed random number maps covering the entire basin are created and

intersected with the class maps. Individual pixels within the single-class maps are

transformed into different land cover classes following the errors of omission in Table

C.1. The resultant 10 maps are rejoined to create a land cover map of the entire basin.

Spatial statistics are extracted, and the map is accepted or rejected based on the global

statistics regarding the number of cells within each land cover class. This is a key feature

of the Monte Carlo approach since each of the land cover realizations must be statistically

similar to one another. In the change matrix, confounding and compounding errors are

present, and the order of operations alters the potential land cover realization. Each of

the realizations was tested to make sure that the number of pixels within each class was

within 1% of the observed values reported by Skirvin et al. (2000). Each of the 100

realizations therefore retained the same distribution of land cover data with minor

variation in the total number of pixels in each class, but the locations of the pixels was

highly variable among the maps.
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Figure C.3. Overview of the methodology for creating reclassified land cover maps

according to a remote sensing error matrix.

C.2.6 Hydrologic Modeling: Watershed Discretization and Characterization

Each of the 50 watershed outlet points was used as input to the AGWA tool,

which determined the watershed area and then subdivided into upland and channel planes

as required by KINEROS. AGWA uses a flow accumulation map derived from a DEM

to determine the location and extent of stream channels within the basin, and allows for

the contributing source area that defines the uppermost headwaters to be adjusted. As the

source area is reduced the number of channels and plane elements is increased and
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watershed representation complexity is increased. In this study the source area was fixed

at l % of the watershed area. One implication of this approach is that as the watershed

size increases, the source area also increases; while the number of watershed elements

remains relatively constant, the average plane size increases and spatial averaging and

smoothing reduce the influence of spatial variation in land cover and soils. In this

research watersheds were subdivided at the same percent contributing source area to try

and maintain a consistent ratio of watershed channel and plane elements among all

watersheds. Since channels represent significant runoff and sediment sinks as modeled

by AGWA, this approach also serves to maintain a more consistent ratio of transmission

losses across scale.

Automated watershed parameterization in AGWA takes place on the subdivided

watershed, which is intersected with the land cover, soils, and topographic data layers.

Algorithms and look-up tables are used to estimate the suite of KINEROS hydrologic

parameters for each upland element. In this approach all channels are assumed to be

sandy alluvial washes and are assigned identical parameter sets. Channel width and

cross-section area are estimated following research by Miller et al. (1996) who found

strong correlations among channel morphologic properties and watershed characteristics

in southeastern Arizona watersheds. The majority of watershed elements are not

homogenous in soil and cover characteristics; in these cases the parameters are area-

weighted and the derivative value is used in the final estimation. Thus, large planes tend
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to approximate the regional characteristics, while very small planes may be more

homogenous and capture a greater portion of the underlying landscape variability.

C.2.7 Rainfall Input Files

Two different rainfall events were used to provide input to the model: a 36 mm 5-

year, 30-minute duration event was used in addition to a 41 mm 10-year, 30-minute

storm. These design storms were extracted from long-term rainfall records on the Walnut

Gulch Experimental Watershed. In the absence of recording gauges, rainfall was

distributed uniformly across the watersheds. It has been demonstrated that a strong area-

reduction adjustment is appropriate when applying design storms across different

watershed scales (Zehr and Myers, 1984). However, in this study rainfall was not area-

reduced. Hydrologic parameter estimation becomes less important with increasing

rainfall as hydrologic response is driven primarily by rainfall input. Applying an area-

reduction on larger watersheds would artificially inflate the relative effects of

misclassification error on larger watersheds that are subjected to smaller rainfall

magnitudes. Since the primary purpose of this paper was to evaluate the impact of

misclassification as a function of watershed scale, rainfall was kept constant across scales

to avoid the confounding influence of rainfall variability.

The 100 land cover maps produced by systematically introducing error into the

NALC classified data were provided as input to a modified research version of AGWA,

which generated 100 parameter files for each of the 50 watersheds. KINEROS was run
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on these 5,000 parameter files using the two rainfall hyetographs to produce a total of

10,000 output files. Output data from KINEROS was post-processed to extract simulated

values for peak rate, sediment yield, and total runoff volume at the various watershed

outlets.

C.2.8 The Kinematic Runoff and Erosion Model

KINEROS, an acronym for the Kinematic Runoff and Erosion Model (Smith et

al., 1995) is a physically-based, event-oriented, distributed hydrologic model.

Infiltration-excess overland flow processes are used to compute excess rainfall for

surface runoff. A watershed is represented as a series of planes and channels in cascade,

on which the processes of infiltration, interception, retention, erosion, sediment

detachment, transport and deposition are all explicitly accounted. Partial differential

equations are used to describe these processes and are solved by finite difference

techniques. Runoff is routed using the kinematic wave equations for overland and

channel flow as:

ah a a • h"'
	  = r (t)— f (x,t)

at	 ax

aA Q(A) = q i (t)—	 (x,t)
at	 ax

(C.2)

(C.3)
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where h is mean overland flow depth, t is time, x is distance along the element, ct is

solved as 1.49 S 112/n when using the Manning equation, in which case S is slope, n is

Manning's roughness coefficient, m is 5/3, r(t) is rainfall rate at time t, f (x, t) is

infiltration rate, A is channel cross-sectional area of flow, Q(A) is channel discharge as a

function of area, qi(t) is net lateral inflow per unit length of channel and L, (x, t) is net

channel infiltration per unit length of channel. These equations, and those for erosion and

sediment transport, are solved using a four-point implicit finite difference method (Smith

et al., 1995).

Calibration of KINEROS on each of the 50 watersheds was not possible due to

the lack of runoff gauges. Prior research on the heavily instrumented Walnut Gulch

Experimental Watershed was used to provide estimates of model parameters as a function

of topographic, soil, and land cover characteristics. Walnut Gulch is encompassed by the

larger San Pedro basin and is presumed to be representative of upland watersheds within

the San Pedro. These prior studies (Goodrich, 1991; Syed, 1999), were able to calibrate

KINEROS to very high efficiencies depending on scale. Calibration correlations ranged

from 0.98 at the sub-hectare scale to 0.86 at the small watershed scale (60 km2). Syed

(1999) found that it was difficult to effectively calibrate KINEROS on larger watersheds

(> 100 km 2) due to low rainfall-runoff ratios at those scales. With increasing watershed

size channel transmission losses reduce the effective discharge per unit area, and

calibration becomes increasingly difficult, especially for smaller rainfall event. The 100
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km 2 watersheds used in this study represent the largest watersheds suitable for modeling

with KINEROS in the absence of detailed calibration and validation data.

C.3 RESULTS AND DISCUSSION

C.3.1 Watershed-Scale Modeling and Land Cover Uncertainty

Results from the Monte Carlo exercise using 100 land cover maps reclassified

according to the error matrix of Table C.1 show that the impact of such error on

hydrologic simulation is relatively mild at the watershed scale. Watershed simulations

were run using two events, one of short duration and high intensity, and the other of

longer duration but lower intensity to investigate the impact of rainfall on model

sensitivity. Rainfall characteristics were found to strongly mitigate the uncertainty

associated with simulated runoff and sediment yield. Furthermore, there is an inverse

relationship between watershed size and uncertainty for a given rainfall event.

In this analysis each of the 50 watersheds were parameterized by AGWA using

the 100 land cover maps to provide a statistical basis for evaluating the results. The

number of realizations was pre-determined, which is recognized as a limitation in the

Monte Carlo approach. To ensure that the distribution of simulation results was stable, a

key criteria for evaluating uncertainty, the distributions of results for 10 watersheds were

evaluated. In this test, the mean and standard deviations for sub-samples of the results
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containing 10, 25, 50, and 75 cases were compared against the full set of 100. The total

number of pixels for each class within a reclassified map were required to be within I %

of the expected value as determined from the error matrix. Over 300 runs were required

to produce 100 realizations of misclassified land cover satisfying these criteria.

Simulation results were evaluated on runoff volume, peak discharge, and

sediment yield. Given that runoff volume increases with watershed area and that a highly

variable response to standardized rainfall was observed, results were normalized

according to the mean value of runoff, peak discharge, and sediment yield. Both the

range and 95% confidence interval were normalized for each watershed size class by

dividing the range in responses for a given watershed by the mean watershed response.

The normalized range for each watershed was determined as:

r n Max(h)— Min(h)
loo

i=1

(C.4)

100

where e is the normalized range, h is the runoff depth for each of 100 simulation runs.

The normalized confidence interval for each watershed was determined using:



CI" =

1.96 	

100	 /100	 2

n1h 2 —
i=1	 ) 

n(n-1)

100
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(C.5)

i=1 

100

where cr is the normalized confidence interval, and h is the runoff depth for each of the

100 simulation runs for a given watershed. Similar formulas were used to derive the

normalized range and confidence interval for peak discharge and sediment yield.

Statistics for the minimum, average, and maximum normalized range and standard

deviation were derived by combining the results from the 10 watersheds within a given

size class. The minimum and maximum values represent the smallest and largest values

of the range for each of the 10 watersheds. These values were calculated using the

following equations:

10

fl

/1= 1	 . rmax = max(r"); rmin = min(r")	 (C.6)
10 

where 1 g is the average normalized range; rm"ax is the maximum normalized range, and

is the minimum normalized range for a given watershed size class.
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Table C.6. Normalized KINEROS simulation results for runoff volume (m 3 ), and

sediment yield (kg/ha) as a function of watershed size and rainfall depth where ranyg =

average normalized range, i = minimum normalized range, r:i;ax= maximum

non ialized range, CIL7, g = average normalized 95% confidence interval, CI L,

minimum normalized 95% confidence interval, and Um'? ax = maximum normalized 95%

confidence interval. Normalized values are expressed as percent of the mean value for the

respective simulation component.

36 mm rainfall
	

41 mm rainfall
5km2 10 km 20 km 50 km 100 km 5 km 10 km 20 km 50 km2 100 km

(mn,ixectin05) 0.406 0.782 1.02 2.17 2.38 1.30 2.28 4.09 9.66 17.2

rc;;,g 1.23 0.793 1.22 1.36 5.17 0.46 0.28 0.34 0.36 0.51

0E r"min 0.538 0.489 0.660 0.832 0.970 0.21 0.19 0.24 0.19 0.19

o> 'M ax 1 78' 1 ' 43 3.88 2.57 25.49 0.67 0.47 0.77 0.51 0.91

Itlo=
CI"avg 0 043. 0.028 0.044 0.048 0.272 0.02 0.01 0.01 0.01 0.02

'.' CIL 0.023 0.017 0.028 0.033 0.037 0.01 0.01 0.01 0.01 0.01

C/,/, ax 0.074 0.048 0.156 0.109 1.70 0.03 0.01 0.03 0.02 0.03

mean (tons) 3.37 6.59 3.44 2.45 0.716 80.3 22.5 15.7 12.5 6.04

ra
u
vg 13.9 4.67 2.21 3.01 11.5 11.8 11.9 12.0 11.6 29.0 

0 , min 0 .5690 569 0.365 1.000 1.64 2.11 0.61 0.13 1.16 1.39 7.73

4E max  102 28.1 3.23 5.04 49.7 24.1 38.7 40.4 27.1 101

rcs
c ì,D) Cr,;,

0.552

0.022

0.177

0.016

0.082

0.044

0.098

0.065

0.613

0.074

0.49

0.03

0.48

0.01

0.58

0.17

0.47

0.06

1.26

0.33

C/L, 4.51 1.19 0.144 0.146 3.69 1.18 2.11 2.08 1.19 5.59
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The sensitivity of simulation results is directly related to the analysis scale. Both

the relative range and the 95% confidence interval are significantly extended as the

watershed class size is increased for all three simulation components. Runoff is the least

sensitive component, and sediment yield the most sensitive. Furthermore, in all cases the

range and confidence interval are dampened with increased rainfall.

C.3.2 Runoff volume, peak discharge, and sediment yield

The average confidence interval for runoff volume is consistently low and

approaches 1% of the mean value for only the largest of the watershed. This central

tendency is clearly present in the range of simulated values. The spread in watershed

response among the 10 watersheds within each size class widens with each increase in

watershed area, indicating that a greater variety in watershed characteristics and response

is captured at the larger scales. The maximum normalized range represents the watershed

response within one of the 10 watersheds in a size class that differed most significantly

from the global statistics for that size class. A wide spread in the range is an indication

that the overall watershed response for watersheds in that class was highly variable. The

smaller watersheds, therefore, present a more uniform response than do their larger

counterparts.

Even in those cases where a wide range in watershed response was observed, the

confidence interval remained relatively small. Note that, for instance, while the range of

runoff volume exceeds 25% of the mean for the largest watersheds, the confidence



160

interval is still very small. This is an indication that the distribution associated with the

100 simulations is still tightly constrained around the mean, even though there may be

some significant outliers. However, these results indicate that the introduction of

misclassified data can have significant impacts on the prediction of runoff. On the other

hand, the normalized minimum range and confidence interval are representative of results

in which the watershed in question was insensitive to introduced spatial error. In those

cases where the normalized range or confidence interval are within 1% of the mean, there

is effectively no distinction among all the simulation realizations for a given watershed.

Peak discharge results show an increased sensitivity to introduced error, and these

errors once again are associated with increased watershed scale. Not only do the

normalized mean values increase, so too do the maximum range and confidence interval,

indicating that larger watersheds may be more susceptible to change and display a wider

range in response. The same pattern is true for sediment yield. In this case, however,

even the smallest watersheds may display a relatively wide distribution of results. In all

cases the average normalized mean is greater than 37% of the mean value and the

confidence intervals are considerably larger than those of runoff volume and peak

discharge. These trends are consistent with the pixel-scale analysis discussed earlier.

Land cover change or misclassification has a significantly greater impact on the

simulation of sediment yield and peak flow than on runoff volume. These results have

negative implications for water quality modeling since they demonstrate that common

spatial errors can greatly affect results.



C.3.3 Impact of Rainfall Input

It is a truism that watersheds can be managed for the smaller events, but that large

rainfall-runoff events are driven by precipitation characteristics. This generalization is

supported by the simulation results presented in Table C.6. In each case, the range and

confidence interval are narrowed with increased rainfall intensity and magnitude. The

variability in simulation results was negligible for runoff volume and peak discharge

across the range of watershed scales when the larger, more intense storm was used.

While a strong association between watershed scale and the variability in simulation

results is evident for the smaller rainfall event (36 mm), no such clear trends are apparent

when the larger depth is input to the model (41 mm). The largest range in simulated

values for the larger rainfall occur for sediment yield on the largest watersheds, yet these

values are equivalent to the lowest levels measured with the smaller rainfall event.

C.4 DISCUSSION OF RESULTS

Since KlINEROS is an infiltration-excess overland flow model, runoff depth will

be strongly affected by saturated hydraulic conductivity (Ks) and rainfall intensity. In

AGWA, land cover modifies the estimated value of Ks using a direct relationship to

canopy cover. Errors in classification that tend to increase the estimated canopy cover,

such as from desertscrub to agriculture (Tables C.3-C.5) will result in slightly elevated

values of Ks given the same soil, thus resulting in decreased runoff. Increases to the

161
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Manning's roughness are generally associated with increasing vegetative density and

canopy cover, which further increases the opportunity for infiltration and decreases

overland flow and runoff volume. Interception depth will play a more significant role for

small rainfall events where the relatively minor retention depth may alter the predicted

hydrograph. As rainfall depth increases, the influence of estimated interception will

decline. Peak discharge is affected primarily by runoff volume and surface roughness.

Altering Manning's n through land cover classification will therefore change the

magnitude and timing of runoff. Note that those land cover transformations where the

change in roughness was highest also experienced the greatest changes in peak discharge

(Table C.5) . Erosion and sediment transport is primarily driven by raindrop impact and

shear stresses generated by runoff velocity. Transport capacity is controlled by runoff

volume. Thus, sediment yield is determined by factors affecting both runoff rate and

volume and is considerably more sensitive to uncertainty in the land cover data than

either runoff volume or discharge.

These results underscore the important role played by the hidden assumptions and

look-up tables embedded in AGWA. Since parameter estimation is automated based on

available GIS data, results are essentially driven by the choice of reference data and land

cover-soil associations. Look-up tables for KINEROS were derived from a combination

of calibration/validation on the Walnut Gulch Experimental Watershed, expert opinion,

and reference data from available scientific literature. While the calibration results were

promising, the range of soil and land cover data found on Walnut Gulch are relatively
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limited, and the extension of this knowledge onto watersheds with variable soils and land

cover is suspect in terms of the predictive capability of the model. However, for the

purposes of comparison and investigation into the impacts of landscape transition or

misclassification, it is more important that the procedures for estimating parameters be

consistent and indicate the correct direction and magnitude of change. Hernandez et al.

(2000) demonstrated the efficacy of modeling land cover change using an automated

modeling system based on look-up tables. In their approach observed land cover data on

a semi-arid watershed was systematically converted to homogeneous cover and the

relative change in hydrologic response reported as a function of the type of rainfall. As

noted by Hernandez et al. (2000) the approach of using look-up tables based on historical

information provided the correct trend in hydrologic response, but the accuracy of

modeling in the absence of calibration was indeterminate.

Since the San Pedro is predominately a desertscrub — grasslands community with

abundant mesquite woodlands, it would be expected that the greatest number of

misclassified pixels would fall in those categories. As shown in Table C.1, there is also a

high percent error among the most dominant land cover types. Taken together, these

observations indicate that the majority of errors will be among land cover types that

behave relatively similar to one another in a simulation environment (Tables C.3-C.5).

Given that the locations of the outlets of 10 watersheds within each size class

were randomly generated, they contained a wide variety of land cover and topographic
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distributions from throughout the basin. A general trend is present in the watershed

locations, however. Smaller watersheds tend to be located near the headwaters, which

are most often in more densely vegetated hilly or mountainous terrain in the San Pedro.

Thus, smaller watersheds tend to be steeper and often occur on shallow, gravelly soils.

Land cover characteristics are also clustered within the basin: virtually no agricultural

classes were included in this analysis, for example, because agriculture occurs only on

the valley floor, and watersheds of the scale included in the analysis do not extend fully

down the valley. Larger watersheds also include headwater regions, but they extend

farther down the mountain fronts and incorporate some of the pediment and bajada

characteristics of the lower valley. Thus, a landscape and land cover bias exists in the

watershed scale analysis; the larger watersheds are more likely to be representative of the

regional characteristics than smaller watersheds that may contain relatively anomalous

land cover and soil characteristics.

Large watersheds are more likely to contain a greater range in watershed

characteristics simply due to the fact that they cover a larger area. Each of the model

elements will be relatively large, and AGWA uses a spatial weighting scheme to estimate

the parameter sets needed for KI_NEROS. This averaging method smoothes out

variability in data, but clearly does not entirely erase the inherent sensitivity of the model

to land cover change expressed in Tables C.3-C.5. Larger watersheds appear to be

accumulating a greater degree of error and uncertainty in the estimation of model

parameters due to the increased number of misclassified pixels within their boundaries.
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It may be concluded from these results that AGWA-based KINEROS modeling is

insensitive to land cover uncertainty for moderate- to large rainfall events. However, the

corollary argument is also true: uncertainty in land cover classification leads to

simulation uncertainty for runoff, peak discharge, and sediment yield for all scales of

watersheds when less intense rainfall events are used to drive the model, with the greatest

degree of uncertainty associated with large watersheds.

C.5 SUMMARY AND CONCLUSIONS

Land cover misclassification found in the North American Landscape

Characterization land cover data for the San Pedro basin affects the simulation of

hydrologic response at the watershed scale. The effects are most profound on larger

watersheds and when smaller rainfall input is used. A Monte Carlo approach was used to

generate 100 realizations of land cover maps in which error was introduced to the 1997

land cover data following work performed by Skirvin et al. (2000). These land cover

maps served as input to the Automated Geospatial Watershed Assessment software

package that created input files to the hydrologic model KINEROS using topographic and

soil data in addition to the synthesized land cover maps. A unit-area model using

KINEROS demonstrated the relative sensitivity of the AGWA modeling approach to land

cover misclassification. A watershed-scale assessment was performed in which five

watershed size classes with 10 watersheds in each were modeled in AGWA using two
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rainfall input files to reveal the influence of watershed scale and rainfall magnitude on

model uncertainty.

Misclassification of land cover has a direct effect on the estimation of

interception, surface roughness, and infiltration capacity, all of which directly affect

erosion, overland flow, watershed and channel routing, and sediment transport. Sediment

yield was found to be the most sensitive to land cover uncertainty. Peak discharge was

less sensitive, but a wide range in model results was still present. Runoff volume was

relatively insensitive, especially at the small watershed scale.

Automated watershed modeling approaches that rely on available GIS data, such

as AGWA, should account for the uncertainty in modeling results that result from spatial

errors inherent in the base data sets. In this case, the land cover data serve as a primary

source for model parameters through a series of look-up tables, and uncertainty is

propagated through the model as a function of spatial averaging and the probability of the

occurrence of error within the watershed boundary. Distributed watershed modeling in

ungauged watersheds does not allow for the calibration or validation of simulation

results. In such instances, the uncertainty of results can not be constrained through

parameter determination, and results should be presented in conjunction with uncertainty

estimates are presented in this study.
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