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Abstract: In many watersheds located in southern California, efforts are being focused on urban runoff because of its adverse impact on
receiving water quality. The Sweetwater River watershed is a good example, where the drainage area is rapidly urbanizing and deterio-
rating reservoir water quality. Contaminated storm water is captured and diverted but as urbanization increases, additional runoff will be
generated which will overload the existing infrastructure. To better manage the diversion systems and minimize future construction,
storm-water volumes and pollutant loadings need to be estimated. Due to the lack of real-time storm-water runoff monitoring data,
pollutant loadings must be estimated from land use information. We used satellite imagery to estimate selected storm-water pollutant loads
and compared the results to predictions using land use information from public records. Satellite imagery was useful in estimating
storm-water pollutant loads and identifying high loading areas. Satellite imagery with appropriate classification is a promising tool for
watershed management and for prioritizing best management practices.
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Introduction

The Sweetwater River watershed in southern California is a rap-
idly urbanizing watershed facing many challenges. The drainage
basins to Sweetwater Reservoir, an important potable water
source, are experiencing urban growth. Because urban runoff de-
grades the water quality, current management efforts focus on
storm-water runoff. For effective storm-water treatment, it is im-
portant to capture the first flush runoff because the first flush
runoff delivers most of the contaminants to the reservoir during
the beginning of a storm event �Geiger 1987; Thornton and Saul
1987; Lau et al. 2002�. In order to divert the first flush runoff and
to protect the reservoir, urban runoff diversion systems �URDS�
were constructed immediately adjacent to the reservoir �Sweetwa-
ter Authority �http://www.sweetwater.org��. Monitoring and mod-
eling storm-water pollution is important for proper designing and
managing of the diverted systems. However, it is difficult to ob-
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tain site and event specific data throughout the drainage basins or
watershed �Duncan 1995; Vaze and Chiew 2003�. Many research-
ers have suggested different monitoring and modeling methods to
estimate storm-water pollution �Vaze and Chiew 2003�. Utilizing
land use and rainfall data are an alternative approach �Stenstrom
et al. 1984; Wong et al. 1997; Chiew and McMahon 1999;
Ackerman and Schiff 2003�.

However, land use data may not be available or affordable in
many areas. In addition, acquiring land use information can be
time consuming and labor intensive. Recently, several researchers
developed urban land use and land cover classification from sat-
ellite imagery, i.e., LANDSAT series imagery using several dif-
ferent approaches �Ridd and Liu 1998; Stefanov et al. 2001; Pal
and Mather 2003; Park and Stenstrom 2006a,b�, because satellite
imagery provides inexpensive and archived information of the
entire earth. Recent developments of high resolution satellite im-
agery, i.e., IKONOS �1 m for panchromatic and 4 m for multi-
spectral� and QUICKBIRD �0.6 m for panchromatic and 2.4 m
for multispectral�, provides more detailed urban information, al-
though these data are still expensive in comparison to LANDSAT
imagery.

This research estimated storm-water pollutant loading to the
Sweetwater Reservoir using land use classified from satellite
imagery. Bayesian networks were used for satellite image classi-
fication, which are excellent prediction and diagnosis tools in ar-
tificial intelligence �Charniak 1991; Russell and Norvig 1995�.
The land use and pollutant loading results were compared to the
corresponding results obtained from land use information from
public records. The goal of this research was to estimate annual
mass pollutant loading to the reservoir and to identify the main
area of high pollutant loading. The approach will assist in effec-
tively designing and managing the URDS to protect the Sweet-

water Reservoir.
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Methods and Materials

Study Area

The Sweetwater Reservoir is located 9 miles southeast of San
Diego and is the primary drinking water source in the Sweetwater
River watershed. The reservoir supplies its water to nearby cities,
such as Chula Vista, National City, and Bonita, Calif. �Sweetwa-
ter Authority�. In order to protect the reservoir from storm-water
runoff pollution, URDSs were constructed in 1991. Six diversion
ponds were constructed to capture the first flush runoff from the
adjacent drainage basins. Fig. 1 shows the six drainage basins
adjacent to the reservoir. The six basins compose our study area,
which are the most developed areas in the watershed and under-
going rapid urbanization. The area is 12 km2 corresponding to 2%
of the entire Sweetwater River watershed. Hansen’s Creek drain-
age basin is 7.6 km2 and is the largest, which is 64% of the study
area, followed by Alacena Court drainage basin with an area of
2.1 km2 or 17% of the study area.

Data

The land use information from public records of the study area
was obtained from San Diego’s Regional Planning Agency
�SANDAG 2000�. The data were developed from color infrared
satellite images, black and white digital orthophotography, the
SanGIS landbase, the County Assessor Master Property Records
file, and other ancillary information. The land use data were up-
dated from information collected in 1990 with improved posi-
tional accuracy. The land use information was reviewed for
accuracy by the local jurisdictions and the County of San Diego.
Their land use system was defined with a four-digit code, as
shown in Table 1, which is slightly different from USGS land
cover/land use classification system �Anderson et al. 1976�.

We used ArcGIS version 9.0 �ESRI, Redlands, Calif.� to re-
classify the land use data into seven land uses, i.e., single-family
residential �SFR�, multiple-family residential �MFR�, commercial
�C�, public �P�, light industrial �I�, transportation �T�, and vacant
�V� land uses. The study area was mostly dominated by residen-

Fig. 1. The study area of six drainag
tial and vacant land uses. Most drainage basins, except Hansen’s
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Creek sub-drainage basin, were urbanized with approximately
60% in developed categories. Table 2 shows the distribution of
land uses in each basin.

We used a LANDSAT ETM+ image obtained on December 18,
1999 �path 40, row 37� for classification. The LANDSAT ETM+

is the latest sensor among the LANDSAT series �Goward et al.
2001�. The ETM+ sensor has eight bands: Blue �Band 1: 0.45–
0.52 �m�, green �Band 2: 0.52–0.60 �m�, red �Band 3: 0.63–
0.69 �m�, near infrared �Band 4: 0.76–0.90 �m�, middle infrared

Table 1. Example of SANDAG Land Use Definitions

Code Land use

1000 Spaced rural residential

1100 Single family residential

1200 Multi family residential

1300 Mobile home parks

1400 Group quarters residential

1500 Hotel/motel/resorts

2000 Heavy industry

2100 Light industry

2200 Extractive industry

2300 Junkyard/dumps/landfills

4100 Airports

5000 Commercial

6000 Office

6100 Public services

6500 Hospitals

6700 Military use

6800 Schools

7200 Commercial recreation

7600 Parks

8000 Agriculture

9100 Vacant and undeveloped land

9200 Water

9400 Public/semipublic

ns adjacent to Sweetwater Reservoir
e basi
Note: From SANDAG.

Y 2007



�Band 5: 1.55–1.75 �m�, thermal infrared �Band 6: 10.4–
12.5 �m�, another middle infrared �Band 7: 2.08–2.35 �m�, and
panchromatic �Band 8: 0.52–0.90 �m�. All bands have spatial
resolution of 30 m except the thermal infrared �60 m� and pan-
chromatic bands �15 m�. The satellite revisits all areas every 16
days. All spectral signatures are recorded in 8-bit information,
which provides a range of 256 digital numbers. For this study, the
thermal band was resampled to match the resolution of the other
bands using the nearest neighbor method and the panchromatic
band was excluded due to its overlapping spectral bandwidth with
other bands. We also used spatial ancillary data, i.e., X and Y
coordinate values of each pixel in the LANDSAT ETM+ image
because our previous work �Park and Stenstrom 2004� showed
that spatial information improved classification accuracy.

The samples for training and test data were collected from all
classes in approximate proportion to their abundance. The test
data set was exclusive to the training data set in order to avoid
biased results. The study area did not include major freeways,
although a new freeway is planned near the study area. In order to

Table 2. Land Use Percent in Each Drainage Basin from SANDAG Land
Use Data �%�

Land
use Hansen Hansen-sub Alacena Alacena-sub

Gum
tree Vista

SFR 26 6 46 35 27 38

MFR 8 0 0 11 2 0

C 1 0 1 0 2 0

P 5 0 2 0 14 2

I 4 0 0 0 0 0

T 13 2 18 16 14 30

V 43 92 34 39 41 31

Note: SFR�single-family residential; MFR�multiple-family residential;
C�commercial; P�public; I�light industrial; T�transportation;
and V�vacant.
test was used to assess the accuracies
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include transportation land use in the classification exercise, sam-
pling from the LANDSAT ETM+ image was expanded to include
transportation land use near the drainage basins.

Bayesian Network Classification
Bayesian networks provide knowledge representation by combin-
ing Bayes’ theorem and graph theory �Pearl 1988�. Fig. 2 shows
graphical representation of the network with one class node, C,
which is called a naïve Bayesian classifier. The nodes correspond-
ing to the variables are connected by arcs, which illustrate depen-
dencies among nodes associated with the conditional probability
table �Pearl 1988; Neapolitan 1990; Jensen 2001�. Bayesian net-
works can compute the posterior probability of a target variable
from prior probability and likelihood using the conditional inde-
pendence assumption. If we are given a class node C, which
corresponds to a target variable, such as land use, and seven band
nodes Bi, which correspond to measured variables, we can write
Bayes’ theorem in the following form

P�C�B1,B2,B3,B4,B5,B6,B7� =
P�B1,B2,B3,B4,B5,B6,B7�C�P�C�

P�B1,B2,B3,B4,B5,B6,B7�

�1�

If we assume that band nodes are conditionally independent, we
can write

Fig. 2. An example of naïve Bayesian Classifier
P�C�B1, . . . ,B7� =
P�B1�C�P�B2�C�P�B3�C�P�B4�C�P�B5�C�P�B6�C�P�B7�C�P�C�

P�B1�P�B2�P�B3�P�B4�P�B5�P�B6�P�B7�
�2�

Because we are dealing with probability distributions that sum to 1, we can write,

P�C�B1, . . . ,B7� = �P�B1�C�P�B2�C�P�B3�C�P�B4�C�P�B5�C�P�B6�C�P�B7�C�P�C� �3�
where � is set to normalize the probabilities to 1. We can easily
estimate the prior probability of P�C� and the likelihoods of
P�B1 �C� to P�B7 �C� from a training data set and then we can
calculate the posterior probability distribution over C for any val-
ues of any band.

The classification accuracy was assessed using tenfold cross
validation in which the data were divided into ten subsets of equal
size. The training and testing of the network were conducted ten
times with nine subsets as training data and one subset as test data
for each evaluation. The average of overall accuracies from each
overall accuracy =

�
k

nkk

N
�4�

where nkk�number of pixels with row k; and column k and
N�total number of test pixels in the confusion matrix.

Pollutant Loading Estimates

Storm-water pollutant loads for different land uses were calcu-
lated using runoff coefficients and event mean concentrations
�EMCs� and were determined by each land use as following

equation
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PLi = ��RC��RF��EMCi�A �5�

where PLi�annual storm-water pollutant loading for constituent i
�kg/year�; ��conversion factor that depends on units; RC�runoff
coefficient that is the average ratio of runoff to rainfall �dimen-
sionless�; RF�annual rainfall �mm/year�; EMCi�annual event
mean concentration for constituent i �mg/L�; and A�area of each
land use �m2�.

As shown in Table 3, runoff coefficients and EMCs of each
constituent were based on the data from Los Angeles
County Department of Public Works. Site specific EMCs
are not available and may be measured later as a part of
future projects. The 60-year average annual rainfall from
local gauges of 320.5 mm was used as the annual rainfall
National Oceanic and Atmospheric Administration
�http://www.weather.gov/climate/local-date.php?wfo�sgx�. Se-
lected constituents were chemical oxygen demand �COD�; bio-
chemical oxygen demand �BOD5�; total suspended solids �TSS�;
nutrients, i.e., total Kjeldahl nitrogen �TKN�, ammonia �NH3-N�,
nitrite �NO2-N�, nitrate �NO3-N�, and total phosphorus �TP�; and
total copper �Cu�, total lead �Pb�, and total zinc �Zn�.

Results and Discussion

The overall classification accuracy for satellite imagery was 84%,
which demonstrates effective performance of Bayesian networks
with satellite imagery. Individual land use showed varied levels of
classification accuracy. We also evaluated the land use classifica-
tion using satellite imagery compared to the land use information
from public records �SANDAG�. Fig. 3 illustrates both land use

Table 3. Runoff Coefficients and EMCs Based on Land Uses in LA Cou

LU RC COD BOD5 TSS TKN N

SFR 0.39 89 16 95 2.9

MFR 0.58 60 11 46 2.0

C 0.74 98 27 66 3.4

P 0.66 37 13 95 1.6

I 0.74 80 20 240 3.0

T 0.66 50 21 78 1.9

V 0.10 17 12 186 0.8

Note: The unit of RC, runoff coefficient, is dimensionless �after Stenstr
parameter is milligram per liter �after LADPW 2000�.

Fig. 3. �Color� Land use map in drainage basins to Sweetwater Reserv
satellite imagery using a naïve Bayesian Classifier
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maps using SANDAG land use information and the classification
from satellite imagery.

The land uses in the classification �Fig. 3�b�� visually agree
with the SANDAG land use information �Fig. 3�a��, except that
the classified map has a “salt and pepper” effect in land use cor-
responding to single-family residential land use shown through
the SANDAG land use information. This occurs because the
SANDAG land use information is often lumped into larger areas
based upon ownership and other factors not related to spectral
signature or land cover. In contrast to the SANDAG land use
information, the satellite classification is able to discern these
differences and assigns pixels within larger areas into their appro-
priate category �e.g., playgrounds or vacant land uses in school
yards are classified as public in the SANDAG information�.

Transportation land uses are generally missing in the classified
map due to the spatial resolution of the LANDSAT ETM+ image
�30 m�. Transportation land uses in the study area were mostly
local streets and driveways, and were included with other land
uses as mixed pixels. Therefore, the percentage of residential,
commercial, and light industrial land uses predicted from satellite
imagery was greater than the percentage of those land uses in
SANDAG land use information as shown in Fig. 4.

The utility of the satellite image classification for estimating
storm-water pollutant loading was compared to the results from
SANDAG land use information. Fig. 5 illustrates comparison of
the pollutant loads calculated from both approaches. Many con-
stituents, especially BOD5, TSS, NO2-N, TP, and Zn show high
degree of agreement that is less than 10%. The estimated loadings
using satellite imagery were greater than the estimated loadings
from SANDAG land use information for COD, BOD5, TSS,

NO3-N NO2-N TP Cu Pb Zn

0.86 0.10 0.39 0.02 0.01 0.08

1.10 0.10 0.19 0.01 0.01 0.15

0.48 0.16 0.39 0.04 0.02 0.24

0.51 0.09 0.31 0.02 0.00 0.14

0.87 0.09 0.41 0.03 0.02 0.64

0.70 0.09 0.44 0.06 0.01 0.29

1.05 0.05 0.16 0.02 n/m 0.05

d Strecker 1993� and the unit of all EMCs of each storm-water quality

reclassified from SANDAG land use information; �b� classified from
nty

H3-N

0.34

0.39

1.04

0.28

0.48

0.24

0.11

om an
oir �a�
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TKN, NH3-N, NO3-N and Pb and less for NO2-N, TP, Cu, and
Zn. The result demonstrates that using satellite imagery is useful
and comparable to using the information from public records.

Fig. 6 shows that 61–71% pollutant loadings were discharged
from Hansen’s Creek drainage basin, which is due to its greatest
area among the six drainage basins. Alacena drainage basin dis-
charged the second greatest pollutant loadings �12–22%�. Pollut-
ant loadings from Hansen’s Creek sub-drainage basin using
SANDAG and satellite image classification land use were differ-

Fig. 4. Percentage of each land use in the drainage basins �a� reclas
imagery using a naïve Bayesian Classifier

Fig. 5. Estimated annual loading for each pollutant type �kg/year�

Fig. 6. Estimated annual loading percent of each pollutant type from
use classification from satellite imagery
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ent. Estimates from SANDAG land use information ranged from
0.6 to 3% of the total loading, depending upon pollutants,
whereas the predicted loading using satellite imagery was 4–7%
of the total loading. Loadings for Pb and Zn were the most dif-
ferent between two approaches �0.6 versus 5.2% and 0.8 versus
7.0% for SANDAG and satellite image classification, respec-
tively�. The difference occurs because the land use estimated by
satellite imagery contains greater amounts of commercial, public,
and light industrial land uses. The three other drainage basins
show similar estimates from both approaches.

Among the different land uses, those generating high storm-
water pollutant loading were identified. Table 4 shows that single-
family residential and transportation land uses generated the
greatest pollutant loadings when using SANDAG land use infor-
mation. Single-family residential land use discharged the greatest
COD, TSS, nutrients, and Pb loadings while transportation dis-
charged the greatest Cu and Zn loadings. When using satellite
image classification, single-family residential land uses generated
the greatest pollutant loadings. The exceptions were NH3-N and
Zn loadings, which were greatest from commercial land use. Pol-
lutant loadings from transportation land use were less than other
land uses because the area of transportation land use identified
from satellite imagery was small. The results show that many
pollutant loads are associated with the largest areas, with the ex-
ception of vacant land use. The very small runoff coefficient and

map from SANDAG land use data; �b� classified map from satellite

rainage basin �%� using �a� SANDAG land use information; �b� land
sified
each d
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EMCs �except TSS� for vacant land use reduce their contribution
to overall loading, despite their large area.

When smaller areas contribute high pollutant loads, it may
present an opportunity for storm-water management. For ex-
ample, the contribution of Zn from light industrial land use was
21% of the total mass discharge even though its area is only 3%
of the total area. Conversely, single family residential land use
contributes only 15% of the Zn mass discharge, even though it is
29% of the total area.

High contributions from small areas present opportunities be-
cause the cost of BMPs is generally proportional to land area
treated �Devinny et al. 2004�. If greater pollutant mass can be
reduced from smaller areas, then a cost saving is likely. This
concept has been previously called “leverage” and is quantified
by the pollutant load in a particular watershed or sub watershed
divided by the area of the particular land use contributing the
pollutant. For example, Stenstrom et al. �1984� showed that park-
ing lots and the associated commercial property, although com-
posing only 6% of the area, contributed 28% of the pollutant load.

To illustrate the effects of the leverage on storm-water pollut-
ant loading i, it was calculated for all land uses as follows:

Table 4. Estimated Annual Loading of Each Pollutant Type in the Drain

Land use COD BOD5 TSS TKN N

�a� Using SANDA

SFR 40000 7100 42000 1300 1

MFR 7700 1400 5900 260

Commercial 2300 620 1500 78

Public 4300 1500 11000 190

Light industrial 6300 1600 19000 240

Transportation 18000 7400 28000 670

Vacant 2900 2000 31000 130

�b� Using land use classi

SFR 57000 10000 61000 1900 2

MFR 4400 800 3400 150

Commercial 22000 6000 15000 750 2

Public 2400 840 6100 100

Light industrial 9500 2400 29000 360

Transportation 1500 610 2300 55

Vacant 2500 1800 28000 120

Fig. 7. Leverage: Percent pollutant loading divided by percent are
information; �b� land use classification from satellite imagery
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leveragei =
PLij

Aj
�6�

where PLij�percentage of the pollutant loading i of land use j
and Aj�percentage of the area of land use j. This equation rep-
resents the quantitative effect of storm-water runoff from each
land use on the reservoir water quality regardless of the area of
each land use. Fig. 7 and Table 5 show the leverage for each
constituent, which ranged from 0 to 8.

In both approaches using SANDAG land use information and
satellite image classification, commercial land use shows the
highest leverage for COD, BOD, TKN, NH3-N, NO2-N, and Pb,
whereas light industrial land use shows the highest leverage for
TSS, NO3-N, TP, and Zn. Transportation land use shows the high-
est leverage for Cu. Both approaches show similar leverage al-
though the exact magnitude for each land use varied. The
leverage results show that highly developed urban land uses, such
as commercial, light industrial, and transportation land uses are
important to manage storm-water pollution despite their small
area. If the cost of applying best management practices �BMPs� is
proportional to land area, the greatest pollutant reduction for a

sins �kg/year�

NO3-N NO2-N TP Cu Pb Zn

use information

380 45 170 6.7 4.5 35

142 13 24 1.6 0.8 19

11 3.7 9.0 0.9 0.4 5.5

60 11 36 2.8 0.6 16

69 7.1 32 2.5 1.3 51

250 32 160 19.0 3.6 100

180 8.4 27 2.5 n/m 7.8

n from satellite imagery

550 64 250 9.7 6.4 51

82 7.4 14 0.9 0.4 11

110 35 86 8.6 4.0 53

33 5.8 20 1.5 0.3 8.9

100 11 49 3.8 2.0 76

20 2.6 13 1.6 0.3 8.5

160 7.4 24 2.2 n/m 6.8

ach land use in the drainage basins using �a� SANDAG land use
age Ba

H3-N

G land

50

50

24

33

38

85

19

ficatio

20

29

30

18

57

7.0

16
a of e
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fixed total cost will be realized by addressing high leverage areas
first.

In order to evaluate the impact of urban growth on the storm-
water pollution, we calculated storm-water pollutant loading
using SANDAG’s projected changes in land use. Fig. 8 shows
that urbanization will continue in the drainage basins, especially
in Hansen’s Creek drainage basin, Alacena Court and its sub-
drainage basins, and Gum Tree Cove drainage basin. The increase
of urban land uses will be significant in that single-family resi-
dential land use will increase by 44%, commercial land use by
225%, and light industrial land use by 38%. Conversely, vacant
land uses will be reduced by 40%. Assuming that the urban land
uses will be impervious without proper treatment facilities, the
land use changes will increase storm-water pollutant loading. The
estimated increase of pollutant loading will vary for each con-
stituent and range from 13 to 28%. The result demonstrates that
increasing urban land uses that are highly developed, such as
commercial and light industrial, will further degrade reservoir
water quality by increasing storm-water pollution.

Table 5. Leverage: Percent Pollutant Loading Divided by Percent Area

Land use COD BOD5 TSS TKN

�a� Using SANDA

SFR 1.69 1.13 1.05 1.56

MFR 1.67 1.14 0.74 1.57

Commercial 3.52 3.61 1.38 3.45

Public 1.18 1.54 1.76 1.44

Light industrial 2.84 2.65 4.97 3.02

Transportation 1.59 2.49 1.45 1.71

Vacant 0.08 0.22 0.52 0.11

�b� Using land use classi

SFR 1.38 1.09 1.02 1.32

MFR 1.36 1.09 0.72 1.33

Commercial 2.88 3.47 1.34 2.92

Public 0.96 1.48 1.71 1.22

Light industrial 2.33 2.55 4.82 2.55

Transportation 1.30 2.39 1.40 1.45

Vacant 0.07 0.21 0.51 0.09

Fig. 8. �Color� Pollutant loading change d
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The land use models can be used to demonstrate the potential
for BMPs to reduce storm-water pollution. For example, recent
efforts to reduce runoff from developed area have used bioswales
to treat and infiltrate runoff. Horner et al. �2004� describes ex-
amples that retained 94% of the runoff. The impact of such efforts
can be simulated by the GIS model if assumptions are made about
bioswales. For instance, suppose a swale can store 0.15 m of
runoff without flooding and the average runoff coefficient for the
proposed land use changes for the Sweetwater Reservoir drainage
basin is 0.6. As such, a 20 mm rainfall will produce 12 mm of
runoff, which would need to be stored and infiltrated by the bio-
swale. The ratio of the land area to the bioswale area would be
150/12 or 12.5. Therefore, the proposed land development of
23 km2 would require only 1.84 km2 of bioswales. Alternatively,
only 92% of the area could be developed and 8% could be dedi-
cated to bioswales. The use of bioswales in this fashion would
avoid the growth of storm-water pollution at a cost of only 8% of
the proposed development, or even less if deeper bioswales can
be used. Horner also notes that bioswales can provide benefits in

h Land Use in the Drainage Basins

3-N Nitrate Nitrite TP Cu Pb

use information

.31 1.21 1.29 1.31 0.63 1.39

.19 2.27 1.89 0.93 0.73 1.18

.55 1.28 3.90 2.47 3.07 4.72

.80 1.21 1.95 1.74 1.68 1.14

.45 2.30 2.17 2.57 2.50 4.41

.55 1.65 1.95 2.47 3.91 2.32

.11 0.38 0.16 0.14 0.16 0.00

n from satellite imagery

.91 1.26 1.15 1.32 0.82 1.15

.53 2.36 1.69 0.94 0.95 0.97

.26 1.33 3.49 2.49 4.01 3.89

.26 1.25 1.74 1.76 2.19 0.94

.41 2.38 1.94 2.59 3.26 3.64

.08 1.72 1.74 2.49 5.10 1.92

.07 0.39 0.15 0.14 0.21 0.00

he land use change in each drainage basin
of Eac

NH

G land

1

2

7

1

3

1

0

ficatio

0

1

5

1

2

1

0

ue to t
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addition to storm-water pollution prevention, such as increasing
habitat and beautifying neighborhoods. Such approaches can pro-
vide a guideline to local regulation and planning agencies to pro-
tect the receiving water quality. The methods we describe in this
paper can be used to model the potential impact of such BMPs.

Conclusions

This study has shown that land use data are useful in estimating
storm–water pollutant loading in a watershed. Our approach sim-
plifies estimating storm-water pollutant loading where event and
site-specific storm-water monitoring data are not available. Land
use classified from satellite imagery was especially useful be-
cause the result was comparable with best available land use in-
formation. The use of satellite imagery is advantageous where
land use information is not available, not affordable, or not clas-
sified using environmentally important categories. In addition, the
public records that provide land use information are updated only
every 10 years because they require considerable amount of time
and effort. Therefore, information of land use and the change in
land use are not collected frequently enough for growth monitor-
ing or modeling. This problem can be resolved by using
LANDSAT series imagery because they are collected on a more
frequent and regular basis �every 16 days�. LANDSAT ETM+

images can also be useful for watershed scale analysis because
they are inexpensive. Bayesian networks provided accurate clas-
sification, although classifying transportation land use was not
easy due to the spatial resolution of the LANDSAT ETM+

imagery.
The results show that land use area is an important factor

contributing to pollutant loading in a watershed. In the case of the
Sweetwater Reservoir, which still has large undeveloped areas
and a large percentage of single-family residential land use, the
commercial, light industrial, and transportation land uses were
minor contributors to the total load even though they contribute
much more pollutant load per unit area. However, the impact of
commercial, light industrial, and transportation land uses can be
significant despite their small areas, and the impact will increase
with development and growth. Therefore, these land uses should
be prioritized for storm-water pollution management. Manage-
ment of a small region of high pollutant loading land use can
achieve significant reduction of storm-water pollution. In the spe-
cific case of the Sweetwater Reservoir, the future growth or modi-
fication of the existing urban runoff diversion systems can be
guided by the land use modeling.
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