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ABSTRACT: Stormwater runoff has become the primary source of many
pollutants to the Santa Monica Bay watershed (California), and managing
stormwater inputs to the bay has become the primary objective of new
regulatory efforts. Empirical methods to estimate stormwater pollution have
been developed using land-use data; however, land-use data collected from
traditional ground surveys are expensive and time consuming and may not be
available. This study used an alternative approach and estimated land use
from satellite-image classification using Bayesian networks. The results were
converted to thematic maps using a geographic information system to visu-
alize spatial estimates of runoff coefficients of the given area, event-mean
concentrations (EMCs) of target pollutants, and their pollutant loads. The
stormwater-pollutant-loading maps identified areas of high annual-mass
loads, which were more affected by impervious areas, because of their high
runoftf coefficients, rather than their EMCs. In this watershed, the major
sources of nonpoint-source pollution are the multiple-family-residential
(14%), commercial (7%), public (6%), industrial (3%), and transportation
(7%) land uses adjacent to Marina del Rey and the Ballona wetlands. The
contributions of single-family-residential (30%) and open (33%) land uses
are less important. Water Environ. Res., 78, 421 (2006).
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Introduction

Stormwater runoff has received increasing attention in the Santa
Monica Bay watershed to protect its surface-water quality because
most point-source pollution has been treated to reduce its effect on
receiving waters (Ackerman and Schiff, 2003; Bay et al., 1999 and
2003). Much of the Santa Monica Bay watershed has been de-
veloped as a result of rapid population growth, and the urbanization
is still ongoing, especially in the areas surrounding Ballona wet-
lands. Urban-stormwater-runoff pollution is known to be related
to land-use activities (Perry and Vanderklein, 1996; Sliva and
Williams, 2001); therefore, urban-land-use information is important
in managing stormwater-runoff pollution.

Monitoring stormwater runoff and predicting pollutant loading to
receiving waters from monitoring results are not easy tasks, because
these demand expertise and accumulated data (Duncan, 1995; Vaze
and Chiew, 2003). Modeling loads from land-use and rainfall data is
an alternative approach (Chiew and McMahon, 1999; Stenstrom
etal., 1984), but conventional land-use data collection methods, such
as ground surveys, can also be time-consuming and resource-
intensive. Vaze and Chiew (2003) have reviewed monitoring and
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modeling efforts for stormwater quality, and few attempts have been
made to spatially estimate the pollutant loading in an inexpensive
and consistent way. This research proposes the use of satellite
imagery to estimate stormwater-pollutant loading in a typical urban
area. Satellite imagery can provide repetitive and inexpensive infor-
mation and have been extensively used for environment monitoring
(Haack et al., 1987; Park and Stenstrom, 2003; Ridd and Liu, 1998;
Stefanov et al., 2001).

We used Bayesian networks to classify the satellite imagery.
Bayesian networks are an artificial intelligence tool and have been
successfully used in many applications, including environmental
areas (Borsuk et al., 2004; Sahely and Bagley, 2001; Varis, 1998).
Bayesian networks provide both probabilistic expression and graph-
ical representation. As probabilistic expression, Bayesian networks
are based on Bayes’ theorem, so that the posterior probability of
a target variable can be calculated from prior probability and
likelihoods.

Figure 1 shows a simplified Bayesian network example of a water-
quality problem. There is one variable associated with the hypothesis
“is the water safe? (W)”, and three measured variables, “‘turbidity
(T), odor (O), and color (C)”. Bayes’ theorem requires that the
variables be conditionally independent given W, which means that if
W is known, the value of T does not add any additional information
about O or C, and vice-versa. Given conditional independence
and the probability distributions summing to 1, then the following
equation represents Bayes’ theorem:

P(W/|T, 0,C) = oP(T|W)P(O|W)P(C|W)P(W) (1)

Where

o. = a parameter adjusted to normalize the probabilities to 1.
P(W) = the prior probability of the water safety, which can be
determined from water-quality records and other sub-

jective information.

If the records for T, O, C given W are known, then the likelihood of
P(T|W), P(O|W) and P(C|W) can be computed from data. Equation
1 can be used to calculate posterior probability distribution over W
given T, O, and C.

As the graphical representation of the Bayesian network describ-
ing water quality, Figure 1 is a directed-acyclic graph, with nodes
and arcs (Pearl, 1988). In the network, each node corresponds to
a variable, and a pair of dependent nodes is connected with a directed
arc without creating a loop. Therefore, the structure of the network
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Figure 1—An example of a Bayesian network.

explicitly shows the dependency relationships among nodes, and the
dependency between nodes is quantified using a conditional-
probability table. This makes the dependency relationship easily
understood in the given domain. Figure 1 explicitly shows that water
safety is dependent on turbidity, odor, and color of the water. In this
case, the hypothetical node, “‘water safe?” is called class node and
other measured nodes are its child nodes.

Bayesian networks offer other benefits in that they can adopt
subjective information from experts and objective information from
data (Heckerman, 1995). For example, if the historical records of
water safety are not known, they could be inferred from the opinions
of experts. The networks are flexible and can incorporate additional
information to an existing network when updating. The output can
be viewed as either values or probabilities of each (Russell and
Norvig, 1995). Also, Bayesian networks can handle problems with
uncertainties, such as missing data (Heckerman, 1995). Bayesian
networks are able to provide a higher level of explanation by iden-
tifying those nodes that are most important in reaching the con-
clusion (Ripley, 1996).

The main objective of this research is to generate spatial estimates
of pollutant loads. This is necessary because the magnitudes and
ratios of pollutant loads can be inferred from the runoff and event-
mean concentrations (EMCs) data, but cannot be spatially identified.
To accomplish this objective, we conducted Bayesian-network clas-
sification of urban-land use from satellite imagery. The urban-land-
use information provides the runoff coefficients and EMCs for each
pollutant, which are necessary for calculating pollutant loads. Pol-
lutant loading maps using geographic information systems (GIS)

Marina del Rey

were generated, which identify the areas that discharge the highest
pollutant loadings. The value of the spatial estimates is used, not only
to determine the high loading areas, but also to locate and visualize
them so that planners can better develop best-management practices
(BMPs). The classification of land uses that produce similar loadings
can be combined, which should simplify stormwater management.

Materials and Methods

Study Area and Data. Santa Monica Bay provides recreational
resources and important ecological resources for natural habitat
(Dojiri et al., 2003). One of the few natural habitats in the Santa
Monica Bay watershed is the Ballona wetlands, which are the only
wetlands in west Los Angeles. The Ballona wetlands are important
to protect Santa Monica Bay in that they buffer the effects of
stormwater runoff from the surrounding urban areas (Ballona
Wetlands Land Trust, 2005). The wetlands have been degraded
over the past 50 years by continuing urbanization and excessive
intrusion of fresh water (Ballona Wetlands Foundation, 2005).

The study area was Marina del Rey, which includes the Ballona
wetlands and their adjacent areas in the Santa Monica Bay water-
shed, as shown in Figure 2. This area has a moderate climate, with
an average annual rainfall of 360 mm (National Oceanic and
Atmospheric Administration, 2005), which occurs mainly during
winter. The size of the area is 22 km? and contains different urban
features. The study area predominantly consists of residential and
open areas, and urbanization is still continuing.

We used a Landsat Extended Thematic Mapper Plus (ETM™)
image (National Aeronautics and Space Administration, Greenbelt,
Maryland; NASA, 2002), which was obtained on August 11, 2002,
with path 41 and row 36 covering the study area. The ETM* sensor
provides eight band images: bands 1, 2, and 3 are visible bands of
blue, green, and red, respectively; band 4 is near infrared; bands 5
and 7 are middle infrareds; band 6 is thermal infrared; and band 8 is
panchromatic. The spectral signals of all bands are recorded in 8 bits,
with digital numbers between 0 (black) and 255 (white). The image
has spatial resolution of the image of 30 meters for all bands, except
the thermal infrared and panchromatic bands, which have spatial
resolutions of 60 and 15 meters, respectively. Table 1 summarizes
the characteristics of the Landsat ETM™ system. In this study, we
clipped a sub-image of the study area from all bands, except the
panchromatic band. Water in the sub-image was masked and not
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Figure 2—Study area of Ballona Creek watershed and its vicinity.
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Table 1—Summary of Landsat ETM* system.*

Spectral Spatial Temporal Radiometric
Band resolution resolution resolution resolution
blue) 0.45 to 0.52 um
green) 0.52 to 0.60 pm
red) 0.63t0 0.69 um 30 X 30 m

near IR) 0.76 to 0.90 um
1.55t0 1.75 um
thermal IR) 10.4 to 12.5 um 60 X 60 m
IR) 2.08t0 2.35 um 30 X 30 m

panchromatic) 0.52 to 0.90 um 15 X 15 m

16 days 8 bits

O N0 O~ WN =
Amas s s s~
=y

=

* (after Jensen, 2000).

considered because land-use only is of interest in this study. The
input data also included geospatial information as ancillary data (the
X and Y coordinate values of each pixel).

For training data and test data for accuracy assessment, we used
three different ground-reference-data sets: land-use data from the
Southern California Association of Governments (SCAG, 2003),
aerial photos, and field-survey information. Both training data and
test data were collected from all classes in proportion to their
abundance in the entire data set. The total number of pixels for
training data and test data was 2067 and 1033, which corresponded
to 8.5 and 4.3% of total data, respectively. The detailed information
of training data and test data is given in Table 2.

Land-Use Classification. All data values were discretized
because Bayesian networks mostly deal with discrete values. For
example, all spectral band and ancillary data were discretized to 15
values, based on equal frequency interval. The class node had seven
states corresponding to modified U.S. Geological Survey (USGS)
level III land uses (Anderson et al., 1976): single-family-residential,
multiple-family-residential, commercial, public, light-industrial,
transportation, and open land-use area.

Tree-structured Bayesian networks were developed for classifi-
cation by selecting land use as the class node. The networks were
constructed from data based on mutual information between nodes
because mutual information provides dependency information
(Chow and Liu, 1968).

{ P(vi, vj) }

MI(vi,vj) = > P(vi,vj) log P(vi)P(vj)

Vi X

)

Where

MI(v;,v;) = mutual information of random variables of v;
and v;j.
P(v;,vj) = a joint probability of v; and v;, and
P(v;) and P(v;) = the probabilities of each random variable.

Mutual information is zero for completely independent variables,
but increases with dependence between variables.

For evaluating the network performance, the overall accuracy and
confusion matrix were used (Foody, 2002). Overall accuracy alone
cannot provide individual class accuracy, and, therefore, individual
class errors from the confusion matrix were calculated. A confusion
matrix is a table of the resulting map-class labels (i.e., single-family
residential) as rows compared with the known-class labels as col-
umns. The matrix elements show the number of pixels identified
under the class label. From the confusion matrix, two types of errors
can be identified: omission and commission. Omission error pro-
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Table 2—Summary of land-use pixels for training and
test data.

Land-use Training Test
class data data Ratio
Single-family

residential 547 273 26%
Multiple-family

residential 240 120 12%
Commercial 143 72 7%
Public 133 67 6%
Industrial 123 62 6%
Transportation 197 98 9%
Open 684 341 33%
Total 2067 1033 100%

vides a measure of the pixels actually belonging to a class, but failed
to be assigned to the class, and commission error provides a measure
of the pixels that are incorrectly assigned to the class, but actually
belong to other classes.

N

2 Ne
N

2N

Omission error = 1 —

(3)
(4)

Commission error = 1 —

Where

N = number of pixels correctly classified (shown as the
diagonal of the confusion matrix),
>N, = total number of pixels in the original class of interest,
and
>"N, = total number of pixels assigned to the class.

Spatial Estimates. Empirical models have been developed for
stormwater runoff and pollutant loading, based on land-use data
(Ackerman and Schiff, 2003; Stenstrom and Strecker, 1993; Wong
et al., 1997). The runoff coefficient, defined as the average ratio of
runoff to rainfall (Wong et al., 1997), is the fraction of rainfall that
actually reaches the receiving water. The runoff coefficient is highly
correlated to imperviousness of the area. The following equation
(Driscoll et al., 1990) is an example of this relationship:

RC=0.7 X1+0.1 (5)
Where

RC = the runoff coefficient (dimensionless), and
I = the impervious fraction (dimensionless).

The runoff coefficient is the main component to determine annual-
average-storm-runoff volume. The annual-average storm-runoff
volume, based on the rational method (Viessman and Knapp,
1989; Wong et al., 1997), can be calculated as follows:

RV =RC X A X CF X RF (6)
Where

RV = annual-average-storm-runoff volume (m>),
A = drainage area (m?),

CF = conversion factor (m/10°’mm), and

RF = average storm rainfall (mm).

If we multiply RV with the number of storms in the given year,
we can get the annual-average-storm runoff, as follows:

423



Park and Stenstrom

Table 3—Runoff coefficient (RC) and water-quality characteristics (EMCs) based on urban-land use in Santa Monica

Bay watershed.*

Total Total
suspended Kjeldahl Total Total Oil and
Runoff solid Chemical-oxygen nitrogen phosphorus copper Lead Zinc grease
Land use coefficient (mg/L) demand (mg/L) (mg/L) (mg/L) (mg/L) (mg/lL) (mg/L) (mg/L)
Single residential 0.39 290 140 4.3 0.85 0.095 0.350 0.350 3
Multiple residential 0.58 210 130 24 0.62 0.100 0.440 0.380 22
Commercial 0.74 180 90 2.0 0.43 0.072 0.225 0.694 22
Public 0.66 180 90 2.0 0.43 0.072 0.225 0.694 22
Industrial 0.74 180 90 2.0 0.43 0.072 0.225 0.694 22
Transportation 0.66 210 130 24 0.62 0.100 0.440 0.380 22
Open 0.1 490 95 2.8 0.52 0.055 0.140 0.440 0
* (after Stenstrom and Strecker, 1993).
RV, =RV X Ngom (7) PL; = a X RC X EMC; 9)
Where Where

RV, = annual-average-storm runoff (m3/y), and
Nstorm = average number of storms per year (y_l).

If we have information of EMCs for each water-quality parameter,
we can obtain annual pollutant loading from the following equation:

PL, = RV, X EMC; (8)
Where

PL; (kg/y) = annual pollutant loading, and
EMC; (mg/L) = EMCs for water-quality parameter, i.

Runoff coefficients and EMCs of each water-quality parameter,
based on different land uses in Santa Monica Bay watershed, are
shown in Table 3. If we assume that the rainfall and annual number
of storms are equal for all pixels and all stormwater-runoff
discharges to Santa Monica Bay, the following equation represents
pollutant loads per unit pixel and unit rainfall:

Figure 3—The structure of Bayesian networks for urban
land use classification Note that C is the class node
representing urban land use, B1 to B7 represent digital
numbers of Landsat ETM* band 1 to 7 of a pixel, X is
x-coordinate value of a pixel and Y is y-coordinate value
of a pixel.
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oo = a normalization factor that depends on units and conversion
factors.

These equations were adopted to generate thematic maps from land-
use information.

ArcGIS version 8.3 (ESRI, Redlands, California) was used for
GIS implementation. The land-use map was developed first from the
database of land-use-classification results. The resulting land-use
map was converted to maps of delineated impervious surfaces with
runoff coefficients, EMCs, and pollutant loadings. In each case,
land-use pixel is the unit of analysis. Eight water-quality parameters
were examined: chemical oxygen demand (COD), total suspended
solids (TSS), nutrients (i.e., total Kjeldahl nitrogen [TKN] and total
phosphorus [TP]), total copper (Cu), total lead (Pb), total zinc (Zn),
and oil and grease (O&G). The EMCs and pollutant loading had
three states: low, medium, and high. Each state of a particular water-
quality parameter corresponded to the land use based on eq 9.

Results

The structure of Bayesian networks is shown in Figure 3. The
network structure shows the dependency among variables. For ex-
ample, bands 1, 2, and 3 are connected, which are often highly
correlated (Mather, 1999) because they are all visible bands. In the
same way, bands 5 and 7 are also dependent, and both are middle
infrared bands. Moreover, the structure shows that bands 1, 5, and 6
are the most contributing input variable to determine the value of the
class node among the spectral inputs. Geospatial ancillary data were

Table 4—Errors of the each land use (%).

Omission Commission
Land use error error
Single-family residential 14.9 8.1
Multiple-family residential 28.9 325
Commercial 42.4 47.2
Public 42.9 64.2
Industrial 28.4 22.6
Transportation 17.9 20.4
Open 9.3 59

Water Environment Research, Volume 78, Number 4
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Figure 4—Maps of the Ballona Wetlands and vicinity including spectral data and geospatial data (a) land use
classification and (b) impervious surfaces associated with runoff coefficient.

also important inputs to correctly predict the land use of each pixel.
The overall accuracy of land-use classification was 81%. The
omission and commission errors are given in Table 4, which shows
that Bayesian networks predicted open, single-family-residential and
transportation land uses with errors less than 20%. Commercial and
public land uses were not well-assigned compared to other land uses,
and they were often mistaken with each other and industrial land use.

Figure 4 shows maps of land use and the impervious surfaces
associated with runoff coefficients in the study area. Impervious
surfaces were classified into four states, which were converted from
the land-use map. Open-land use, corresponding to the area with the
lowest runoff coefficient of 0.1, was converted to pervious area
(runoff coefficient < 0.2). Single-family-residential-land use was
converted to the low impervious area, with a runoff coefficient of

low ® medium ® high

Figure 5—Event mean concentrations maps of water quality parameters (a) COD (b) TSS (c) TKN (d) TP (e) Cu (f) Pb (g)

Zn (h) oil and grease.
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Figure 6—Pollutant loading maps of water quality parameters (a) COD (b) TSS (c) TKN (d) TP (e) Cu (f) Pb (g) Zn (h) oil

and grease.

0.4, and multiple-family- residential-land use to the medium imper-
vious area (runoff coefficient < 0.6). The rest of land uses corre-
sponded to the highly impervious areas (runoff coefficient > 0.6).
Figure 5 shows EMC maps for each water-quality parameter in the
study area to see which areas are the major sources generating
stormwater pollution. We should stress that the EMCs in the Santa
Monica Bay watershed tend to be higher than those reported in the
U.S. Environmental Protection Agency’s Nationwide Urban Runoff
Program (NURP) database (Driscoll et al., 1990; Wong et al., 1997).
All EMC maps were converted from the land-use map based on the
relationships, as shown in Table 3. The EMCs were generally
classified into three states: low, medium, and high; however, COD,
Zn, and O&G maps displayed only two states. Residential- and
transportation-land uses tended to increase the COD EMC, while the
rest of land uses tended to lower the EMC. Open-land use tended to
increase the TSS EMC, while other land uses, except single-family-
residential, tended to lower the TSS EMC. Single-family-residential-
land use was the most significant contributor of nutrients. The
EMC maps of Cu and Pb were identical in that residential- and
transportation-land uses were responsible for high EMC, and open-
land use corresponded to low EMC areas. The EMC map of Zn
exhibited different behavior than other water-quality parameters:
commercial, public, and industrial land uses showed high EMC and
residential-, transportation-, and open-land uses showed low EMC.
The sources of Zn, Cu, and Pb are different, and there are many
sources of Zn, including atmospheric deposition, automobile tires,
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paint, and roofing materials (Davis et al., 2001; Forster, 1999; Kszos
et al., 2004; Lu et al., 2003; Schiff and Stolzenbach, 2003), which
may explain their different behavior. The high EMC of O&G is
mainly caused by multiple-residential, commercial, public, in-
dustrial, and transportation land uses, and contribution of the other
two land uses was trivial.

Figure 6 shows pollutant-loading maps for each water-quality
parameter, which is proportional to the product of the runoff
coefficient and EMC. Pollutant loads were also classified into three
states, but TSS, TKN, TP, and O&G cases had only two states, and
the medium state was not represented in the final result. High COD
emissions were generated from multiple-family-residential, com-
mercial, industrial, and transportation land uses. Single-family-
residential and public-land uses corresponded to medium load, and
open-land use corresponded to low load. The pollutant-loading maps
of TSS, TKN, and TP were identical because all land uses, except
open-area land use, significantly contributed to high load. The Cu
map shows that single-family-residential-land use corresponded to
medium load, open-land use to low load, and all the other land uses
to high load. For the Pb, the high load mainly came from multiple-
family-residential and transportation land uses. Open-land use also
generated low load, and the other four land uses created medium
load. The Zn case shows low loads from open land use, medium
loads from residential and transportation land uses, and high loads
from commercial, public, and industrial land uses. Multiple-family-
residential, commercial, public, industrial, and transportation land

Water Environment Research, Volume 78, Number 4
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uses created high O&G loads, whereas single-family-residential and
open land uses produced low loads. The O&G pollutant loadings
were identical to the EMC maps, which was not true for the other
pollutants. The reason is the large relative change in O&G EMCs
(0 to 22 mg/L) as compared to the smaller relative change for other
pollutants, such as COD (90 to 140 mg/L).

Figure 7 compares the pollutant loading and EMCs as a percentage
of total area. The percentage of areas corresponding to the high,
medium, and low categories are compared. The result shows that the
pollutant loading did not necessarily correspond to the EMCs. The
differences were a result of the varying imperviousness or runoff
coefficient, which will be discussed later. Over 65% of the area
generated high pollutant loads for TSS, TKN, and TP. Only 15% of
the area generated high Zn loadings, and only 22% of the area
generated high Pb loading. Open areas tended to reduce pollutant
loadings, and 33% of the areas were classified as low because of the
contribution of the open-area land use, for all pollutants except
0&G.

Discussion

Using satellite imagery for land-use classification is an effective
alternative to the conventional ground-surveyed land use. Estimating
land use from satellite imagery reduces time to collect the infor-
mation. Sleavin et al. (2000) reported that satellite imagery reduces
cost and time, especially in large areas, because ground surveys
require extensive fieldwork. Using satellite imagery can avoid
possible errors in ground-surveyed land use. For example, the vege-
tation areas inside the Los Angeles International Airport (California)
were assigned to open-land use instead of transportation as in SCAG
land use. Vegetated areas and parking lots in Loyola Marymount
University (Los Angeles, California) were assigned to open- and
transportation-land uses respectively, which both belonged to public
in the SCAG land-use data. The areas under construction in Playa
Vista (west Los Angeles, California [see Figure 2]) showed
transportation- and industrial-land uses, depending on the degree
of construction. Satellite-image classification captured the boats at
anchor in Marina del Rey, which are not present in the ground-
surveyed land use. The errors in the ground-surveyed-land-use maps
may result because the purpose of the survey is generally for non-
environmental objectives, such as urban planning or tax collection.
Adjacent areas of differing environmental importance may be
merged because they are not different with respect to urban planning
or tax collection. In addition, satellite imagery can be applicable to
those areas where land-use data are not readily available.

Some urban-land uses in the satellite image exhibit similar spec-
tral signatures and are not easily distinguished (Richards and Jia,
1999; Stefanov et al., 2001). Commercial- and public-land uses were
often misclassified, and their omission and commission errors were
more than 40%. Public- and commercial-land uses may have simi-
lar spectral signatures, because classification of commercial- and
public-land use often differs by the ownership of the similar activi-
ties. For example, publicly owned buildings may be similar to
privately owned buildings when viewed by satellite. Fortunately,
misclassification of commercial- and public-land uses does not
significantly affect the spatial estimates of pollutant loading because
they often generate similar pollutant loads.

The pollutant-loading maps show that the lowest loading areas
primarily correspond to open-area land use, which exhibit a low
runoff coefficient. The highest pollutant loading areas of TSS, TKN,
TP, Cu, and O&G correspond to the areas with a high runoff
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Figure 7—Comparison of areas of EMC and pollutant
loading for each water quality parameter.

coefficient, i.e., commercial, public, industrial, and transportation
land uses. Even for the other water-quality parameters, those land
uses with a high runoff coefficient corresponded to at least medium
or high pollutant-loading areas. Therefore, it is important to identify
areas with a high runoff coefficient to properly manage stormwater-
pollutant loads. This is logical conclusion because stormwater may
be retained by vegetation or infiltrated through the pervious ground,
whereas stormwater overland runoff is conveyed into receiving
water through impervious surfaces. Highly impervious surfaces
should be avoided, when possible, to reduce runoff volume.

The comparison between the EMC map and the loading map of
each pollutant type shows that high EMC generating areas do not
always match high-pollutant-loading areas. For example, areas with
high TSS EMC correspond to low TSS loading because of the very
low runoff coefficient associated with open-land use. Furthermore,
for COD, TSS, TKN, and TP, low EMC areas correspond to high
loading areas. This occurs because the ratio of high EMCs to low
EMCs ranges from 1.6 to 2.7, while the ratio of high to low runoff
coefficients is 7.4. The result shows that low-EMC-generating areas
should not be underestimated or ignored for their potential effect on
the receiving water quality. These differences translate into higher
ranges of pollutant loads.

Conclusions

This paper has shown that satellite-image classification is useful in
estimating stormwater-pollutant loads. The methodology used here
has advantages over conventional approaches based on ground sur-
veys because of its applicability to areas where land-use data are not
available, such as in developing countries. Moreover, using satellite
images can provide information that is optimized for environ-
mental purposes.

Bayesian-network classification is useful in that the approach
reduces the dimension of inputs for classification by identifying the
most informative input variables to classification. Bayesian networks
provide fast computation with reasonable accuracy, despite the
mixed characteristic of urban-land uses. The potential error of
commercial- and public-land uses can be easily resolved because
they can be included in the same class when generating a pollutant-
loading map. The Bayesian technique also identified and classified
areas that are chronically misclassified, providing more accurate
estimates.
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The pollutant-loading maps can assist in developing best-
management strategies by identifying areas of high pollutant
loading. In this case study, areas neighboring the Ballona wetlands
and, particularly, in the western part of Marina del Rey are the high-
emitting areas. The continuing urbanization of Playa Vista would
increase the pollutant loads to Santa Monica Bay, without the pro-
posed BMPs.

The pollutant-loading maps show that the loadings were more
affected by the runoff coefficient than EMC for most of the land
uses. This results because there is more variation in runoff coefficient
than EMC among the land uses. Therefore, elimination or reduction
of impervious surfaces may be more important than BMPs that
reduce the EMCs by partial treatment. Multiple-family-residential,
commercial, industrial, and transportation land uses contribute
proportionally more, especially for COD, TSS, TKN, and TP. These
land uses should be targeted for the first application of BMPs.
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