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Abstract

Current area source emission inventories estimate total emissions for various industrial, commercial, and consumer activities at

the county or higher levels. The lack of emission estimates at subcounty levels severely limits the modeling and planning capabilities

in urban and regional air quality management. This paper extends current area source emission inventory methodology by developing
a geographical information system (GIS) based approach for allocating county-level emission estimates to subcounty units. The
new methodology uses GIS to develop and integrate spatial data, to analyze spatial variations in emissions, and to derive input to
cell-based air pollution models. This approach incorporates statistical models to predict the spatial distribution of emission source
activities based on widely available data. The paper presents an application of the proposed approach to emission inventory of the
adhesives and sealants category in the Sacramento modeling region, California. @ 2000 Elsevier Science Ltd. All rights reserved.

Keywords: Area source emissions; Spatial modeling; Geographic infonnation systems
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industrial, commercial and consumer activities. In the
United States, the current inventory methods for area

sources are generally derived from a basic methodology
developed in the 1970s as a part of the National Emis-
sions Data System (NEDS), which uses a material bal-
ance to quantify national solvent usage and allocates

national estimates to States and counties (USEPA, 1975;
Battye et al., 1993; CARB, 1995). Those methods are
easy to use but lack the ability to integrate and analyze
spatial information and thus cannot be used effectively
to derive emission estimates at subcounty levels. Infor-
mation on spatial distributions of emissions within a

county is however important in air quality management
for at least two reasons. First, it helps identify local areas
of pollution concentration where special measures may
be needed to reduce pollution. Second, it provides neces-
sary input to air quality simulation models such as the

Urban Airshed Model (Morris and Myers, 1990; Rao,
1987; Scheffe, 1990), which require data on emission
distributions in subcounty modeling units. The Urban

Airshed Model (UAM) is a three-dimensional photoch-
emical grid model designed to calculate the concen-
trations of air pollutants by simulating the physical and
chemical processes in the atmosphere that affect pol-

~~~~~}'rt~~~

Software availability
Name of Software: AML tools for data processing
Developer: J. Dai and D.M. Rocke, CIPIC, University

of California, Davis, CA 95616

Year first available: 1997
Software required: Arc/Info GIS
Program language: Arc/Info AML
Availability and cost: available at cost of transfer

1. Introduction

In emission inventory, area sources are generally
defined as those sources that individually emit relatively
small quantities of air pollutants but collectively result
in significant emissions (CARB, 1995). Area source
inventories estimate emissions by areas for various
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sion inventory of the adhesives and sealants category in
the Sacramento modeling region, California.

The paper is organized as follows. Section 2 discusses
the spatial analysis methodology, including spatial data-
base development, map overlay, spatial allocation, and
spatial pattern modeling. Section 3 presents an appli-
cation of the methods to spatial allocation of emission
estimates for a particular source category, namely
adhesives and sealants. The empirical data is collected
from the Sacramento modeling region in California. Sec-
tion 4 provides concluding remarks.

lutant concentration. The purpose of this paper is to
extend the current methodology for area source emission
inventory by developing a geographical information sys-
tem (GIS) based approach for analyzing small area vari-
ations in emission source activities and allocating
county-level emission estimates to subcounty units

(Fig. 1).
A GIS has been an important tool for environmental

modeling (e.g. Goodchild et al. 1993, 1996; USEPA,
1995) and air pollution analysis (Souleyrette, 1992;
Shimp and Campbell, 1995; Bachman et al., 1996;
Jensen and Sathisan, 1996). GIS is often used as the inte-
grating framework for spatial data analysis and modeling
(e.g. Longley and Batty, 1996; USEPA, 1998; Brodie,
1999). This study uses GIS to develop and integrate spa-
tial data, to analyze spatial variations in source activities,
and to derive input to cell-based air quality models. The
procedure has three main steps. The first step is to
develop a spatial database for emission allocation. In this
step, activities that generate specific emissions are ident-
ified and their locations are geocoded; data measuring
the activities and characterizing the area are collected
and processed. The second step is to disaggregate the
study area into subcounty units (e.g. modeling cells) and
convert all data into the modeling unit. This is done by
spatial overlay operations. In the third step, spatial vari-
ations in the activities are mapped, evaluated, and mod-
eled; and emission allocation factors are computed.
These factors will be used to allocate county-level esti-
mates to the modeling units. Statistical models can be
used in this step-c~o",pr~di.ct~csPAtialpattem ofactivi-
ties, thereby facilit~ting-air quality planning. The
methods will be illustrated with an application to emis-

2. Methodology

Emission inventories can be developed by identifying
the sources of pollution, measuring the extent of the pol-
luting process, and determining polluting potential. Area
sources are aggregates of emission sources that are too
small or too numerous to be included individually in a
point source inventory. Thus area source emissions are
usually measured by activity statistics. In the standard
NEDS method for area source solvent emissions, inven-
tories are made by allocation of national solvent usage
to the States and counties based on census data on
employment, population, or other surrogate parameters.
To obtain sub-county small-area emission estimates such
as those required by cell-based air pollution models the
standard method has to be extended. In the new method,
we use spatial intensity of the sources as the measure-

menttq~~~ c9P9~-l~y~1 e~ss!on~;;!9"~~~ounty
unitS:c'Fora:"given'soUtCe catego-ry;-we-ldenUfy the
location of sources activities, measure and model the
spatial intensities (e.g. number of emission sources per
unit of area), and obtain allocation factors for the mode-
ling areas. This approach entails intensive spatial data
operations. Hence, a set of spatial data processing and
analysis tools are required. For example, geocoding tools
will be used for mapping the location of source activi-
ties; spatial overlay tools will be needed for integrating
spatial data that may be in different units; and spatial
modeling tools will be employed to estimate source
activity patterns. This section describes the methods used

in this study.

2.1. Spatial database development

The basic spatial objects in a GIS database are points,
lines, and polygons (areas). In the database, the location
of a pollution source such as an industrial facility is rep-
resented by a point entity consisting of XY coordinates
and some attributes. The location of a facility can be
identified by its address available from a variety of
sources such as phone books, commercial business lists,
government records, or online databases. The source
location layer is created using geocoding methods. Geoc-Fig. Emission data input to airshed models.
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the target unit given the relevant source data. The fol-

lowing spatial overlays are often needed in preparing
data for cell-based air quality modeling:

.point in polygon operation (e.g. count the number of
emission source points in each cell);

.polygon on polygon operation (e.g. convert from cen-
sus units to cell-based units); and

.line in polygon operation (e.g. compute the length of
a linear feature such as highway within a cell).

oding is a mechanism for building a database relation-
ship between addresses and spatial features. In geocod-
ing, a GIS compares the address of a facility against
those on a street layer (such as the U.S. Census Bureau's
TIGER files) in the database. When a match is found, a
geographic coordinate is calculated for the address, and
a spatial point representing the source location is created
in the database. If the address isn't matched, the GIS
would display diagnostic messages that explain why a
match was not found, and allow the address in question
to be edited and the matching process to be restarted.
Specifically, the Arc/lnfo GIS (ESRI, 1997) provides the

following geocoding capabilities: creating the address
coverage (or converting TIGER files to an address
coverage); building and maintaining INFO (a relational
database) files containing a list of addresses to be
matched; matching the list to the address coverage to
create points (or matching addresses interactively to

specified locations); processing unmatched addresses;
and maintaining the address coverage.

Selection of the areal unit for allocation depends on
the purpose of the study. For air quality modeling, grid
cells are usually chosen because photochemical air qual-
ity simulation models such as the Urban Airshed Model
use grid cells as the areal unit. For the Urban Airshed
Model, the cell size is usually in the range of 2 to 10
kIn (Morris and Myers, 1990). The grid layer can be
created easily using GIS's macro language capabilities.
First, the coordinates for the intersections of the grid
lines are computed. Then, using the coordinates, grid
squares are created and built into polygon topology.

The datab~-usoany °mo~COntains othercdata=sefs-reT:::"~~
evant to the source activities or characterizing the study.
For example, it is often useful to show where the emis-
sion sources are located in relation to land uses, road
network, and population distribution. These data are also
useful in modeling the spatial pattern of source activities.

Although the application of spatial overlay methods is
straightforward, caution must be taken when polygon
overlays are involved. A technical issue in polygon over-
lay is known as the areal weighting problem (Goodchild
and Lam, 1980). Since boundaries of a source zone
(polygon) usually do not coincide with those of a target
zone (polygon), one must weight the source zone values
according to the area of the target zone they make up.
The method is called the areal weighting method and is
discussed below. An example of polygon overlay is
given in Fig. 2.

Denote V the variable of interest, S the source zone,
T the target zone, and A the area of a zone. Suppose,
for a given area, we want to convert the population den-
sity in census tracts to those in modeling cells. In this
case, V is the population density variable, S is a census
tract, and T is a grid cell. As S intersects T, their bound-
aries form a zone of intersection ST. The problem is to
find the value of V for the target zone or the intersection

of":,;."~,, 
~ --~C""""""'C-C -c- -"--,-"-.,~,,

Source Zones

2.2. Spatial data overlay and spatial allocation

2.2.1. Spatial overlay
The spatial database for emission analysis may consist

of a variety of elements in different spatial units and at
a variety of resolutions. For example, we code the emis-
sion sources as spatial points but emissions should be
allocated to areal units. Demographic data are usually
available in census units such as census tracts or census
blocks, whereas urban transportation data are often in
traffic zones. It is a common problem in environmental
modeling that the spatial units for which data are avail-
able are not necessarily the same as the one that the
analysis requires. For example, the unit for air quality
modeling may be a grid cell, but available data may be
in a variety of other units. A solution to the problem is
spatial overlay. A GIS has strong spatial overlay capa-
bilities and therefore is ideally suited to derive data in Fig. 2. Example of polygon overlay.
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The second method, termed surface allocation, con-
siders the study area as a smooth surface. In this method,
an activity surface is first interpolated using data values
of the source points. Then the surface is overlaid with
the grid layer, and the spatial intensity of each cell is
obtained by averaging the surface values within the cell.
Finally allocation factors are computed. The surface can
be generated by a GIS using several methods, the most
common one being the Triangulated Irregular Network
(TIN) data model (Peuker et al., 1978; ESRI, 1996). The
TIN is a surface model that uses a sheet of continuous,
connected triangular facets based on a Delaunay triangu-
lation of irregularly spaced sample points. Mass points,
breaklines and exclusion polygons control the behavior
of TIN surface-modeling operator. In applications, many
details must be considered. For example, one should
determine if the sample points adequately capture the
maxima and minima of the surface and if it is reasonable
to use linear interpolation. Surface interpolation is often
an iterative process (Brodie, 1999) where data values
generated from the TIN need to be verified against the
original data for goodness of fit. The sample points can
then be changed and a new TIN is generated. The pro-

cess goes onCu~'~",'SUffa&is:-mequate1.YteP~s~tt~~.-
Using either the discrete or surface allocation method,
allocation factors can be calculated. In applications, spa-
tial overlay operations and spatial allocations can be
automated using the GIS's programming capabilities
such as AML available in Arc/lnfo.

V, that is, whether it is "extensive" or "intensive"
(Goodchild and Lam, 1980). Variable V is extensive if
its value for a target zone is equal to the sum of its values
for the intersection zone. V is intensive if its value for
a target zone is the weighted average of its value for the
intersection zones. V is usually considered to be exten-
sive if it is a count variable (e.g. number of people in a
census tract), or intensive when it is a proportion, per-
centage or rate (e.g. population density).

Assuming that V is evenly distributed within the
source zone, the values of V can be computed as follows
(Flowerdew and Green, 1994). If V is an extensive vari-
able, its values are given by

(1)

Or, if V is an intensive variable, the value is computed as

Vt= 2: ~
s At

(2)

The assumption that the variable of interest is uniformly
distributed over the source zone is not always plausible.
For example, there might be a lake in the zone. In those
cases, the methods of areal interpolation using ancillary
data (Green, 1990) may be used which take into account
other relevant information available about the source

zones. ~ ::"t:~.::":;,-:7:~

2.3. Modeling spatial patterns

Spatial allocation can be done using either observed
or projected data on emissions. Data projection or mode-
ling is necessary when the air quality simulation model
(such as the UAM) is used to develop future ozone air
quality plans. Modeling also provides a low-cost
approach for updating emission inventories. For
example, the California Air Resources Board has
requested that the emission allocation factors be esti-
mated and updated using easily available data. Our
objective of modeling is to estimate a quantitative
relationship between the measure of spatial intensity and
data that are easily available such as population, land
use, and highways. A statistical model is a useful tool
for the purpose. The selection of a particular statistical
model depends on the measurement of the endogenous
variable and the availability of data. A useful model can
be made by assuming that the activities follow the Pois-

2.2.2. Spatial allocation
To allocate county-level emission estimates to sub-

county units, we use a measure of spatial intensity selec-
ted for the source category. For example, if the source
category is automobile refinishing, the measure could be
the number of automobile refinishing shops (number of
the emission sources) or number of employees in the
automobile refinishing business (size of the activities)
per unit area. Selection of the measure depends on the
purpose of the study and the availability of data. The
spatial intensity is computed by GIS using the infor-
mation on location and attributes of the sources. The

allocation factor for an areal unit is obtained by dividing
the measure for the unit by the county total.

Two methods of spatial allocation are considered here.
The first method may be called discrete allocation, which
treats the study area as a collection of discrete units.
Assuming that grid cells are the objects of allocation,
the source point layer needs to be overlaid with the grid
layer and then allocation factors for grid cells are com-
puted. Let aij be the data value of point j (j= I,. ..,M) in
cell i (i=I,...,N). The allocation factor for cell i, ~';' is

computed by
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Software for estimating Poisson regression models
and generalized linear models is readily available,

including S-Plus (Chambers and Hastie, 1993; Venables
and Ripley, 1987), Stata (Stata, 1998), Gauss (Aptech

Systems, 1996), SAS (SAS Institute, 1993), and GLIM
(Aitkin et al., 1989).

son distribution (Dai and Rocke, 1998). The Poisson
model is a spatial point process model and has been
widely used for spatial analysis.

Let Yi be the number of source activities in a given
unit, the Poisson model assumes that each Yi is drawn
from a Poisson distribution with parameter Ai (i =1,..,N)

e-A.iAit
Pr(Yj=vJ=, ,j; -;-, Yi=O,I,2,... (4)

Yi'

The value of A indicates the spatial intensity of the
phenomenon under study, for example, the expected
number of emission-producing facilities per unit of area.
To model the variation in spatial intensity, ). is related
to a set of predictors, x, by

3. Application

E()';I.x;)=J..;=exP(Lf3jXij \ I, (5)

.I
J

where f3 is a set of parameters to be estimated. Eq. (5)
gives the Poisson regression model, which can be used
to predict the distribution of source activities across the
study area. The Poisson regression model is a member
of the generalized linear model (GLM) family
(McCullagh and NeIder, 1989) and has been widely used
to model spatially distributed events. The model's
assumption of equal mean and variance of y is however
rather restrictive. In applications, this assumption may
not be always held. For example, if the count data con-
tains many zeros, the Poisson variance tends to be larger
than its mean. This can happen in developing emission
estimates as~~lil1g~QS~pov~rin g ~!!1 ~as;:~
dom contain emission sources. To deal with this extra-
Poisson variation, we use the variance function

Var(y;I.x;)=&J..(x;), (6)

where & (> I) is called the over-dispersion parameter
and can be estimated by (McCullagh and NeIder, 1989;

Winkelmann, 1994),
N A 2

<72=~L~ (7)N-P
;=1 Ai The GIS database consists of data layers th t show

the location of the source activities, that can be used to
model the spatial intensity of the source activiti s (such
as employment, population distribution, and I d uses)
and that contain grid cells for computing cell ba ed data
values and allocation factors. First, we had to dentify
the sources activities. that is. industrial uses of a hesives
and sealants in the study area. Although applicat ons for
adhesives and sealants span almost the entire r ge of
industries, the key industries using adhesives ~d seal-
ants are limited to a few. A recent study on in entory
database for area source solvent emissions (Batt e et al.,
1993) indicates that two industries alone, the pa r pack-
aging and wood products industries, account rover
80% of total industrial adhesive and sealant sol ent use
in the US. Other significant users are found in th furni-

In Eq. (7), N is the sample size and P is the number
of regression coefficients in the model. The model's
goodness-of-fit can be assessed using the deviance func-
tion (McCullagh and NeIder, 1989)

N

D(y;;t)=2 L {Yiln(YiIAJ-(Yi-).,J}. (8)
i=1

In the deviance test the goodness-of-fit is measured
by the difference between the maximum log likelihood
achievable and the log likelihood achieved by the model
under the test. The test statistic has asymptotically a Chi-
square distribution with (N -P) degrees of freedom.

We have applied the proposed methodology to ana-

lyze small area variations in emission sources and allo-

cate county-level emission estimates to subcounty units.

The emission source category selected for this appli-

cation is the adhesive and sealant category, which is one

of the area source categories inventoried by the Califor-

nia Air Resources Board (CARB, 1995). The main pol-

lutants of this category are the total organic gas (TOG)

emissions from solvents contained in adhesives and seal-

ants used by various industries. The study area is the

Sacramento modeling region, consisting of three coun-

ties, Sacramento, Solano and Yolo, in the State of Cali-

fornia. The study area is shown in Fig. 3. The UAM

used in the Sacramento State Implementation Plan (SIP)

requires the input emission data in small spatial units

(modeling cells). However, the emission estim~tes are
available only at the county or even larger are units.

Thus, it is necessary to allocate the county-Ie el esti-

mates to modeling cells. Moreover, as requested by the

CARB, we developed statistical models so ,that spatial:::=::vmationsm_SoUtCe 

activities cou.1d- beesfubateabt\$Cd

on easily available data. The modeling facilitates the

development of future air quality plans and redltces the

cost of emission inventory updates. The application con-

sists of identifying the emission sources, measuring the

spatial intensity of source activities, modeling the spatial

variations, and computing allocation factors.

3.1. Database development
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Fig. 3 The study area.

ture and home-building industry and the printing and
publishing industry. The businesses in those industries
were identified using the standard industrial classi-
fication (SIC) codes:

(Universal Transverse Mercator) coordinate system.
Source locations were geocoded using the address-
matching tool in Arcilnfo GIS.

The modeling grid, covering the whole study area,
was created as a polygon coverage. It consists of 1050
square cells in an array of 30 rows by 35 columns; with
each representing a zone of 4 kID by 4 kID (see Fig. 3).
The 4 kID cell size was considered to be appropriate for
simulating air quality in the study region. All data layers
were integrated with the grid layer to generate cell-based
data. Specifically, point in polygon operations were per-
formed to count the number of major industrial users
of adhesives and sealants in each cell; line in polygon
operations were done to compute the length of highways
within each cell; and polygon in polygon operations
were carried out to obtain population and employment
densities and percentage of urban land use for each cell.
The data integration operations were automated using
programs written in the Arc Macro Language (AML).

.the wood products industry (SIC=24);

.the furniture and home-building industry (SIC=25):

.the packaging industry (SIC=26); and

.the printing and publishing industry (SIC=27).

We obtained a list of businesses in those industries with
addresses from a commercial business database. We
deleted small businesses (less than 15 employees) in the
printing and publishing industry which are generally not
significant users of adhesives and sealants. Thus, our
final list contained 312 businesses of the selected indus-
tries in the study area. For analysis and modeling, we
collected land use data from the California Department
of Water Resources, census data on employment and
population distribution with census tract boundaries
from the Teale Data Center in Sacramento, and the
TIGER/Line files from the US Census Bureau. The data
came in different formats and projections. We converted
all GIS data to the Arc/Info format and the UTM

3.2. 

Mapping and modeling

The study area is located in the Central Valley of Cali-
fornia. The three-county area has a total population of
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RAW ALLOCA nON F ACfORS

Fig. 4. Raw allocation factors.

;';;;7:~=C=

Vallejo, Fairfield, and Vacaville. Yolo County is the
most sparsely populated area in the region. It has fewer
urban areas and much fewer businesses in the industries
than the other counties. The data show that the distri-
bution of the contributing sources is uneven through the
region and is far from homogeneous within each county.
The data suggests that some of the areal attributes such
as population density, urban land use, and proximity to
major highways might be good predictors of the spatial
distribution of industrial uses of adhesives and sealants.

Spatial allocations are done using the measure of spa-
tial intensity of the sources. In this study, the spatial
intensity is measured by the number of industrial users
per modeling cell. Allocation factors were calculated
using Eq. (3). Those are raw allocation factors since they
were computed using the raw data. The map of raw allo-
cation factors is shown in Fig. 4. On the map allocation
factors are classified into four categories by their values,
shown in different colors: the larger the allocation
values, the darker the color. Thus, cells with darker col-
ors indicate areas with higher level of source activity,
possible areas of concentration of the emissions.

The Poisson regression model was used to model the
spatial distribution of the source activities. In the model,

1.67 million, about 68% of which is in the Sacramento
county. The Sacramento metropolitan area is the domi-
nant urban center in the region. Two interstate highways,
1-80 and 1-5, go through the region. The industrial users
of adhesives and sealants in the study area are mainly
located in urban areas and along major highways. Most
of the users are found within the Sacramento metropoli-
tan area. In Solano County, the users are mainly concen-
trated in cities along the interstate highway 1-80, such as

Table I

Definition of variables

Variable name Definition

Dependent variable

NSP
Predictors

URBAN

URBAN2
HWY

pop
MFGEMP

Number of source points per cell

Percentage of urban land use

URBAN square
Miles of highway

Population density (1000 persons/square miles)

Manufacturing employment density (1000

employees/square miles)
POP * MFGEMPPOPMFG
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ersion in the data. This was done by dividing the values
of the standard errors by the square root of 1.9189. The
standard errors shown in Table 2 have been corrected
for overdispersion.

Results of the Poisson regression model were used to
estimate the expected spatial intensity of the emission
sources per cell. Then the fitted allocation factors were

Table 2

Estimated Poisson regression model

the dependent variable is the number of source points
per cell (mean=O.5725, standard deviation=2.3931). The
independent variables are percentage of urban land use,
miles of highways, population density, and manufactur-
ing employment density. The variables used in the Pois-
son regression model are defined in Table I. Since data
on those variables are easily available and can be
updated on a regular basis, the model is easy to use in

practice.
A number of Poisson regression models were esti-

mated. The model fitting the data best is presented in
Table 2. The model has five predictors, and all estimated
coefficients are statistically significantly different from
zero at conventional significance levels. The model's
goodness-of-fit can be evaluated using the deviance
function defined in Eq. (8). The estimated value is
431.552 with 539 degrees of freedom. This value does
not exceed the upper 95% critical point of the Chi-square
distribution, indicating no evidence o( lack of fit of the
data. The estimated value of the overdispersion para-
meter is 1.9189, greater than one. Hence, the variance
of the Poisson variable is "overdispersed". As a result,
the standard errors of the regression coefficients must be
adjusted upward proportional to the degrees of overdisp-

Poisson Number of =545

regression obs
Goodness-of-fit chi2(539) =431.552 Model chi2 =1039.273

(5)
=0.582 Prob > chi2 =0.000
= -369.988 PseudO R2 =0.584

Prob> Chi2

Log Likelihood

Std. err Asy. T ratio PI>tlVariable Coefficient

0.000
0.000
0.001

0.001

0.007
0.000

URBAN
URBAN2
HWY

MFGEMP
POPMFG
CONS

0.1625

-0.0012

0.0891

-13.0181

1.6054
-3.1820

0.0149

0.0001
0.0286

4.0127
0.6498

0.2741

10.914
-8.254

3.110

-3.244

2.471

-11.611
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computed using the discrete allocation method. As
before, the allocation values were categorized and a map
was made. The map of fitted allocation factors is
presented in Fig. 5. A comparison of the fitted map with
the raw map shows that the patterns of spatial distri-
bution are similar on the two maps, with the fitted map
having a little smooth effect. The estimated model fits
the data reasonably well.

National Science Foundation (DMS 95-10511, DMS 98-
70172, and ACI 96-19020).
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4. Conclusions

Current area source emission inventories estimate
total emissions for various industrial, commercial, and
consumer activities at the county or higher levels. The
lack of emission estimates at subcounty levels severely
limits the modeling and planning capabilities of urban
and regional air quality management. This paper extends
current area source emission inventory methodology by
developing a GIS-based approach for analyzing small
area variations in source activities and allocating county-
level emission estimates to subcounty units. This is done
by first estimating the spatial intensity of source activi-
ties and then using the intensity measure to derive allo-
cation factors. The approach also incorporates statistical
models to predict the spatial distribution of source activi-
ties using widely available data. The use of statistical
models has increased the analytical power of the
approach and facilitates emission inventory updates.

The usefulness and flexibility of the proposed
approach hay-e.cbeenillustrated iQthe application. The
adhesive andseaJant"c"aiegocy'is one ofthesoUrcecateg-
ories for which there was a marked lack of available data
for emission inventory at subcounty levels. The appli-
cation consists of identification of the source activities,
analysis of the spatial distributions, modeling of the spa-
tial intensities, and estimation of cell-based allocation
factors. The data used in the study are easily available
and can be updated on a regular basis.

A GIS is an indispensable tool for emission inventory
and air quality management. In addition to its powerful
capabilities in processing, analyzing and modeling spa-
tial data, GIS provides excellent visualization tools that
can be used effectively to present emission inventory

results and alternative solutions to air pollution prob-
lems. Therefore, the use of GIS can improve not only
the analytical capabilities for air quality management but
also our ability to communicate work results and
research findings to the decision makers and the public
in general.
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