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A b s t r a c t 

A major problem facing air quality management personnel is the identification of sources of 
airborne particles and the quantitative apportionment of the aerosol mass to those sources. The ability to 
collect particle samples and analyze these samples for a suite of elements by such techniques as neutron 
activation analysis or x-ray fluorescence provides the data for the problem of resolving a series of complex 
mixtures into its components based on the profiles of the elements emitted by the various sources in the 
airshed. If all of the sources and their composition profiles are known, then the mass balance model 
becomes a multiple regression problem. If a series of samples have been analyzed without substantial 
information being available on the sources, factor analysis methods can be employed. In both situations, 
there are limits to the identification of specific sources or the location of the sources. Thus, other methods 
that combine chemical with meteorological data have been developed to assist in spatial identification of 
pollutant sources. There are also limitations to the ability of any statistical method to resolve sources in 
real world problems. The physical and statistical basis of these methods and their application to 
representative problems are reviewed in this report. 

1. INTRODUCTION 

In the United States of America, the advent of a national ambient air quality 
standard for total suspended particles (TSP) in the early 1970's created the need to 
identify particle sources so that effective control strategies could be designed and 
implemented. The initial efforts at identification of particle sources focused on dispersion 
models of point sources. These are models that model the transport of pollutants from a 
source to the surrounding area based on the characteristics of the source (stack height, 
temperature of plume, initial vertical momentum, emission rate) and meterological data 
(wind speed and direction, atmospheric stability, etc.). In most cases, the application of 
these models resulted in substantial reductions in TSP levels. However, as the increment 
of additional control needed to reach standard levels became smaller, the model 
uncertainties lead to difficulties in identifying the actual sources of continuing problems. 
In addition, fugitive and other non-ducted emissions are generally not treated or are poorly 
handled in these models. Thus, additional methods were required to identify and 
quantitatively apportion particle mass to sources. These new methods are called receptor 
models. In them, the measured properties of the collected ambient samples are used to 
infer the contributions of the sources to the ambient pollutant concentration. These 
methods require that samples be obtained at locations of interest, receptor sites and that 
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the samples so collected be analyzed for the properties that are characteristic of the 
pollutant sources. 

These requirements arose at the time when new analytical methods were developed 
that permitted multielemental analysis of large numbers of airborne particle samples. Thus, 
large data bases on the composition of airborne particles are available for use in these 
receptor models. It then becomes possible to quantitatively apportion the observed 
airborne concentrations such as airborne lead among the various source types. 

This paper outlines several of the applicable models, provide examples of their use 
in apportioning materials in a number of airsheds, and demonstrate how they can identify 
the influence of emissions on the overall airborne particle concentrations. 

2. PRINCIPLE OF MASS CONSERVATION 

All of the currently used receptor models are based on the assumption of mass 
conservation and the use of a mass balance analysis. For example, let us assume that the 
total airborne particulate lead concentration (ng/m3) measured at a site can be considered 
to be the sum of contributions from independent source types such as motor vehicles, 
incinerators, smelters, etc. 

PbT = Pbauto + Pbincingiat:oT + Pbmlt„ + Pbsol] + ... ( 1 ) 

However, a motor vehicle burning leaded gasoline emits particles containing materials other 
than lead. Therefore, the atmospheric concentration of lead from automobiles in ng/m3, 
Pbaut0/ can be considered to be the product of two cofactors; the gravimetric concentration 
(ng/mg) of lead in automotive particulate emissions, a^^o , and the mass concentration 
(mg/m3) of automotive particles in the atmosphere, f^,,,. 

•PAiueo = aFb.auto' 2-auco ( 2 ) 

The normal approach to obtaining a data set for receptor modelling is to determine a large 
number of chemical constituents such as elemental concentrations in a number of samples. 
The mass balance equation can thus be extended to account for all m elements in the n 
samples as contributions from p independent sources 

where x̂  is the ith elemental concentration measured in the jth sample, aik is the 
gravimetric concentration of the ith element in material from the kth source, and f^ is the 
airborne mass concentration of material from the kth source contributing to the jth sample. 
There are several different approaches to receptor model analysis that have been 
successfully applied including chemical mass balance (CMB) and multivariate receptor 
models including principal components analysis and target transformation factor analysis 
(TTFA). These models can be applied to both particulate and gaseous species. The basis 
for each of these methods will be presented in subsequent sections of this paper along 
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with examples of their application to the identification of pollution sources in the 
atmosphere. 

3. CHEMICAL MASS BALANCE 

3.1 Introduction 

The chemical mass balance (CMB) sometimes called the chemical element balance 
solves equation 3 directly for each sample by assuming that the number of sources and 
their compositions at the receptor site are known. This approach was first independently 
suggested by Winchester and Nifong [1] and by Miller et al. 12]. The composition of an 
ambient sample is then used in a multiple linear regression against suurce compositions to 
derive the mass contribution of each source to that particular sample. Miller, Friedlander, 
and Hidy modified equation 3 to explicitly include changes in composition of the source 
material while in transit to the receptor 

p 
xij = 5T aikaii:fkj ( 4 ) 

J C - l 

where olk is the coefficient of fractionation so that if a,\ were the composition of the 
particles as emitted by the source, aik is the composition of the particles at the receptor 
site (aik = crlValk). In practice, it is generally impossible to determine the alk values and they 
are assumed to be unity (aik = a/*). 

3.2 Previous Applications 

In the early applications of this approach to urban aerosol mass apportionment, the 
quality of available source compositions severely limited the precision to which the ambient 
compositions could be reproduced. Several major research efforts subsequently resulted 
in substantially better source data. The source emission studies led to much improved 
resolution of the particle sources in Washington, D.C. [3,4]. In one of these studies, 
Kowalczyk et a\. [3] used a weighted least-squares regression analysis to fit six sources 
with eight elements for ten ambient samples. In these analyses, the ambient elemental 
concentrations are weighted by the inverse of the square of the analytical uncertainty in 
that measurement. 

Subsequently, Kowalczyk era/. [4] examined 130 samples using 7 sources with 28 
elements included in the fit. Although 28 elements were used in the fitting process, the 
fit did not change appreciably with varying numbers of elements included with the 
exception of some of the key tracer elements such as Na, Pb, and V. Cheng and Hopke 
examined these data using a variety of regression diagnostics [5]. They found that these 
"marker" elements can be clearly identified and their influence on the quality of the fit to 
the ambient data and the source mass contributions can be quantitatively estimated. 
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The elemental balance sheet allows the identification of the major sources of metals 
in the air. For example, vanadium and nickel primarily arise from oil-fired power plant 
emissions; 23 of 25 ng/m3 for V and 4.0 of 17 ng/m3 for Ni with most of the nickel 
unexplained. Subsequent studies have shown that Kowalczyk et at. used an unusually low 
Ni/V ratio for the oil power plant profile which led to the underprediction of Ni. Zinc is 
mainly released by incinerator sources but also comes from motor vehicles (51 ng/m3 from 
refuse incinerations and 7.3 ng/m3 from motor vehicles). The reverse is true for lead with 
motor vehicles as the primary source and refuse incineration as a lesser but important 
source; 428 ng/m3 from motor vehicles and 34 ng/m3 from incineration. In this way 
sources of both particulate mass and specific elements can be identified. 

In 1979, Watson [6] and Dunker [7] independently suggested a mathematical 
formalism called effective variance weighting that included the uncertainty in the 
measurement of the source composition profiles as well as the uncertainties in the ambient 
concentrations. As part of this analysis, a method was also developed to permit the 
calculation of the uncertainties in the mass contributions. Effective-variance least squares 
has been incorporated into the standard personal computer software developed by the U.S. 
EPA for receptor modelling. The most extensive use of effective-variance fitting has been 
made by Watson and colleagues in their work on data from Portland, OR [6,8]. Since 
that study, a number of other applications of this approach have been made in which the 
method works well. It must be made clear, however, that the CMB analysis works well 
in these examples because both the source and ambient samples were collected and 
analyzed during the same time period. Much less detailed resolutions of sources were 
possible in other locations when on-site samples could not be obtained. In an 
intercomparison study organized by the U.S. Environmental Protection Agency [9] to 
examine receptor models, a set of ambient particulate elemental compositional data sets 
were analyzed by a number of investigators using similar CMB methods. The compositions 
of particles from sources in Houston were not available and were not measured during this 
program so that source composition profiles had to be obtained from literature sources. 
The lack of source data immediately raised problems in the use of the mass balance 
methods and comparison of results from different investigators. It is not always certain 
exactly which sources should be included in the analysis. Although emission inventories 
may be available for the region, it may be that the measured source composition for a coal-
fired power plant in Maryland burning eastern bituminous coal is not a particularly good 
representation for a lignite-burning plant in Texas. 

An additional problem for receptor modelling is that the motor vehicle profile in the 
United States is undergoing rapid changes in lead and bromine concentrations with time 
as the new, catalyst-equipped cars, diesel cars and trucks replace the remaining leaded-fuel 
burning vehicles. An interesting solution to the problem of the changing lead concentration 
in motor vehicle emissions was recently provided by Dzubay et at. [10]. They obtained 
particle samples in the summer of 1982 in Philadelphia, Pennsylvania and vicinity in the 
size ranges of <2.5 jjm and 2.5 to 10 //m using a dichotomous sampler. The samples 
were analyzed using ion chromatography for sulphate and nitrate, XRF and INAA for 
elemental composition and a thermo-optical method for organic and elemental carbon. 
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Because there is also a non-ferrous metal smelter in the airshed, lead in the air comes from 
incinerators, the smelter, and tailpipe emissions. Using the other measured species in the 
data set, they derived the amounts of lead that could be attributed to all sources other 
than motor vehicles. They then used a second multiple regression analysis to relate the 
amount of unaccounted lead, total lead minus all sources other than vehicles, to the motor 
vehicle source and obtained a lead value of 6% lead in motor vehicle emissions. It appears 
that as long as sufficient leaded fuel is still in use, it will be possible to employ an 
approach such as this one to obtain the current fleet-weighted average. With leaded fuel 
having been phased out entirely, the lead and bromine are no longer useful tracers for 
motor vehicles. A similar trend is in progress in Europe and other locations as lead 
concentrations in gasoline are reduced. Since motor vehicles are an important source of 
particles, it is helpful to know that there may be other tracers appearing for automobiles. 

There are alternative approaches to solving equation 3. For example, it can be 
restated as a linear programming problem. Cheng and Hopke [11] have examined the 
use of the L, norm and linear programming approaches. They found that a weighted, 
constrained l^-norm approach was much more stable that either ordinary weighted least-
squares or effective-variance weighted least-squares methods at least for the set of three 
data sets created for the EPA Receptor Model Intercomparison Workshop. These data sets 
are described in detail by Currie et al. [12]. 

These same EPA data sets have also been reanalysed using non-negative, weighted 
least-squares methods [13]. In these studies, Wang and Hopke concluded that these 
methods do provide valuable analysis of the rank of the source profile matrix and physically 
meaningful non-negative mass contributions. However, they suggest that the methods 
might lead to incorrect results if the proper source profiles are not used in the fitting 
process. Thus, there are statistical methods that are useful for extracting estimates of the 
mass contributions when both the source profiles and the ambient concentrations are 
known. However, it is often the case that the measured profiles are too similar to one 
another to be successfully resolved. Thus, other methods are needed to increase the 
amount of information available about the source and ambient particles. 

This other method is computer-controlled scanning electron microscopy (CCSEM). 
The analysis of microscopic features of individual particles, such as their chemical 
compositions, will provide much more information from each sample than can be obtained 
from bulk analysis. Therefore, the ability to perform microscopic analyses on a number of 
samples permits the use of CCSEM techniques in receptor models. The ability of the 
scanning electron microscope equipped with X-ray detection capabilities (SEM/XRF system) 
to provide size, shape, and elemental constitution data extends the utility of microscopic 
examinations. CCSEM can provide an important additional method in the area of receptor 
modelling. Hopke and Casuccio [14] have surveyed the applications of CCSEM in the 
particle elemental investigation and its ability of identifying particle sources in the receptor 
model studies. 
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3.3 Illustrative Example of CMB Analysis 

To illustrate the use of the Chemical Mass Balance method, an example will be 
taken from the study of Glover et al. [15] of the sources of airborne particulate matter 
in Granite City, Illinois. With the promulgation of the new National Ambient Air Quality 
Standards for Particulate Matter --10//m (PM10), it has been necessary to review the State 
Implementation Plan (SIP) in each state for those areas most likely to be out of compliance 
with the new standard. In Illinois, one such area is Granite City, an industrial city 
northeast of St. Louis, Missouri, that has a history of total suspended particulate and 
airborne lead non-attainment. 

As a part of the studies necessary to prepare an effective and efficient SIP, receptor 
modelling has been applied to elemental compositional data for 24 hour airborne particle 
samples taken in Granite City by the Illinois State Water Survey using an automated 
dichotomous sampler. This sampler collects particles with an inlet that excludes large 
particles by having a 50% transmission efficiency for 10 //m particles. The particles that 
penetrate into the sampler are separated into 2 aerodynamic size fractions; < 2.5 //m (fine) 
and 2.5 to 10 /vm (coarse). The particles are collected on Teflon filters which are then 
available for chemical analysis. 

The particle samples were subjected to both x-ray fluorescence (XRF) and 
instrumental neutron activation analysis (NAA) in order to provide the input data for 
receptor modelling. Forty-eight sample pairs (fine and coarse) were thus analyzed for 
thirty-three elements. Each of these samples were then subjected to two CMB analyses. 
For the first analysis, the source profiles were taken from libraries available in the 
literature. The results of this analysis were not satisfactory in that too small a percentage 
of the airborne particle mass could be accounted for. 

To supplement the source profiles available in the literature, twelve dust samples 
were collected in and around Granite City. These were aerosolized, sampled, and analyzed 
by XRF and NAA to provide site specific source profiles for the second CMB analysis. 
Details of these procedures are given by Glover eta/. [15]. Also, in an attempt to account 
for more of the mass on each ambient filter, total carbon was measured seven times during 
the ambient sampling period. A Sierra PM10 sampler equipped with quartz fiber filters was 
collocated with the dichotomous sampler for this purpose. Each quartz filter was analyzed 
for total PM10 mass and total carbon mass. After the PM10 mass of each filter was 
determined, the filter was treated with HCI to remove any carbonate. Each filter was then 
oxidized at 800 *C, converting the elemental and organic carbon to C02. The amount of 
C02 released was measured with a Dohrmann carbon analyzer. A linear regression was 
used to relate the mass of total carbon to the total PM10 mass of each quartz filter. This 
regression is represented by 

TC = 0 . 0 7 4 -PM10 + 3 . 1 2 9 ( 5 ) 

where TC and PM10 are both measured in //g/m3. 
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Computer controlled scanning electron microscopy (CCSEM) was used to partition 
the total carbon measurements between the fine and coarse fractions. The first and last 
quartz filters collected were analyzed by CCSEM. The number distribution, physical mass 
distribution, and aerodynamic mass distribution of the particles on each filter were 
determined along with an elemental analysis of the particles. The CCSEM measurements 
determined that the total carbon was apportioned between the fine and coarse fractions 
by 

TCflDO = 0 . 919 'TC 
TCcoax3g = 0 . 0 8 2 T C * ' 

Tins Fiv"i10 mass on each of the quartz filters was scaled to the PM10 mass collected on the 
Teflon disks. The mass of each pair of fine and coarse Teflon disks was added to find the 
total PM10 mass on the Teflon disks. TC,^ and TCeoa,,a for the Teflon disks were found by 
multiplying the scaling factor for each sample with equations 2 and 3, respectively. 

By including the local dust samples among the potential source profiles in the 
second CMB analysis, a marked improvement in the quality of the predicted results was 
achieved. The reanalysis did not change the types of sources identified by the CMB 
analysis. However, the apportionment between sources varied enough to cause the 
relative importance of sources to change. An improvement in the results was observed 
in which the average value of the adjusted R2 increased for both fractions. (The 
adjustment in the R2 values was made to account for the number of different sources that 
were identified for each sample.) This increase was especially apparent for the coarse 
fraction. The predicted fine fraction mass became closer to the observed mass with only 
a slight increase in error. (The error in the initial predicted results was influenced by the 
use of an artificial sulphur component, a source containing only sulphur, which caused the 
initial error to be fairly low.) The predicted coarse fraction mass increased while the 
associated error decreased. The predicted mass of the fine fraction fitting elements 
changed from an average over-prediction to an average under-prediction. Similar results 
were obtained for the coarse fraction samples. Under-prediction is the more desirable error 
since during the fitting process it is more difficult to explain mass that was not observed 
than to not explain all of the mass that had been observed. There are always other 
unidentified sources that might explain the unaccounted for mass. To illustrate the quality 
of the fit for the individual elements, the ratio of the predicted to measured concentration 
values are shown in Figure 1. For all of the elements except for P, the predicted to 
observed ratios were generally close to 1 indicating that this set of source profiles explain 
the observed elements quite well. 

By measuring ambient filters by both XRF and NAA, a relatively complete set of 
elemental measurements was obtained. The usefulness of this data was limited by the 
current unavailability of source profiles including these elements. The lack of data on 
carbon was a speciai problem in the present study since the limited ambient information 
did identify carbon as being an important part of the fine mass. The inclusion of site 
specific profiles in a receptor oriented source apportionment program improved the overall 
quality of the source apportionment results from those using only literature profiles. While 
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not identifying new sources, the site specific profiles significantly improved the R2 of the 
coarse fraction. It also decreased the coarse fraction's predicted results error values. 
Considering that the initial fine fraction CMB required a unique sulphur factor to achieve 
the best fit, the fine fraction results are also an indication that the better receptor 
modelling results are achieved by using site specific profiles for fugitive emissions. The 
collection and analysis of site specific fugitive dust profiles should be collected, if possible, 
during the course of future studies employing receptor models. 

Fine Fraction, Granite City, IL, March 25,1986 

Al Si P S CI K Ca Ti V Cr nn Fe Hi Cu Zn As Br Sr Sb Pb 

Element 
Figure 1. Fraction of the Observed Elemental Concentration Predicted by the CMB 
Analysis for Fine Fraction Sample of March 25, 1986 Sample in Granite City, IL. 

In many situations, locally measured source profiles are not available or there may 
have been significant changes in the particle producing activities in the airshed since profile 
were measured. Thus, it is helpful to have methods that can extract information from the 
ambient data alone as to the number, nature, and mass contributions of the particle 
sources in an area. These methods use multivariate statistical methods tc obtain the 
receptor modelling information required. 
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4. MULTIVARIATE RECEPTOR MODELS 

4.1 Introduction 

Alternative approaches have been developed for identifying and quantitatively 
apportioning sources of airborne particles using multivariate statistical analysis. 
Eigenvector analysis has been the principal method that has been applied to airborne 
particle composition data. An eigenvector analysis tries to simplify the description of a 
system by determining the minimum number of new variables necessary to reproduce the 
measured attributes of the system. The mathematical basis of these methods has been 
described by Henry [16]. 

Principal components and factor analysis are names given to several of the variety 
of forms of eigenvector analysis. It was originally developed and used in psychology to 
provide mathematical models of psychological theories of human ability and behaviour. 
However, eigenvector analysis has found wide application throughout the physical and life 
sciences. Unfortunately, a great deal of confusion exists in the literature in regard to the 
terminology of eigenvector analysis. Various changes in the way the method is applied has 
resulted in it being called factor analysis, principal components analysis, principal 
components factor analysis, empirical orthogonal function analysis, Karhunen-Loeve 
transform, etc., depending on the way the data are scaled before analysis or how the 
resulting vectors are treated after the eigenvector analysis is completed. All of the 
methods have the same basic objective; the compression of data into fewer dimensions 
and the identification of the structure of interrelationships that exist between the variables 
measured or the cases studied. 

The first step in the eigenvector analysis is the calculation of a dispersion matrix, 
the matrix that contains quantitative information on the relative variation of pairs of 
variables or pairs of samples (cases). There are two basic types of dispersion matrices. 
They are covariance matrices and correlation matrices. For a correlation matrix, the data 
are scaled such that each variable or each case has an equal weight. The data are not 
scaled before calculating covariance. In both instances, the data may be centered by 
subtracting a mean value before scaling and the calculation of the matrix elements. The 
choice of dispersion matrix depends on the nature of the data set to be analyzed. For 
many types of chemical spectroscopic data, the covariance matrix is the choice because 
each variable has the same measurement scale. For many geochemical problems, the 
dif*srence in scale between major, minor, and trace components requires scaling to avoid 
domination of the analysis by the major components [17]. 

The dispersion matrix is then decomposed into a series of orthogonal vectors. If 
there were no errors in the data, the number of non-zero eigenvalues would be the 
dimensionality of the problem called the rank of the matrix. The rank for the original data 
matrix is the same as that for the dispersion matrix. However, experimental error generally 
results in a number of small but non-zero eigenvalues. The determination of the number 
of vectors containing significant information relative to those dominated by noise is often 
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a difficult one. The lack of universally applicable criteria for determining the dimensionality 
of the data is a major problem in the application of factor analysis. 

In the most commonly used approach to calculating the eigenvectors, the maximum 
amount of variance is packed into the first eigenvalue. The maximum possible amount of 
the remaining variance goes into the second and so forth. This compression of the 
information into a few components permits much of the variation in the data set to be 
displayed in a two or three dimensional plot. For many classification problems, the first 
few factors are able to reproduce most of the data structure and to remove some of the 
nnisq. The objects can then be plotted using the components axes and thus display the 
features of high dimensional data in a few dimensions. 

The compression of variance into the first factors will improve the ease with which 
the number of factors can be determined. However, their nature has now been mixed by 
the calculational method. Thus, once the number of factors has been determined, it is 
often useful to rotate the axes in order to provide a more interpretable structure. The axis 
rotation can retain the orthogonality of the eigenvectors or cause them to be oblique. 
Depending on the initial data treatment, the axes rotations may be in the scaled and/or 
centered space or in the original variable scale space. The latter approach has proved quite 
useful in a number of environmental systems as described by Hopke [17]. 

4.2 Previous Applications 

The first receptor modelling applications of classical factor analysis were by Prinz 
and Stratmann [18] and Blifford and Meeker [19]. Prinz and Stratmann examined 
both the aromatic hydrocarbon content of the air in 12 West German cities and data on 
the air quality of Detroit. In both cases they found three factor solutions and used an 
orthogonal varimax rotation to give more readily interpretable results. Blifford and Meeker 
used a principal component analysis with both varimax and a non-orthogonal rotation to 
examine particle composition data collected by the National Air Sampling Network (NASN) 
during 1957-61 in 30 U.S. cities. They were generally not able to extract much 
interpretable information from their data. Since there are a very wide variety of particle 
sources among these 30 cities and only 13 elements were measured, it is not surprising 
that they were not able to provide much specificity to their factors. 

The factor analysis approach was then reintroduced by Hopke et al. [20] and 
Gaarenstroom et al. [21] for their analysis of particle composition data from Boston, MA 
and Tucson, AZ, respectively. In the Boston data for 90 samples at a variety of sites, six 
common factors were identified that were interpreted as soil, sea salt, oil-fired power 
plants, motor vehicles, refuse incineration and an unknown manganese-selenium source. 
The six factors accounted for about 78% of the system variance. There was also a high 
unique factor for bromine that was interpreted to be fresh automobile exhaust. Since lead 
was not determined, these motor vehicle related factor loading assignments remain 
uncertain. Large unique factors for antimony and selenium were found. These factors 
represent emissions of species whose concentrations do not covary with other elements. 
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Subsequent studies where other elements including sulphur and lead were measured 
showed a similar result. They found that the selenium was strongly correlated with 
sulphur for the warm season (May 6 to Nov. 5). This result is in agreement with the 
Whiteface Mountain, NY results and suggests that selenium is an indicator of long range 
transport of coal-fired power plant effluents to the northeastern U.S. They found lead to 
be strongly correlated with bromine and readily interpreted as motor vehicle emissions. 

In the study of Tucson [21 ] , whole filter data were analyzed separately at each site. 
They find factors that are identified as soil, automotive, several secondary aerosols such 
as (NH,)2SO,, and several unknown factors. They also discovered a factor that represented 
the variation of elemental composition in their aliquots of their neutron activation standard 
containing l\Ja, Ca, K, Fe, Zn, And Mg. This finding illustrates one of the important uses 
of factor analysis; screening the data for noisy variables or analytical artifacts. 

One of the valuable uses of this type of analysis is in screening large data sets to 
identify errors [17]. With the use of atomic and nuclear methods to analyze environmental 
samples for a multitude of elements, very large data sets have been generated. Because 
of the ease in obtaining these results with computerized systems, the elemental data 
acquired are not always as thoroughly checked as they should be, leading to some, if not 
many, bad data points. It is advantageous to have an efficient and effective method to 
identify problems with a data set before it is used for further studies. Principal component 
factor analysis can provide useful insight into several possible problems that may exist in 
a data set including incorrect single values and some typos of systematic errors. 

Gatz [22] used a principal components analysis of aerosol composition and 
meteorological data for St. Louis, MO. In this study, nearly 400 filters collected at 12 
sites were analyzed for up to 20 elements by ion-induced x-ray fluorescence. Gatz used 
additional parameters in his analysis including day of the week, mean wind speed, percent 
of time with the wind from NE, SE, SW, or NW quadrants or variable, ventilation rate, rain 
amount and duration. At several sites the inclusion of wind data permitted the extraction 
of additional factors that allowed identification of motor vehicle emissions in the presence 
of specific point sources of lead such as a secondary copper smelter. An important 
advantage of this form of factor analysis is the ability to include parameters such as wind 
speed and direction or particle size in the analysis. 

In the early applications of factor analysis to particulate compositional data, it was 
generally easy to identify a fine particle mode lead/bromine factor that could be assigned 
as motor vehicle emissions. In many cases, a calcium factor sometimes associated with 
lead could be found in the coarse mode analysis and could be assigned as road dust. 
However, the problem of diminishing lead concentrations in gasoline discussed earlier for 
the CMB analysis also applies here. As the lead and related bromine concentrations 
diminish, the clearly distinguishable covariance of these two elements is disappearing. In 
a study of particle sources in southeast Chicago based on samples from 1985 and 1986, 
much lower lead levels are observed and the lead/bromine correlation is quite weak [23]. 
Thus, the identification of highway emissions through factor analysis based on lead or lead 
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and bromine is becoming more and more difficult and other tracer species are going to be 
needed in the future. 

A problem that exists with these forms of factor analysis is that they do not permit 
quantitative source apportionment of particle mass or of specific elemental concentrations. 
In an effort to find an alternative method that would provide information on source 
contributions when only the ambient particulate analytical results are available, Hopke [17] 
have developed target transformation factor analysis (TTFA) in which uncentered but 
standardized data are analyzed. In this analysis, resolution similar to that obtained from 
a CMB analysis can be obtained. However, a CMB analysis can be made on a single 
sample if the source data is known while TTFA requires a series of samples with varying 
impacts by the same sources, but does not require a priori knowledge of the source 
characteristics. The objectives of TTFA are 1) to determine the number of independent 
sources that contribute to the system, 2) to identify the elemental source profiles, and 3) 
to calculate the contribution of each source to each sample. 

One of the principal advantages of TTFA is that it can identify the source 
composition profiles as they exist at the receptor site. There can be changes in the 
composition of the particles in transit from the source to the receptor and approaches that 
provide these modified source profiles should improve the receptor model results. Chang 
et al. [24] have applied TTFA to an extensive set of data from St. Louis, MO, to develop 
source composition profiles based on a subset selection process developed by Rheingrover 
and Gordon [25]. They select samples from a data base that were heavily influenced 
by major sources of each element. These samples were identified according to the 
following criteria: 

1. Concentration of the element in question X > X + 2cr where X is the 
average concentration of that particular element for each station and size 
fraction (coarse or fine particle size fraction), Zcr is typically set at about 
three for most elements, and is the standard deviation of the concentration 
of that element. 

2. The standard deviation of the 6 or 12 hourly average wind directions for 
most samples, or minute averages for 2-hour samples, taken during 
intensive periods is less than 20 degrees. 

Samples that are strongly affected by emissions from a source were identified 
through observation of clustering of mean wind directions for the sampling periods 
selected with angles pointing toward the source. 

A number of studies of multivariate receptor models have used the data base from 
the Regional Air Pollution Study (RAPS) of St. Louis, MO. In the RAPS program, 
automated dichotomous samplers were operated over a two year period at ten sites in the 
St. Louis metropolitan area. Ambient aerosol samples were collected in fine, < 2Ajjm, 
and coarse, 2.4 to 20 //m, fractions. Samples were analyzed at the Lawrence Berkeley 
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Laboratory for total mass by beta-gauge measurements and for twenty-seven elements by 
x-ray fluorescence. The RAPS data base contains results for almost 35,000 samples. 

Rheingrover and Gordon [25] screened the RAPS data base according to the criteria 
stated above. With wind trajectory analysis, specific emission sources could be identified 
even in cases where the sources were located very close together. A compilation of the 
selected impacted samples was made so that target transformation factor analysis could 
be employed to obtain elemental profiles for these sources at the various receptor sites 
[24]. 

Thus, TTFA may be very useful in determining the concentration of lead in motor 
vehicle emission as the mix of leaded fuel continues to change. Multivariate methods can 
thus provide considerable information regarding the sources of particles including highway 
emissions from only the ambient data matrix. The TTFA method represents a useful 
approach when source information for the area is lacking or suspect and if there is 
uncertainty as to the identification of all of the sources contributing to the measured 
concentrations at the receptor site. 

Further efforts have recently been made by Henry [16] on extending eigenvector 
analysis methods. He has been examining ways to incorporate the explicit physical 
constraints that are inherent in the mixture resolution problem into the analysis. Through 
the use of linear programming methods, he is better able to define the feasible region in 
which the solution must lie. There exists a limited region in the solution space because 
the elements of the source profiles must all be greater than or equal to zero (non-negative 
source profiles) and the mass contributions of the identified sources must also be greater 
than or equal to zero. Although there has only been limited applications of this expanded 
method, it offers an important additional tool to apply to those systems where a priori 
source profile data are not available. These methods provide a useful parallel analysis with 
CMB to help insure that the profiles used are reasonable representations of the sources 
contributing to a given set of samples. 

4.3 Illustrative Example 

In order to demonstrate the rise of target transformation factor analysis for the 
resolution of sources of urban aerosols, TTFA will be applied to a compositional data set 
obtained from aerosol samples collected during the RAPS program in St. Louis, Missouri. 
The data for the samples collected during July and August 1976 from station 112 were 
selected for the TTFA process. Station 112 was located near Francis Field, the football 
stadium on the campus of Washington University, west of downtown St. Louis. 

During the sixty-two days of July and August, filters were changed at twelve hour 
intervals, producing a total of 124 samples in each the fine and coarse fractions. Data 
were missing for 24 pairs of samples leaving a total of 100 pairs of coarse and fine 
fraction samples. Of the twenty-seven elements determined for each sample, a majority 
of the determinations of ten elements had values below the detection limits. Since a 
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complete and accurate data set is required to perform a factor analysis, these ten elements 
were eliminated from the analysis. For example, arsenic was excluded because almost all 
of the values were below the detection limits. Arsenic determinations by x-ray 
fluorescence are often unreliable because of an interference between the arsenic K x-ray 
and the lead L x-ray. A neutron activation analysis of these samples would produce better 
arsenic determinations. Reliable data for arsenic may be important to the differentiation 
of coal fly ash and crustal material; two materials with very similar source profiles. The 
low percentage of measured elements can lead to distortions in the scaling factors 
produced by the multiple regression analysis. The remaining mass consists primarily of 
hydrogen, oxygen, nitrogen, and carbon. Although no measurements of carbon are 
included in the RAPS data, that portion of the sample mass must still be accounted for by 
the resolved sources. In order to produce the best possible source resolutions, it is vital 
to have accurate measurements of the mass of total suspended particles (TSP) as well as 
determinations for as many elements as possible. 

The fine and the coarse samples were analyzed separately and only the fine fraction 
results will be reported here. In this target transformation analysis, a set of potential 
source profiles was assembled from the literature to use as initial test vectors. In addition 
the set of unique vectors was also tested. The eigenvector analysis provided the results 
presented in Table I. Examination of the eigenvectors suggests the presence of 4 major 
sources, possibly 2 weak sources, and noise. To begin the analysis, a 4 vector solution 
was obtained. 

Table I. RESULTS OF EIGENVECTOR ANALYSIS OF 

JULY AND AUGUST 1976 FINE FRACTION DATA 

AT SITE 112 IN ST. LOUIS, MISSOURI 

Factor Eigenvalue Chi Square Exner % Error 

1 
2 

3 
4 

5 
6 
7 

8 

9 

90. 
5.0 
1.7 

1.3 

0.16 
0.09 

0.03 
0.02 

0.02 

210 
156 
65 

63 

55 
26 

24 
24 

15 

.324 

.214 

.141 

.064 

.047 

.034 

.027 

.021 

.016 

204 
164 

129 

93 
72 

68 
67 
58 

49 

The iteratively refined source profiles are given in Table II. The first three vectors 

can be easily identified as motor vehicles (Pb, Br), regional sulphate, and soil/fly ash (Si, 

AD based on their apparent elemental composition. However, the fourth vector showed 

high K, Zn, Ba, and Sr and was not initially obvious as to its origin. The resulting mass 
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Table II. REFINED SOURCE PROFILES FOR 

THE 4 SOURCE SOLUTION AT RAPS SITE 112, 
JULY-AUGUST 1976 

Motor Flyash/ 
Element Vehicle Sulfate Soil Fireworks 

Al 

Si 
S 

CI 

K 

Ca 
Ti 

Mn 

Fe 
Ni 
Cu 

Zn 

Se 
Br 
Sr 

Ba 

Pb 

3. 

0.0 
0.0 
5.2 

0.0 
12. 

2.8 

1.5 

5.8 
0.2 
1.9 
9.8 
0.1 

26. 

0.0 
1.45 

105. 

0.9 

2.8 
232. 

1.6 

0.06 

0.006 
1.8 

0.1 

3.8 

0.06 
0.2 
1.4 
0.1 

0.0 
0.0 

0.3 

8. 

62. 

140. 
14. 

0.31 
43. 
17. 

2.3 
0.8 

38. 

0.05 
0.03 

0.0 
0.0 
2.7 
0.9 

0.8 

3.8 

60. 

0.0 
26. 
19. 

580. 

0.27 
0.0 

3.6 

9. 
0.3 
4.6 

24. 
0.01 
2. 

12. 

15. 

0.0 

loadings were then calculated and the only significant values were for the sampling periods 

of noon to midnight on July 4 and midnight to noon on July 5. This was July 4 , 1976 and 

there was a bicentennial fireworks display at this location. Thus, these two highly 

influenced samples change the whole analysis. 

To illustrate this further, Table III gives the average values of the elemental 
composition of the fine fraction samples for the samples with and without the July 4 and 
5 samples included. It can be seen that these two samples from July 4 and 5 from 100 
sample set have changed the average value of K by a factor of 2 and the average Sr by 
a factor of 5. Thus, TTFA can find strong, unusual events in a large complex data set. 
After dropping the samples from July 4 and 5, the analysis was repeated and the results 
are presented in Table IV. Now there are 3 strong factors, 2 weaker ones, and a more 
continuum. Thus, a 5 factor solution was sought. These results are presented in Table 
V. 
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Table III. COMPARISON OF DATA WITH AND WITHOUT SAMPLES FROM JULY 4TH 
AND 5TH (NG/M3) RAPS STATION 112, JULY AND AUGUST 1976, FINE FRACTION 

Element 

Al 
Si 
S 

CI 

K 
Ca 
Ti 

Mn 

Fe 
Ni 

Cu 
Zn 
Se 
Br 
Sr 

Ba 
Pb 

With 

July 4th & 5th 
Mean 

220 ± 30 
440 ± 60 

4370 ± 3 1 0 
90 ± 10 

320 ± 130 
110 ± 10 

63 ± 13 

17 ± 3 
220 ± 20 
2.3 ± 0.2 

16 ± 3 
78 ± 8 

2.7 ± 0.2 

140 ± 9 
5 ± 4 

19 ± 5 
730 ± 50 

Without 
July 4th & 5th 

Mean0 

200 ± 30 
450 ± 60 

4360 ± 320 
80 ± 9 

150 ± 9 
110 ± 10 

64 ± 13 

17 ± 3 
220 ± 20 
2.3 ± 0.2 

15 ± 3 
75 ± 8 

2.7 ± 0.2 
130 ± 8 

1.1 ± 0.1 
15 ± 4 

720 ± 50 

"Mean value and standard deviation of the mean. 

Table IV. RESULTS OF EIGENVECTOR ANALYSIS OF JULY AND AUGUST 1976 

FINE FRACTION DATA AT SITE 112 IN S. LOUIS, MISSOURI 
EXCLUDING JULY 4TH AND 5TH DATA 

Factor 

1 
2 
3 

4 

5 
6 
7 

8 

9 

Eigenvalue 

87. 
4.9 
2.0 

0.2 

0.1 
0.1 

0.02 

0.02 

0.01 

Chi Square 

210 
152 
57 

42 
26 

25 
26 
17 

16 

Exner 

.304 

.304 

.070 

.050 

.037 

.029 

.023 

.019 

.015 

Average 
% Error 

197 
197 
123 

98 
73 
69 
69 
67 
53 
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Table V. REFINED SOURCE PROFILES, (mg/g) 
RAPS STATION 112, JULY AND AUGUST 1976 
FINE FRACTION WITHOUT JULY 4TH AND 5TH 

Motor Soil/ 

Element Vehicle Sulfate Flyash Paint Refuse 

Al 

Si 

S 

CI 
K 

Ca 
Ti 

Mn 

Fe 
Ni 
Cu 
Zn 
Se 
Br 

Sr 
Ba 
Pb 

5. 

0.0 
0.2 

2.4 

1.4 
1 1 . 

0.0 

0.0 
0.0 

0.08 
0.6 
0.8 
0.1 

30. 

0.09 
0.7 

107. 

1.1 
1.9 

240. 

1.1 

1.6 
0.0 
0.7 

0.0 

1.1 
0.04 
0.01 

0.0 
0.1 

0.3 

0.01 
0.035 

6.5 

53. 

130. 

19. 

0.0 
15. 
16. 

2.5 
0.7 
36. 

0.042 
0.0 
0.0 

0.001 

2.5 

0.15 
0.07 

5. 

0.0 

0.0 

6. 
4.6 
5.7 
34. 

110. 
4.8 
90. 

0.011 
0.0 
3.7 
0.2 

0.0 

0.1 
28. 
0.0 

0.0 
7. 

0.0 
22. 
48. 

1.2 
0.0 

8.6 
36. 

0.7 

8.7 
65. 

0.2 

0.05 

0.001 

0.5 
46. 

The target transformation analysis for the fine fraction without July 4th and 5th 
indicated the presence of a motor vehicle source, a sulphate source, a soil or fly ash 
source, a paint-pigment source, and a refuse source. The presence of the sulphate, paint-
pigment, and refuse factors was determined by the uniqueness test for the elements 
sulphur, titanium, and zinc respectively. In the paint-pigment factor, titanium was found 
to be associated with the elements sulphur, calcium, iron, and barium. This plant used iron 
titanate as its input material and the profile obtained in this analysis appears to be realistic. 
The zinc factor, associated with the elements chlorine, potassium, iron, and lead, is 
attributed to refuse-incinerator emissions. This factor might also represent particles from 
zinc and/or lead smelters. However, assignment to refuse incineration is preferred since 
a high chlorine concentration is usually associated with particles from refuse incinerators. 

The results of this analysis provide quite reasonable fits to the elemental 
concentration and to the fine mass concentrations for this system. Thus, the TTFA 
provided a resolution of source types and concentrations that appear plausible although 
specific sources are not identified and quantitatively apportioned. From other studies with 
other data sets, it appears TTFA is typically able to identify 5 to 7 source types as long 
as they are reasonably distinct from one another. 
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5. COMBINING METEOROLOGY WITH COMPOSITION DATA 

The methods described above depend on the different patterns of elemental 
compositions that are emitted by different source types. Thus, individual sources can be 
distinguished only if their patterns are sufficiently different from other sources emitting 
contaminants into the airshed. Generally the methods apportion the pollutant contributions 
to classes of sources (coal-fired power plants, incinerators, etc) rather than specific 
sources at specific locations. There is clearly a need to identify the spatial locations of 
sources requiring alternative approaches. 

Over the past several years, new models have been developed that combine 
meteorology with the measured chemical compositions so that the probable locations of 
emission sources can be found. These methods depend on estimating the motion of the 
air backward in time from the sampling location. These air parcel back-trajectories are 
calculated using models of air motion using wind speed and directional data as well as 
temperature and barometric pressure obtained at various heights in the atmosphere. 
Examples of these new methodologies include Residence Time Analysis [26], 
Quantitative Transport Bias Analysis [27], and Potential Source Contributions Function 
Analysis (PSCF) [28,29]. Residence time analysis develops contour plots of the 
estimated length of time air parcels reside in an area when they arrive at the receptor site 
carrying high levels of contaminants. In Quantitative Transport Bias Analysis, estimates 
are made of wet and dry deposition are made for each of the transport periods. It, thus, 
has the possibilities of taking into account several of the critical removal mechanisms, but 
with a considerable increase in the amount of input meteorology, particularly the need for 
precipitation data over the region being modeled. Our studies have focused on PSCF 
analysis, a relatively simple approach that can be performed with limited computer power 
if the back trajectories are provided and yet yields conditional probabilities that given areas 
contain sources that contribute significantly to the measured pollutant concentrations. 

Zeng and Hopke [28] found good correspondence between known areas of 

emissions of acidic gases (NOx and S02) and the high potential source regions for 

contributions of NO; and SO4 to precipitation collected in southern Ontario. To further 

investigate the utility of this method, PSCF analysis has been applied to several different 

problems at quite different distant scales [30]. They describe the application to locating 

the sources of sulphur species measured in the Los Angeles area, in southern Ontario, and 

transported to the high Arctic. To illustrate the results of PSCF analyses, the results from 

Los Angeles and Dorset will be given. 

5.1 Theory of PSCF Analysis - Single Layer Analysis 

Air parcel back trajectories are related to the composition of collected material by 
matching the time of arrival of each trajectory at the receptor site to sampling time interval 
for a filter or precipitation sample. The value of PSCF for a single grid cell is calculated by 
counting each trajectory segment endpoint that terminates within that grid cell. Suppose 
N represent the total number of trajectory segment endpoints for the whole study period. 
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T. If the number of endpoints that fall in the ij-th cell is rijj, the probability of an event at 
the receptor site is related to that cell, Aij# over entire study period T is given by 

PUy] = ^ (7) 

If, for the same cell, there are m,j endpoints whose times of arrival of air parcels 
correspond to events with pollutant concentrations higher than an arbitrarily given value, 
the probability of this "matched" event, B;i, is given by 

* ! * « ] = ^ <8> 

The PSCF for the ij-th cell is then defined as: 

»»«- KS£ • IS 
The PSCF value can be interpreted as the conditional probability that concentrations larger 
than a given criterion value are related to the passage of air parcels through the ij-th cell 
during transport to the receptor site. 

Cells for which high PSCF values are calculated result from the arrival of air parcels 
at a receptor site with pollutant concentration higher than a given value observed at the 
site. These cells are indication of areas of "high potential" contributions to the pollution 
at a receptor site. It is important to note that the exact location of the source(s) within 
the high-potential areas is unknown in the present analysis because of (1) the fundamental 
limitation of the PSCF methodology that cells must be large enough to have a reasonable 
number of counts in them, and (2) the uncertainty involved in calculating the backward air 
parcel trajectories. 

5.2 Theory of PSCF Analysis - Multiple Layer Analysis 

In many cases, back trajectories are calculated at several heights (actually pressure 
levels) in the atmosphere. Suppose A 1 , A2 , A3 , ..., A M constitute a set of mutually 
exclusive and nearly exhaustive events for the M different pressure layers. Since air parcel 
segments end at a grid cell through one layer, they cannot be simultaneously through the 
other two layers. Let B denote the subset of events of A i , i = 1,2,...,M that are identified 
as polluted events. In order to gain an overall picture of how pollutants were transported 
to the sampling station through the atmospheric pressure layers, the total probability of 
elevated concentration events is calculated as 

P[B] = P[B\A1] P[A1] + P[B\A2] P[A2] + . . . + P [B\ AM] P [AM] (10) 

where P[B] is the total probability of the occurrence of the high concentration event B, 

P[B|Ai, i = 1,2,...,M] is the conditional probability of the occurrence of the event B as the 

individual event Ai occurs, and P[Ai, i = 1,2,...,M] is the probability of the occurrence of 

the event Ai. The conditional probability of a single layer is the PSCF presented in the 

previous section. A new probability field called Total PSCF (TPSCF) is defined to integrate 
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the three PSCF fields obtained through the M single layer analyses. The field of TPSCF for 
a grid ceil (ij) is computed as follows: 

TPSCF= P[B] 

S P [ A i ] 

P[B\Ai]P[Ai] 

PlAil 
(11) 

The left-hand side of Equation (11) represents the value of Total Potential Source 
Contribution Function for the cell ij. The TPSCF falls within a numeric range of 0 and 1. 
A grid cell of probability value of 0 is unlikely to be a source region where a value of 1 is 
likely to be a source region. This 2-dimensiona! probability field, TPSCF, therefore 
integrates the single layer PSCF probability fields. 

6. Descriptions of Air Quality Problems 

6.1 SCAQS Study of Los Angeles 

For the Los Angeles basin, a large study of the air quality was performed during the 
summer and fall of 1987 [31]. At each site, a specially designed sampler was used to 
measure the concentrations of several gas phase species (S02 , NH3, HN03 , ...) and to 
collect particle samples for subsequent chemical analysis. In the present discussion, only 
the S0 2 and SO4 concentrations will be considered. Lagrangian air parcel backward 

.000- .010 .010- .050 .858- .100 .100- .503 .588-1.003 > 1.000 

Figure 2. 1987 S0 2 emissions inventory map of the SCAQS study area. 
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trajectories ending at each of the three receptor sites were calculated using the model 
develop the Russell et a/. [32]. This model has been developed specifically for the 
South Coast Air Basin in that it follows the terrain at 100 meters above ground and has 
a 5 km x 5 km horizontal resolution. Thus, detailed local topography is built into this 
model and it is only applicable to this airshed. Complete details of the formulation of the 
transport part of the model are given by McRae et at. [33]. The trajectories were 
computed for each hour for a 24-hour period backward in time. For each of the 17 
intensive study days, 24 1-hour trajectories were calculated and they can be associated 
with each of the sampling periods. Each 4 , 5, or 7 hour sample thus has 96, 120, or 168 
segment endpoints, respectively, associated with it. The 1987 emissions inventory 
including sources of S02 was provided to us 134) for each 5 km by 5 km grid cell within 
the modeled area of the air basin. The emissions inventory map is presented in Figure 2. 

6.2 APIOS Study of Ontario 

Airborne particles and precipitation samples have been continuously collected at 
Dorset in the province of Ontario, Canada since the 1980. Chemical composition of the 
particles collected on the filters were analyzed by leaching the filters and using ion 
chromatography. Measured particulate sulfate (PS04) concentrations are in units of /vg 
S0 4

= m'3. The measurements used here were from January 1984 to December 1986. In 
order to examine the effects of seascr.ality on the PSCF analysis, the PS04 data were 
divided into two sub-sets. The first set is from the first of May to the thirty-first of 
October and designated as the summer set, and the rest of the months of the year were 
designated as the winter set. The choice of dates to split the data set, although it is 
subjective, is not critical in the PSCF analysis. April-May is generally the time of the year 
when the synoptic flow pattern across the North America continent changes from the 
combination of Polar and Pacific air masses to the warm and moist winds from the south. 
A more detailed description of the data are given by Cheng et al. [35]. Figure 3 shows 
a map of S02 emission from anthropogenic sources. The data were taken from the global 
S02 emission inventory data base from 1980 that consists of sulphur dioxide emission 
from 1 ° latitude by 1 ° longitude size grid cell [36]. 

The Atmospheric Environment Service of Canada trajectory model (AES-3D) [37] 
was used in this study. This is a more general Lagrangian long-range transport model. 
The air parcels were treated as moving from the Dorset site (latitude 45°13 '26 " N, 
longitude of 78°55 '52 " W, and elevation 320 meter) backwards (upwind) in time in terms 
of trajectory segment endpoints defined by three coordinates; i.e. latitude, longitude, and 
height of the endpoint. The model uses objectively-analyzed wind fields. Height and 
temperature fields are required to compute vertical motion at the upper levels. Mountain 
and friction-induced vertical motions are computed at the lowest level. Input wind fields 
are available every six hours and quadratic interpolation is used to obtain the winds at 
intermediate hours. Cubic interpolation is used to obtain winds at intermediate levels in 
the vertical and bilinear interpolation between grid points in the horizontal. The 
computations are performed on the standard Canadian Meteorological Centre grid of 381 
km [38], with the capability of operating on sub-grid scales down to 95 km. Trajectory 
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Figure 3. 1980 S0 2 emissions inventory map for North America using data taken 
from Dignon (1992). 

segment endpoints are determined for each time-step by forward time-differencing using 
an iterative technique on the three dimensional wind field until horizontal and vertical 
convergence criteria are reached. The motion of up to 1024 points, either on the ground 
and/or above ground, can be followed backward (receptors) or forward (sources) in time. 

The trajectories were calculated for the time period from 00 UTC, 1 January 1984 
to 18 UTC, 31 December 1986. It is important to note that the pressure levels are the 
heights directly above the sampling site. Vertical motions diagnosed by the AES-3D model 
often results in cross-isobaric transport. Thus, transport in the model does not necessarily 
take place at the original pressure level for the duration of the trajectory. The trajectories 
calculated by the model are thus neither isobaric nor isentropic by definition. Each 
trajectory was computed 4 times a day ( 0 0 , 0 6 , 1 2 , 1 8 UTC) at S-hour intervals backward 
to 5 days. The uncertainty associated with a trajectory endpoint can become excessively 
large after about 120-hour travelling time [39]. 

7. Results 

7.1 Los Angeles 

The complete PSCF results for all three sites in the Los Angeles basin are given by 

Gao eta/. [40]. To illustrate the PSCF analysis at the sub-regional scale, the conditional 
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probability maps for S02 and SO4 are shown in Figures 4 and 5. The potential S02 marine 
source areas (Figure 4) can be associated with the shipping lanes indicated in the S02 

ground level emission map (Figure 2). Some high and medium potential cells are shown 
at the off-shore area in the PSCF map of non-marine SO4 (Figure 5) suggesting that a 
portion of the SO4 observed at this site is a product of emission sources. Some of this 
SO; could be an oxidation product of the S02 released by the oil-fired boilers on the large 
ships in the shipping lanes. Another portion of this SO^ may be a product of 
dimethylsulphide that is released from surface sediments off shore. Potential source areas 
distributed off-shore of Ventura and Santa Monica are also identified in the gaseous NH3 

and pditicuiaie Ni-1'4 results [40]. Thcco grid cells are 2t the locations where off-shore 
ocean dumping of organic nitrogen-rich municipal sewage sludge from the Ventura county 
and metropolitan Los Angeles area has occurred. The anaerobic digestion of this organic 
matter in the surface sediments could lead to the release of dimethylsulphide (DMS) and 
dimethyl disulphide (DMDS). Reaction of DMS and DMDS in the atmosphere with oxidizing 
free radicals in the Los Angeles atmosphere could produce the S02 that was identified as 
coming from the marine areas. Yin et al. [41] have outlined a detailed photooxidation 
mechanism for DMS and DMDS. These reduced organosulphur compounds are the 
precursors of atmospheric sulfate production in a natural environment. DMS was found 
to be the major species (more than 80% relative abundance) among various sulphur 
emitted from ocean surface in North Sea [42]. 

Figure 4 . PSCF map of particulate SO4 with aerodynamic diameter < 2.5 //m 
collected at Claremont, CA. 
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NONE .0- .2 .2- .4 .4 - .6 .b - .8 . 8 - 1 . 

Figure 5. PSCF map of gaseous S02 measured at Claremont, CA. 

Refineries are important sources of both SOx and NOx. The high potential source 
area near the coastline identified by the S02 PSCF map is located at the same location as 
the high SOx emission source area (>0.25 ton/hour of S02) shown in the emission 
inventory map. In addition, high potential grid cells widely spread in the SO4 PSCF map 
could have resulted from oxidation of the S02 released from a number of refineries and 
power plants near the coast. A high potential S02 (Figure 4) source area very close to 
Claremont may be due to the Etiwanda power plant that emits gaseous S02 (Figure 2). 
Because of its close proximity to the sampling site, it makes only small contributions to the 
SO4 concentrations. A cluster of refineries in Orange County also are notable potential 
S02 sources in the PSCF map. 

7.2 Dorset, Ontario 

The particulate SO; PSCF maps for Dorset, in which the lower two pressure layers 
(1000 and 925 mb) are combined, are shown in Figures 6 and 7 for the winter and 
summer months, respectively. Cheng et al. 135] have shown that incorporation of the 850 
mb level overestimates the long range transport. Combining the tower two layers appears 
necessary since the PSCF function at 925 mb level determines most of the potential au as 
shown in these figures. The locations of high potential grid cells coincide with those foi id 
for the 925 mb PSCF analysis (11). The Ohio River basin area is the exception because 
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its source potential appears to be reduced to the range of 0.6-0.8 when the 1000 and 925 
mb functions were integrated. The 1000 mb analysis alone appeared to overemphasize 
sources within a few hundred kilometers of the sampling site whereas the 925 mb analysis 
appeared to identify elevated sources particularly in the area of the Ohio River. From the 
emissions map, it appears that the 2 layer combined map does provide a relatively good 
representation of the emissions contributing particulate SO^ to southern Ontario. 

8. DISCUSSION AND CONCLUSIONS 

From the results presented in the previous sections, it can be seen that the PSCF 
analysis has been relatively effective in identifying known source regions of emissions. 
There are clearly some areas identified as contributing to the existence of elevated 
concentration events that cannot be directly associated with known emission sources 
although in most cases, plausible explanations can be provided for the identified high 
potential regions. In all cases, the accuracy of the analysis is clearly directly linked to the 
accuracy of the calculated back trajectories. On the sub-regional scale in Los Angeles 
where calculations were performed on a relatively small grid cell size (5 km x 5 km), it was 
possible to identify what appear to be individual sources that dominate particular cells that 
are found to have high potential. On the regional scale analysis, the grid cell size (1° x 1°) 
is probably too small since the uncertainty in the location of the endpoints of 5-day back 
trajectories are uncertain by distances larger than the grid cell size. It may, therefore, be 
useful to examine a variable grid cell size for the analysis for the regional scale problem 
(Dorset). The uncertainty in the endpoint locations may be partially compensated if 
enough endpoints are available and the trajectory calculation is not biased. If there are 
random errors in the location calculation, then over enough samples with enough endpoint, 
the results will converge to the correct locations. However, we do not yet know enough 
abut these calculated trajectories to know if they are or are not unbiased. Further studies 
based on emission of unique tracers are in progress and it is hoped to have a greater 
understanding of this problem in the near future. 

In the current analyses, wet and dry removal processes have not been considered 
and thus, the results are only qualitative; they suggest areas that are likely to contribute 
to the high concentration events. However, since the method is relatively simple to use 
once the trajectories have been calculated, it appears to provide a useful tool to suggest 
likely locations of emission sources and particularly at the local level, can apparently 
provide identification of specific point sources. It is certainly a methodology that deserves 
further study. 

9. SUMMARY 

In this paper, several of the active areas of receptor modelling have been 
introduced. Their ability to determine the sources of particles in the air can be very useful 
in developing air quality management strategies and can potentially become enforcement 
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tools as well. Since receptor models must of necessity be retrospective in nature, another 
important use can be in the calibration and testing of the prognostic dispersion models so 
that prediction of changes in air quality can serve as a more reliable basis for management 
decisions. The field of receptor modelling has grown and developed rapidly during the last 
several years and can be expected to continue to do so as methods are improved and new 
applications discovered. 
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