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Abstract: In this paper, we present a multivariate receptor model
for identifying the spatial location of major PM1( pollution sources.
We build on a mixed multiplicative log-normal factor model adjusting
the source contributions for meteorological covariates and for tempo-
ral correlation and considering source profiles as compositional Gaus-
sian random fields, to account for the variability induced by the spatial
distribution of the monitoring sites. Taking a Bayesian approach to
estimation, the proposed model is implemented and used to analyze
average daily PM( concentration measurements from 13 monitoring
sites in Taranto, Italy, for the period April-December 2005. Three
major sources of pollution are identified and characterized in terms
of their spatial and temporal behavior and in relation to meteorologic
data.



1 Introduction

Air quality management strategies can be sensibly improved by the
identification of the major sources contributing to air pollution. Com-
pliance with regulatory activities and public health protection make
the identification of pollution sources by empirical data crucial for
analysts and policy makers. Being an area of active research for over
30 years, multivariate receptor models aim at this objective by fac-
toring the air pollution data into components associated with differ-
ent sources. Ambient particulate concentration measurements taken
at a receptor are apportioned into identifiable sources, deriving both
the source profiles (the compositional fingerprint of each source) and
their contributions (the impact of each source at the receptor). Tradi-
tionally multivariate receptor models have been applied to the mea-
surements of multiple chemical species collected at a monitoring sta-
tion (receptor). In the case of particulate matter (PM), compounds
concentration data are obtained by physical and chemical laboratory
analysis of daily PM concentrations sampled at the receptor, each
sample giving rise to several figures referred to chemical species con-
centrations and/or physical measurements of the particles (e.g. weight,
diameter).

Assuming there are  major pollution sources, the composition
of PM at the receptor can be approximated by the sum of the com-
positions at the sources weighted by the importance of the sources
themselves, as stated by the chemical mass balanaeguation:

Y= AP+ E (1)

where Y is an N X p matrix containing N absolute or relative concen-
trations of p PM chemical species at the receptor, Ais the N x g matrix
of the contributionsof the g hypothesized sources, P is the g x p ma-
trix of the relative concentrations of the p species at the q sources
(source composition probleg and E is a measurement error matrix.
In equation (1) matrices Y, A and P have non-negative elements, the
columns of P can at most sum to 1 and the rows of Y and A sum to
1 in the case of relative concentrations. With the previous physical



constraints, statistical factor analysis techniques allow to estimate the
source-specific profiles and contributions in (1) from a large number
of observed chemical concentrations, in the context of multivariate
receptor modelsgfor a comprehensive review of statistical issues in-
volved with multivariate receptor modeling see Pollice, 2009).

To now, few studies have investigated formal statistical proce-
dures for identifying the spatial location of major pollution sources.
Some notable exceptions consider data for one pollutant collected at
p spatially dispersed receptors as the data matrix Y in (1) and extend
the multivariate receptor model to identify major spatial sources of
PM (Park et al., 2002a, 2002b, 2004). The purpose of this particular
use of multivariate receptor models is to explain the spatial correla-
tions among monitoring sites by a set of  common spatial pollution
sources, assuming that the sources are spatially distinct and constant
in time and that environmental conditions over the monitoring sites
are fairly stable. In this case the matrix P in model (1) has a different
interpretation: each row of P corresponds to the spatial profile of a
source and represents the relative amounts of the pollutant conveyed
from the source to the p monitoring sites. The ( sources can then be
located observing that a high relative amount within a spatial profile
indicates a monitoring site close to the specific source. In other words
each source profile can be mapped and areas corresponding to high
relative amounts of pollutant indicate the source location.

Explicit consideration of the spatial variability implied by the lo-
cation of the p receptors is not addressed by the former studies and
is one of the purposes of this paper, where we adopt a multivariate
receptor model in the form of mixed multiplicative log-normal factor
analysis (Billheimer, 2001, Wolbers and Stahel, 2005, Nikolov et al.,
2010) for the geographic identification of PM¢ pollution sources.

The data used to illustrate our approach consist of average daily
PM( concentration measurements from 13 monitoring sites in Taranto,
Italy, for the period April-December 2005. The analysis was confined
to 2005 data to optimize the number of sites and the length of the data
record. Average daily data were also obtained for a number of me-
teorological variables (pressure, humidity, wind speed and direction,



temperature, solar radiation).

Section 2 reviews the mixed multiplicative log-normal multivari-
ate receptor model and presents its spatial compositional version, dis-
cussing some implications and identifiability issues. Section 3 imple-
ments the proposed method to analyze the Taranto PM( data, taking
a Bayesian approach to estimation. In keeping with this paradigm
we discuss prior elicitation and address the choice of the number of
sources. The impact of adjusting for covariates and for spatial and
temporal correlation in the source apportionment is also evaluated.
Section 4 presents a summary of the findings and some conclusions.

2 Methods

2.1 Multiplicative log-normal mixed model

Following Nikolov et al. (2010; Wolbers and Stahel, 2005; Bill-
heimer, 2001), we consider multiplicative factor analysis with log-
normal source contributions and log-normal errors

log(Y + 1nx p) = log(AP+ 1nx p)"‘ log(E) (2)

or equivalently
Y+ 1ncp=(AP+ 1nxp) oE 3)

with o denoting the element-wise product. Source contributions and
errors are assumed to be i.i.d. with multivariate log-normal distribu-
tion

logallp'lleNNq(leA)7 10gei|'ENNp(07'E) (4)

where 8 and € are independent rows of the corresponding matrices
in(3),i=1,...,nand both ! o and ! g are diagonal. Expressions (2)
and (4) imply that the i-th replicate of the pollutant concentrations at
the p monitors has the following likelihood:

log(yi + 1p)|A,P! e ~ Np (log(a,-TP+ 1p),! E) &)



independently for i = 1,...,n. This model can be seen as a special
factor analysis model which naturally adapts to the nonnegativity con-
straints and is intrinsically identifiable under a set of regularity con-
ditions (Wolbers and Stahel, 2005). The inclusion of the matrix 1nxp
into (2) and (3) allows for modeling null values of chemical concen-
trations.

We build on the former proposal adjusting the source contribu-
tions for the effects of meteorological covariates and for AR(1) tem-
poral correlation and considering source profiles as compositional
Gaussian random fields to account for the variability induced by the
spatial distribution of the monitoring sites. The first issue is addressed
specifying the log-mean of the i-th vector of q source contributions
according to the following mixed model:

W= BX+ 1gt (©6)
where B is a q x (r + 1) matrix of source-specific coefficients, X;’s
are (r + 1)-dimensional rows of a design matrix containing I meteo-
rological covariates and tj’s are time correlated scalar random effects
common to the q sources.

2.2 Compositional spatial source probles

In model (3) the rows of P (the source profiles) are only identifiable
up to a scaling constant, thus they can be assumed to be scaled so that
their elements sum to 1. This assumption is part of the set of regu-
larity conditions proposed by Wolbers and Stahel (2005) to make the
multiplicative log-normal model identifiable and leads to the simple
interpretation of each profile as a proportional fractionization of the
pollutant emitted by the corresponding source among the monitoring
stations (Lingwall et al., 2008).

As a matter of fact the columns of P represent the p monitoring
stations, corresponding to known spatial locations. We can thus try to
make the most of the spatial information contained in the data, mod-
eling matrix P to have a spatial structure. This natural assumption is
introduced considering each source profile as a finite realization of a



spatial random field, satisfying the physical positivity and summation
constraints (all elements non-negative, all elements sum to one).

According to De Oliveira et al. (1997), such a random field is ob-
tained by a nonlinear monotone transformation of a Gaussian random
field (GRF). Let {Zj, ] = 1,...,p— 1} be a finite realization of the
k-th of g GRF’s with parametric covariance structure depending on
the distance between monitoring stations:

Zts - Zp-) "k #k ~ Np—1 (k! z(#4)) (7
In the previous expression the generic element of matrix ! z(#) is
given by cov(Zxj, Zj’) = K(d(j,]’),#), where j,j'=1,...,p—1
and the isotropic covariance function K(8 depends on the distance
d(j,j’) between locations j and j’ and on a vector of structural
parameters #, controlling the range and the smoothness of the ran-
dom field. To achieve the positivity and summation properties of the
spatial source profiles, the monotone additive logistic transformation
(Aitchinson, 1986) is applied to the GRF:

- exp(Zkj) -
ij_ma J=1,...,p—1
(8)

o= 1-8$7-) R
For k= 1,...,q the k-th source profile {Pj,j = 1,...,p} is a p-
dimensional realization of a random field satisfying the previous con-
straints. Equations 3, 4, 6, 7 and 8 contribute to the hierarchical spec-
ification of the multiplicative log-normal mixed multivariate compo-
sitional spatial receptor model shown in Fig. 1.

2.3 Model identibPability

A common practice to establish identifiability of linear multivariate
receptor models of the form (1) is to specify a priori zeros in the
source profiles. Such conditions are derived from usual multivariate
analysis assumptions and lead to what has been referred to as con-
firmatory factor analysis in the literature (Park et al., 2002b). In the



2%/,

1$/5%,
34%/5%,
A

1458 (&) 8+ &R,
= ?
I"#$-8/(&)&*&.,

I'HS%E (8)&*&ct,

6/7389;%-,

Figure 1: Graph of the hierarchical specification of the log-normal
mixed multivariate compositional spatial receptor model.

spatial case this implies that some locations are not reached by a par-
ticular source of pollution. Note that these constraints are somewhat
arbitrary and not easily achievable in spatial source investigation as
such prior information on the source profiles can be insufficient to
satisfy identifiability constraints: either no information on P is avail-
able or there may not be enough prior zeros in P. Other approaches
have addressed the identifiability issue in linear models when the
prior information on the source profiles is insufficient and a purely
exploratory factor analysis has to be performed (Park et al., 2002a;
Christensen et al., 2006; Lingwall et al., 2008).

As far as the identifiability of the multiplicative log-normal model
(3) with compositional source profiles, Wolbers and Stahel (2005)
prove that it holds except for a set of Lebesgue measure 0 of the pa-
rameter space when p > 20, under some standard regularity condi-
tions on P and ! o. In applying the same model (without the composi-
tional profiles assumption) to PM exposure data, Nikolov et al. (2010)
constrain the elements of P considering the sufficient set of identifi-
ability conditions given in Park et al. (2002b) for model (1). Such



conditions imply the a priori choice of a marker and q— 1 non-marker
monitoring stations for each source and to set the corresponding el-
ements of P to 1 and O respectively. In this paper the investigation
of the spatial sources is not forced by this kind of prior knowledge.
By assuming (7) and (8) we rather rely on the spatial structure of the
data to obtain a sort of natural constraint on the source profiles, which
proves to be useful for their identification and estimation.

3 A data example

3.1 Data

The multiplicative log-normal mixed model is applied to the analy-
sis of PMj( concentrations for the municipal area of Taranto, Italy,
characterized by high environmental risks as formally decreed by the
Italian government in the 90’s with two administrative measures. This
is due to the massive presence of industrial sites with high environ-
mental impacting activities along the NW boundary of the city conur-
bation, including one of the largest iron production plants in Europe,
oil-refinery, cement production and many more. In the context of
an agreement between Dipartimento di Scienze Statistiche - Univer-
sita degli Studi di Bari and the local environmental protection agency
(ARPA Puglia) PM( concentration data were provided for a number
of monitoring stations equipped with analogous instruments. In order
to optimize the number of sites and the length of the data record we
confine the analysis to 13 stations for the period 7 April - 31 Decem-
ber 2005. Preliminary data analysis involved transforming PMq data
into daily averages, missing data imputation and calibration of data
coming from stations with a less reliable validation protocol. For 6
weather monitoring stations observations of several meteorological
variables were also available; a unique daily weather database at the
city level was then obtained combining the 6 stations data. Details
about the data collection and pre-processing can be found in Pollice
and Jona Lasinio (2009).



3.2 Estimation and prior elicitation

We take a Bayesian approach to estimation, and fit the log-normal
mixed multivariate compositional spatial receptor model using Markov
Chain Monte Carlo methods as implemented in WinBUGS (Spiegel-
halter et al., 2003). All models were fit running 100,000 iterations
chains, discarding 50,000 as burn-in. The initial values were ran-
domly generated from the respective priors except for random effects
ti and parameters By and % (K). In these three cases we preferred
to set the initial values in a non-informative way, as their simulation
from the prior would cause numerical instabilities. The autocorre-
lation of some of the chains could not be sensibly reduced by thin-
ning, which was not considered as longer chains were preferred. We
carefully examined sample traces and diagnostics and found satisfac-
tory convergence. Preliminary runs of multiple shorter chains with
overdispersed initial values were also used to corroborate our opinion
about the convergence of the estimation algorithm.

After some exploratory data analysis, the time correlated random
effects ty,...,t, common to the ( source contributions were assumed
to be Gaussian with an AR(1)-correlation structure:

tifti—1, & % ~N(&ti-1,%), i=2,....n 9

The exponential spatial covariance function was chosen to repre-
sent the spatial variation of each PM( source profile:

K(d(j,i")," k%K) = %K) exp (= «d(j, ")) (10)
with # = ( 0/m%(k),' k) for k= 1,...,q, the process sill and range, the
latter having the following prior distribution:

"k~ U (0.01,0.5) (11)

ii.d. withk= 1,..., 0. The previous partially informative prior choice
produces a sensible range of spatial correlation values both at the
maximum and at the minimum distance observed between two mon-
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itoring stations (Thomas et al., 2004). Gaussian priors were given to
linear fixed and random effects:

Bii,"k(]),& ~ N(0,0.01) (12)

iid. withk=1,...,q,1=1,....,r+ 1and j= 1,...,p— 1. Finally,
setting precision hyperparameters is not straightforward for the pro-
posed model, as small precisions (large variances) induce skew and
very informative log-normal priors (Nikolov et al., 2010). Therefore,
after some fine tuning, precisions were assumed to be distributed far
from zero and with large variances:

% (K),%(}),%.% (k) ~1G(10,0.1) (13)

iid. wherek=1,...,q,j=1,...,pwith! o= diag {9%&(K);k= 1,...,q}
and ! g = diag {9%(j);j= 1,...,p}.

3.3 Model assessment and comparison

In order to select the number of pollution sources and to check the
overall suitability of the proposed model for the data at hand, the
performance of a suite of alternative specifications was compared to
a reference one using the Bayesian Deviance Information Criterion
(DIC, Spiegelhalter et al., 2002). The reference model was defined to
account for three main pollution sources with compositional spatially
correlated source profiles and AR(1) time correlated source contri-
butions. No covariates were considered at first, their selection being
delayed to the second part of this section and alternative models were
obtained by modifying one of the previous characterizing features in
turn:

[0] Three sources, compositional spatially correlated source pro-
files, time correlated source contributions;

[1] Two sources, compositional spatially correlated source profiles,
time correlated source contributions;

[2] Four sources, compositional spatially correlated source pro-
files, time correlated source contributions;
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Table 1: Model comparison based on DIC: model specification

Number Spatially  Additive Time
Model of Correlated  Logistic Correlated DIC
Sources  Profiles  Transform Contributions
[0] 3 X X X -10553.9
[1] 2 X X X -8976.4
[2] 4 X X X -10588.4
[3] 3 X X -10166.9
[4] 3 X X -10488.4
[5] 3 X -10492.0
[6] 3 X X -10303.9

[3] Three sources, spatially correlated source profiles, time corre-
lated source contributions;

[4] Three sources, compositional uncorrelated source profiles, time
correlated source contributions;

[5] Three sources, uncorrelated source profiles, time correlated source
contributions;

[6] Three sources, compositional spatially correlated source pro-
files, uncorrelated source contributions.

In Table 1 the values of the DIC are reported for the seven com-
peting models. While model [0] is considered as a reference model,
models [1] and [2] differ in the number of sources, in [3], [4] and [5] the
profile structure specification is changed and [6] does not account for
the AR(1) time-correlation in the source contributions. We assumed
P id N(—0.5,0.588) in models [4] and [5] (according to Nikolov et
al., 2010) and t; ud N(0,0.01) in model [6].

Only model [2] produced a slight improvement over the refer-
ence model [0] in terms of short-term predictions (Spiegelhalter et

al., 2002), although estimated source profiles were such that one of
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the sources would replicate the spatial pattern obtained by merging
two of the others. This fourth source was thus considered redun-
dant and the three-source model was used for the following compar-
isons. As we shall clarify in next section, according to their posi-
tion over the study area the three sources could be labeled as indus-
try, industry/background and traffic/background (respectively IND,
IND/BKG and TRF/BKG in Table 2 and following figures). We
also report that ignoring the compositional constraint implyes a much
higher Metropolis acceptance rate. Thus models [3] and [5], both ob-
tained neglecting the additive logistic transform, were less convenient
in terms of DIC, but more favorable in terms of computing times.

As far as weather covariates are concerned, only rain level, tem-
perature and wind speed were retained as pressure, relative humidity
and wind direction showed an inconsistent behavior, probably due
to the poor quality of the available data. All the possible combina-
tions of the three variables were considered in the linear predictor for
source contribution means in (6).

In Table 2 the italic typeface is used for non-significant effect es-
timates, i.e. those corresponding to 95% credibility intervals con-
taining the value zero. Notice that the signs of the coefficients are
always in accordance with their physical meaning: negative rain co-
efficients comply with the known effect of rain in pulling down PMj
concentrations while higher temperatures tend to foster the presence
of particulate matter. Secondary particulate generated by traffic emis-
sions is known to be much less sensitive to temperature as is also
demonstrated by the non-significance of the relevant source effects
The differential behavior of the wind speed for the three sources is
justified by the presence of transportation effects for the industrial
source. These are enhanced by moderate wind regimes that generally
tend to disperse particulate matter, as shown by the negative coeffi-
cients of the other two sources.

Basing the selection of weather covariates on the value of the DIC
alone, the rain (model [7]) or the temperature (model [8]) effects on
the source contributions should be considered, while if effects signifi-
cance and physical interpretation is the preferred criterion, model [11]
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Table 2: Model comparison based on DIC: estimates of separate ef-
fects of relevant weather covariates for each pollution source (non-
significant effects in italic)

| Model | Source Rain  Temp. WindS.| DIC |
0] 7105339
IND -0.0100
[7] IND/BKG | -0.0303 -10691.0
TRF/BKG | -0.0072
IND 0.3946
[8] IND/BKG 0.4015 -10570.1
TRF/BKG 0.1296
IND 0.0817
[9] IND/BKG -0.1105 | -10355.4
TRF/BKG -0.1433
IND -0.0082 0.3027
[10] | IND/BKG | -0.0242 0.3000 -10499.5
TRF/BKG | -0.0217 0.0599
IND 0.4292  0.1155
[11] | IND/BKG 0.3664 -0.0831 | -10249.9
TRF/BKG -0.0043 -0.1774
IND -0.0110 0.0836
[12] | IND/BKG | -0.0331 -0.1029 | -10317.6
TRF/BKG | -0.0050 -0.1666
IND -0.0053 0.4191 0.1151
[13] | IND/BKG | -0.0231 0.3996 -0.0788 | -10328.3
TRF/BKG | -0.0160 -0.0068 -0.1520
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would probably be the best choice. In general incorporating weather
effects did non appear to impact estimates of the source profiles and
contributions, nor their variability. According to the Occam’s razor
paradigm, the results for the more parsimonious model without co-
variates are shown in the next section.

3.4 Some results

For model [0] considering three sources with compositional spatially
correlated source profiles, time correlated source contributions and
without covariates, in Table 3 we report the posterior median and in-
terquartile range for the elements of P based on MCMC samples. Sta-
tions 3, 5, 9, 11 and 12 had slightly more variable profile estimates,
due to the corresponding PMq daily concentrations being more af-
fected by random noise as they were not calibrated (Pollice and Jona
Lasinio, 2009). Maps of the posterior medians of the profiles in P are
also provided in Fig. 2 for each source type. Points corresponding
to the actual location of the monitoring stations are colored accord-
ing to their load on the source. Stations having a higher influence
on the source profile contribute to locating the region where the rel-
ative amount of PMj( conveyed from the source is the highest. The
compositional spatial profiles of the three sources show an interest-
ing pattern. The first one shows high proportions at sites close to
the main industrial iron production plant (sites 2, 11, 13), located in
the north-western part of Taranto. The second spatial profile suggests
an additional source in the southern part of the city (sites 4, 8, 9), far
from the industrial area and close to the sea shore. At the same time it
shows remarkable values for sites 5 and 12 located in a north-eastern
neighborhood of the industrial area. In accordance with air quality
experts opinions, this second source was judged to be related to in-
dustrial and background emissions. Finally the third source has high
profile values at sites within the urban area (1 and 7) and at its bound-
ary (site 3), and is thus suspected to be due to traffic and background
emissions.

Daily estimates of the contributions of the three sources are dis-
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Table 3: Posterior summaries (medians and interquartile ranges) of
the compositional spatial source profiles for the model without co-
variates.

IND IND/BKG TRF/BKG
Site f | Median IR | Median IR | Median IR
0.065 0.003 | 0.073 0.005| 0.084 0.005
0.097 0.004 | 0.072 0.006 | 0.070 0.004
0.052 0.008 | 0.051 0.010 | 0.097 0.016
0.061 0.004 | 0.086 0.005| 0.078 0.005
0.076 0.012 | 0.093 0.015| 0.080 0.016
0.081 0.003 | 0.075 0.004 | 0.076 0.004
0.066 0.003 | 0.071 0.005| 0.085 0.005
0.059 0.005 | 0.090 0.006 | 0.077 0.005
0.054 0.009 | 0.095 0.015| 0.075 0.012
0.081 0.003 | 0.079 0.005| 0.073 0.004
0.153 0.021 | 0.060 0.015] 0.059 0.012
0.055 0.011| 0.080 0.015| 0.075 0.015
0.098 0.006 | 0.073 0.006 | 0.072 0.005

—
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played in Fig. 3 with their 95% credibility intervals. They lead
to interesting considerations when analyzed in conjunction with the
time series of relevant meteorological data (not reported, but avail-
able from the authors on request). Consistently with our prior ex-
pectation, peaks in the estimated industrial source contributions cor-
respond to low levels of the relative humidity, while few higher rain
levels tend to reduce the relevance of this source. At the beginning of
the months of July and August, winds blowing with moderate inten-
sities from west and north-west are observed and possibly motivate
transport phenomena spreading particulate from the iron production
plant onto the industrial source region, causing peaks of the relevant
source contributions in the same period. On the contrary peaks in the
traffic/background source contributions correspond to wind calm pe-
riods, complying with the known attitude of wind in dispersing PM.
Sea spray and industrial particulate transport phenomena are possibly
the cause of some of the peaks of the industry/background source,
corresponding to moderate winds blowing from south and south east.

For a further understanding of the evolution of the source appor-
tionment along the study period, monthly averages of daily source
contributions were obtained and normalized to sum to 1. Fig. 4 shows
that the relevance of the industrial source during the summertime is
compensated by the traffic/background source in the colder seasons.

Finally estimated profiles and contributions were used to predict
daily log PMj( concentrations at the 13 monitoring sites. Comparing
predicted and observed PM concentrations we could determine the
overall good fit of the proposed model. Again we report that predic-
tions at non-calibrated stations 3, 5, 9, 11 and 12 were slightly worse
than the others, though quite accurate as well (as can be seen in the
first display of Fig. 5).

4 Conclusions

We have proposed an approach for identifying the spatial location of
major PMq pollution sources, in the context of multivariate recep-
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tor models. We build on a mixed multiplicative log-normal factor
model adjusting the source contributions for meteorological covari-
ates and for temporal correlation and considering source profiles as
compositional Gaussian random fields to account for the variability
induced by the spatial distribution of the monitoring sites. Some im-
plications of the spatial compositional specification and identifiability
issues are discussed taking a Bayesian approach to estimation. The
model is used to analyze average daily PM o concentration measure-
ments from multiple monitoring sites in Taranto. In keeping with the
Bayesian paradigm we discuss prior elicitation and address the choice
of the number of sources. The impact of adjusting for covariates and
for spatial and temporal correlation in the source apportionment is
also evaluated. The resulting estimates seem to be consistent with
prior expectations about the sources of PMq in Taranto.

Possible directions for future work include a thorough study of
the inferential properties of the proposed model by analytic compu-
tations and simulation experiments. Also the consideration of spatial
and temporal variability in multivariate receptor models for multiple
pollutants measured over multiple monitoring sites is still to be ex-
plored. Finally the evaluation of health effects associated with major
sources of air pollution calls for a wider modeling framework pos-
sibly integrating spatial receptor models with regression models for
health outcomes.
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Figure 2: Maps of the three spatial source profiles. Points corre-
sponding to the actual locations of the monitoring stations are colored
according to their load on the source. Site numbers are given in the
fourth display.
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Figure 3: Daily contribution estimates and 95% credibility intervals
for the three sources. Tick marks correspond to the first day of the

relative month.
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Figure 4: Average monthly apportionment of the three sources.
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Figure 5: Observed and predicted log PM;o concentrations and their
squared correlation at two monitoring stations. We show the worst
and the best fit at sites 12 and 2 respectively.



