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ABSTRACT

This study applies and compares results of four receptor modeling techniques to a common set of
IMPROVE-like, speciated fine particle measurement data collected at remote sitein
northwestern Vermont between 1988 and 1995. Two multivariate mathematical models -
Positive Matrix Factorization and UNMIX - were applied to the measurement data, and
identified seven “common” sources, which have similar compositions and similar fine mass
contributions in both models. Two ensemble backward trajectory techniques - Potential Source
Contribution Function and Residence-Time Analysis - are also applied to evaluate and interpret
the mathematical model results. The trgjectory techniques indicate a strong regional character to
the upwind locations associated with high contributions identified independently by the
mathematical techniques. These convergent results among the multiple methods provide a
degree of confidence that each of the receptor methods can provide useful insights for air quality
management, when applied to speciated fine particle data of this nature. Midwestern fuel
combustion (with separate seasonal source characteristics), local Woodsmoke, and East Coast
urban source influences collectively accounted for nearly 90% of the average fine mass
concentrations at the receptor. Smaller contributions were also identified from Canadian
Smelters, Canadian motor vehicles (and/or other Mn sources), and windblown soil.



INTRODUCTION

Concentrations of fine particles (< 2.5 microns) in the ambient air are typically composed of
complex mixtures of chemical species, originating from awide range of natural sources and
human activities, distributed over transport distances of tens to thousands of kilometers from
thelir origins. Recent US EPA regulatory programs for fine particles (PM2.5) and regional haze
have led to a dramatic expansion of ambient measurements of PM 2.5 mass and chemical
composition. Within the next few years, vast amounts of complex new datawill become
available, with associated mandates to use these data to devel op efficient emissions control
strategies to attain national health standards and to reduce regional haze in Class | federal lands.

Receptor models, which attribute pollution to sources through mathematical and/or
meteorological interpretation of ambient measurement data, should prove to be useful PM, . air
guality management tools, especialy as the quantity and quality of speciated fine particle data
increases, and as improved methods are devel oped for treating secondary aerosol formation in
these models! The Positive Matrix Factorization (PMF) model >2 and UNMIX *° are two State-
of-the-art multivariate mathematical models which have potential applicability to analysis of
speciated fine particle data. These two models were recently applied to common data sets of
artificial data (with known sources) and ambient measurement data (with unknown sources from
the Phoenix urban area), with results compared and discussed at a recent EPA workshop.®’

In the current study, the PMF and UNMIX models are applied to a common set of IMPROVE-
like speciated PM, . data from a remote background site in northwestern VT. The mathematical
model results are compared and further evaluated by two ensemble backward air trgjectory
techniques: the Potential Source Contribution Function ® and Residence-Time Analysis.
Through this “4-way” comparison, some degree of confidence in the usefulness of the different
receptor modeling tools applied to this kind of measurement data can be gained in areas where
model results are convergent. Conversely, areas of divergent model results identify topics for
future research.

MEASUREMENT DATA

Fine particle measurements were conducted at a remote background site in Underhill, VT (44.53
N, -72.86 W, 400 m. elev.) between September, 1988 and June, 1995, as part of the NESCAUM
Regional Particle Monitoring Network.'® ' Samples were collected on Teflon filters using one
of the four modular samplers (Module A) routinely employed in the Interagency Monitoring of
Protected Visua Environments (IMPROVE) network. Filters were subsequently analyzed at the
Crocker Nuclear Laboratory, U. California, Davis (IMPROVE analytical |aboratory) for mass
(gravimetric), light absorption (B, - by laser integrating plate - LIPM), elemental hydrogen (by
proton elastic scattering analysis - PESA), and multiple elements with molecular weights ranging
from Nathrough Pb (initially by proton induced x-ray emission - PIXE, and starting June, 1992,
by a combination of PIXE and x-ray fluorescence - XRF).

Samplers were run 24 hours, midnight to midnight, every Wednesday and Saturday (IMPROVE
sampling schedule) and also every sixth day (routine EPA PM-10 sampling schedule), with a



resultant data set of 854 samples with 28 measurement variables (see Figure 1). These data
include reported concentrations (in ng/m? for all variables except B, whichisin 10®m™) and
analytical uncertainties for all concentrations above minimum detection limits (MDL). For
attempted measurements below (and above) MDL, avarying MDL is quantified separately for
each species and each sample. There are occasional “missing data’ (no reported measurement),
for one or more species (most often mass or B,,)) in 16 of the 854 daily samples. For use as
model input, B, was reduced by afactor of 0.4 to convert from light absorption to an estimated
mass concentration (of elemental carbon). This adjustment is based on the relationship between
B, and EC at two nearby sitesin the NESCAUM network where direct measurements of EC and
B, Were conducted concurrently with the Underhill, VT measurements. B, analytical
uncertainty values were doubled to reflect the additional uncertainties associated with this mass
conversion.

MATHEMATICAL MODELSAND METHODS

“Factor analysis’, employing atraditional mass balance approach to analysis of multivariate air
pollution data, has provided useful insights on sources of gaseous hydrocarbons and speciated
aerosols over the past severa decades. No assumed knowledge of meteorology or emissions
inventoriesis required, and the model identifies the chemical composition of the identified
sources. However, as observed by Henry,* the traditional factor analysis approach isill-posed,
and can produce an large number of equally “correct” (mathematically) but different answers,
many of which are physically implausible. PMF and UNMIX are refinements of the traditional
factor analysis method, which employ different approaches to constrain resultsto a “best fit”
solution, which is both mathematically and physically feasible.

In the current study the PMF and UNMIX models were run independently - PMF by the Clarkson
team, and UNMIX by the VT team - both starting with an identical raw data set composed of 854
samples, 28 variables, with associated MDL s and analytical uncertainties. PMF and UNMIX are
described in detail elsewhere?® and are summarized in only general terms here, with emphasis on
those differences between the models which resulted in use of different input data by the
modelers. Both models, as applied here, are intended to identify the number of discernable
sources of influence on the data, the source compositions, the daily contributions from each
source to concentrations of fine mass (and of other species used as input to the models), and the
associated uncertainties.

One key difference between the modelsisthat PMF allows for weighting of individual data
points, while UNMIX does not. This weighting option allows inclusion of measurement
uncertainties, and also provides for innovative treatments of data which are missing or below
MDL. Inthe current PMF application, missing data points were “filled” by using mean values as
concentrations, with associated uncertainties of ten times the mean. For data points below MDL,
half the (varying) MDL was used for concentration, with an uncertainty equal to the standard
deviation of the MDL. Using this approach, all 27 variables (excluding mass) and all 854
samples were employed as input datafor PMF. Mass attribution for the resulting PMF sources
was determined by aweighted least squares regression of the daily source scores vs. fine mass.



In UNMIX, which does not include options for individual data point weighting, missing or below
MDL data can be treated in one of two general ways. (a) by substituting specific values for
missing or below MDL data points, or (b) by removing observations or variables for which
missing or below MDL data are encountered. In the current study, a combination of these data
censoring technigues was employed. Samples with missing data for one or more species were
eliminated, reducing the sample size from 854 to 838 observations. An average MDL was
calculated for each variable, and values below MDL were replaced with one half this (constant)
average MDL for each species. The decision to employ a constant, rather than varying MDL
resulted from arange of sensitivity tests using aternative “holefilling” procedures, and is
explained in more detail by Poirot and Hopke .** The general concern was that the variance in
daily (analytical) MDLs appears to be subject to analytical influences, unrelated to air pollution
sources (and often leading to “no feasible solution” in UNMIX sensitivity runs). The number of
species was a so reduced to12 UNMIX input variables (including fine mass). The selected
species were chosen using a combination of trial and error and the “UNMIX overnight” option,
which allows consideration of multiple numbers and combinations of input variables. The
general objective in choosing UNMIX input variables was to maximize the number of input
species and resultant sources, while producing physically realistic and interpretable results.

The speciesincluded as input to PMF and UNMIX and the percentage of observations with
reported concentrations above MDL are summarized in Figure 1. Whereas 854 observations x 27
variables were employed as PMF input, less than half as many data points (838 observations of
12 variables) were employed as UNMIX input. Different approaches were also employed in the
treatment of analytical uncertainties, MDL s and mass attribution in the two models.

Figure 1. Underhill, VT Fine Particle Variables used as Input for UNMIX and PMF Model Runs
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ENSEMBLE BACKWARD TRAJECTORY TECHNIQUES

A set of detailed backward airmass history calculations had been previously calculated for the
Underhill, VT site for the years 1989 through 1996 - covering about 95% of the dates for which
fine particle data and mathematical model results were available. These airmass histories were
calculated using the CAPITA Monte Carlo model,** with an NGM* meteorological driver, and
include backward trajectory (horizontal and vertical location) positions for each of 10
hypothetical particles, released every 2 hours from the receptor location and tracked backward in
time for 5 days. Details of these airmass history calculations are described in detail in Poirot et
al. *® and associated references.

In the current study, these CAPITA Monte Carlo trgjectories were employed in two ensemble
backward trajectory techniques, the Potential Source Contribution Function (PSCF) and
Residence-Time Analysis (RTA), to evaluate and interpret the results from the multivariate
mathematical models. Aswith the mathematical models, the trajectory techniques were applied
independently by the Clarkson team (PSCF) and the VT team (RTA). The trgectory techniques
are similar in that both apply spatial gridsto track and sort the trgjectories as a function of
metrics derived from the ambient measurement data - in this case the daily source contributions
identified by the mathematical models. The trajectory techniques differ in: the domains,
orientations and size of the trgjectory tracking grid cells, the metrics employed to attribute
tragjectories to grid cells, and the metrics calculated from the gridded results.

Figure2. PSCF and Residence-Time Analysis Trajectory Tracking Grids
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Theindividual CAPITA Monte Carlo Trajectories were expressed as a series of latitude-
longitude coordinates with an initial location 1 hour upwind of the receptor location, followed by
additional coordinates every 3 hours backward in time for 5 days. The trgjectory locations are



only tracked within the respective domains, such that the average trajectory duration within the
RTA domain, for example, isslightly less than 72 hours. In the PSCF approach, trgjectories are
assigned to and temporally disaggregated to the grid cellsin their paths by a simple count of
trajectory endpoints within each 1 degree cell. Inthe RTA approach, a more computationally
intensive technique is employed to disaggregate trgectory sub-segments to each grid square and
to determine the time (in hours) that each sub-segment spends over each grid square.

In the PSCF approach as applied here, a single metric is employed to define the “potential source
contribution”. A count of al trgectory endpoints in each grid cell for all sampling days at the
receptor defines an “all day count”. A second count of trgjectory endpointsis determined for a
“high day” subset of trajectories (in this case, the highest 40% of daily source contributions for
each of the sources identified by the mathematical models). The PSCF is defined as the ratio of
high day endpoints to all day endpointsin each grid cell. A PSCF ratio of <0.4 would indicate
that agiven grid cell islesslikely to be up wind if the source contribution at the receptor was
high than it ison an everyday basis, while aratio of 0.8 would indicate acell istwice aslikely to
be upwind on days when the source contribution is high asit is on an everyday basis. Given the
large PSCF grid domain and resultant sparse trajectory coverage of the more distant grid cells, an
inverse distance weighting function is applied to the PSCF ratios to minimize spurious results
that often result from large ratios between very small numbers in the most sparsely covered
squares.

In the RTA approach, avariety of different metrics can be applied to the resultant counts of hours
in the equal-area grid squares.'”*® One set of RTA metrics, referred to as “ concentration-based
sorting” begins with the conversion of the gridded trgjectory hours to “probability fields’ in
which, for a given scenario of dates, the “upwind probability” of trajectory location in agiven
grid square is defined as the fraction of hoursin that square compared to the total hoursin all
1440 squares. An “everyday probability field” is calculated for a scenario of all sample days at
the receptor, and provides an indication of areas most likely to be upwind of the receptor on a
long-term or climatological basis. A “high day probability field” can be calculated for various
definitions of “high” contributions at the receptor, for example upper 50", 75", or 90™ percentile
days, etc. The “incremental probability” for agiven high day scenario is defined as the difference
between the high day and everyday probability fields. Anincrementa probability field for or an
upper 60" percentile definition of high day would be a direct analog to the PSCF, except that the
RTA metric is determined by subtraction (how much greater is the high day probability than
everyday?), while the PSCF metric is determined by division (what fraction of total trajectories
passing over acell occur on high concentration days?). A second series of RTA metrics, referred
to as “location-based sorting” calculates a summary statistic (mean, median, percentile, etc.) from
concentrations (or in this case source contributions) at the receptor for all days with trajectories
residing over aeach grid square. The summary statistic is weighted by the hours over square of
the individual trgjectories. Aswith the PSCF metric, the results from location-based sorting are
sensitive to the sparse trgjectory coverage of distant grid squares, and a censoring function is
applied to exclude calculations in squares with sparse coverage.



MATHEMATICAL MODEL RESULTS

The UNMIX model (run with 838 observations of 12 input variables) identified 7 sources. The
PMF model (run with 854 observations of 27 input variables) identified 11 sources. The average
fine mass source contributions are summarized in Table 1 and source composition profiles are
presented in Table 2. A comparison of the daily reconstructed fine mass contributions from all
the model sources with measured fine mass concentrations is displayed in Figure 3.

Table1l. Average Underhill, VT PM,. Mass Contributions from PMF and UNMIX Models

PMF Average PMF % UNMIX Average UNMIX %
Sour ces Mass (ng/m®) |Reconstructed Mass| Mass (ng/m® |Reconstructed Mass

MW Summer Coa 4200 53.13 4643 55.22
\Woodsmoke 1205 15.24 1314 15.63
MW Winter Coal 593 7.50 1189 14.14
East Coast Qil 545 6.90 643 7.65
Can. Mn Sources 173 2.19 323 3.84
Soil 321 4.06 208 2.47
Canadian Smelter 98 1.24 89 1.05
PMF-Zn-Pb 581 7.35
PMF-Cu 122 1.54
PMF-Na-S 52 0.65
PMF-Salt 15 0.19
Reconstructed Mass 7904 100 8408 100
It may be noted that both models reproduce Figure 3. Comparison of Measured and Modeled PM, ; Mass
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Table2. PMF and UNMIX Source Compositions for Underhill, VT, 9/88 - 5/95

WY Summmer| MW Winter East Coast ) Canadian Canadian
Coal Coal Woodsmake il ol hn Sources | Smelter InFb sal Cu Na-3
PMF
5 005630 | 012151 | O.01%9 | 014066 | 0.03035 | 004105 | O0gsad | 002899 | 0.06861 | 010674 | 066408
H 00937 | D062 | 00391 | D04 | 005098 | 003222 | 06608 | 004911 | 0.0M% | 00578 | 0.030%7
Babs™ 003138 | 0082 | 009199 | 004440 | 004977 | 005405 | 06347 | O0B0Z | 0.06003 | O.04004 | D0.06775
K 000018 | 00MAd | 001607 | 000090 | 001080 | 001487 | OB | 00605 | D.00S57 | 000324 | 001267
Se 000003 | O00W57 | 000000 | 000000 | 000001 | 000002 | 000001 | 00000 | 0.0005 | 0.00001 | 0.00002
Ca 00003 | D0ME2 | 0004 | 00013 | 00098 | 00091 | 000103 | oo0mal | 00187 | 0008 | 002523
Fe 000084 | 00M99 | 000075 | 000073 | 0.02118 | 000642 | 000150 | 0036 | 0.00121 | D000 | 0.01060
5 000007 | D0.0M30 | 00060 | 0000% | 00588 | 000925 | 001179 | 000143 | 00104 | 0.003% | 0.00973
Min 0.00000 | 000004 | 00001 | 000001 | 0.00016 | 0006E3 | 000013 | 000002 | 0.00021 | D.00008 | 0.00017
i om0l | 000l | 00000 | 00017 | 000001 | 000001 | 0003 | 000l | 0.0004 | 0.00002 | 0.00008
As 000000 | 0.0M01 | 000000 | 000001 | 0.00001 | 000002 | 00346 | 00m01 | 0.0005 | 0.00003 | 0.00007
Al 000002 | 000028 | 00008 | 000021 | 0059 | O0D0RE | OO008s | 000019 | 000752 | 0.00088 | 0.0021
Br 00000 | O00W85 | 000G | 000012 | 000025 | 000002 | 000112 | 00003 | 0.00061 | 0.00004 | 0.01214
Tl 0.00001 | 00006 | 00003 | 000007 | 0.00011 | 000019 | 000031 | 00006 | 0.205%8 | 0.000% | 0.00062
Cr 000002 | 00M0E | 00004 | 00002 | 000006 | 000010 | 000025 | 000006 | 000014 | 000007 | 0.00121
Cu 000001 | 000003 | 00001 | 0000 | 0.00003 | 0000i0 | ool | 0002 | 00003 | 00102 | 0.00020
My 000017 | 000111 | 0000 | 000131 | 000248 | 000406 | 00603 | 00010 | 0.01074 | D.0037% | 0.03209
Mo 000002 | 00003 | 00009 | 00006 | 000003 | 000011 | 0032 | 0009 | 000081 | 000016 | 0.00105
Na 0147 | 00W0AD | 000019 | 00008 | 000067 | 00031 | 00306 | 00Wel | 017715 | 0.0038 | 1.00813
P 000005 | 00015 | 000011 | 000010 | 0.00021 | 000025 | 00040 | 00016 | D.00%6R | 000024 | 0.0023%
Pb O0000F | 0005 | 00002 | 0000% | 000005 | 000397 | 00075 | 000064 | 0.0001 | 00008 | 000172
Rb 000000 | 000000 | 00005 | 00000 | 000002 | 000020 | 0001 | 00mo0 | 0.0001 | 0.00008 | 0.00002
5 000000 | 00000 | 00002 | 000001 | 000006 | 00021 | 000003 | 0001 | 0.0008 | O.00003 | 0.000%
T 000021 | 00W02 | 00001 | 000003 | 000306 | 00052 | 000010 | 000002 | 0.00047 | 0.00012 | 0.00158
v 000000 | 00M04 | 000013 | 00012 | 000002 | 000057 | 000024 | 00M02 | 0.00017 | 00007 | 0.0023%
In 000004 | 00031 | 00008 | 00000 | O.00067 | 000050 | 000122 | 0049 | 00013 | 00070 | 0.00173
T 0.00000 | 000000 | 00001 | 0000 | 000001 | 000034 | 0004 | ool | 0.00M2 | 0.00006 | 0.00020
UNMIX
5 00@128 | 00863 | 00300 | 01403 | 04321 | 000183 | 009384
H O0M5R | D0MS5 | O04ED | 005051 | 009158 | 005260 | 006203 _ _
Bebs* 0833 | 00830 | D083 | 005042 | 003030 | 00409 | ooooyg | Motes. Units are fractions offine mass, except:
K 0003 | 00612 | 00157 | 00036 | 002144 | 000840 | 0004 | N
%6 000000 | 0003 | 000001 | 0.000m | 000003 | 000000 | -00000] Babs, originally in inverse megameters was
Ca 000030 | 00097 | oa0da | 0o0io2 | ooeeer | oaoses | oaoasy | iielied by 0.4 to comvert to estimated EC mass
Fe D000 | 00067 | 00009 | QOOI% | 0.0BSA | QOOAE | DODMB | ooy
5 00054 | 0002 | OB | 000271 | 036 | 00iss | oot | o oen R et '
Win 000001 | 00002 | 00006 | 00001 | 000008 | 00031 | ooooin
i 0.00000 | 00000 | 000002 | 0.0011%5 | -0.00012 | 000004 | -0.00002
As 0.00000 | 00001 | 00002 | 000001 | 000003 | 000001 | 000366
Mass™| | 4R292 | 11879 | 131419 | B33 | 20778 | 266 7 6l

These interpretations are based on the source compositions, time series of the daily source
contributions and subsequent PSCF and Residence-Time analysis results to follow. Note also
that common source names have been applied to “similar” sources that were identified by both
the PMF and UNMIX models. Again, thisjudgement of similarity is derived solely from
interpretations by the modelers, and is based in turn upon comparisons of the source profiles and
daily source contributions resulting from the models. These source profiles (for those elements
used as common input for both models) and daily source contributions are displayed in Figure 4.



Figure4. Comparison of “Similar” UNMIX and PMF Source Compositions and Daily PM, . Contributions
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Note that in most cases the source profiles are similar, the daily source contributions are well
correlated (R? > 0.75), and the slopes of the daily mass comparisons are generally within 25% of
1tol. Notable exceptions occur for the MW Winter Coal and the Canadian Mn sources, which
have similar composition profiles and highly correlated daily contributions, but show
substantially higher mass contributions from UNMIX than for PMF - hence the sources are
“similar”, but their mass attribution differs. The Soil sources have similar profiles, but show the
poorest daily correlation (R? = 0.73), with a daily mass contribution from the PMF Soil source
which is abuut 50% higher than from the UNMIX Soil source. Despite these discrepancies, the
authors feel its reasonable to conclude that for the 7 sources identified by the UNMIX model,
there were “similar” counterpart sources aso identified by PMF.

Average monthly source Figure5. Seasona PM, Contributions from PMF and UNMIX Sources
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ENSEMBLE TRAJECTORY RESULTS

Additional insights into the nature of the identified common PMF and UNMI X sources are
provided through a trgectory-based evaluation of the upwind locations associated with “high”
concentrations of these sources. In Figure 6, an attempt is made to compare, as directly as
possible, the difference between the PSCF and RTA trgjectory tracking methods.

Figure 6 employs the same source Figure6. Comparison of PSCF and RTA Trajectory Tracking Methods,
(the PMF “East Coast Oil” illustrated by Ratio of 60" % to Everyday for PMF East Coast Oil Source

source), the same definition of PMF EC 0il ﬁl]!% Endpoints PSCF PMF EC 0il 60% RTA Hours PSCF

“high contribution” (the 60"
percentile, or highest 40% of the
source contribution days), the
same metric (ratio of high day to
every day), the PSCF inverse
distance weighting function, and
the same common grid domain
(the RTA domain) to the plots on
both sides of the figure. On the
left side, the plotted ratio of “high
day” to everyday isbased on
tragjectory endpointsin 1 degree by
1 degree grid cells, and on the
nght Sde, the p|0tted rano |S 0«05 O05-06 MOE-0.7 HOT-08 N=0F

based on the ratio of “high day” to

everyday hoursin 80x80 km squares. In both cases, the areas with the highest PSCF ratios are
clearly centered on the east coast urban corridor. The similarity between the plots indicates that
for this particular metric (ratio of high day to every day) thereis no substantial difference
between the PSCF and RTA trgjectory tracking and gridding techniques.

Figure 7. Comparison of RTA Metrics for UNMIX Canadian Smelter Source
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Figure 8 displays the Residence-Time Analysis upwind incremental probability fields for the
highest 10 percent of daily source contributions for the 7 similar sources identified independently
by the UNMIX and PMF mathematical models

Figure8. RTA Incrementa Probability Fieldsfor Top 10% of Daily UNMIX and PMF Source Contributions
UNMIX MW Summer Coal PMF MW Summer Coal UNMIX MW Winter Coal PMF MW Winter Coal
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Figure 9 attempts to summarize the comparative results of the mathematical and trajectory
techniquesin asingleimage. Like Figure 8, it is based on RTA incremental probability fields for
the upper 10 % of daily source contributions for the 7 common sources identified independently
by the PMF and UNMIX models. In this case, locations are only shaded if the incremental
probabilities exceed a*“ high” threshold (of 0.1%), and only for the source which had the highest
upwind probability among all the sources. For clarity a“water mask” is applied to show only
locations over land areas. The indicated contributions to fine mass at the receptor (*) are based
on an average of the PMF and UNMIX results. While there is some degree of overlap between
areas of high probability among adjacent source regions, this overlap is especially strong between
the sources identified as “Midwestern Summer and Winter Coal”, and so an additional isopleth is
added to identify the common area where the probability for both these sources was especially
high (> 0.12%). Generally these sources are associated with the same upwind source region.

Figure9. Incremental Probability Fieldsfor Top 10% Contributions of Common PMF & UNMIX Sources,
Showing Only Locations with Highest Probability Among All Sources and Average PM-2.5 Mass Contributions

PMF Sources UNMIX Sources Average PM-2.5
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HMn Sources
3% +- 1% Mass

A Soil
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Both MW S-Coal
& MW W-Coal

DISCUSSION

The source identified as “ Canadian Smelter” accounts for amajority of the elemental arsenic
apportioned by PMF and UNMIX, but only accounts for about 1% of the average fine mass
concentration at the receptor. Its trajectory-based assessment suggests that this influence may
come from a single large smelter located near the town of Noranda near the Quebec/Ontario
border (see Figure 7). The time series for this source indicates a substantial reduction occurring
in early 1990, coincident with major revisions to emissions control processes at Noranda.
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The source identified as “ Canadian Mn Sources’, which accounts for a majority of elemental Mn
but only about 3 % of the average fine mass, also appears to have a predominantly Canadian
origin. The upwind probability field in Figure 9 suggests a uniquely high probability over the
relatively nearby Montreal urban area, which is consistent with the influence of Canadian motor
vehicles, burning gasoline with a uniquely Canadian Mn additive (methylcyclopentadienyl
manganese tricarbonyl or MMT). However, alarge Mn aloy production plant just southwest of
Montreal in Beauharmois, Quebec may have aso been an important Mn source during the first
several years of this sampling period.” Also, as may be noted in Figure 8, the Mn source has a
second area of relatively high incremental probability along the Great L akes, possibly associated
with industrial Mn aloy use, MMT gasoline additive or both.

The “Soil” source accounts for alarge fraction of the crustal elements (Si, Fe, Ca, Al) and about
3% of the fine mass. Itsregional location is more ambiguous than suggested in Figure 9 (see
Figure 8), asits areas of highest upwind probability overlap with, but are less distinct than, those
of several other sources. The RTA location-based sorting for the soil source(s) indicates highest
average soil associated with locations in the extreme southwest of the RTA grid. It seemslikely
that windblown dust emissions from relatively distant arid regions to the southwest are
significant contributors, but that there are also fine soil contributions associated with dry
conditions and high wind speeds from awide range of locations.

The source identified as “East Coast Oil” clearly has a strong upwind orientation along the North
East Coast urban corridor (Figures 6, 8, 9), where residual and distillate oil are predominant
“fuels of choice” for utility, industrial and residential heating sources. This source accounts for a
majority of the nickel (UNMIX and PMF) and vanadium (PMF), and about 7 % of the average
finemass at Underhill. Itislikely that this Northeast Coast source is aregional influence, rather
than specific to the (strongly “flavored”) oil combustion emissions which provide relatively
unique tracers. That is, when VT isinfluenced by the oil burning sourcesto the South, it is likely
to be concurrently influenced by all the emissions (including motor vehicles, for example) in the
densely populated Northeast urban corridor.

The “Woodsmoke” source accounts for a high fraction of the elemental potassium and B, and
about 15% of the fine mass. While there were no direct measurements of carbon in this sampling
program, the high Babs fraction suggests a significant elemental carbon content, and an indirect
estimate of organic matter by the “non-sulfate hydrogen” method ** ** (13.75* (H-S/4)) suggests
that organics may account for about half the mass associated with this source. The woodsmoke
time series indicates a general winter maxima (consistent with residential wood burning) but also
shows occasional summer spikes, several of which coincide with periods of known forest fire
impacts (which were coincidently located in western Quebec). Itsincremental probability field is
the only one among all the sources which shows high incremental probability in the area
immediately surrounding the receptor site, indicating a strong local source influence from
residential wood combustion in northern New England and southwestern Quebec.
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The sources identified as “Midwestern Summer Coal” and “Midwestern Winter Coal” together
account for about 80 % of the sulfur and 65% of the fine mass at the receptor. Their incremental
probability fields indicate a large common source region extending from the lower Great L akes
to south of the Ohio River Valley, encompassing the locations of many large, sulfur emitting
utility and industrial sources. Despite the common regional origin indicated by the trajectory
techniques, the mathematical models both separate this Midwestern influence into two separate
sources, which are uncorrelated in their daily contributions at the receptor. One partial
explanation for this mathematical separation may be in the seasonal changesin sulfur conversion
chemistry, which would typically result in more efficient sulfate aerosol formation in the summer
(inrelation to other primary emission elements like Se). The opposite seasonality of these
Midwestern sourcesis clearly evident in Figure 5, although note that even in the winter, the mass
contribution from the “MW Summer” source is often as high as or higher than the “MW Winter”
source, and so this choice of namesisnot ideal.

Figure 10. Comparison of Seasonal (top) and Long-Term Trends (1 year moving average - bottom) in
UNMIX Midwestern Sources (Ieft) and S and Se Concentrations (right) at Underhill, VT, 1988-95
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Receptor models like PMF and UNMI X require an assumption of constant source composition,
and can be useful for apportionment of secondary species like sulfate only to the extent that the
secondary speciesis sampled at the receptor in arelatively constant ratio to other primary
emission variables from the source. Figure 10 shows (upper left) the strong seasonal differences
in the average monthly contributions for the two Midwestern source resulting from the UNMIX
model, and (upper right) similar seasonal differencesin the raw sulfur and selenium
concentrations used as input for both the PMF and UNMIX models. It can be noted that not only
does sulfur increase in summer, but selenium concentrations (relatively constant between April
and September) increase dramatically in the winter. Thus it appears to be not just seasonal
changesin aerosol sulfur, but even larger changes in the seasonal S.Se ratios that helps break
these sources apart in the PMF and UNMIX results.

The lower half of Figure 10 shows (left) the (smoothed) long-term moving average daily
contributions from the UNMIX Midwestern sources. The moving averageis based on 120
samples, an averaging period of roughly one year, with the data points plotted at adate in the
middle of the 120 day averaging period. The lower right plot in Figure 10 shows a (very) similar
plot of thetimetrendinraw S and Se data used as input for the models. The decline in sulfur
concentrations is consistent with documented reductions in Eastern US sulfur emissions. The
reasons for the concurrent increase in Se concentrations are unclear, but it appears that
differences in both the seasonal and long-term trends in Midwestern sulfur and selenium
emissions may be contributing to the different Midwestern sources identified by the models, and
that these different sources may be reflective of changing fuel characteristics on a seasonal and
long-term basis.

CONCLUSIONS

Despite differences in the fundamental mechanisms employed by the PMF and UNMIX models
and substantial differences in the manipulated raw data used as input for these models, both
models identified seven sources with very similar chemical compositions and daily fine mass
contributions at the Underhill, VT receptor site. This similarity between the mathematical model
resultsis further illustrated by the common upwind probability fieldsidentified by the trgjectory-
based techniques. The trajectory results, in turn, add some degree of confidence that the
mathematical models have identified sources that are physically meaningful, and also provide
additional insightsinto the regional nature of these sources. Conversely, the convergence of
results among the different techniques also provides additional confidence that the trajectory
techniques can provide useful information on source locations, at least for aremote receptor site
like Underhill, which islikely to be influenced by arange of relatively distant source regions.

REFERENCES

1. Hopke, P.K. (1997) Receptor modeling for air quality management, in Proceedings: AWMA / AGU
Specialty Conference on Visual Air Quality: Aerosols and Global Radiation Balance, Bartlett, NH.

2. Paatero, P. and U. Tapper (1994) Environmetrics 5:111-126.

3. Paatero, P. (1998) User’s Guide for Positive Matrix Factorization programs PMF2 and PMF3.

16



4. Henry, R.C., CW. Lewis, and J.F. Collins (1994), Environ. Sci. Technol. 28:823-832.

5. Henry, R.C. (2000) UNMIX Version 2 Manual, Prepared for the U. S. Environmental Protection
Agency.

6. Willis, R.D. (2000) Workshop on UNMIX and PMF as Applied to PM, ;, EPA/600/A-00/48.

7. Eberly, S.1., B.W. Coutant and C.W. Lewis (2000) EPA workshop on source apportionment Tools
UNMIX and PMF as applied to PM2.5 synthetic data set generation, this conference.

8. Ashbaugh, L.L., W.C. Malm and W.Z.Sadeh (1983) A methodology for establishing the probability of
the origin of air masses containing high pollutant concentrations, 76" Annual APCA Meetings, Atlanta,
GA.

9. Pairot, R L. and P.R. Wishinski (1986) Atmos. Environ. 20: 1457-1469.

10. Flocchini, R.G., T.A. Cahill, R.A. Eldred and P.J. Feeney (1990) Particulate sampling in the
Northeast: a description of the NESCAUM network, Transactions: A& WMA/EPA Spec. Conf. on
Visibility and Fine Particles, C.V. Mathai, Ed., Estes Park, CO.

11. Poairot, R.L., P.J. Galvin, N. Gordon, S. Quan, A. Van Arsdale, and R.G. Flocchini (1991) Annual and
seasonal fine particle composition in the Northeast: Second year results from the NESCAUM monitoring
network, 91-49.1, 84th Annual A& WMA Meeting, Vancouver, Canada..

12. Henry R. C. (1987) Atmospheric Environment, 21:1815-1820.

13. Poairot, R.L. and P.K. Hopke (2000) The Potential Influence of Data Artifacts on Receptor Model
Results, this conference.

14. Schichtel, B.A.; Husar, R.B.(1996) J. of Air & Waste Manage. Assoc., 47: 331-343.

15. Rolph, G D. (1996) NGM Archive TD-6140, January 1991 - June 1996, Prepared for National
Climatic Data Center (NCDC).

16. Pairot, R., P. Wishinski, B. Schichtel , P. Girton (1999) Air Trajectory Pollution Climatology for the
Lake Champlain Basin, AGU Water Monograph on Lake Champlain Research and Implementation, T.
and P. Manley, Eds., American Geophysical Union, Washington, DC.

17. Wishinski, P. R. and R. L. Poirot, Long-Term Ozone Trajectory Climatology for the Eastern US, Part
I: Methods, 98-A613, 91st Annual A& WMA Meeting, San Diego, CA, 1998.

18. Poirot, R. L. and P. R. Wishinski, Long-Term Ozone Trajectory Climatology for the Eastern US, Part
Il: Results, 98-A615, 91st Annual A& WMA Meeting, San Diego, CA, 1998.

KEYWORDS

Positive Matrix Factorization, UNMIX, receptor models, trajectory models, Potential Source
Contribution Function, Residence-Time Analysis, fine particles, speciation, transport.

17



