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(PMF2, ME2-2way and ME2-3way). Consistent results were found: the primary source
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categories contributed 63.4% (PMF2), 64.8% (ME2-2way) and 66.8% (ME2-3way) to PM10, and
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sources contributed 31.8% (PMF2), 32.9% (ME2-2way) and 31.7% (ME2-3way) to PM10, and

contributed 60.9% (PMF2), 65.5% (ME2-2way) and 61.0% (ME2-3way) to PM2.5. Secondary
PM10

35.0% (PMF2), 33.8% (ME2-2way) and 36.0% (ME2-3way) to PM2.5. The size distribution of

PM2.5

source categories was estimated better by the ME2-3way method. The three-way model can

PMF2

simultaneously consider chemical species, temporal variability and PM sizes, while a

ME2-3way

two-way model independently computes datasets of different sizes. A method called source

Size distribution

directional apportionment (SDA) was employed to quantify the contributions from various

Source directional apportionment

directions for each source category. Crustal dust from east-north-east (ENE) contributed the
highest to both PM10 (12.7%) and PM2.5 (9.7%) in Chengdu, followed by the crustal dust from
south-east (SE) for PM10 (9.8%) and secondary nitrate & secondary organic carbon from ENE
for PM2.5 (9.6%). Source contributions from different directions are associated with
meteorological conditions, source locations and emission patterns during the sampling
period. These findings and methods provide useful tools to better understand PM pollution
status and to develop effective pollution control strategies.
© 2016 The Research Center for Eco-Environmental Sciences, Chinese Academy of Sciences.
Published by Elsevier B.V.

Introduction
Because of the adverse effects on human health, on the
environment and on climate change, atmospheric particulate

matter (PM) is a regulated air pollutant criterion worldwide
(Zheng et al., 2005; Shen et al., 2012; Zhao et al., 2013a).
Legislations regarding PM10 (PM with an aerodynamic
diameter of less than 10 μm) and PM2.5 (PM with an aerodynamic
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diameter of less than 2.5 μm) concentration limits have been
established by many countries (Chen et al., 2012). A detailed
understanding of the PM sources is essential for policy makers to
be able to effectively control PM pollution and for researchers
to study its effects on public health (Zheng et al., 2011; Shen et al.,
2014; Latif et al., 2015). PM comes from multiple sources;
however, the contributions of each source category to PM can
hardly be directly measured (Shen et al., 2014; Kfoury et al.,
2016). In order to evaluate sources, various source apportionment methods have been developed (Shakya and Peltier, 2013).
Receptor-based source apportionment techniques are powerful
tools for determining source categories and source contributions to PM (Pirovano et al., 2015; Qiu et al., 2016). Positive Matrix
Factorization (PMF) has been sanctioned by the United States
Environmental Protection Agency (US EPA) and is a receptorbased model that constrains factor loadings and scores to
non-negative values (Paatero and Tapper, 1994; Paatero, 2007).
Two-way and three-way models are two types of PMF models
that have been used in published source apportionment
researches (Sofowote et al., 2015a, 2015b; Tian et al., 2014).
PMF2 (a two-way Positive Matrix Factorization based on Dos
version) and ME2-2way (a two-way model based Multilinear
Engine 2) are two-way factor analysis methods that have been
used to apportion PM10 or PM2.5 in numerous studies. Their input
datasets are generally two-dimensional (temporal variability
and chemical species) (Callén et al., 2013; Qadir et al., 2013).
Furthermore, previous studies on PM10 and PM2.5 have demonstrated that the compositions of PM10 and PM2.5 are different
(Callén et al., 2013; Qadir et al., 2013; Sun et al., 2015; Yang et al.,
2015). Dodd et al. (1991) suggest that source profiles are particle
size dependent. In light of this, several studies tried to use
three-way source apportionment techniques to solve the blocks
with three variables (temporal variability, chemical species and
size ranges) (Pere´-Trepat et al., 2007; Karanasiou et al., 2009).
Parallel Factor Analysis (PARAFAC) is a three-way factor analysis
model that was developed and applied to solve problems
associated with three-way blocks (Paatero, 1997). Multilinear
Engine 2 (ME2) is a script for a general multilinear problem
solver to implement PMF (Paatero, 1999). The three-way ME2
(ME2-3way) is an algorithm for solving three-way PARAFAC
(Paatero, 2007). This model can permit the extraction of more
information from a three-way block. Experience with three-way
source apportionment techniques is still very limited, and more
efforts should be made. In previous work (Tian et al., 2014), the
outcomes of two- and three-way PMF models were discussed
based on simulated datasets. The applications and comparisons
of two- and three-way models for ambient datasets might be
more valuable for providing useful information for the model
applications.
To better understand pollution characteristics and transport,
the location of origins have been the subject of several studies.
The contributions of each source category may originate from
diverse potential directions during a given sampling period
(Poirot et al., 2001; Hopke, 2003). Several receptor models have
been developed that combine meteorology methods such as the
back trajectory method and measured chemical compositions or
estimated source contributions to qualitatively locate potential
sources (Seibert et al., 1994; Stohl, 1996; Poirot et al., 2001; Hopke,
2003), such as potential source contribution functions (PSCFs)
and redistributed concentration fields (RCFs). However, these

methods can only qualitatively investigate the transport of PM
sources, which is an essential mechanism for determining the
fate of PM pollution. To quantify contributions from various
directions for each source category, we proposed a novel method
called “source directional apportionment (SDA)”, which
combines the back-trajectory method with the two-way PMF
model (Tian et al., 2015, 2016b). However, the SDA method for
three-way models had never been explored, which would be
used in this work and compared with SDA for two-way models.
In this work, PM10 and PM2.5 samples were synchronously
collected in a megacity in China from 2007 to 2013. Long-term
monitoring of PM10 and PM2.5 is important for investigating the
characteristics and mechanisms of PM and understanding
pollution patterns (Tian et al., 2016a). In terms of the long-term
datasets, the characteristics of PM (like levels, compositions, size
distribution and annual and seasonal variations) were investigated. Second, the source categories and contributions were
determined by two-way and three-way receptor models (PMF2,
ME2-2way and ME2-3way), respectively, and the results were
compared. The size distributions of the source contributions
were analyzed to compare the two techniques. Finally, the SDA
method combined with the results of two-way and three-way
models was employed to quantify the contributions from
various directions for each source category. As far as we know,
this is the first study to combine three-way modeling results
with the SDA method. Three-way source apportionment and
quantitative source directional apportionment may be new
and important issues for PM source apportionment. Thus, the
keystone of this paper was to use these methods to better
capture the directional and chemical features of the sources of
PM during a long-term observation.

1. Methods and materials
1.1. Sampling and chemical analysis
PM10 and PM2.5 samples were collected in a megacity in China
(Chengdu) from December 2006 to August 2013. Chengdu is a
megacity in China with a population of over 10 million and an
area of 12,121 km2. As the capital of Sichuan Province, Chengdu
is an important economic, transportation and communication
center in Southwest China. Chengdu has a monsoon-influenced
humid subtropical climate with abundant rainfall. More information about meteorological conditions is provided in Supplementary Materials. PM10 and PM2.5 samples were collected
by filter-based samplers that were placed on the building of
the Environmental Protection Agency (E 104°04′, N 30°35′) in
Chengdu. A map of the sampling site is shown in Fig. S1. For each
size of PM, two parallel medium-volume air samplers were used,
one with polypropylene membrane filters and one with quartzfiber filters. The pumps were set at 100 L/min. The sampling was
performed the in years 2007, 2009, 2010, 2011, 2012, and 2013. A
total of 318 PM10 samples and 318 PM2.5 samples were simultaneously obtained during the sampling periods.
The elemental composition (Na, Mg, Al, Si, K, Ca, Ti, V, Cr, Mn,
Fe, Co, Ni, Cu, Cd and Pb) of the polypropylene fiber filters was
determined by inductively coupled plasma-mass spectrometry
(ICP-AES) (IRIS Intrepid II, Thermo Electron). To ensure quality
assurance and quality control (QA/QC), standard reference
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materials were pre-treated and analyzed. The reported values
for all of the target elements fell into the appropriate range or
within 5% of certified values. The concentrations of carbonaceous species on the quartz-fiber filters, including organic
carbon (OC) and elemental carbon (EC), were determined by
DRI/OGC carbon analyzers, which is a technique based on the
IMPROVE thermal/optical reflectance (TOR) protocol (Chen et al.,
2015). The calibration was performed before and after sample
analysis each day. The water-soluble ions (NH+4, NO−3 and SO2−
4 )
that collected on the quartz-fiber were analyzed by ion
chromatography (DX-120, DIONEX). Before detecting ions, standard solutions were tested three times. The detection limits for
each species were summarized in Table S1. A detailed descriptions of sampling, chemical analysis and QA/QC are described in
our previous studies (Shi et al., 2009).

1.2. PMF and ME2
Positive matrix factorization (PMF) is a powerful factorization
method for source apportionment. The two-way PMF (PMF2)
was developed by Paatero and Tapper (1994) and has been
widely used. Similar to general factor analysis models, PMF2
attempts to apportion the source profile and the source
contribution on the basis of observations at the receptor site
according to the equation:
xij ¼

p
X

gih f hj þ eij

ð1Þ

h¼1

where xij is the concentration of the jth species measured in
the ith sample; fhj (μg/μg) is the fraction of the jth element in
the hth source; gih is the contribution of the hth source to the
ith sample; eij is the residuals; and p is the number of factors.
Unlike some conventional factor analysis methods, the factor
loadings and scores (fhj and gih) in PMF are constrained to non–
negative values (Paatero, 2007).
The task of PMF is to minimize Q (the ‘object function’). Q is
defined as:
Q ðEÞ ¼

m X
n 
X

eij =σij



ð2Þ

where the value σij is the “uncertainty” in the jth species for
the ith sample; m is the number of samples; n is the number
of species. The uncertainty σij, which is inputted by users,
is used to down-weight observations that include sampling
errors, detection limits, missing data, and outliers (Paatero,
2007).
A method called Multilinear Engine 2 (ME2) is a computer
program to implement PMF (Amato et al., 2009). This new
approach is more flexible and can be used for fitting multilinear
mathematical expressions to two-, three- and multi-dimensional
data (Paatero, 1999). The principle of two-way ME2 (ME2-2way) is
similar with PMF2.
Three-way ME2 (ME2-3way) generalizes the three-way
source apportionment technology to solve the three-way
blocks. The main principle can be best described as:
p
X
h¼1

where p is also the number of factors; aih is related to the
source contributions; bjh is related to the source profiles; and
ckh is the fractional contribution of each of k planes (Paatero,
2007). One assumption of PMF3 is that the source profiles and
source emission patterns are the same. The ME2 includes two
steps: (1) the ME2 base run is conducted, which is similar to
the base PMF3 solution, and then (2) the ME2 continuation
run is performed based on the base run, using the “pulling
equation” to make some source markers in the extracted
factors more prominent.
The parameters, such as the number of factors, the FPEAK
which is a Rotational Tool for PMF2, the “error model” (EM),
and the repeat times, should be selected appropriately for
different analyses. The principles, parameters and descriptions of PMF2 and ME2-3way are available in related studies
(Paatero, 1997, 1999, 2007) and in our prior studies (Tian et al.,
2014; Shi et al., 2014). The uncertainties required by PMF models
were estimated according to the equation recommended in
User's Guide for PMF (Paatero, 2007) std −dev(xij) =EF*xij + two
units of the least significant digit reported for xij.

1.3. SDA method
The SDA method is a new way to quantitatively determine
source transport. A detailed description of the SDA method
with two-way PMF is recorded in a previous study (Tian et al.,
2015). The SDA method can quantify the contributions of each
source category from various directions in three steps. The
first is to estimate the source categories and daily source
contributions. The second is to identify directions, and the
third is to quantify the source directional contributions for
each source category. The details for each step are given in
Supplementary Materials.

2. Results and discussion
2.1. Levels, compositions and size distribution of PM

2

i¼1 j¼1

xijk ¼

3

aih bjh ckh þ eijk

ð3Þ

The average concentrations of PM10 and PM2.5 were 195.5 ±
95.1 μg/m3 and 120.4 ± 61.8 μg/m3, respectively, with an average ratio of PM2.5/PM10 = 0.6. The daily concentrations of PM10
and PM2.5 in Chengdu from 2007 to 2013 are plotted in Fig. S2.
Linear fitting plots of the PM concentrations were generated to
study the variation in PM concentration over time (Fig. S2).
Notably, the slopes of PM10 and PM2.5 were negative, corroborating a general decrease in PM concentrations from 2007 to 2013
in Chengdu. The variance of the PM2.5/PM10 ratios was provided
in Fig. S3 in the Supplementary Materials. The averaged ratios
were stale during these years. The lowest PM2.5/PM10 ratio was
observed in spring.
The abundances of the chemical species in PM10 and PM2.5 are
shown in Fig. S4. For both PM10 and PM2.5, SO2−
4 represented the
highest fraction (20% of PM10 and 21% of PM2.5) and was followed
closely by OC (12% of PM10 and 13% of PM2.5). In addition, Al, Si,
Ca, EC, OC, NH+4 and NO−3 also presented relatively high fractions
of PM10 and PM2.5, indicating that crustal elements, carbonaceous species and secondary water-soluble ions were the most
important species. According to the annual variation in Fig. 1,
abundances of crustal elements (including Al, Si, Ca) showed a
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Fig. 1 – Annual variations for abundances of major chemical
species.

general decrease during these years. It's noticeable to observe a
while an obvious increase for NO−3. For
decrease for SO2−
4
the seasonal variation (Fig. 2), PM2.5 and PM10 present similar
tendency. The maximal abundances of crustal elements
occurred in spring. Both of NO−3 and SO2−
4 presented maximum
in winter. The mass concentrations of OC in PM2.5 in Chengdu
were reported as 19.0 μg/m3 by Chen et al. (2014), which was
16.1 μg/m3 in this work.
To investigate the size distribution of the most abundant
species (Al, Si, Ca, EC, OC, NH+4, NO−3 and SO2−
4 ), the species
abundance enrichment (SAE) in PM10 and PM2.5 was analyzed.
The SAE was defined as:




SAEi ¼ FPM10;i −FPM2:5;i =FPM10;i  100%

Fig. 2 – Seasonal variations of abundances of major chemical
species.

concentrations of the important species in PM10 and the
corresponding values in PM2.5 (PM10-to-PM2.5 correlations of
important species) were calculated. The results are shown in
Fig. S5. The Pearson's correlation coefficients calculated by
SPSS in Al, Si, Ca, OC, EC, NO3, SO2−
4 - were 0.76 0.77, 0.61, 0.90,
0.95, 0.92 and 0.92 with all the p values below 0.01. Higher
correlations were observed for carbonaceous species and
secondary ions, which were enriched in fine PM, as indicated
by results of SAE. The correlations of crustal elements were
relatively high, suggesting these crustal elements are more
abundant in coarse part of PM10.

2.2. Source quantification

ð4Þ

2.2.1. Two-way source apportionment by PMF2 and ME2-2way

where FPM10,i and FPM2.5,i are the fractions of the ith species in
PM10 and PM2.5, respectively (Gianini et al., 2012). If the values
of SAE exceed zero, it indicates that the fractions of
corresponding species are higher in PM10 than in PM2.5.
Conversely, if the SAE is less than zero, the abundance of the
corresponding species is higher in the fine PM. Fig. 3a
summarizes the SAE of the abundances of important species
between PM10 and PM2.5. According to Fig. 3a, the fractions of
crustal elements (Al, Si and Ca) were higher in PM10. However,
the abundances of carbonaceous species (OC and EC) and
secondary ions (NH+4, NO−3 and SO2−
4 ) were enriched in PM2.5.
In addition, the relationship between important species
(which may be an indication of sources) in PM10 and those in
PM2.5 may indicate a coherence of source categories for PM10
and PM2.5. The Pearson's correlation coefficients for the

In order to understand and control PM pollution, it is of great
significance to quantitatively evaluate the possible source
categories and their contributions. In this section, PMF2 and
ME2-2way models were applied to PM10 and PM2.5 individually
with two concentration matrices of equal size (318 rows ×
21 columns) introduced into the models accordingly. The 318
was the number of sampling days and the 21 is the number of
species. After trying different factor numbers, five factor
solutions were adopted by PMF2 for fitting both PM10 and
PM2.5 and the results were mainly provided in Supplementary
Materials (Fig. S6). For ME2-2way modeling, six factor solutions were better.
The source profiles of PM10 and PM2.5 obtained by ME2-3way
and ME2-2way are presented in Fig. 4. This is visible that
comparable factors were extracted for PM10 and PM2.5. Factor 1
was heavily loaded with carbonaceous species, which can be
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Fig. 3 – Size distribution of (a) species abundances,
(b) percentage source contributions estimated by ME2-3way,
(c) percentage source contributions estimated by ME2-2way,
and (d) percentage source contributions estimated by PMF2.
SAE: species abundance enrichment; CE: percentage
contribution enrichment; PMF2: a two-way Positive Matrix
Factorization based on Dos version.

identified as the source category of vehicular exhaust. The
second factor was characterized by Ca, which is a marker species
for cement dust. In Factor 3, Al, Si, OC and EC showed high
weights and K presented a moderately higher weight, especially
in factor of PM2.5 estimated by ME2-2way. Previous studies have
reported that simultaneous high levels of Al, Si and carbonaceous species might indicate a source category of coal combustion (Zhang et al., 2011; Pant and Harrison, 2012), including both
industrial and residential coal combustion. The K might indicate
the existence of biomass burning. The uncontinuity and
collinearity of biomass burning made it difficult to be identified
as a specific source category. The forth factor of ME2-3way is
distinguished by the high loadings of crustal elements including
Al, Si, Fe, K, etc., which can be identified by crustal dust.

5

For crustal dust of ME2-2way, several Ca is observed in PM10
and several SO2−
4 is in PM2.5. The fifth factor was identified as a
secondary sulfate source category and is indicated by the high
−
loading of SO2−
4 . Factor 6 strongly correlates with OC and NO3,
which are consistent with source categories related to secondary
nitrate & secondary organic carbon (SOC). Some SO2−
4 is mixed in
Factor 6 which was modeled by ME-3way for both sizes and
ME-3way for PM10. Therefore, for PM10 and PM2.5 in Chengdu, the
main source categories impacting PM were crustal dust, coal
combustion, cement dust, vehicular exhaust, secondary nitrate
& SOC and secondary sulfate.
The percentage contributions of each source category for
PM10 and PM2.5 are shown in Fig. 5. The percentage contributions from the source categories assessed by ME2-2way were
as follows: crustal dust (25.9% for PM10 and 24.9% for PM2.5),
coal combustion (20.1% for PM10 and 21.1% for PM2.5), cement
dust (8.1% for PM10 and 4.9% for PM2.5), vehicular exhaust
(10.7% for PM10 and 14.6% for PM2.5), secondary nitrate & SOC
(13.1% for PM10 and 15.5% for PM2.5) and secondary sulfate
(19.8% for PM10 and 18.3% for PM2.5).

2.2.2. Three-way source apportionment by ME2-3way
For three-way source apportionment, a 318 (number of PM
samples for each size) × 21 (number of chemical species) × 2
(number of PM types) dataset was introduced into the
ME2-3way model, attempting to analyze the sources in three
dimensions (chemical species, temporal variability and size
variability). Six factors showed the best solution.
The source profiles and percentage contributions are
exhibited in Figs. 4 and 5. Factor 1 was principally defined as
crustal elements (Al, Si, Fe, etc.) and can be linked to crustal
dust. It was the highest contributor to both PM10 and PM2.5,
contributing 27.0% to PM10 and 22.4% to PM2.5. The second
factor was characterized by Al, Si, EC, OC and K. This is
identified as coal combustion mixed with biomass burning,
which contributed 19.2% to PM10 and 21.3% to PM2.5 estimated
by ME2-3way. Factor 3 is assigned as cement dust because it
included high Ca. This source contributed 10.5% to PM10 and
2.1% to PM2.5. Factor 4 is ascribed to vehicular exhaust with
source contributions of 10.2% to PM10 and 15.1% to PM2.5.
Factor 4 was identified by higher weights of EC and OC, which
are markers of vehicular exhaust. The Factor 5 was characterized as NO−3 and relatively higher contributions of OC and
SO2−
4 , which can be identified as secondary nitrates & SOC
mixed with secondary sulfate. According to the percentage
contributions in Fig. 5, this factor contributed more to PM2.5
(19.4%) than to PM10 (16.2%). Factor 6 is dominated by a high
loading of SO2−
4 , which may indicate the secondary sulfate
source categories. It also made higher contributions to PM2.5
(16.6%) than to PM10 (15.5%). Furthermore, source contributions of PM2.5 in Chengdu estimated by Tao et al. (2014)
showed that: secondary inorganic aerosols contributed 37%
and coal combustion contributed 20% which were very
consistent with this work; while their contribution of soil
dust was lower.

2.2.3. Comparison between the results of PMF2, ME2-2way and
ME2-3way
As shown in Fig. 4, similar source categories can be identified
by PMF2, ME2-2way and ME2-3way, although 5-factor
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Fig. 4 – Source profiles for PM10 and PM2.5 estimated by ME2-3way and ME2-2way. PM10: PM with an aerodynamic diameter of
less than 10 μm; PM2.5: PM with an aerodynamic diameter of less than 2.5 μm.

solutions were selected for PMF2 and 6 factors were for
ME2-2way and ME2-3way. The estimated concentrations
accounted for more than 95% of measured PM concentrations.
In addition, the regression slopes between the estimated and
measured size-resolved PM concentrations were within the
range of 0.8 to 1.2; and the Pearson correlation coefficients
ranged from 0.8 to 1. These results suggest that the estimated
PM concentrations for most days were close to the measured
concentrations.
Comparing the contributions modeled by ME2-3way,
ME2-2way and PMF2, the contributions from the primary
source categories (crustal dust + cement dust + vehicular
exhaust + coal combustion) and the secondary source categories (secondary sulfate + secondary nitrate + SOC) are
summarized in Table 1. Very similar contributions can be
observed. The primary source categories contributed 63.4%
(PMF2), 64.8% (ME2-2way) and 66.8% (ME2-3way) to PM10, and
contributed 60.9% (PMF2), 65.5% (ME2-2way) and 61.0%
(ME2-3way) to PM2.5. Secondary sources contributed 31.8%
(PMF2), 32.9% (ME2-2way) and 31.7% (ME2-3way) to PM10, and
35.0% (PMF2), 33.8% (ME2-2way) and 36.0% (ME2-3way) to
PM2.5. Thus, although there are small differences between the
individual contributions estimated by PMF2 and ME2-3way,

the sum contributions of the primary and secondary sources
are comparable.
Additionally, the size distribution of the source contributions was described as the percentage contribution enrichment (CE):


CE j ¼ FPM10; j −FPM2:5; j =FPM10; j  100%

ð5Þ

where PPM10,j and PPM2.5,j are the percentage source contributions
of the jth source categories to PM10 and PM2.5, respectively. The CE
of the percentage source contributions estimated by ME2-3way,
ME2-2way and PMF2 is also shown in Fig. 3. According to many
studies (Arimoto et al., 1996; Srimuruganandam and Nagendra,
2012; Keuken et al., 2013), vehicular exhaust, secondary sources,
emissions from coal and biomass burning are generally enriched
in PM that are predominantly less than PM2.5, while crustal dust
and cement dust mainly contribute to the coarse fraction in PM10.
This is evidenced by the size distribution of the marker species, as
shown in Fig. 3(a). Thus, the size distribution of percentage source
contributions estimated by ME2-3way might be more reasonable
than those estimated by two-way PMF2, which might due to the
reason that the three-way model can consider chemical species,
temporal variability and PM sizes at the same time, while the
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Fig. 5 – Percentage source contributions to PM10 and PM2.5 estimated by ME2-2way and by ME2-3way.

two-way models independently compute datasets of different
sizes.

2.3. Quantification of source directional contributions by SDA
The SDA method was used to further investigate source
contributions for each source category from diverse directions.
In this section, the SDA analysis was separately run using results
from three source apportionment models (PMF2, ME2-2way and
ME2-3way). As mentioned earlier, the potential directions of the
sources should be identified. The 72-hr back-trajectories (ending
at 00:00, 06:00, 12:00 and 18:00 every day) were generated by
Version 4.9 of the HYSPLIT (HYSPLIT-4.9) model for 318 days
during the sampling period, yielding a total of 1272 back

trajectories (N = 1272). Considering the boundary layer heights
and referring to related works (Koçak et al., 2011), the arrival
height was chosen at a height of 1000 m. Trajectory cluster
analysis was also performed by HYSPLIT-4.9, and four directions
were identified, as shown in Fig. 6. The back trajectories
were clustered into four directions: (1) north-north-east (NNE,
where the number of back trajectories is n1 = 175, 14%),
(2) east-north-east (ENE, n2 = 561, 44%), (3) south-east (SE, n3 =
408, 32%) and (4) west-north-west (WNW, n4 = 128, 10%).
Then, daily source contributions for each source category
were corresponded to back-trajectories that were clustered
into diverse directions. According to Eqs. (4) and (5), the source
directional contributions (μg/m3) and the percentage directional contributions (%) of the five factors modeled by

Table 1 – Contributions of primary and secondary sources estimated by PMF2, ME-2way and ME-3way methods.

PM10

PM2.5

PMF2
ME-2way
ME-3way
PMF2
ME-2way
ME-3way

Primary source categories
(crustal dust + cement dust + vehicular
exhaust + coal combustion)

Secondary source categories
(secondary sulfate + secondary nitrate + SOC)

63.4%
64.8%
66.8%
60.9%
65.5%
61.0%

31.8%
32.9%
31.7%
35.0%
33.8%
36.0%

PMF2: a two-way Positive Matrix Factorization based on Dos version; PM10: PM with an aerodynamic diameter of less than 10 μm; PM2.5: PM with
an aerodynamic diameter of less than 2.5 μm; SDA: source directional apportionment.
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ME2-3way for PM10 and PM2.5 were calculated, and the latter is
listed in Fig. 6. According to Fig. 6, for PM10, the percentage
source directional contributions from NNE, ENE, SE and WNW
were crustal dust (3.3%, 12.7%, 9.8% and 3.7%, respectively),
coal combustion (2.4%, 7.9%, 6.1% and 2.8%, respectively),
cement dust (1.5%, 4.5%, 3.4% and 1.1%, respectively), vehicular exhaust (1.6%, 4.2%, 3.0% and 1.4%, respectively), secondary nitrate & SOC (1.3%, 8.0%, 5.0% and 1.9%, respectively), and
secondary sulfate (1.3%, 5.1%, 4.8% and 1.7%, respectively).
For PM2.5, the percentage source directional contributions from 4
directions were crustal dust (2.5%, 9.7%, 7.4% and 2.8%, respectively), coal combustion (2.7%, 8.7%, 6.8% and 3.1%, respectively),
cement dust (0.3%, 0.8%, 0.6% and 0.2%, respectively), vehicular
exhaust (2.6%, 6.6%, 4.8% and 2.2%, respectively), secondary
nitrate & SOC (1.6%, 9.6%, 6.0% and 2.3%, respectively), and

(a) PM10
ME2-3way

N
NNW

N

NNE

NNW

crustal dust

NW

WNW

NE

3.3% 12.

NW

NNE

coal combustion

NE

ENE WNW

7%

ENE

%
7 .9

2.4%

3.7%

W

secondary sulfate (1.8%, 7.2%, 6.7% and 2.3%, respectively).
Crustal dust from ENE contributed the highest to both PM10 and
PM2.5 in Chengdu, followed by the crustal dust from SE for PM10
and secondary nitrate & SOC from ENE for PM2.5. For PM10, crustal
dust, coal combustion, and secondary nitrate & SOC from ENE
and SE as well as secondary sulfate from ENE contributed up to
5% of PM10. Crustal dust, coal combustion, vehicular exhaust,
secondary nitrate & SOC, and secondary sulfate from ENE and SE
contributed approximately 5% of PM2.5.
Comparable results can be observed among SDA based on
two-way models (PMF2 and ME2-2way) and three-way model,
as listed in Tables S2, S3 and Fig. 6. According to the
discussion above, the SDA method can quantify the source
contributions from different directions. The apportioning for
the daily source contributions is the key step for the SDA
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Fig. 6 – Percentage directional contributions (%) for each source category to PM10 and PM2.5 in Chengdu from 2007 to 2013,
evaluated by SDA based on ME-3way. (a) for PM10; (b) for PM2.5.
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(b) PM2.5
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Fig. 6 – (continued)
method; therefore, the stability of the results from receptor
models can play vital roles on the determination of the final
results of SDA. In this work, SDA based three-way and two-way
receptor models generated consistent results, suggesting stable
estimates of daily source contributions and indicating the
quality of the SDA results. The source directional contributions
are associated with atmospheric transport patterns and daily
emission patterns during the sampling period. The ENE was the
predominated wind during the sampling period which could
explain that most source categories showed higher directional
contributions from ENE. The cities in eastern China usually
experience fast development and the east on the sampling site
is the centre of the city, which might also influence the
contributions. Additionally, it's interesting to observe a little
difference between the results of SDA combined with ME2-3way
and those of SDA combined with two-way models. For crustal
dust from ENE in PM10, its contribution of ME2-3way was higher

than that of ME2-2way; while in PM2.5, the contribution of
ME2-3way was lower than that of ME2-2way. It may be influenced
by the different size distributions modeled by two-way and
three-way models. The SDA method combined receptor models
with back trajectory cluster analysis to quantify contributions
of each source category from various directions. SDA provides
preliminary information regarding the issue of quantitative
Directional/Regional Source Apportionment, which is of great
significance for PM control, especially in developing countries
with complex sources and unclear emission inventory.

3. Conclusions
Long-term and synchronous monitoring of PM10 and PM2.5 was
carried out in a megacity in China from 2007 to 2013 to investigate
the PM pollution status. Crustal elements, carbonaceous species
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and secondary ions were the most important species in PM10 and
PM2.5 in Chengdu. The fractions of crustal elements (Al, Si and Ca)
were higher in PM10, whereas the abundances of carbonaceous
species (OC and EC) and secondary ions (NH+4, NO−3 and SO2−
4 ) were
enriched in PM2.5. The source categories and contributions were
determined by two-way and three-way source apportionment
models (PMF2 and ME2-3way), and comparable results were
obtained. For PM10 and PM2.5 in Chengdu, the main source
categories identified by the two-way and three-way models were
crustal dust, coal combustion, cement dust, vehicular exhaust,
secondary nitrate & SOC and secondary sulfate. Although there
was a little difference between individual contributions estimated by PMF2, ME2-2way and ME2-3way, the sum contributions of
the primary and secondary sources were very consistent. In
addition, the size distribution of the percentage source contributions estimated by ME2-3way might be more reasonable than
those estimated by two-way models, because the three-way
model can consider chemical species, temporal variability and
PM sizes simultaneously, while the two-way model computes
datasets of different sizes independently. Crustal dust, coal
combustion, and secondary nitrate & SOC from ENE and SE as
well as secondary sulfate from ENE contributed high to PM10; and
crustal dust, coal combustion, vehicular exhaust, secondary
nitrate & SOC, and secondary sulfate from ENE and SE contributed relatively higher to PM2.5. The consistency of the results
from SDA based three-way and two-way receptor models
suggests that the estimated source contributions are stable and
that the SDA results are acceptable. The three-way source
apportionment and quantitative source directional apportionment techniques in this work provide useful tools to better
understand PM pollution status.
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