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ABSTRACT 
 

To gain detailed insight into the gaseous sources of PM2.5, three kinds of positive matrix factorization were developed 
and applied to hourly elemental and gaseous data (PMF-GAS). According to the results of PMF-GAS1, which relied on 
gaseous markers to enhance source discrimination, crustal dust, vehicular exhaust, coal combustion, sulfate and nitrate 
(CD1, VE1, CC1, SUL1 and NIT1) directly contributed 20%, 17%, 15%, 34% and 14% to the PM2.5, respectively. Using 
PMF-GAS2, which summed species found in PM2.5, and their corresponding precursors to estimate the overall influence of 
primary sources, the total contribution from CD2, VE2 and CC2 to PM2.5 was quantified as 30%, 29% and 41%, respectively. 
Finally, PMF-GAS3 quantified the contribution of oxidation (OXI3; 27%) based on the relationships between the species 
and their precursors. NH4

+ was found mostly in CD2 and CD3 but also in SUL1 and NIT1, implying that crustal dust can 
provide alkaline conditions for the formation of ammonium salts. High correlations were found between corresponding 
source contributions, but CD1 showed relatively weak links with CD2 and CD3 due to NH4

+ being present in different 
factors. A fully populated map of classical bootstrap (BS) runs implies the high stability of these PMF-GAS results. 
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INTRODUCTION  
 

Due to rapid economic development and urbanization, 
severe haze pollution characterized by the high fine 
particulate matter (PM) has occurred and aroused the 
attention of the public in several developing countries (Wang 
et al., 2018). In addition to reducing atmospheric visibility, 
PM2.5 (particulate matter with an aerodynamic diameter of 
2.5 µm or less) is a public health concern because it can be 
inhaled into the upper airways and lung (Mu et al., 2017; 
Zhang et al., 2017a). PM2.5 is a complex mixture and varies 
widely in size, shape and chemical composition (Zhang et 
al., 2017b). Ambient PM consists of organic and inorganic 
compounds, such as crustal elements, metallic compounds, 
elemental carbon (EC), inorganic ions and numerous organic 
compounds (Jiang et al., 2017; Cheng et al., 2018). 

Sources of PM2.5 are complex, including primary emissions 
and secondary formation. PM2.5 can be directly emitted 
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into the atmosphere from primary sources. Primary sources 
simultaneously emit PM and gaseous pollutants. SO2 is 
mainly associated with coal-burning sources, like power 
plants, industries and residential heating (Maskey et al., 
2016; Zhang et al., 2018). Vehicles are important sources 
of NOx. CO can originate from both oil and coal burning. 
Thus, some gaseous pollutants can be indicators to identify 
primary emissions (Liu et al., 2006; Eatough et al., 2008; 
Liao et al., 2017; Deng et al., 2018). Furthermore, part of 
PM2.5 is formed by chemical reactions of gases such as SO2, 
NOx, NH3 and VOCs (Li et al., 2017a; Wang et al., 2017; 
Vo et al., 2018). The relationships among species in PM2.5 
and gases (precursors), like sulfur oxidation ratio (SOR) 
and nitrogen oxidation ratio (NOR), can be used to study 
the influence of oxidation mechanisms (Cheng et al., 2018). 

Since the understanding of sources of airborne particles 
is critical for their control, various methods have been 
developed and applied to investigate the PM2.5 sources 
(Watson et al., 1984; Paatero, 1997; Hopke, 2003; Watson 
et al., 2008; Jiang et al., 2018). Positive matrix factorization 
(PMF) (Paatero, 1997; de la Campa et al., 2018) is a 
powerful tool to quantify source contributions based on 
species measurements. EPA PMF 5.0 was developed based 
on the Multilinear Engine solver (ME-2; Paatero, 1999; 
Shi et al., 2016; Liu et al., 2017), which allows efficient 
exploration of the solution space and facilitates source 
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separation. These models have been successfully used to 
estimate sources of ambient PM2.5 in many studies, typically 
using chemical composition data to provide information on 
sources (Hopke, 2003; Watson et al., 2008; Visser et al., 
2015). Several studies applied a combination of elemental 
composition data and gaseous data to enhance source 
identification (Liu et al., 2006; Ogulei et al., 2006; Eatough 
et al., 2008; Yue et al., 2008). However, as mentioned 
above, in addition to improving source identification, the 
relationships among species in PM2.5 and gases can be 
used to estimate the influence of oxidant reactions, which 
lacks studies. 

Three kinds of PMF-GAS methods were developed in 
this work to achieve different aims. One is to use gaseous 
markers to improve the distinction of sources. The second 
is to use the sum of species and corresponding precursors 
to estimate the total influence of primary sources (Acciai et 
al., 2017; Zheng et al., 2018). And the third one is to use 
the relationships between PM2.5 elements and precursors to 
quantify the influence of oxidant reactions. PMF-GAS 
methods were applied to hourly elemental and gaseous data 
which were observed in a megacity of China to quantify 
the contributions of primary and secondary sources, total 
impacts of sources and oxidant reactions. The methods 
developed in this work allow us to have further and 
detailed insights into PM2.5 sources, which play critical 
roles for its effective control. 
 
METHODS 
 
Observation and Analysis 

The observations were carried out in Tianjin, a megacity 
in northern China, with a population of over 14 million. In 
the last few decades, Tianjin was under rapid industrialization 
and urbanization (Liu et al., 2017). The sampling site is on 
the rooftop of the Tianjin Environmental Protection Bureau, 
which is located in a mixed residential and commercial 
area. Hourly data were obtained in February, March, June, 
July, August and September of 2015, finally producing 
4,344 hours of data. 

The highly time-resolved data of chemical species (OC, 
EC, NO3

–, Cl–, F–, SO4
2–, NH4

+, Ca2+, Na+, Mg2+, and K+ in 
PM2.5), gases (SO2, O3, NO, NO2, CO and so on), and PM 
mass concentrations (PM1, PM2.5, PM10 and TSP) were 
measured. A Model-4 Semi-Continuous OC-EC Field 
Analyzer (Sunset Laboratory Inc., USA) was applied to 
detect hourly concentrations of elemental carbon (EC) and 
organic carbon (OC) in PM2.5 (Cesari et al., 2018; Pan et al., 
2018). Thermal/optical transmittance measurement protocol 
of NIOSH (National Institute of Occupational Safety and 
Health; Kiersma, 2014) was used for carbon aerosol 
analyzer. For calibration, a known amount of methane was 
introduced into the oven and the constant response of it 
was measured too. The OC was the carbon that evolved 
before the split point, whereas EC was measured as the 
carbon evolved after this point but prior to the methane 
calibration peak. A URG 9000D Ambient Ion Monitor 
(AIM; URG, Chapel Hill, NC) was used to measure the 
ionic species. The AIM separated and analyzed anions 

(NO3
–, Cl–, F–, and SO4

2–) and cations (NH4
+, Ca2+, Na+, 

Mg2+, and K+) through a particle collection system and ion 
chromatographs. Anion/cation calibration solutions were 
used for the calibration in at least one month. Gaseous 
pollutants and PM mass concentrations were required for 
the PMF-GAS methods. PM mass concentrations, including 
PM1, PM2.5, PM10 and TSP, were continuously measured 
by a Tapered Element Oscillating Microbalance (TEOM) 
mass sensor. Gaseous pollutants included SO2, O3, NO, 
NO2, CO and so on. SO2 concentration was determined by 
a Model 43i SO2 Analyzer (Thermo Scientific, USA), 
which uses pulsed fluorescence technology. The Model 42i 
NOx Analyzer uses chemiluminescence technology to obtain 
the amount of NOx, which is designed with an individual 
chamber and individual photomultiplier tube to cycle the 
nitric oxide (NO) and nitrogen dioxide (NO2). The NO and 
NO2 outputs from the analyzer are isolated and individually 
calibrated. The O3 was determined by using a Model 49i 
Ozone Analyzer (Thermo Scientific), which is a dual cell 
photometer. The meteorological parameters (temperature 
[T], pressure [P], wind speed [WS] and relative humidity 
[RH]) were downloaded from a website (https://rp5.ru/). 
 
Development of PMF-GAS Models 

The PMF-GAS methods developed in this work used the 
gaseous pollutants to better identify the resolved factors. 
PMF-GAS methods were performed by the EPA PMF 5.0 
model (U.S. EPA, 2014; Bove et al., 2018). This program, 
referred to as “ME-2” (Paatero, 1999; Liu et al., 2017), is 
structured so that it can be used to solve a variety of 
multilinear problems including bilinear, trilinear, and 
mixed models. It includes the feature that the user can 
weight individual measurements and provide non-
negativity constraints (Paatero and Tapper, 1994; Paatero 
et al., 1997).  

The goal of receptor models is to solve the chemical mass 
balance between measured species concentrations (Matrix 
X), modelled source profiles (Matrix F), and modelled 
contributions (Matrix G) (Paatero and Tapper, 1994; Tian 
et al., 2014): 
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where xij is the measured concentration of the jth species in 
the ith sample, fhj (g/g) is the species profile of the hth 
source, gih is the amount of mass g contributed by the hth 
factor to each individual sample, eij is the residuals, and p 
is the number of factors. 

The task of PMF is minimizing Q: 
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where the “uncertainty” σij is the jth species for the ith sample, 
and it was obtained by multiplying different parameters by 
species’ concentrations to calculate the uncertainty (U.S. 
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EPA, 2014). Moreover, ME-2 can incorporate prior 
information such as chemical properties to apportion 
sources through auxiliary equations. 

Three types of PMF-GAS methods were developed: 
(1) using gaseous markers to enhance the distinction of 
sources, (2) using the sum of species and corresponding 
precursors to estimate the total influence of primary 
sources, and (3) using the relationships between species 
and precursors to quantify the influence of oxidation. 

For the goals of PMF-GAS methods, the gaseous 
pollutants, PM mass concentrations and other indicators 
together with the species are used. SO2 and NOx can form 
PM, but CO is stable; thus, CO can be a useful indicator 
for primary emissions from combustion. We used other 
indicators to represent the features. The indicators were as 
follows: 
 
Cation (µµmol/ 3) = [NH4

+] + 2 × [Ca2+] + 2 × [Mg2+] + 
[K+] + [Na+] 
Anion (µµmol/ 3) = [Cl–] + [NO3

–] + [NO2
–] + 2 × [SO4

2–] 
 
where [ion] is the molarity of ions. C/A is defined as 
Cation/Anion and can indicate the balances between anions 
and cations and the acidity of PM. 
 
TS = SO4

2– + SO2 
TN = NO3

– + NOx 
 
where SO4

2– is the S mass in SO4
2–, SO2 is the S mass in 

SO2, NO3
– is the N mass in NO3

–, and NOx is the N mass 
in NOx. These indicators were used to indicate the total 
emissions of S and N (Chen and Xie, 2014). 
 
SOR = SO4

2–/TS 
NOR = NO3

–/TN 
 
SOR and NOR were used for a further investigation on the 
oxidation of sulfur and nitrogen (Chen and Xie, 2014). 
What is more, ratios between PM mass concentrations can 
also be indicators for source identification (Li et al., 2017b; 
Zhang et al., 2017b). 

In this work, in order to get a further investigation on the 
relationships among hourly concentrations of species and 
gaseous or meteorological parameters, Pearson correlations 
(Pearson’s R) were calculated firstly. According to the 
correlations of different species, the inputs of three methods 
are summarized as follows: 
(1) Method 1: Water-soluble ions (Cl–, NO3

–, NO2
–, SO4

2–, 
NH4

+, Ca2+, Mg2+, K+, Na+), OC, EC, SO2, NOx, CO, 
and PM10 were used. Similar method has been reported 
in previous literature (Yue et al., 2008). SO2, NOx and 
CO can be gaseous markers of coal combustion and 
vehicular exhaust. PM10 can be a tracer of crustal dust 
as was previously discussed. In this way, contributions 
to PM2.5 as well as gases could be estimated. Gaseous 
markers can enhance the distinction of sources. 

(2) Method 2: TS and TN were introduced instead of SO4
2–, 

SO2, NO3
–, NO2

–, and NOx. Cl–, NH4
+, Ca2+, Mg2+, K+, 

Na+, OC, EC, TS, TN, CO, and PM10 were inputted. 

SO4
2– and NO3

– are formed from SO2 and NOx, so in 
this way, the total contributions from primary emissions 
could be quantified. 

(3) Method 3: SOR, NOR and O3 were applied to quantify 
the influence of the oxidant reactions. The detailed 
indicators for the PMF-GAS modelling are determined 
after investigating the relationship among elemental 
and gaseous data. So water-soluble ions (Cl–, NH4

+, 
Ca2+, Mg2+, K+ and Na+), OC, EC, TS, TN, SOR, NOR, 
O3, CO, and PM10 were applied in this method to 
quantify the source contributions and influence of 
oxidant reactions. 

Based on the EPA PMF 5.0, the three PMF-GAS 
methods as mentioned above were applied on the highly 
time-resolved species and gaseous data. For Method 1, a 
matrix of 4,092 rows (number of samples) × 15 columns 
(number of species and gases, including Cl–, NO3

–, NO2
–, 

SO4
2–, NH4

+, Ca2+, Mg2+, K+, Na+, OC, EC, SO2, NOx, CO, 
and PM10) was introduced into the model. For Method 2, 
the input matrix was 4,092 rows × 12 columns (number of 
species and gases, including Cl–, NH4

+, Ca2+, Mg2+, K+, 
Na+, OC, EC, TS, TN, CO, and PM10). For Method 3, the 
matrix had 4,092 rows × 15 columns (Cl–, NH4

+, Ca2+, Mg2+, 
K+, Na+, OC, EC, TS, TN, SOR, NOR, O3, CO, and PM10). 

Different factor numbers were tried to determine the 
accurate number of factors. Considering the variation of Q 
values and the physical significance of the factor profiles 
(Bressi et al., 2014; Zheng et al., 2018), 5 factors, 3 factors 
and 4 factors were determined for Methods 1, 2 and 3, 
respectively. After the base runs, constraint runs could be 
applied using EPA PMF 5.0 based on source composition 
and contribution knowledge. The increase of the Q value after 
discarding runs below 10% can indicate the acceptability of 
discarding (Amato and Hopke, 2012). 
 
RESULTS AND DISCUSSION 
 
Concentrations and Relations of PM, Gases and 
Chemical Species in PM2.5 

To show the average levels of pollutants during the 
study period, Fig. 1 describes the diurnal variations of PM 
masses (PM1, PM2.5, PM10, and TSP), gaseous concentrations 
(SO2, H2S, O3, NH3, NO, NO2, CO2, CO, CH4, and 
NMHC), PM2.5 species concentrations (NO3

–, Cl–, F–, 
SO4

2–, NH4
+, Ca2+, Na+, Mg2+, K+, OC, and EC) and 

important meteorological parameters (T, RH, P, and WS). 
Similar diurnal variations were found for PM2.5, PM10, 
TSP, SO2, NO, and NO2 with peaks at approximately 
8:00 AM and during the nighttime. For diurnal variations, 
the mass concentrations of PM1, PM2.5, PM10, and TSP 
were in the range of 36.1–56.9, 76.0–106.6, 94.0–132.2, 
and 161.1–206.6 µg m–3, respectively. The concentrations 
of O3 showed high levels during daytime. The variation of 
CO was slight and the mean concentration was 1.1 ppm. 
The diurnal patterns of most species (except for F–) in 
PM2.5 showed significantly strong links with diurnal 
patterns of PM2.5, with the Pearson’s R ranging from 0.51 
to 0.97. The Cl– (1.0–4.3 µg m–3), NO3

– (6.6–14.6 µg m–3), 
SO4

2– (9.3–10.8 µg m–3), NH4
+ (10.3–15.4 µg m–3), OC  
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Fig. 1. Average diurnal variations of PM masses (PM1, PM2.5, PM10, and TSP), gas concentrations (SO2, O3, NH3, NO, 
NO2and CO), PM2.5 species concentrations (NO3

−, Cl−, F−, SO4
2−, NH4

+, Ca2+, Na+, Mg2+, K+, OC, and EC) and important 
meteorological parameters (temperature T, relative humidity RH, pressure P and wind speed WS). 

 

(8.0–10.8 µg m–3) and EC (1.7–3.6 µg m–3) presented 
higher levels in PM2.5. 

For a further investigation on the relationships among 
hourly concentrations of species and gaseous or 
meteorological parameters, Pearson correlations (Pearson’s 
R) were calculated. Referring to Table 1, the Pearson’s R 
revealed that mass concentrations of species in PM2.5 were 
significantly associated with some meteorological and 
gaseous parameters. WD had a negative influence on most 

concentrations of species. Notably, PM1 and PM2.5 
concentrations reflected stronger links with NO3

–, SO4
2–, 

NH4
+, Cl–, OC and EC, whereas PM10 and TSP concentrations 

were more associated with Ca2+. Many NO3
–, SO4

2– and 
NH4

+ ions were formed from precursors and were usually 
enriched in fine PM (Cuccia et al., 2013). Note the 
stronger relationships between NO3

–, SO4
2–, and NH4

+ with 
PM2.5 (0.69**, 0.73**, and 0.55**, respectively) than with 
PM1 (0.58**, 0.59**, and 0.50**, respectively). This may
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Table 1. Pearson correlation matrix between indicators. 

 CO SO2 NOx O3 NH3 PM1 PM2.5 PM10 TSP RH T WD 
Cl– 0.39** 0.44** 0.37** –0.34** 0.28** 0.56** 0.52** 0.30** 0.26** 0.06** –0.35** –0.25**
F– 0.13** 0.25** 0.02 –0.31** 0.12** 0.01 –0.03* 0.17** 0.18** –0.46** –0.59** 0.27**
NO3

– 0.29** 0.20** 0.12** –0.13** 0.33** 0.58** 0.69** 0.33** 0.29** 0.32** 0.04* –0.21**
NO2

– 0.13** 0.02 0.01 –0.04* 0.09** 0.10** 0.11** 0.07** 0.08** 0.05** –0.08** –0.05**
SO4

2– 0.20** 0.09** 0.01 0.27** 0.25** 0.59** 0.73** 0.31** 0.26** 0.32** 0.22** –0.17**
NH4

+ 0.27** 0.26** 0.12** –0.01 0.28** 0.50** 0.55** 0.40** 0.37** 0.06** –0.09** –0.18**
Ca2+ 0.22** 0.24** 0.25** –0.18** 0.23** 0.27** 0.33** 0.54** 0.54** –0.21** –0.19** 0.02 
Mg2+ 0.15** 0.15** 0.14** –0.04* 0.08** 0.29** 0.23** 0.12** 0.09** 0.19** –0.01 –0.12**
K+ 0.29** 0.39** 0.09** –0.15** 0.12** 0.41** 0.37** 0.20** 0.16** 0.01 –0.28** –0.07**
Na+ 0.50** 0.50** 0.45** –0.29** 0.14** 0.50** 0.45** 0.26** 0.25** 0.04** –0.34** –0.17**
OC 0.44** 0.50** 0.32** –0.23** 0.28** 0.62** 0.60** 0.41** 0.37** –0.07** –0.36** –0.22**
EC 0.43** 0.42** 0.41** –0.27** 0.38** 0.65** 0.68** 0.51** 0.46** 0.05** –0.26** –0.30**

** Correlation is significant at the 0.01 level (2-tailed). 
* Correlation is significant at the 0.05 level (2-tailed). 

 

indicate that although most secondary sulfates and nitrates 
were in PM1, some NO3

–, SO4
2–, and NH4

+ ions were in 
PM1-2.5 and could have come from primary emissions in 
slurry or have grown because of hygroscopic growth or 
collisions. OC and EC were mostly from the combustion 
of fossil fuels and were also generally in PM2.5 (Belis et 
al., 2013; Tian et al., 2016). Ca2+ can be a marker of crustal 
and cement dust, which has been reported to contribute a 
greater percentage to the coarse particles (Srimuruganandam 
and Nagendra, 2012; Keuken et al., 2013), so the strong links 
between PM10 or TSP with Ca2+ in this work can demonstrate 
it. In addition, ratios between PM mass concentrations can 
also be source indicators. According to Table S1, most 
correlations between species and ratios of PM mass (such as 
PM1/PM2.5, PM2.5/PM10, and PM10/TSP) were under 0.1. 
These results imply that the PM masses were more useful 
than ratios for identifying sources in this work. 
 
Results of PMF-GAS1 

Different factor numbers were tried to determine the 
accurate number of factors. Considering the variation of Q 
values and the physical meaning of the factor profiles 
(Bressi et al., 2014; Zheng et al., 2018), when 6 factors 
were selected, the sources were split, so 5 factors were 
determined for Method 1, respectively. As mentioned above, 
contributions of primary and secondary source categories 
to PM2.5 as well as gases can be estimated by Method 1 of 
PMF-GAS (PMF-GAS1). The results of PMF-GAS1 are 
shown in Fig. 2. For this method, the source crustal dust1 
(CD1) was dominated by Ca2+, Mg2+, Na+ and PM10 and 
contributed 20% to the PM2.5 mass concentrations. The 
source category of vehicular exhaust1 (VE1) was distinguished 
because its resolved source profiles were dominated by 
OC, EC, NOx and CO. The percentage contributions from 
VE1 were 17% to PM2.5, 57% to NOx and 39% to CO. The 
identified chemical profiles of the coal combustion1 (CC1) 
factor consisted of high proportions of OC, EC, Cl–, SO2, 
and CO and relatively higher NOx. Contributions of this 
factor were 15% to PM2.5, 72% to SO2 and 45% to CO. 
The source sulfate1 (SUL1) was mainly characterized by 
the presence of ammonium and sulfates, and the nitrate-

rich factor could be identified as the source nitrate1 (NIT1). 
These two source categories contributed 34% and 14% to 
PM2.5, respectively. Note that the source contributions of 
CD1, VE1 and CC1 to PM2.5 were direct contributions. The 
sources also emitted NOx, SO2, NH3 and VOCs, which can 
form secondary sulfate and nitrate. 
 
Results of PMF-GAS2 

3 factors were identified in Method 2, and the source 
crustal dust2 (CD2) was also associated with Ca2+, Mg2+, 
and PM10 (Fig. 3). As shown in Fig. 3, the mass of NH4

+ 
was largely found in the CD2, whereas in Method 1 (Fig. 2), 
most NH4

+ was in the factors of SUL1 and NIT1, due to that 
the sulfate and nitrate were mostly in the formation of 
(NH4)2SO4, NH4HSO4 and NH4NO3. The NH4

+ in CD2 
demonstrates that nitrogen (N) fertilizer in crustal dust is 
an important source for NH4

+ or its precursor NH3. That is 
to say, CD2 provided the alkaline conditions (such as 
CaCO3, NH4

+, etc.) for the formation of secondary particles. 
The CD2 contributed 30% to the PM2.5 mass concentrations. 

Carbonaceous species (OC and EC), CO and TN 
showed relatively high loadings in the first factor. This 
factor was identified as vehicular exhaust2 (VE2) and 
contributed 29% to PM2.5. The most TN (67%) and CO (65%) 
were apportioned to VE2. The factor that was heavily 
loaded with Cl–, TS, OC, EC and CO was coal combustion2 
(CC2). The CC2 source was estimated to be the highest 
contributor to PM2.5 (41%) and TS (93%). Parts of TN 
(33%) and CO (35%) were apportioned to this factor. 
Contributions of VE1 and CC1 were the direct cause of 
PM2.5, whereas the contribution of VE2 and CC2 was the 
total impacts on PM2.5. Except for direct influence, the 
total impacts also included indirect influence through 
emitting precursors and generating secondary particles. 
 
Results of PMF-GAS3 

Q values and the physical meaning of the factor profiles 
were considered when choosing the right number of 
factors, and 4 factors were determined for Method 3. As 
shown in Fig. 4, the crustal dust3 (CD3), vehicular exhaust3 

(VE3) and coal combustion3 (CC3) sources modelled by the 
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Fig. 2. Source profiles and relative contributions of each factor to the PM2.5 estimated by method 1 of PMG-GAS (PMG-
GAS1). 

 

 
Fig. 3. Source profiles and relative contributions of each factor to the PM2.5 estimated by method 2 of PMG-GAS (PMG-
GAS2). 
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Fig. 4. Source profiles and relative contributions of each factor to the PM2.5 estimated by method 3 of PMG-GAS (PMG-
GAS3). 

 

PMF-GAS3 method were similarly distinguished. The CC3 
was characterized by 32% of OC, 20% of EC, 71% of TS, 
24% of TN, and 28% of CO. The factor with high Ca2+ and 
PM10 was identified as CD3. The VE3 showed strong links 
with OC (41% of total OC), EC (54%), TN (66%), and CO 
(50%). The contributions of CC3, CD3 and VE3 to PM2.5 
were 32%, 21% and 20%, respectively. 

Additionally, an oxidation3 (OXI3) source of inorganic 
ions was recognized by strong links with SOR, NOR and O3 
and its average contribution to PM2.5 was quantified as 27% 
(Fig. 4). The average daily variations of OXI3 contributions 
were calculated and exhibited in Fig. S1. The contributions 
of OXI3 showed distinct daily variations. The stronger 
OXI3 contributions which were higher than 40 µg m–3 were 
observed at noontime (12:00–3:00 PM). The minimum 
contribution in the day was 13.2 µg m–3 at 6:00 AM. 
 
Evaluation of PMF-GAS Results 

Fig. 5 shows the fitting plots between the measured 
PM2.5 and estimated PM2.5 mass concentrations, including 
the regression slopes, intercepts and Pearson’s R. The 
estimated PM2.5 mass concentrations were defined as the 
sum of contributions apportioned to each identified source 
category. The slopes (ranging from 0.91 to 1) and Pearson’s R 
values (from 0.82 to 0.91) implied that the PMF-GAS 
methods could effectively evaluate the PM2.5 concentrations. 
Although the contributions of coal combustion, crustal dust 
and vehicular exhaust estimated by the three methods were 
not completely the same, the correlations among 

corresponding source contributions (Table 2) were 
significantly strong, especially for coal combustion and 
vehicular exhaust. The contributions of CD2 and CD3 were 
strongly correlated with each other, with Pearson’s R = 1 at 
the 0.01 level. The CD1 source showed relatively weak 
links with CD2 and CD3, which may be due to NH4

+. As 
previously discussed and shown in Fig. S2, for PMF-
GAS1, sulfate and nitrate were mostly in the formation of 
(NH4)2SO4, NH4HSO4 and NH4NO3, resulting in that most 
NH4

+ was in SUL1 and NIT1. While the NH4
+ was in CD2 

and CD3 because nitrogen (N) fertilizer in crustal dust is an 
important source for NH4

+ or its precursor NH3. 
Classical bootstrap (BS) is a method to evaluate the 

uncertainty of PMF results caused by rotational ambiguity 
and random errors. In the BS runs, multiple PMF solutions 
are generated by using a series of resampled datasets. Each 
BS factor is mapped to the base run factor. If no base 
factors have a correlation above the threshold for a given 
BS factor, that factor is defined as unmapped. In this work, 
100 runs of BS were selected for all 3 methods. All the 
factors of each method were mapped in 100%, which 
implied that the results of PMF-GAS methods were 
generally stable. 

 
CONCLUSIONS 
 

Three methods of PMF-GAS were developed in this 
work to quantify the contributions from primary and 
secondary sources, the total impacts of these sources, and 
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Fig. 5. The fitting plots between the measured ambient PM2.5 and estimated PM2.5 mass concentrations. 

 

Table 2. Pearson correlations between corresponding source categories estimated by three PMF-GAS methods. 

 coal combustion1 coal combustion2 coal combustion3 
coal combustion1 1 0.85** 0.89** 
coal combustion2 0.85** 1 0.98** 
coal combustion3 0.89** 0.98** 1 
 crustal dust1 crustal dust2 crustal dust3 
crustal dust1 1 0.41** 0.40** 
crustal dust2 0.41** 1 1** 
crustal dust3 0.40** 1** 1 
 vehicular exhaust1 vehicular exhaust2 vehicular exhaust3 
vehicular exhaust1 1 0.87** 0.88** 
vehicular exhaust2 0.87** 1 0.96** 
vehicular exhaust3 0.88** 0.96** 1 
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the effects due to oxidation. Firstly, the diurnal variations 
and the relationships among the PM2.5 species and some 
indicators revealed that the concentrations of PM1 and 
PM2.5 were more strongly linked to NO3

–, SO4
2–, NH4

+, Cl–, 
OC and EC, whereas those of PM10 and TSP were 
associated rather with Ca2+, which can help decide which 
indicators to use for PMF-GAS. Then, three kinds of PMF-
GAS were developed based on the ambient hourly data. In the 
first method (PMF-GAS1), gaseous markers (OC, EC, SO2, 
NOx, CO and PM10) were used to enhance the distinction 
of sources. The contributions from primary (CD1, VE1, and 
CC1) and secondary sources (SUL1 and NIT1) to the PM2.5 
as well as to the NOx, CO and SO2 were calculated by this 
method. In PMF-GAS2, TS and TN were introduced to the 
model, and the total contributions of CC2, CD2 and VE2 to 
the PM2.5 were estimated. VE2 contributed the majority of 
TN (67%) and CO (65%), and CC2 was the highest 
contributor of TS (93%). PMF-GAS3 used SOR and NOR to 
quantify the effect of oxidation reactions. OXI3 was identified 
by its strong links with SOR, NOR and O3 and quantified 
as forming 27% of the PM2.5. Furthermore, whereas NH4

+ 
itself was mainly present in CD2 and CD3, PMF-GAS1 
indicated that most of the NH4

+ in the PM2.5 was contributed 
by compounds found in SUL1 and NIT1, which might be 
due to CD2 and CD3 providing alkaline conditions for the 
formation of ammonium salts. Upon evaluating the 
uncertainties in these methods, high correlations were 
found between corresponding source contributions, but 
CD1 displayed relatively weak links with CD2 and CD3 due 
to the presence of NH4

+ in different factors.  
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