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Abstract

Fine particulate matter (PM>s) is a major air pollutant worldwide. Characterizing its chemical
compositions and source contributions is a critical prerequisite for effective control of PM s pollution. This
paper systematically reviews the sampling methods, chemical compositions and source apportionments of
PM, 5. Sampling methods have significant influences on the identification of chemical compositions and
source contributions, with Quartz and Teflon filters being the most widely used. Receptor models are
commonly adopted for identifying the sources of PM,s, such as positive matrix factorization, chemical
mass balance, principal component analysis and UNMIX models, which have their respective advantages
and limitations that determine their applications. The variations of PM» s compositions and sources in the
past two decades in Beijing are also reviewed, which is the political, economic and cultural center of China
and is experiencing severe haze pollution events frequently. It was found that organic matters were the
largest component (28.2%) in PMa 5, followed by sulfate (15.1%) during 2004-2013 which was overtaken
by nitrate (14.9%) after 2013. Each PM, s source demonstrated significant seasonal and annual variations,
due to changes in climatic conditions and anthropogenic activities. Future research on the impacts of these
external factors is urgently needed. This review is expected to provide valuable advice and evidence for
those fast-growing megacities like Beijing to identify and control their PM; srelated air pollution problems.
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1. Introduction

Ambient air pollution is a top public health concern and has received significant attention worldwide
in recent years (Petrova-Antonova et al., 2021). It is estimated that 4.2 million deaths are attributed to
ambient air pollution worldwide every year (Huang et al., 2021c¢). Fine particulate matter (PM,s) is a key
substance causing air pollution and endangering human health (Sosa et al., 2017; Zhao et al., 2018). PMa s
is a complex mixture of solid particulate matters, gases and water vapor in the air through a series of
chemical reactions, which can be generated in both anthropogenic and natural activities (Cohen et al., 2010).
Anthropogenic contributions mainly include motor vehicles, coal burning, industrial processes, cooking
and biomass burning, while natural sources are usually from windblown soils, volcanic emissions, plant
debris, sea spray and sandstorm (Manousakas et al., 2021). PM> s has the characteristics of small size and
large specific surface area (Li et al., 2020), leading to easy absorption of many toxic substances into human
blood and Iungs through the respiratory tract. Epidemiological studies showed that PM, s is an important
cause of asthma, chronic bronchitis, cardiovascular diseases, cancer and premature deaths (Perez et al.,
2012). In addition, PM> s has important impacts on atmospheric climates, such as visibility, photochemical
pollution, cloud formation and rainfall (Chen et al., 2021; Wang et al., 2019).

To improve air quality, governments have set strict limits for PM> s concentrations. Table 1 gives the
PM, 5 standards in some countries, which are obtained from their official government websites. The World
Health Organization (2021) has issued guidelines on criteria air pollutants, which sets an annual limit of 5
pg/m? and a daily limit of 15 pg/m® for PM> s concentrations. In China, the latest PM, 5 limits are 75 and 35
pug/m® for annual and daily concentrations, respectively. Although these limits are higher than other
countries, many studies indicated that PM» s concentrations in China significantly exceeded the national
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limits, especially in the fast-growing metropolises such as the Beijing-Tianjin-Hebei, Yangtze River Delta
and Pearl River Delta regions (Yan et al., 2021; Feng et al., 2020).

Table 1. Typical air quality standards for PM, s in some countries.

Country/Region Daily limits (ng/m?®) Annual limits (ng/m?®)
World Health Organization 15 5
European Union - 20
UsS 35 12
Japan 35 15
India 60 40
China 75 35
Brazil 25 10
Russia 35 25
Bangladesh 65 15
Pakistan 35 15
Australia 25 8
Canada 27 8.8

Accurate identification of possible sources of PM;sis the prerequisite for developing effective policies
and control measures to improve air quality. Sampling, elemental and ions analysis, and source
contributions are the major steps of source apportionment of PM» 5 (Pui et al., 2014). Sampling is the first
step after determining the sampling site. Different areas, including urban and suburban sites, are chosen to
collect air samples. Quartz glass and Teflon filters are the most commonly used samplers. Samplers could
be divided into high-, medium-, low- and mini-volume types (Yang et al., 2016). PM s is a complex mixture
including heavy metal elements, water-soluble ions, organic matters and carbonaceous aerosols (Boman et
al., 2013; Onat and Stakeeva, 2013). Resolving the chemical compositions of PM, s is the key to analyze
its sources (Karakas et al., 2017). Trace elements mainly refer to metal elements, among which heavy metal
elements are extremely harmful to human health. Inductively Coupled Plasma-Atomic Emission
Spectrometry (ICP-AES), X-ray fluorescence (XRF), Inductively Coupled Plasma Mass Spectrometry
(ICP-MS) and Atomic Absorption Spectroscopy (AAS) are major tools for measuring trace metal elements
(Luetal., 2015; Manousakas et al., 2014). For water-soluble ions, SO4*, NOs and NH4* (collectively known
as SNA) account for the major mass fraction. Organic and elemental carbons (OC and EC) are major
components of the carbonaceous composition. Regarding organic components, there are numerous organic
species in PM_s. Despite significant researches on the compositions of organic aerosols in PMzs, there are
still many species that are unknown and need further research.

After data acquisition, it is important to extract useful information from the data and relate PM; s to its
sources. Sources of PM_ are complex, including both primary sources and secondary formations. PMas
pollution are also affected by many factors, causing great difficulties to identify its sources. Practical
analysis methods include receptor models, emission inventory models and air quality models. Among them,
receptor models, based on multivariate statistical methods, are the most widely used (Hopke, 2016). Each
receptor model has its respective limitations such as heavy dependence on accurate source profiles or
sample capacity (Belis et al., 2020). New source identification methods were developed recently, such as
comprehensive model methods (Wang et al., 2021) and molecular labeling techniques (Tkemori et al., 2021).
However, their applications are limited and require further research.

Numerous studies about PM;s pollution in Beijing were reported in recent years, and some efforts
were made to review and categorize them. However, previous reviews mostly focused on the contrastive
analysis of PMys concentrations, compositions and sources across different areas in China, with Beijing
being only one of the sampling areas. He et al. (2017) reviewed the PM, s concentrations in different regions
of China from 2005 to 2016. The found that the highest levels of PM.s were in the northern and
northwestern regions, in particular Beijing. Similar results were also reported by Gautam et al. (2019) and
Tao et al. (2017). Zhang et al. (2017a) reported that coal combustion, dust and biomass burning were the
main sources of PM»s in North China based on chemical speciation results from 31 cities and source
apportionment results from 21 cities. However, dedicated reviews on PM,s characterization in Beijing are
relatively rare. The only review was conducted by Lv et al. (2016), which summarized studies on ground-
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based observations and source apportionment results during 2000-2012 in Beijing. They also compared the
PM. s characterization in summer and winter with the consideration of diurnal variance, but the information
about methods of sampling and source apportionments were very brief. With the increase of observation
studies in recent years, as well as source apportionment models, the need for a comprehensive review on
PM:s characterization and modelling in Beijing is becoming conspicuous.

This paper aims to review the methods of sampling, chemical compositions and source apportionments
of PM, s and their latest applications in Beijing. The remaining of this review is organized as follows. Firstly,
section 2 describes the scope of this review and the selection of literature. Secondly, section 3 introduces
the sampling and chemical composition methods. Then, section 4 presents the source contribution methods,
including tracer markers, calculation principles of typical receptor models, and their advantages and
limitations. Finally, the annual and seasonal variations of chemical compositions and sources of PMzs
pollution in Beijing during the past two decades are discussed to highlight the correlations between natural
factors and human activities. This review is expected to provide useful inspiration for the identification of
PM:s, as well as some suggestions for its control strategies in megalopolises.

2. Methodology

In the process of collecting and identifying relevant studies, an extensive search for peer-reviewed
publications about PM. s chemical compositions and source identifications in Beijing was conducted on
Web of Science. Multi-level filters were adopted in this process to select the most appropriate publications.
The keywords of “PM_s” OR “fine particulate matter” were used to identify the research subject, and
connector “AND” was used to prescribe a limit to the study site, “Beijing” OR “Bohai rim”. The keywords
of “chemical composition” OR “source contribution” OR “source apportionment” OR “source
identification” OR “sampling method” OR “receptor model” were then used to determine the scope of
research. The range of publication years was limited to from 2000 to 2021. Since there may be some
deviations in the retrieval process, these retrieved literature were then screened manually by checking the
titles, abstract and keywords. Some studies on the effects of PM2s on human diseases and ecological
changes were excluded, because they were out of the scope of this article. In addition, using the same set
of data as other cited studies was not allowed. Applying these exclusion criteria, about 150 articles with
independent measurements or models were processed and synthesized in this review.

3. Sampling and chemical compositions of PM; s
3.1. Sampling methods

Urban area was the most used for air quality monitoring, accounting for over 80% of published studies
(Table S1). The monitoring sites are required to be open areas such as roofs and playgrounds. Future works
are needed on suburban sampling sites to better understand the compositions and source contributions of
PM,;s. A complete sampler consists of selective filter, nitric acid decomposition solution, materials for
adsorbing PM, s and flow controller. The mass concentrations of PM s could be obtained by weighing the
sampler before and after sampling. Teflon was a widely used filter material, whose sampling time generally
lasts 24 hours or longer under the condition of 20 °C and 40% relative humidity. Electronic microbalances
with a 1 pg sensitivity were widely used to measure the mass of PM> 5. In addition to the gravimetric method,
beta attenuation and tapered element oscillating microbalance were also commonly used for weighing PM: s.
Their differences are compared in Table S2. Ion chromatograph, carbonaceous analyzer, ICP-MS were
mainly used to obtain chemical compositions of PM; 5. However, the differences in sampling instruments
and methods, as well as the meteorological variations (temperature, wind speed and humidity) and human
factors, would cause deviations in PM, s composition analysis and source identification. It is necessary to
measure PM» s concentration in long-term and real-time. In recent years, aerosol mass spectrometer and
real-time measuring technology have been developed to assess the source contributions of PM; s (Brown et
al., 2013). A comprehensive design on sampling tools, guided by reliable numerical models, was found to
be helpful to reduce the uncertainty of the source analysis of PM,s (Youn et al., 2021). Therefore, many
countries have set up standards in sampling methods for PM, s, such as U.S. Environmental Protection
Agency (1999); European Standards (2014); and China Ministry of Environmental Protection (2013).
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3.2. Chemical compositions

Obtaining quantitative information on chemical compositions of atmospheric aerosols is critical for
understanding the physicochemical properties of PM, s and tracing their origins (Antony Chen et al., 2002).
PM, 5 consists of complex elements and chemical matters, including inorganic and organic components,
water-soluble ions, and carbonaceous aerosols. Various methods and tools were used to measure the mass
concentrations of each component in PM,s. Table 2 summarizes the key chemical components in PM 5
and their measuring methods. For instance, Li et al. (2009) adopted a trace GC-MS spectrometer and an
HP-5MS capillary column to measure organic components in PM,s. Gao et al. (2016) applied a non-
dispersive infrared detector to analyze the characteristics of OC and EC in PM, 5. The concentrations of six

metal elements (Al, Zn, Cu, Pb, As, Cd) were measured and analyzed by ICP-AES (Yang et al., 2016).

Table 2. Measuring methods for different chemical components of atmospheric aerosols.

Chemical Measuring Chemical species Refs.
components tools
Al As, Ba, Br, Ca, Cl, Co, Cr, Cu, Fe, (Gupta et al., 2021; Bilo etal., 2018;
XRF Ga, K, Mg, Mn, Mo, Na, Ni, P, Pb, Rb, Shalt.out et al., 2018, Dallmann et al.,
. . 2014; Mazaheri et al., 2013; Zhang et
S, Sb, Se, Si, Sr, Sc, Ti, V, Zn
al., 2008)
Al, As, Ba, Bi, Br, Ca, Cl, Cd, Co, Cr, (Gonzélez et al., 2017; Gao et al., 2016;
ICP-AES Cu, Eu, Fe, Ge, K, Mg, Mn, Na, Ni, P,  Cheng et al., 2013a; Li et al., 2009;
Inorganic Pb, S, Sb, Sc, Si, Sn, Sr, Ti, V, Zn Wang et al., 2008)
components Al, As, Ba, Ca, Cd, Co, Cr, Cu, Cs, Fe,  (dos Santos Souza et al., 2021; Yang et
ICP-MS K, Mg, Mn, Na, Ni, Pb, Rb, Sr, Sn, Sb,  al., 2016; Huang et al., 2017; Hu et al.,
Ti,V, Zn 2010; Song et al., 2006b)
AAS Al As, Ca, Cd, Cr, Cu, Ni, Na, K, Mg,  (Polezer et al., 2020; Shaltout et al.,
Mo, Mn, Pb, Fe, Sn, V, Zn 2014)
PIXE Al, As, Br, Ca, Cr, Cu, Fe, Mn, Ni, P, S, (Yang et al., 2020; Waheed et al., 2012;
Sc, Se, Si, Ti, V, Zn Zheng et al., 2005)
Water-soluble CI, F,, SO4*, NOy, C,05%, PO4*, NOy, (Huang et al., 2020a; Huang et al., 2017;
fons IC, AAS HCOO-, CH3COOr, Ca?", Mg>*, Na*, Cheng et al., 2013a; Guo et al., 2009;
K*, NH4* Antony Chen et al., 2002)
Carbonaceous (Fang et' al., 2021; Dallmann et al.,
compounds TOT, TOR OC, EC 2014; Timko et al., 2014; Guo et al.,
2009; Wang et al., 2009a, 2008)
N-alkanes, PAHs, SFA, UFA, Fatty (Lyu et al., 2019; Cropper et al., 2017;
Organic GC-MS alcohol, Saccharides, Polyatomic acid Dallmann et al., 2014; Han et al., 2010;
compounds and Polyhydric alcohols, Steroid and Kong et al., 2010; Wang et al., 2009a;

Phenols, Terpenoids

Zhang et al., 2007; Wang et al., 2005)

Notes: Some data came from Ref. (Zheng et al., 2014); IC: ion chromatograph, PIXE: proton-induced X-ray
emission spectrometer; TOT/TOR: thermal optical transmittance/reflectance.

Inorganic components in PM> 5 include metal elements such as Sb, As, Cd, Fe, Ba and Co, which are
extremely harmful to human health. It was estimated that 3%-5% of global lung cancer deaths were caused
by PM, s air pollution since 2000 (Fang et al., 2013), mainly because PM; s surface absorbs many harmful
substances and could easily enter human body through respiratory tract (Feng et al., 2016). Metal elements
are appropriate tracers to identify PM, 5 sources. For example, crustal elements (e.g. Al, Ca, Si, K and Fe)
are mainly from soil dust and trace elements (e.g. Cr and Ni) are mainly from industry (Zhao et al., 2021).

Water-soluble ions are major components in PM s, including SNA, C,05%, POs*, NOs", MSA, HCOO,
CH3COO, Ca*, Mg*, Na*, and K*. Among them, SNA are the most important components, which are
generated by reactions of nitrogen oxides and sulfur oxides (Yin et al., 2014). The concentrations of SNA
in PM, s are greatly influenced by seasonal factors (Voutsa et al., 2014). Through ions and trajectory cluster
analysis, Yang et al. (2015) suggested that SNA accounted for 81.2%, 78.5%, 74.6% and 76.3% of PM,sin
spring, summer, autumn and winter, respectively. Yao et al. (2002) conducted a one-year study on the
chemical characteristics of PM, s in Beijing and Shanghai, China, suggesting that SNA were the major
composition (81%-85%) in PM, s for both cities. The minority water-soluble ions in PM,s (e.g. K*, Na®,
Ca*", Mg?" and CI") also have significant impacts on the environment and human health (Deshmukh et al.,
2013).
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Considerable parts of PM, s are composed of carbonaceous aerosols like OC (primary or secondary
emissions) and EC (mainly from incompletely burning). Carbonaceous aerosols have various origins
including human activities (e.g. traffic exhaust and coal burning), biological sources (e.g. pollen grains and
plant debris) and secondary sources. Feng et al. (2014) showed that the average EC concentrations were
3.842.3 ug'm3in 2010 and 3.3+2.1 ug-m >3 in 2011 at an urban site in Shanghai, whose production was
directly related to the human lifestyle. It should be noted that the appearance of EC would adversely affect
the climate, environment and human health (Hand et al., 2013). EC is also known as black carbon due to
its strong absorption of sunlight (Song et al., 2014). Automobile exhausts are important sources of EC in
PM, 5. Therefore, EC could be used as tracers for primary combustion emissions. The ratio of OC to EC
indicated the formation of secondary organic aerosols. Huang et al. (2014) measured the hourly EC and OC
during 2011-2012 in Hong Kong. They suggested that traffic emissions dominated EC emissions. EC
concentrations showed no seasonal trends but high correlations with the traffic flows and NOy
concentrations, especially in peak traffic hours. Souza et al. (2014) found that the average OC/EC ratio was
greater than 2 (2.3-2.8) and had a good correlation (R=0.6-0.8) with PM, s and PM;o. OC includes primary
and secondary organic carbons (SOC), which are produced from emission sources directly and different
physical and chemical reactions between precursors and other substances in the air, respectively. Under
certain conditions, OC would be converted to organic matter (OM), with conversion factors of 1.95 and
2.05 for suburban and urban sites, respectively (Bressi et al., 2013).

Organic compounds are also abundant in PM, s and mostly toxic. Among them, polycyclic aromatic
hydrocarbons (PAHs) were the most widely studied, which were formed in incomplete combustion of fossil
fuels and thermal decomposition of biomass (Li et al., 2013). The annual average concentrations of PAHs
varied from tens to hundreds of ng'm~ in the air. However, PAH concentrations near chemical factories
may be much higher (Goldstein and Galbally, 2007). Benzo[b]fluoranthene, benzo[e]pyrene and
phenanthrene account for the major mass of PAHs, with probabilities higher than 10”7 of causing cancer
(Wu et al., 2014). SO, and volatile organic compounds (VOCs) (i.e. saturated, unsaturated, or aromatic
hydrocarbons) have significant influences on the formation of atmospheric aerosols (Zhang et al., 2012).
Other organic components of PM,s include phthalate acid esters, secondary organic components,
oxygenated volatile organic compounds and organic nitrogen (Samy and Hays, 2013). Although great
efforts have been made to quantify the organic components of PM, s, there are still a considerable proportion
of organic matters and molecules (30%~60%) that are not fully identified yet (Wu et al., 2020).

4. Source contribution of PM.s

Identifying the sources of PM,s and determining their contributions have important influences on
policy making to mitigate air pollution. Various models and tracer techniques were adopted to quantify the
source contributions of PM,s. For example, Zhang et al. (2017b) reported that residential coal combustion
accounted for 46% of PM, s in severe haze events in the Beijing-Tianjin-Hebei region and even higher
during the winter period, which provided critical information for effective and efficient control of air
pollution in the concerned region.

Methods for identifying source contributions of PM: s include emission inventory models, diffusion
models, receptor models and comprehensive analysis. Among them, receptor models are the most widely
used, although they have certain uncertainties since source contributions are vulnerable to many factors
such as uncertainties of chemical composition measurements and secondary sources. Depending on the
statistical method, receptor models can be divided into positive matrix factorization (PMF), factor analysis,
principal component analysis (PCA), chemical mass balance receptor (CMB) and UNMIX models. New
models (e.g. CMB-MM and CMBLGO) were also developed to reduce the apportionment uncertainties, as
well as new approaches on source identifications such as specific species ratio, isotope labeling and
backward trajectory methods. In this section, receptor models are introduced and discussed in detail.

4.1 Tracer markers

Table 3 gives the inorganic and organic tracers that were used for PM, s source identification. Tracer
markers are critical in identifying the source contributions, pollution events and chemical processes.
Receptor models were usually combined with tracer markers to determine specific sources of PM; s, which
could not be identified directly by receptor models. Yang et al. (2005b) used Ca and Al as tracer elements
to determine the source contributions of PM, s from crust in Beijing and Shanghai. They found that artificial
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sources increased the Ca concentrations in PMas. Wang et al. (2007) compared the tracer performance of
CH;Cl, CH3CN, acetonitrile, levoglucosan and K* in identifying sources of biomass burning. They found
that acetonitrile and levoglucosan were better than K because similar concentrations of K" already existed
in other emission sources. Zhou et al. (2017) adopted organic molecular markers and CMB model to
ascertain major PM, s sources, and identified five sources, namely traffic, biomass burning, cooking and
natural gas burning. Yao et al. (2002) utilized SNA as tracers to identify the secondary source contributions
of PMas. They found that SO, was the major source of sulfate in winter due to the low ratio of SO4*/SO,

(0.27) in Beijing and Shanghai, indicating that stationary sources were the key sources of PM s.

Table 3. Inorganic and organic tracers used in PM, s source identification.

Tracer markers

Source categories

Refs.

SO42', NO}', NH4+

Secondary aerosol

(Liu et al., 2017; Hu et al., 2014a; Wang et
al., 2005)

CaSOq4 Soil or road dust . P
S04 Biomass burning (Popovicheva et al., 2019; Liu et al., 2005)
Ni, V Residual oil combustion (Guo et al., 2009; Ho et al., 2006)

Inorganic As, Cr, Cu, Fe, Ni, Mn, Pb, Steel production (Hennigan et al., 2019; Lage et al., 2016; Yu
Sb, Zn ee’ productio etal., 2011)
As, Ba, Br, K, Ni, Cd, Co, Vehicle emission (Hama et al., 2021; Yu et al., 2011; Han et
Cu, OC, Mn, Zn, Pb al., 2010; Guo et al., 2009; Ho et al., 2006)
Al, Ca, Mg, Fe Construction and dust
Na*, K* Sea salt (Kong et al., 2010)
Benzo[k]fluoranthene, Coal combustion (Turap et al., 2018; Wang et al., 2014a)
chrysene
CA, HGA, 3-hydroxy-4, . . )
HDMGA, MBTCA Secondary organic aerosols  (Li et al., 2018; Feng et al., 2013)
Levoelucosan Biomass burnin (Weichenthal et al., 2017; He et al., 2006; Gu

& & etal., 2010)
Organic (Xu et al., 2020; Gu et al., 2010; He et al.,

Cholesterol, B-sitosterol

N-alkanes, triterpanes,
phenanthrene, fluoranthene,
pyrene, BghiP, IcdP

N-alkane (Cjs5-Css)

Hopanes

Kitchen emission

Vehicle emission

Vegetative detritus

Fossil fuel combustion

2006)

(Zhang et al., 2021b; Wang et al., 2014a;
Feng et al., 2006)

(Park et al., 2021; Al-Naiema et al., 2018)
(Tian et al., 2021; He et al., 2006)

Notes: CA, cispinonic acid, HGA, 3-hydroxyglutaric acid; HDMGA, 3-hydroxy-4, 4-dimeth ylglutaric acid; MBTCA,
3-methyl-1,2,3-butane-tricarboxylic acid; BghiP, benzo[g, h,i]perylene; IcdP, indeno[l1,2,3-cd][pyrene.

4.2. Receptor models

Receptor models were the most popular method in source apportionment of PM,s. CMB model

requires local source profiles to determine the primary sources, while PMF model identifies source
distributions without any prior knowledge of source types (Gao et al., 2013). Thus, PMF model is currently
the most frequently used model due to its convenience and practicability. However, source apportionment
from receptor models is usually rough mainly because itis always affected by many complicated factors,
such as meteorological conditions, spatial and temporal variations, and regional emissions. Meanwhile, the
formation of PM> s undergoes complex atmospheric chemical reactions (Balachandran et al., 2013), making
it difficult to distinguish primary and secondary sources. Therefore, there are non-ignorable uncertainties
in the process of quantifying the source contributions of PM,s. Reducing the uncertainties of receptor
models and improving the reliability of measurements require further research.

4.2.1. PMF model

Over one-third of published studies after 2000 utilized PMF model to identify PM s sources in China
(Engelbrecht et al., 2014) and some typical applications are summarized in Table S3. PMF is a bilinear
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model which decomposes the predicted concentration matrix as multiplication of factor profile and
contribution matrix. The measured concentration matrix can be presented as (Drosatou et al., 2019):

xij = Xi_, Ginfij + €ij (D

where x;; is the measured concentration of j component at i sampling moment; g, f/and e are the
individual contributions, factor profiles and residuals of the analysis, respectively; ¢ is the number of factors.
Then, PMF attempts to modulate the factor profiles, making the predicted concentration matrix close to the
measured one. In mathematical realization, this step is to minimize the objective function Q:

Q=313 (—)2 @)

Ui j
where u; is the data uncertainty determined by factor profiles and their contribution matrix.

The original PMF model utilized an alternating minimum iteration method which had a slow
convergence rate. A faster algorithm was developed by computing factor and contribution matrices
simultaneously (PMF 2.0). More innovative features, such as outlier detection, missing value correction,
uncertainty estimation and input data preprocessing tools, were added into the PMF model. The latest PMF
5.0 model (U.S. Environmental Protection Agency, 2015a) further improved the convergence speed with a
conjugate gradient algorithm (Belis et al., 2013). It is worth mentioning that accurately determining the
number of optimal factors and the relationships of sources and factors will still be the optimization direction
of PMF model in the near future.

4.2.2. CMB model

CMB accounted for about 20% of PM> s source identification studies in China since 2000 (typical
applications are given in Table S4). CMB model determines source contributions by using the least-square
method of variance based on local source profiles. In the least-square method, the weight relationship for
PM, s and local source profiles is described by Eq. (3):

1

2 vd 2 f2
5m+zn= 1 Omnfn

A3)

W)mn =

where J,, is the uncertainty of PM, s in sampling tools, 6., is the uncertainty of substance 7 in the m™
source in sample data. CMB determines source contributions by the following steps: 1) determine the major
PM, s sources; 2) select the chemical components in samplers and calculate their mass concentrations; 3)
estimate the contributions of each chemical component to source profiles; 4) evaluate uncertainties and
errors between PM, s concentrations and local source profiles; and 5) output final results.

Different from PMF, the accuracy of CMB is susceptible to local source profiles, changes in external
conditions and sample numbers. The local source profile is a required input for CMB. Therefore, accurate
pre-knowledge of local PM> s sources is needed to ensure reliable identification results. Further, all possible
relevant emission sources should be considered to analyze the uncertainties between PM, 5 and local source
profiles. There are many different ways to develop source profiles, where dilution and thermal
decomposition of samples are the most frequently used methods (Chow et al., 2004). Detailed information
on methods of developing profiles from different sources in various regions can be found in (Fine et al.,
2004; Schauer et al., 2002).

A comprehensive source profile database plays a critical role in the application of CMB. Local source
profiles from different regions could offer significant indications for the identification and quantification
of major sources of PM s. In recent years, standard source profile databases have been proposed for Europe
(i.e. SPECIEUROPE) and the United States (i.e. SPECIATE) (Pernigotti et al., 2016; Simon et al., 2010;
U.S. Environmental Protection Agency, 2015b; Wang et al., 2015¢). However, China has not established its
unified source profile database and local source profiles are relatively rare. It is very important to develop
standards for sampling, chemical composition identification and quantification to establish source profiles
in different regions of China.

4.2.3. PCA

PCA applies statistical methods to transform complex variables into a series of relatively simple data
and then to determine quantitative factors of major sources on PM, s. The core step in PCA is the dimension
reduction process, which converts the original sample set into an indicator set by Eq. (4):
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where 7 is the number of samples, m is the number of elements, X is the original variable indicator, z,
is the new indicator after reducing the dimension (m<p), L., is the corresponding load factor on each
chemical species, and z; and z, are the first and second main components, respectively. Then PCA adopts
two steps to determine the source contributions of PM»s. Firstly, the collected chemical sample data is
converted into a dimensionless standard value by Eq. (5):

_ Cij=C;

qij =

= zij = o1 P )

J

where ¢; is the concentration of the /™ element in the i sample, ¢j is the average concentration of
element j in the samples, J; is the standard deviation, k represents the number of sources, pi is the load
factors, and my, represents emission factors in samples (Jain et al., 2018).

Secondly, the correlation coefficient matrices are calculated based on the sample data, the component
and cumulative contribution rates. Generally, when the eigenvalue of the cumulative contribution is over
85%, the previous complex variables could be replaced by fewer comprehensive indicators. The most
critical part is to determine the distributions of each major component to potential sources in PCA. Contrary
to the PMF method, PCA does not directly assess the uncertainties of data. Noises due to data uncertainties
are incorporated into the principal components (Paatero and Hopke, 2003). In short, the collinearity of the
source profiles may introduce redundant principal components in the PCA process.

A number of PCA applications on PM;s source identification were reported. Viana et al. (2006)
determined seven PM 5 sources by combining PCA with the multi-linear regression method. They reported
that motorway traffic contributed more PM: s than local traffic. Gupta et al. (2018) collected PM> s samples
in India and used molecular marker techniques and PCA to determine the source contributions of PMas.
They found that road transport was a larger PM, s source than other human activities. Bruno et al. (2008)
analyzed the major PM, s sources in Bari with the absolute principle component model, suggesting that road
traffic is less influential to PM, s formation than secondary sources. Amato et al. (2010) collected samples
of PMy at an airport. PCA modeling showed that crust was the largest source of PM;o (38%), while OC,
EC and secondary inorganic aerosols accounted for 25%, 20% and 6%, respectively. Negral et al. (2008)
monitored particulates at a suburban station in Spain. They found that shipyard emissions were well
correlated with the mass concentrations of Ci and Ni elements, and secondary aerosol had a similar
relationship between Ni and V elements. These suggested that fossil oil burning had a great contribution to
PM; and the sources of PM, s were quite different from PM,.

4.2.4. UNMIX model

A novel multi-receptor model (UNMIX) based on factor analysis was developed by Henry (2003) to
address the problem of PM: 5 source apportionment without local source profiles. UNMIX model applies
three key assumptions, including 1) contributions of unknown PM, s sources are a linear combination of
various source components with receptor points, 2) source profiles and contributions are non-negative, 3)
small minority samples have no contribution for each specific source. UNMIX model treats sample data as
a multidimensional space. Source contributions would be identified by reducing the dimension and finding
the right edge of the data with single-valued numerical analysis.

There are four major steps in utilizing UNMIX model. First, particle samples were collected to analyze
chemical compositions. Next, characteristics of 4-8 pollutant sources were found with maximum variance
factor analysis, and to further correct the model. Then, the number of pollutants was increased to calculate
the source contributions, as well as the uncertainty of each pollutant. Finally, solutions were validated and
supplemented with local source information before outputting the ultimate results. The reliability of
ultimate results depends on whether the sample data satisfied the assumptions of UNIMX model. Opposite
results to other receptor models would be generated when the data does not satisfy the assumptions.

UNMIX model (the latest version is UNMIX 6.0) (U.S. Environmental Protection Agency, 2015¢)
were frequently used in PM, s source identification. Herrera Murillo et al. (2012) used UNMIX model to
identify PM» s sources under conditions of unknown emission source catalogs and profiles in Salamanca.
They determined four main sources (i.e. secondary aerosol, heavy fuel burning, biomass combustion and
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brick contribution) and indicated that local sources were dominant to PM; s. Hellén et al. (2003) studied the
sources of hydrocarbons with UNMIX model in Helsinki. They suggested that the major sources of C»-Cg
consisted of gasoline combustion (54%) and long-distance and local regional sources (37%). Besides, small
contributions came from city gas (2%), solvents (3%), biological compounds (1%) and diesel exhaust
(0.2%). Hu et al. (2006) used UNMIX model to analyze the PM 5 sources near an intercontinental highway.
They found that combustion, regional second sulfate and traffic exhaust were the major contributing sources,
and PM, s concentrations were sensitive to seasonal factors except for traffic exhaust.

4.3. Comparison and integration of receptor models

Table S5 compares the four main receptor models introduced in Section 4.2. As a qualitative receptor
model, PCA model is simple to use. The pollution source could be preliminary identified by PCA model on
statistical software such as SPSS or Excel. However, the number of identified sources from PCA model is
limited, and their contributions cannot be quantified. CMB model was proposed by Miller et al. (1972) for
analyzing the sources of atmospheric PM. It is important to note that CMB model calculates source
contribution by using the effective variance least-square method which is based on local source profile and
characteristics of receptor point component. Generally, traditional CMB model may get relatively clear
emission source catalogs without strict requirements on the number of samples. However, CMB model
relies on accurate profiles of local sources, and it is unable to distinguish between different emission sources
with similar chemical compositions (i.e. collinear problem). Factor analysis methods have been widely used
in source apportionment without local source profiles. PMF model, a new method for resolving PM source
contributions based on the traditional factor analysis method, was developed by Paatero and Tapper (1993).
Compared to CMB model, PMF model does not require exact source profiles but needs tracers that are
indicative of source contribution and a large amount of sample data (generally >100 samples). There are
certain subject activities and uncertainties in the use of PMF model. UNMIX model could identify the
sources and contributions directly by the concentration data of samples, without any complex
transformations. The reliability of analytical results is displayed directly in the outputs, which would
contribute to the selection of valid species. Due to the high dependence on selected species, UNMIX model
has a rigorous requirement for data samples. The data should be of high quality (above detection limit) and
have a low percentage of missing values (below 75%). In addition, a large sample demand also increases
the difficulty in its practice.

The uncertainties from local source profile, meteorology and chemical mechanism of the atmosphere
have important impacts on the robustness of source identifications with receptor models. To overcome the
limitations mentioned above, integrated models were proposed recently for better accuracy and reliability.
Song et al. (2006a) compared the performance of PCA and UNMIX models. They reported that both models
agreed with previous results from PMF and CMB models. Callén et al. (2009) used integrated receptor
models to analyze PM source contributions in Zaragoza. They found that natural sources contributed more
PMio (47%-75%) than anthropogenic sources (25%-39%). PCA, PMF and UNMIX models identified 8, 9
and 6 source catalogs, respectively. Jain et al. (2018) investigated the source contributions of PM; s with
PCA and UNMIX models, reconfirming that traffic exhaust, secondary aerosols, biomass combustion and
soil dust were the key PM, s sources in Delhi. Hu et al. (2014b) used multi-mixed source analytical model
techniques to determine PM, s source contributions and compared with previous studies using the same
monitoring site. They showed that the new model could overcome the collinearity problem of a single
receptor model, resolve sources of secondary products and reduce the uncertainties of quantified results.

5. Variations of PM_s pollution in Beijing during the past two decades
5.1. Variations of chemical compositions

Beijing, the capital city of China and one of the largest megacities globally, experienced a rapid
increase of haze and air pollution events in recent years, particularly in winter (He et al., 2018; Zhang et
al., 2021a). The source appointment of air pollution in Beijing attracted significant attention. Among them,
extensive studies on the chemical compositions of PM» s were carried out at various monitoring sites in
Beijing. Fig. 1 summarizes the reported chemical compositions and the annual variations of three major
PM, s compositions (i.e. OM, EC and SNA) from 2004 to 2016 in Beijing. There are many kinds of OM in
in PM» s, among which hydrocarbons (including alkanes, alkenes, aromatic hydrocarbons and PAHs) are
the main components. In addition, there are nitrosamines, nitrogen-containing heterocyclic compounds,
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ketones, quinones, phenols, acids etc. To minimize uncertainties, data were only derived from long-term
(>3 months) sampling studies. As shown in Fig. 1a, OM is the largest component (20.4%-35.7%) of PM s
during 2004-2016 in Beijing, which decreased from 2004 to 2011 and then remained stable after 2011. The
second largest component is sulfate (11.4%-19.8%) during 2004-2013, followed by nitrate (17.5%-22.2%).
However, nitrate overtook sulfate (17.5%-22.2%) after 2013. Fig. 1b shows that PM» s was dominated by
carbonaceous components (OM+EC) and SNA in Beijing from 2004 to 2016. In general, the proportion of
OM-+EC showed a downward trend from 2004 (40.1%) to 2016 (28.6%), while the proportion of SNA had
an upward trend (32.6%-44.0%). OM-+EC was the largest component of PM, s before 2009, which was
overtaken by SNA after 2009.
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Fig. 1. Proportions of chemical components (a) and OM, EC and SNA (b) in PM; 5 from 2004 to 2016 in Beijing.
Data were from Refs. (Lang et al., 2017; Yu et al., 2011; He et al., 2011; Wang et al., 2009b).

Fig. 2 shows the OC and EC concentrations and OC/EC ratios during 2004-2018 in Beijing. The
information about sample and chemical analysis are given in Table S6. OC concentration peaked in 2006
and then decreased during 2006-2012. The decreasing trend of OC may be resulted from the implementation
of a series of strict emission controls during the 2008 Beijing Olympic Games (Wang et al., 2010). OC has
two major sources, namely primary and secondary sources. Primary sources mainly refer to direct emissions
including motor vehicles, coal combustion and biomass burning. Secondary sources are mainly the
conversion of VOCs emitted by motor vehicles into OC via a series of complex chemical reactions (Wang
et al.,, 2014b; Yang et al., 2005a). Improving fuel quality and transportation conditions are important
measures to mitigate OC concentrations. It was found that biomass burning is another key source of OC, in
particular in autumn and winter (Zhao et al., 2013; 2009). Developing relevant regulations to improve
biomass combustion is helpful to reduce OC concentrations.

As illustrated in Fig. 2, the annual average EC concentration peaked in 2007 (12.0 pg/m?), then
declined from 2008 (8.4 pg/m?) to 2012 (3.0 pg/m?). Studies showed that incomplete combustion of fossil
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fuels and biomass was an important source of EC (Zhang et al., 2013). The decrease of EC after 2007 was
related to the continuous reduction of coal use in Beijing and the gradual improvement of fossil fuel
combustion. Controlling biomass burning by relevant policies also helped reduce EC concentrations. Lang
et al. (2017) reported that fossil fuels were replaced gradually by clean energy since 2007 in Beijing, which
was likely another reason for the decrease of EC concentration. EC concentration dropped slightly during
2013-2015, which may be attributed to strict policies and regulations. Specifically, the government
proposed a series of policies and regulations to promote comprehensive utilization of straw in 2013. Cheng
et al. (2013b) found that EC and K (tracer element of biomass burning) concentrations were well correlated
(R=0.94), further indicating that biomass burning is a key source of EC.

OC/EC ratios could be adopted to distinguish different combustion sources (Wang et al., 2009¢). PM 5
is mostly from fossil fuel combustion (e.g. coal, oil and natural gas) when OC/EC is less than 0.4 (Wang et
al., 2006). When OC/EC increases up to 1.1, traffic exhausts become the major source of carbonaceous
components in PM, s (Gongalves et al., 2011). If OC/EC reaches 2 or more, a large amount of SOC would
be formed, whose concentration increases with OC/EC ratio (Tian et al., 2015). As shown in Fig. 2, OC/EC
ratios were relatively high during 2004-2018 in Beijing, with an average value of 3.4, indicating that there
was significant SOC forming in PM, s. Especially from 2007 to 2018, OC/EC increased from 1.79 to 7.31,
meaning that SOC pollution in Beijing was aggravated.
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Fig. 2. Annual concentrations of OC and EC (a) and OC/EC ratios (b) from 2004 to 2018 in Beijing. Data were
from Refs. (Huang et al., 2021b; Zhang et al., 2018; Lang et al., 2017; Wang et al., 2016b, 2015a; Zhang et
al., 2013; Zhao et al., 2013; Yang et al., 2011; He et al., 2011; Zhao et al., 2009; Xu et al., 2007).

5.2. Variations of source contributions

Fig. 3 shows the annual average source contributions of PM, s in Beijing from 2000 to 2018. Vehicle
emissions (mainly gasoline and diesel combustion), dusts (including soil and construction dusts) and
industrial emissions (mainly metallurgical industry) are reviewed. Some data (2012-2013 and 2017-2018)
was from the official statistics of the Beijing Environmental Protection Bureau (BEPB). Such information
is of great value for developing recommendations and measures to mitigate air pollution. For consistency,
only the data from PMF method was discussed and compared in detail. Considering that PM> s is susceptible
to seasonal factors (Liu et al., 2018; Samy and Hays, 2013), source identifications in four seasons are
presented in Fig. 4.

12


file:///D:/æ��é��è¯�å�¸/Dict/7.2.0.0703/resultui/dict/

31% 15% 2%
18% 54%

33% 12% 13%

17%

6% 7% 6% 6%

19%
° 9% 13%

o 6% ™ % 20% % 110 1206~ . 16%
(a) 2000, PMF (b) 2000, CMB (c) 2002-2003, PMF (d) 2001-2006, PMF
18% 26% 16% 27% 371% 24%
12% 1% 13%
4% oo % 18%
15% ’ 1% g% 25%
25% 23% 36% 13%
(e) 2009-2010, PMF (f) 2010, PMF (9) 2013, PMF (h) 2014, PMF
22% 3%

12%

18% 14%
16%

I vehicle exhaust [ dust

Il industrial emission [__] biomass burning
[ coal combustion || secondary products

1408 [ other organic matter [l unknown
31%
45%

(i) 2012-2013, BEPB (j) 2017-2018, BEPB

Fig. 3. Source contributions of PM; s in Beijing during 2000-2018. Data were from Refs. (Song et al., 2006a; Yu et
al., 2013; Zhang et al., 2013; Timko et al., 2014; Zhang et al., 2015; Zikov4 et al., 2016; Lv et al., 2016).

[ vehicle exhaust B dust [ industrial emission [__] biomass burning

I coal combustion [ secondary products [ vegetative detritus  [_] cigarette smoke
[ other organic matter [JJl} unknown

0,
o 80%
=
z
m
=
o
N 0
= 60%
o
[
S}
(%2}
c
2
=
=
2 40%
=
c
o
o
Q
=
>
3
20%
O%Nl\)
NN PN DR RN DN DN N DN NN ) ) NN NN
OocoooooooooooOOOOOOOBBOBOBOOOO
Q O RPPRrL PO OO kRrRPPRPIOCOPRP PPPIOOD SO PP P P EBPEP P
O © ON W|IO RO U1 ©OON WHAR|OOCO N WOIOR O ONMWWNDBMOM
—~
Z%ZZZZZZZZZZKZZZZZZE§Z§§§§§§Z§§
I3z xlIII(IlIITIIIINTIITIITIIITIITZT
% * * .
Spring Summer Autumn Winter

Fig. 4. Source contributions of PM; 5 in Beijing from 2010 to 2018. Results with star (*) only considered fine
organic aerosols. Data were from Refs. (Zheng et al., 2005; Song et al., 2007; Wang et al., 2009b; Zhang et
al., 2013; Yu et al., 2013; Wang et al., 2015b; Yang et al., 2016; Zhang et al., 2016; Zikova et al., 2016;
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The average source contributions from vehicles, dusts, industry, biomass burning, coal combustion
and secondary products from 2000 to 2018 were 14.3%, 13.9%, 10.7%, 7.6%, 15.9% and 31.6%,
respectively. Secondary products, including secondary sulfates, nitrates and ammonium salts, were the
largest source to the formation of PM» 5. However, new desulfurization and denitration technologies spread
rapidly because strict monitoring policy on polluting enterprises was implemented by the Beijing
government in 2008-2009. Thus, the average contribution of secondary products after 2009 decreased to
27.3%, reaching a minimum of 20% in 2014. The secondary products were the highest in summer (41.7%)
while spring, fall and winter were 34.7%, 27.6%, 31.2%, respectively. This was probably caused by the
high temperature, strong radiation and high humidity during summer.

As the second largest PM> s source, traffic emissions on average contributed 5.5% before 2010 but
increased rapidly to 26% after 2010. This is closely related to the number of vehicles in Beijing, which
increased 3.4 times from 2004 (1.8 million) to 2018 (6.1 million) (Fig. S1). After 2010, car ownership
entered the saturation period (>5 million). Another important factor is the rise of cross-regional
transportation. From around 2000, heavy industries, such as steel mills, car manufacturers and chemical
plants, began to be gradually relocated from Beijing to mostly Hebei province. A typical example is the
production of crude steel, which experienced a rapid growth in Hebei province from 56 to 180 million tons
per year during 2004-2012 (Fig. S2). Therefore, the huge demand for industrial materials in Beijing relied
on the supply from neighboring regions. The relocation of heavy industries suppressed the contribution of
industrial emissions on PM: s formation, which decreased by 6% during 2012-2018. On the other hand,
motor vehicles became the highest contributor in summer due to high temperature and thermal radiation.

Another important source with an increasing trend is dust. The average contribution of dust on PM 5
was 13.2% before 2010 and increased to 14.7% after 2010. This was mainly related to changes in human
activities such as urban construction. The area of built urban district in Beijing increased rapidly during
2004-2018, except for a sudden drop during 2009-2011 due to a change of statistical method (Fig. S3). The
large-scale urban construction, coupling with the agglomerative effect of the population, led to the rise in
the contribution of dust on PM>s. Seasonal variations in Fig. 4 indicate that dust contributed much more
PM: 5 in spring than in other seasons. Natural causes include less rainfall and windier in spring, which are
favorable conditions for dust to transport and suspend in the air.

As a major utilization method of solid fuels, biomass and coal combustion on average contributed 7.6%
and 15.9% of PM s, respectively. Main biomass fuels are agriculture wastes and woods. In autumn and
winter, substantial biomass fuels were burned for waste disposal and heating in the peri-urban and suburban
areas, leading to higher seasonal contributions of biomass burning in autumn (11.0%) and winter (12.4%).
For a similar reason, central heating in winter burned a large amount of coal, leading to an obvious increase
in the contribution of coal combustion in winter (27.6%) comparing with other seasons (i.e. 8.0% in spring,
4.4% in summer and 7.2% in autumn). Due to bans on straw burning by China Environmental Protection
Administration (Huang et al., 2021a) and relocation of heavy industries, the contributions of biomass
burning and coal combustion were on a down trend. The average contribution of biomass burning decreases
to 6% after 2010, and coal combustion decreased from 22% in 2012 to only 3% in 2017.

Based on the above analysis of source contributions of PMs 5 in Beijing, some suggestions on control
strategies of PM> s could be given. Vehicle emissions have become the largest contributor of PM, s in cities
now (Huang et al., 2022b). Some policies were introduced to mitigate the problem. Starting from 2020, the
PM, 5 emission limit of light vehicles in Beijing has been reduced to 3 mg/km (Beijing Municipal Ecology
and Environment Bureau, 2019). Policies are also actively promoting the use of new energy vehicles
powered by lithium batteries and fuel cells for both households and firms (Beijing Municipal Science and
Technology Commission, 2018). Meanwhile, it is of the same level of importance to control the emissions
from the huge numbers of existing in-use vehicles which are usually powered by fossil fuels and will remain
on road for many years before they retire. Adopting the latest technologies to trace real-time PM;s
emissions of on-road vehicles offers valuable information for source identification and modelling. An
example is the on-road remote sensing technology which could rapidly detect high-emitting vehicles for
targeted emission control without interfering normal driving and realize significant roadside air quality
improvements (Huang et al., 2020b; 2022a). Another important control is for secondary products, including
solid fuel combustion. The most essential control strategy is to reduce the harmful elements in the fuel, like
sulfur, nitrogen and mercury. The Beijing government has established substantial measures to implement
this principle: over 60 industrial enterprises in urban area were stopped or limited to production in winter
of 2017, and natural gas was promoted for industrial and residential sectors. As an important supplement,
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promoting the centralized and clean combustion technology of biomass, such as biomass gasification
technology, would efficiently decrease PM, s emissions (Molino et al., 2016). From the point of view of
renewable energy sources, adopting solar, ground and air source heat pumps, and other new technologies
to replace coal for heating could also help reduce secondary products in winter (Carroll et al., 2020).

6. Conclusions and future directions in field

Air pollution, especially PM: s pollution, continues to be a serious environmental problem due to the
rapid economic growth and urbanization. This study provides a comprehensive review on the methods of
sampling, chemical compositions and source apportionment of PM> 5. An in-depth survey on the variations
of PM, s compositions and source apportionments in Beijing in the past two decades is conducted. The key
conclusions are drawn as follows:

(1) Sampling devices have important influences on identification of PM>s chemical compositions and
source contributions. Quartz and Teflon filters are the most frequently used for collecting PM, s, and
the accuracy should at least reach 1 pg to meet the requirement for weighing PM» s samples. Inorganic
components, water-soluble ions, carbonaceous components and organic components are the major
components of atmospheric PM, s. Heavy metals in inorganic components can be easily adsorbed on
the surface of PM» s, which can enter human lungs and cause great harm to human health. SNA is the
major part of water-soluble ions, which is formed from secondary reaction of precursors in the air. OC,
EC and OM are the major parts of the carbonaceous components. Organic species are abundant in
PM, s and mostly toxic except for PAHs. The knowledge about other organic species is still insufficient.

(2) The principles and applications of four typical receptor models (i.e. PMF, CMB, PCA and UNMIX) on
PM, 5 source appointment were discussed. CMB model relied on accurate profiles of local sources,
while other models did not require exact source profiles but at the cost of higher uncertainties. In fuzzy
source appointments, PCA and PMF models could identify more source catalogs than UNMIX model.
Developing standard source profiles is of great importance for PM> 5 identification, which is rare in
most regions of China.

(3) Variations of PM,s compositions and sources in Beijing were surveyed. OM is the most important
component in PM» 5 (28.2%), followed by sulfate (15.1%) during 2004-2013 which was overtaken by
nitrate (14.9%) after 2013. OC/EC ratio increased from 1.79 to 3.71 during 2007-2016, meaning that
SOC pollution was aggravated. Secondary products, coal combustion, vehicle exhaust, dust, industrial
emission and biomass burning were the major sources of PM,s during 2004-2018, with average
contributions of 31.6%, 15.9%, 14.3%, 13.9%, 10.7% and 7.6%, respectively. The contributions of
most sources decreased, except for vehicle exhaust and dust. Major influencing factors include growths
of urban population, motor vehicles and construction, stricter environment policies, and relocation of
heavy industries. Seasonal variations in source contributions were related to human activities such as
central heating in winter, as well as climatic conditions such as wind and temperature.

(4) Based on the analysis in this paper, Beijing, a typical northern metropolis, should pay more attention on
the PM2s from on-road vehicles, secondary products and solid combustion. In addition to existing
policies, promoting targeted emission control of on-road vehicles, cleaner combustion technologies of
biomass and new heating technologies could greatly benefit the control of PMzs. In the future, more
efforts should be made to clarify the influence of new transportation and industry technologies related
to combustion, heating, air purification and construction on PM2 characterization in the air. Regarding
modelling, developing hybrid receptor models and coupling them with emission inventory models
would be the focus of future research.
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Supplementary information

Additional information about humber of motor vehicles in Beijing (Fig. S1), production of crude steel
in Hebei province (Fig. S2), urban population and area of built district in Beijing (Fig. S3), monitoring
studies in Beijing (Table S1), comparison of PM; s sampling methods (Table S2), PMF model applications
(Table S3), CMB model applications (Table S4), comparison of main receptor models (Table S5),
sampling and chemical analysis of PM2sin Beijing (Table S6).
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