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• Source-oriented and receptor models for
source apportionment are dynamically
harmonized.

• Primary PM2.5 emissions from key sectors
are updated based on Bayesian Inference.

• Primary PM2.5 from the local sources in
Beijing has significantly declined from
2017 to 2021.

• Regional transport becomes a dominant
contributor to the primary PM2.5 in Beijing
in 2021.
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Millions of premature mortalities are caused by the air pollution of fine particulate matter with aerodynamic diameters
less than 2.5 μm (PM2.5) globally per year. To effectively control the dominant emission sources and abate air pollution,
source apportionment of PM2.5 is normally conducted to quantify the contributions of various sources, but the results of
different methods might be inconsistent. In this study, we dynamically harmonized the results from the two dominant
source apportionment methods, the source-oriented and receptor models, by updating the emission inventories of pri-
mary PM2.5 from the major sectors based on the Bayesian Inference. An adjoint model was developed to efficiently con-
struct the source-receptor sensitivitymatrix,whichwas the critical information for the updates, and depicted the response
of measurements to the changes in the emissions of various sources in different regions. The harmonized method was
applied to ameasurement campaign in Beijing from January to February 2021. The results suggested a significant reduc-
tion of primary PM2.5 emissions in Beijing. Compared with the baseline emission inventory of 2017, the primary PM2.5

emissions from the local residential combustion and industry in Beijing had significantly declined by about 90 % during
the investigated period of the year, and the traffic emission decreased by about 50%. The proposedmethods successfully
identified the temporally dynamic changes in the emissions induced by the Spring Festival. Themethods could be a prom-
ising pathway for the harmonization of source-oriented and receptor source apportionment models.
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1. Introduction

Exposure to ambient fine particulate matter with diameters less than
2.5 μm (PM2.5) causes millions of premature mortalities annually, which
is recognized as a leading global health concern (Forouzanfar et al., 2016;
Lelieveld et al., 2015). The information about source-specific contributions
to ambient PM2.5 is of great importance for implementing effective mea-
sures to control and abate air pollution (Karagulian et al., 2015; Laupsa
et al., 2009; Viana et al., 2008). Source apportionment techniques are
widely applied to quantify the contributions of various sources to ambient
air pollution (Chen Antony and Cao, 2018; Huang et al., 2014; Viana
et al., 2008).

Accurate source apportionment of PM2.5 is still challenging and com-
plex. The receptor model and source-oriented model are the two dominant
methods for source apportionment (Viana et al., 2008; Zhu et al., 2018).
The receptor models are based on mass balance analysis and statistical
evaluation of chemical data of particulate matter acquired at receptor
sites to re-construct the contributions from different types of sources
(Hopke et al., 2006). The receptor models usually assume that there is no
significant change in the profiles of chemical compositions of sources
during transport from sources to receptors, and no chemical reaction or
phase partitioning in the receptor species (Belis et al., 2013). The com-
monly utilized receptor models include Chemical Mass Balance (CMB)
(Henry et al., 1984; Watson et al., 1984), Principal Component Analysis
(PCA) (Thurston and Spengler, 1985; Viana et al., 2006), and Positive
Matrix Factorization (PMF) (Paatero and Tapper, 1994; Reff et al., 2007).
Refined comprehensive receptor models rely on high-end measurement in-
struments, which have relatively low uncertainties, but the number of mea-
surement sites is usually limited. The results of receptormodelsmight suffer
from the representativeness of themeasurement sites and face challenges to
distinguish the spatial contributions from different regions.

Source-oriented models utilize emission inventories and atmospheric
transport models to evaluate the contributions of different types of sources
(Chen et al., 2017; Gao et al., 2022; Kelly et al., 2016; Laupsa and Slordal,
2003; Snoun et al., 2019; Ying et al., 2018; Zhang et al., 2018; Zhang
et al., 2021; Zhang et al., 2020; Zhang and Wang, 2021). Different ap-
proaches have been developed to distinguish the impacts of various sources
in the atmospheric models, including the Particulate Matter Source Appor-
tionment Technology (PSAT) (Wagstrom et al., 2008) in the Comprehen-
sive Air quality Model with extensions (CAMx) (Gaydos et al., 2007),
Tagged Species Source Apportionment (TSSA) (Wang et al., 2009) in the
Community Multiscale Air Quality Model (CMAQ), the Integrated Source
Apportionment Method (ISAM) (Kwok et al., 2013) in CMAQ, the CMAQ
decoupled direct method (CMAQ-DDM) (Hu et al., 2009), and the adjoint
model of CMAQ (Zhao et al., 2020) and GEOS-Chem (Henze et al., 2009)
for source-receptor sensitivity analysis. Source-oriented models are nor-
mally less resource-demanding than receptor models and can achieve
high spatial and temporal resolutions. The source-oriented models are
based on the emission inventories, which could better represent the re-
gional contributions than the receptor models, but a large amount of survey
data should be collected for compiling emission inventories (Li et al.,
2017a; Zhang et al., 2022b; Zhang et al., 2019; Zheng et al., 2018) and
they are easy to be outdated, causing large uncertainties.

The receptor models and source-oriented models are generally applied
independently. The results of the two methods might be inconsistent, but
they are mutually complementary. By harmonizing the two methods, the
emission inventory in the source-oriented model can be dynamically up-
dated by the high-quality measurements of the receptor model, and the
source-oriented model using the updated emission inventory is able to
quantify the regional contributions and alleviate the representative prob-
lem of sampling in the receptor model. The recent technical report of the
Joint Research Centre of the European Commission has suggested the com-
bination and harmonization of the two approaches (Mircea et al., 2020),
and some attempts have been made in this direction. The PMF receptor
model was combined with the source-oriented AirQUIS-EPISODE model
to constrain the local emissions from different sectors in Oslo, Norway
2

(Laupsa et al., 2009). The source-oriented model using CMAQ with brute-
force method (BFM) has been compared with the PMF receptor model to
identify the bias in the emission data in Japan, but the emissions were
not updated (Uranishi et al., 2017). The source apportionment of precur-
sors (SO2, NOx, VOCs, NH3) by the CAMx-PSAT or CMAQ source-oriented
models were utilized to approximate the source contributions to secondary
PM2.5, which were directly added to the results of receptor models for pri-
mary PM2.5 to evaluate the source contributions to atmospheric PM2.5

(Lang et al., 2017a; Lang et al., 2017b). A hybrid source apportionment
method has been developed using detailed species measurements of
PM2.5 and the chemical mass balance method to update the results of the
CMAQ-DDM source-oriented model, but emission inventories were not up-
dated (Hu et al., 2014; Ivey et al., 2015). Most of the previous studies uti-
lized offline source apportionment with long sampling periods and low
temporal resolution, so it was difficult for them to dynamically update or
identify the rapidly changing emissions. It was usually computationally
expensive to calculate the source-specific response of measurements to
the emissions inmultiple regions using the existing source-orientedmodels,
e.g. CMAQ-DDM.Due to the above limitation, local emissionswere updated
without consideration of regional transport (Laupsa et al., 2009), or spatial
corrections were achieved by spatial interpolation of the local results
at multiple sites (Hu et al., 2014; Ivey et al., 2015). In general, the develop-
ment of methods for harmonization of receptor models and source-oriented
models is still in its infancy.

In this study, we aimed to dynamically update the emission inventories
of primary PM2.5 from the major sectors by the combination of the source-
orientedmodel and the online receptor source apportionmentmodel with a
high temporal resolution based on the Bayesian Inference. The hourly re-
ceptor source apportionment results were obtained using the Hybrid Envi-
ronmental Receptor Model (HERM) (Chen Antony and Cao, 2018) with the
measurements collected by online instruments.We developed an adjoint at-
mospheric transport model to efficiently construct the source-receptor sen-
sitivity matrix, which depicted the response of the measurements to the
changes in the emission sources in 33 regions. The temporally dynamic
update with the high temporal resolution was achieved by using the
rolling-window Bayesian Inference with source-receptor sensitivity matrix,
the baseline emission inventory for 2017, and the results of the receptor
model. The combined method was applied to a measurement campaign in
Beijing from January to February 2021. The emissions of three types of
sources, i.e. residential combustion, traffic, and industry, were hourly up-
dated considering both the local and regional transport from the 33 regions
in the computational domain, and the impacts of the Spring Festival on the
emissions were successfully identified. The methods proposed in the study
could be a promising pathway for achieving timely updated emission inven-
tories and harmonizing the source-oriented and receptor source apportion-
ment models.

2. Data and methods

2.1. Emission inventories

Atmospheric model and emission inventories were utilized to evaluate
the primary PM2.5 concentrations (Hu et al., 2015; Karl et al., 2022;
Zhang et al., 2022a; Zhang and Wang, 2022). We combined three emission
inventories to generate the final emission data covering the whole investi-
gated domain: the Beijing-Tianjin-Hebei (BTH) emission inventory
(Zheng et al., 2021; Zheng et al., 2017), the mosaic Asian anthropogenic
emission inventory (MIX) (Li et al., 2017b), and the Multi-resolution
Emission Inventory for China (MEIC) Version 1.3 (Li et al., 2017a; Zheng
et al., 2018). The high resolution (0.1 by 0.1°) emission inventory BTH
for 2017 was applied in Beijing, Tianjin, and Hebei, closely surrounding
the measurement site in Beijing. The emission inventory of MEIC for
2017 with a spatial resolution of 0.25° was adopted for other regions
in China. The MIX emission inventory for 2010 with a spatial resolution
of 0.25° was utilized for other Asian areas. The new high-resolution tempo-
ral profiles (Crippa et al., 2020) from the Emission Database for Global
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Atmospheric Research (EDGAR) Version 5.0 (Crippa et al., 2019) were
applied to the emission inventories.

2.2. Atmospheric transport model

The atmospheric transport of the primary PM2.5 from different sources
was calculated by the Eulerian chemistry-transport model POLAIR 3D (ver-
sion 1.10) in the POLYPHEMUS platform (Mallet et al., 2007). We have
evaluated the model by successfully reproducing the dispersion processes
in the first European Tracer Experiment (ETEX) (Zhang et al., 2015a) and
the Kincaid power plant tracer experiment (Zhang et al., 2015b).

In the current study, the horizontal resolution of the model was 0.1 ×
0.1°, with the longitude from 105°E to127°E and the latitude from 30°N
to 50°N. The configurations of the model were similar to our previous
study in Beijing with the samemodel (Gao et al., 2022). The 5th generation
reanalysis product (ERA5) of the European Center for Medium-Range
Weather Forecasts (ECMWF) was adopted as the meteorological data for
the model. The ERA5 dataset had a temporal resolution of 1 h and a hori-
zontal resolution of 0.25×0.25°. Themeteorological datawere linearly in-
terpolated onto the grid of the air quality model. The spatial resolution of
the dispersion model (0.1°) was close to the resolution of the metrological
data (0.25°), so it is reasonable to linearly interpolate the data, which is
also the standard preprocessing procedure in the POLAIR 3D model for
the reanalysis meteorological data from ECMWF. For a finer resolution,
e.g. 0.01°, the meteorological data should be considered to be dynamically
downscaled using a mesoscale numerical weather prediction model, e.g.
Weather Research and Forecasting (WRF) (Skamarock et al., 2019). There
were 11 vertical levels from the surface to 4000 m altitude, which included
the boundary layer with significant mixing. The time step was 5 min.

The vertical diffusion coefficients within the boundary layer were esti-
mated by the Troen & Mahrt parameterization model (Troen and Mahrt,
1986), and the Louis parametrization (Louis, 1979) was adopted for other
regions. The wet scavenging rates were estimated by the parameterization
model proposed by Andronache (Andronache, 2003) based on the precipi-
tation intensity. The dry deposition velocities were estimated by the for-
mula proposed by Venkatram and Pleim (Venkatram and Pleim, 1999;
Zhang et al., 2018).

2.3. Adjoint model

The adjoint POLAIR 3Dmodel was developed to efficiently generate the
source-receptor sensitivity matrix. The adjoint model has been discussed in
detail by Kalnay (Kalnay, 2003). Here we briefly introduce the essential
concepts of the adjoint model using the discrete form. The system of atmo-
spheric transport of pollutants can be described as

c tNð Þ ¼ M σ t0ð Þð Þ, (1)

where c(tN) is the vector of the concentrations at time tN due to the vector of
the emissions of all the grid cells at time t0, σ(t0), and N is the number of
time steps. Namely

c tNð Þ ¼ c1 tNð Þ, c2 tNð Þ,⋯, cI�J�K tNð Þð ÞT, (2)

σ t0ð Þ ¼ σ1 t0ð Þ, σ2 t0ð Þ,⋯, σ I�J t0ð Þð ÞT, (3)

where I, J, and K are the number of grid cells in the x, y, and z directions of
the model. Only the anthropogenic emissions on the ground, namely at the
bottom layer of the model, were considered, so the length of the emission
vector was I × J. The emissions were injected into the bottom layer in
the model, and stack heights or plume rises were not considered. The mea-
surement site was a representative site, which was far from the major
sources, e.g. the industrial emissions, so the emitted pollutants from the
sources had been vertically well mixed within the atmospheric boundary
layer. As a result, the simplifications are reasonable for the measurements
in the current study. To compare with the results of receptor models, only
3

the primary PM2.5 was calculated by the atmospheric transport model,
without complicated chemical reactions, so the modelM can be simplified
into a linear model, which is represented by the source-receptor sensitivity
matrixM, and can be further expressed as the product of consecutive trans-
port matrixes.

c tNð Þ ¼ M ⋅ σ t0ð Þ ¼ MtN ⋅ MtN � 1⋯Mt0 ⋅ σ t0ð Þ (4)

The model utilizes the emissions at each grid to generate the source-
receptor sensitivity matrix column by column as follows

c tNð Þ ¼ M ⋅ σ1 t0ð Þ, σ2 t0ð Þ,⋯, σ I�J t0ð Þð ÞT
¼ M ⋅ σ1 t0ð Þ, 0,⋯, 0ð ÞT þM ⋅ 0, σ2 t0ð Þ,⋯, 0ð ÞT þ⋯þM

⋅ 0, 0,⋯, σ I�J t0ð Þð ÞT
(5)

As a result, the atmospheric model has to be run for I × J times to obtain
each column of the matrix M, which is too computationally expensive.
The matrix M contains the full information of source-receptor sensitivity,
but we only need the information for the locations with measurements.
Assuming that there is only one measurement site located at grid L, we
just need to obtain the entries of the source-receptor sensitivity matrix be-
tween all the sources and the concentration at grid L. We multiply Eq. (4)
with a vector, which has 1 at the L position and 0 at the other positions,

0,⋯1⋯, 0ð Þ ⋅ c tNð Þ ¼ 0,⋯1⋯, 0ð Þ ⋅ MtN ⋅ MtN � 1⋯Mt0 ⋅ σ t0ð Þ: (6)

The concentration at grid L becomes

cL tNð Þ ¼ Mt0
T⋯ ⋅ MtN � 1

T ⋅ MtN
T ⋅ 0,⋯1⋯, 0ð ÞT

� �T
⋅ σ t0ð Þ: (7)

The adjoint model can be defined as

bc tNð Þ ¼ Mt0
T⋯ ⋅ MtN � 1

T ⋅ MtN
T ⋅ 0,⋯1⋯, 0ð ÞT: (8)

The adjoint model is equivalent to the atmospheric model with a unit
emission at the grid L, but backward in time and with the transpose of the
transport matrix. The transpose of the advection term means the reverse
wind directions, manifested by the linear upstream advection scheme.
The diffusion and deposition terms are symmetric, namely self-adjoint.
The adjoint model has been developed according to Eq. (8), which only
needs to run the atmospheric transport model once to obtain the contribu-
tions of all the sources to the measurements at grid L,

cL tNð Þ ¼ bc tNð ÞT ⋅ σ t0ð Þ
¼ bc tNð ÞT ⋅ σ1 t0ð Þ, 0,⋯, 0ð ÞT þ bc tNð ÞT ⋅ 0, σ2 t0ð Þ,⋯, 0ð ÞT þ⋯

þ bc tNð ÞT ⋅ 0, 0,⋯, σ I�J t0ð Þð ÞT:
(9)

In the study, the adjoint model was run backward for 240 h (10 days)
for each measurement time. The point t0 indicated a given time between
1 and 240 h before the measurement. The adjoint model runs only once
backwardly up to 240 h before the measurement and saves all the hourly
intermediate results. Each hourly intermediate result contains the contribu-
tions of the emissions released at that point in time by all sources to the
measurement. As a result, the source-receptor sensitivity matrix for each
measurement contains the hourly contributions from all the sources up to
10 days before the measurement. The backward period (10 days) was
long enough to include almost all the contributions to the measurements,
as evidenced by the good agreement between the direct results and adjoint
results, which are discussed in Section 3.1.

2.4. Receptor model

The results of the atmospheric transport model were compared with
the results of the receptor model, which also identified the primary contri-
butions of different sources. The hourly measurement of PM2.5 was con-
ducted between January 17 and February 20, 2021 at the observation site
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(116.39° E, 39.98° N) of the Institute of Atmospheric Physics, Chinese
Academy of Sciences, Beijing. The compositions of PM2.5 were measured
with Quadrupole Aerosol Chemical Speciation Monitor (Q-ACSM, Aero-
dyne Research Inc., Billerica, Massachusetts, USA), Xact 625i Ambient
Metals Monitor (X625i, Cooper Environmental Services, Beaverton, OR,
USA) and Aethalometer (Model AE33, Magee Scientific, Berkeley, CA,
USA). The Q-ACSMmeasured NO3

−, SO4
2−, NH4

+, Cl−, and organic aerosol
(OA) compositions in PM2.5. The X625i monitored the inorganic elements,
including Si, K, Ca, Cr, Mn, Fe, Ni, Cu, Zu, As, Se, Ba, and Pb. The Model
AE33 measured the black carbon composition. Fig. S1 in the Supporting
Information (SI) shows the composition of PM2.5 in Beijing during the
sampling period, which was mainly composed of OA (36.3 %), followed
by NO3

− (25.1 %), SO4
2− (15.9 %), NH4

+ (15.2 %), inorganic elements
(3.2 %), BC (3.1 %), and Cl− (1.2 %). More information about the monitor-
ing instruments could be found in our previous studies (Tian et al., 2021a;
Tian et al., 2021b).

The Hybrid Environment Receptor Model (HERM) was utilized for the
source apportionment of PM2.5. The HERM model unifies the effective-
variance chemical mass balance (EV-CMB) and positive matrix factoriza-
tion (PMF) models (Chen Antony and Cao, 2018). The source profile and
the corresponding contributions were obtained by iteratively minimizing
the objective function Q, which was defined as

Q ¼ ∑Ncomposition
j¼1 ∑Nsample

i¼1

xij � ∑Nsource
k¼1 gikf kj

� �2
σ2
xij þ ∑Nsource

k¼1 g2ikσ2
f kj

þ δikσ2
xij

� � (10)

where Nsample, Ncomposition, and Nsource respectively denote the total numbers
of samples, chemical compositions and the target sources, xij is thematrix of
themeasured chemical compositions of PM2.5, fkj is thematrix of the source
profiles, gik is the matrix of contributions from the sources, σxij and σfkj are
respectively the uncertainties in the measured chemical compositions and
the source profiles, and gik and fkj are unknowns and to be solved. δik is
set as 0 when the profile of the kth source is fixed and considered as
known and set as 1 when the profile will be estimated. Based on the
HERM model and online measurements of PM2.5, eight sources were iden-
tified by the explained variation in chemical species, including biomass
burning, coal combustion, industrial emission, traffic emission, dust, fire-
work, secondary nitrate, and secondary sulfate (Section S1 and Fig. S2 in
SI). A detailed description of the source identification can be found in our
paper focused on source apportionment (Zhang et al., 2022c) (submitted
for publication).

2.5. Matching categories of emission sources

Wefirst harmonized the source categories of the receptormodel and the
source-oriented model to facilitate the comparison between them. Five
types of primary anthropogenic sources of PM2.5 were identified in the re-
ceptor model, i.e. biomass burning, coal combustion, industrial emission,
traffic emission, and firework. Firework emissions mainly happened during
the Spring Festival, and it was challenging to identify the sources spatially.
The contribution offireworkswas only about 4%of the total primary PM2.5

concentrations, so the firework emissions were not included in the harmo-
nization.

In the source-orientedmodel, all of the three adopted emission invento-
ries (BTH, MIX, and MEIC) reported the emissions of the three major cate-
gories of anthropogenic sources, i.e. residential combustion, traffic, and
industry, which are the dominant contributors to PM2.5 in Beijing in the
winter heating period (Chang et al., 2019). The three categories of sources
in the source-oriented model are corresponding to the four types of sources
in the receptor model. Our goal was to update the emission inventories, so
the source types in the emission inventories were kept, and the contribu-
tions of the four types of sources in the receptor model were allocated
into the three categories of the source-oriented model. The primary PM2.5

used in this study refers to PM2.5 from biomass burning, coal combustion,
industrial emission, and traffic emission.
4

The contribution of biomass burning was completely assigned to resi-
dential combustion. Coal combustion was caused by both residential and
industrial sources. Two assumptions were introduced to allocate the coal
combustion. First, it was assumed that the portion of coal combustion at-
tributable to industrial sources was correlated with industrial emissions
identified by the receptor model, and they had the same temporal fluctua-
tion. Second, it was assumed that the average ratio between the primary
PM2.5 emissions from residential coal combustion and biomass burning
was about 1:2 after 2015, as estimated by the survey of solid fuel consump-
tion for the residential sector in China (Peng et al., 2019). As a result, the
portions of coal combustion attributable to industrial sources CcoalToInd

and to residential sources CcoalToResid were estimated as

ccoalToInd tð Þ ¼ ccoal tð Þ � 0:5 ⋅ cbioBurn tð Þ
cindustry tð Þ ⋅ cindustry tð Þ (11)

ccoalToResid tð Þ ¼ ccoal tð Þ � ccoalToInd tð Þ (12)

where ccoal(t), cbioBurn(t) and cindustry(t) were the temporal contributions
from coal combustion, biomass burning, and industrial emissions identified
by the receptor model. c tð Þ was the time average of the contributions. The
relation was identified in the recent nationwide field survey in China, espe-
cially in the North China Plain (Peng et al., 2019), which is the region with
the strongest influence in this study. According to the relation, most of the
coal combustion was attributed to residential combustion, which was con-
sidered to be reasonable due to themuch higher emission factors of residen-
tial coal combustion than those of industry (Li et al., 2017a). It might
underestimate the overall contributions of the industry, which is better to
be further investigated with more available information. As a result, the
final contribution of the residential sector was ccoaltoRes + cbioburn and the
final contribution of the industry was cindustry + ccoaltoind.

2.6. Dynamic updates of emission inventory

Thewhole computational domainwas divided into 33 regions, including
Beijing, 11 cities inHebei Province, 20 regions at the province level in China,
and the other regions as a whole in the computational domain. The locations
of the regions are shown in Fig. S3 in SI. The emissions in Beijing and Hebei
were updated at the city level since they directly flanked the measurement
site in Beijing and had a significant influence on the measurements. The
emissions were updated at the province level for other regions, which
were far from the measurement site. The emissions of the three major
types of sources, i.e. residential combustion, traffic, and industry, were dy-
namically updated for the 33 regions by the harmonization of source-
oriented and receptor models based on the Bayesian Inference, which has
been successfully applied to estimate emissions from accidental releases
(Cai et al., 2022; Wang et al., 2018; Wu et al., 2018; Wu et al., 2021; Yuan
et al., 2019; Zhang et al., 2017; Zhang et al., 2013; Zhang et al., 2014).
The spatial distribution of individual types of emissions within each region
was not affected by the update, but the magnitude of the emissions was
rescaled using a single factor for each region. As a result, 99 (33 regions ×
3 categories of sources) rescaling factors were generated in each update.

The dynamic update was achieved by using the rolling-window analy-
sis. The size of the rolling window was 72 h, namely 3 days. As a result,
there were 72 consecutive hourly results from the receptor and the
source-oriented model within each rolling window, which provided
enough data to update the emissions in the 33 regions. The increment
between successive rolling windows was 24 h. The Bayesian Inference
was applied to update the emissions of the three types of sources in the
33 regions within each rolling window,

P σjcreceptor
� � ¼ P creceptorjσ

� �
P σð Þ

P creceptor
� � ∝P creceptorjσ

� �
P σð Þ, (13)

where creceptor was the concentrations induced by a certain type of
source within a rolling window, which was estimated by the receptor
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model, andσwas the emissions of the same type of source in the 33 regions.
P(σ|creceptor) is the conditional probability of the emissions given the
concentrations attributable to the source estimated by the receptor
model. P(creceptor|σ) is the conditional probability of the concentrations
given the emissions, and it is usually referred to as the likelihood function.
P(creceptor|σ) was evaluated by the differences between the results of the
receptor model and the source-oriented model using the emission inven-
tory. As introduced above, the results of the source-oriented model were
obtained by the adjoint model to reduce the computational cost as shown
in Eq. (9). It is very difficult to identify the actual distribution of errors in
the model or the a priori information. As the simplest assumption, the
Gaussian type of errors were usually assumed and widely used for the in-
verse modeling of emissions, and there was usually no significant influence
on the quality of results due to the assumption evaluated by tracer experi-
ments (Issartel, 2003; Krysta et al., 2008). In this study, it was also assumed
that the likelihood function and the a priori probability followed the nor-
mal distribution.

P creceptorjσ
� � ¼ 1

2πð ÞN=2 Rj j1=2
exp � 1

2
creceptor � bcT ⋅ σ
� �T

⋅ R�1

 

⋅ creceptor � bcT ⋅ σ
� �!

,

(14)

where N was the length of the concentration vector creceptor, and it was 72
for each rolling window. Rwas the covariance matrix, which was assumed
to be a diagonal matrix with equal diagonal entries, namely,

R ¼ λreceptor ⋅ IN , (15)

where IN was the identity matrix of size N × N. λreceptor quantified the
magnitude of the uncertainties in the differences between the receptor
model and the source-oriented model. The a priori probability P(σ) of the
emission σ was also assumed to follow the normal distribution

P σð Þ ¼ 1

2πð ÞM=2 Bj j1=2
exp � 1

2
σ � σ0ð ÞT ⋅ B�1 ⋅ σ � σ0ð Þ

� �
, (16)

where M was the number of regions to be updated, and it was 33 as ex-
plained above, for each type of source. σ0 was the baseline emission from
the emission inventory. Bwas the covariance matrix to quantify the uncer-
tainties in the emission inventory, whichwas also assumed to be a diagonal
matrix with equal diagonal entries, namely,

B ¼ λemission ⋅ IM , (17)

where λemission quantified the magnitude of the uncertainties in the base-
line emission inventory. The a posteriori emissions could be expressed as

P σjcreceptor
� �

∝P creceptorjσ
� �

P σð Þ

¼ 1

2πð Þ NþMð Þ
2 Rj j12 Bj j12

� exp

 
−

1
2

 
creceptor−ĉT � σ
� �T

� R−1 � creceptor−ĉT � σ
� �

þ σ−σ0ð ÞT � B−1 � σ−σ0ð Þ
!!

; ð18Þ

The optimal emission σwas able to maximize the a posteriori probabil-
ity, which was equivalent to minimizing the following function

f σð Þ ¼ creceptor � bcT ⋅ σ
� �T

⋅ creceptor � bcT ⋅ σ
� �

þ λreceptor

λemission
σ � σ0ð ÞT ⋅ σ � σ0ð Þ, (19)

The matrix R and B were replaced with Eqs. (15) and (17). The first
term in the equation quantifies the difference between the results of the
receptor model and the source-oriented model, and the second term
quantifies the deviations of the updated emissions from the original ones.
The parameter λreceptor/λemission was estimated using the L-curve method
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(Hansen, 2001), which will be introduced in Section 3.2. Eq. (18) was
solved by the solver lsqnonneg, for the nonnegative linear least-squares
problem, in MATLAB Version R2019b to find the optimized emissions.

A summary of the various uncertainties considered in the current study
was shown in Fig. S4. The uncertainties of the source-oriented method con-
tain twomajor parts, i.e. the uncertainties in the emission inventory and the
uncertainties in the atmospheric transport model. The uncertainties in the
term of the a priori probability in Eq. (16) contain the uncertainties in the
emission inventory. In this study, it was assumed that the uncertainties of
the source-orientedmodelwere dominated by the uncertainties in the emis-
sion inventory, and the uncertainties induced by the atmospheric transport
model were relatively low since the model only calculated the primary
emissions and the previous evaluations with the tracer experiments indi-
cated that there was no systematic bias in the model results when accurate
emission data were utilized (Zhang et al., 2015a; Zhang et al., 2015b). In
the likelihood function in Eq. (14), it is usually hypothesized that the uncer-
tainties aremainly the uncertainties in the observations (Hu et al., 2014). In
our study, the covariance matrix R included both the uncertainties in the
receptormodel and atmospheric transport. It was assumed thatRwas dom-
inated by the uncertainties of the receptor model since the atmospheric
transport model had relatively good performance for the primary emissions
as evidenced by the tracer experiments.

2.7. Quality indicators for the dynamic updates

The quality of updates for the emission of a target region depends on the
contributions of the emission to the concentrations measured at the obser-
vation site. The updates for the emission have high quality with strong con-
tributions and low quality with weak contributions. In this study, a quality
indicator was adopted to suggest the quality of the updates.

As shown in Fig. S5 in SI, the regional contributions to the concentra-
tions at the measurement site are first sorted in descending order. The top
NH regions, whose contributions as a whole first exceed 90%of the concen-
trations at the measurement site, are identified as the major contributors,
indicating the emitted pollutants from these regions have reached the mea-
surement site with relatively strong signals. The results are considered as
‘high’ quality for the NH regions, indicating high confidence in the results.
Then, we identify the top NM regions, whose accumulative contribution
first exceeds 95%. The results of the regions fromNH+1 toNM are consid-
ered to be of ‘medium’ quality, suggesting that caution should be exercised
about the results. The results of the remaining regions are considered to be
of ‘low’ quality, showing that the results are not reliable.

3. Results

3.1. Quality of the adjoint model

Fig. 1 shows the average spatial distributions of the primary PM2.5 at-
tributable to residential combustion, traffic, and industry sources, which
were calculated by the atmospheric transportmodelwith the baseline emis-
sion inventory for the year 2017 during the measurement period. The con-
tributions from various sources were separated by adding tags to the
particulatematter emitted fromdifferent sources. The black circle indicated
the location of themeasurement site. The spatial distribution of the primary
PM2.5 from residential combustion was relatively homogeneous, with high
concentrations in Hebei Province, indicated by the pink boundaries as
shown in Fig. 1(a). The primary PM2.5 from industry had hot spots with
high concentrations, which was due to the industrial point sources.

The concentrations at the measurement site attributable to the three
major types of sources were calculated by both the regular atmospheric dis-
persion model, namely the direct model as shown in Fig. 1, and the adjoint
model. The performance of the adjointmodelwas evaluated by the compar-
isonwith the directmodel results, as shown in Fig. 2. The adjointmodel had
a good agreement with the direct model, as evidenced by the distribution
along the 1:1 line and by the small average relative error of about 5.2 %.
The errors could be caused by the incomplete adjoint forms of the



Fig. 1.Average spatial distribution of the primary PM2.5 attributable to (a) residential combustion, (b) traffic, and (c) industry sources calculated by the atmospheric transport
model with the baseline emission inventory during the measurement period between January 17 and February 20, 2021. The black circle indicated the location of the
measurement site. The pink lines marked the boundary of Hebei Province, where the emissions were updated at the city level. The emissions in other regions were
updated at the province level.
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numerical solvers for advection and diffusion. The errors induced by the
adjoint model were considered to be low enough to update the emissions.

3.2. Comparison of primary PM2.5 from source-oriented and receptor models

The primary PM2.5 concentrations contributed by the residential com-
bustion, industry, and traffic emissions were estimated using the receptor
model based on online measurements with a temporal resolution of 1 h.
We used the contributions from the three sources as a whole to compare
the results of the source-oriented and receptor models to avoid any uncer-
tainties in the apportionment among these sources. Compared with the re-
sults of the receptor model, the source-oriented model using the baseline
emission inventory for the year 2017 significantly overestimated the total
primary PM2.5 concentrations from residential combustion, industry, and
traffic, during the measurement campaign in 2021, as shown in Fig. 3(a).
In order to investigate the similarity of the temporal trends, the concentra-
tions obtained by the source-oriented and receptormodels were respectively
normalized by the corresponding averages of the whole period. The normal-
ized temporal concentrations had a good agreement with a high correlation
coefficient (r = 0.6) as shown in Fig. 3(b) and (c). Relatively large differ-
ences between the normalized concentrations were observed around Febru-
ary 12, the Spring Festival, when the results of the receptor models were
higher than those of the source-oriented model. The differences might be
caused by the increases in the emissions, e.g. residential combustion, during
6

the Spring Festival, which was detected by the measurements but failed to
be captured in the emission inventory of the source-oriented model.

The results suggested that the dynamically atmospheric transport of the
primary PM2.5 was well calculated by the source-oriented model, as evi-
denced by the good agreement of the normalized temporal concentrations,
but the baseline emission inventory for 2017 might be outdated for the
investigated period in 2021, causing the overestimation of the total primary
PM2.5. In addition, the temporal changes in emissions due to the Spring
Festival were not included in the baseline emission inventory. As a result,
it becomes necessary to update the baseline emission inventory by the har-
monization of the source-oriented and receptor models.

3.3. Regularization parameters

To update the emission inventory, the L-curve analysis was first utilized
to determine the parameter λreceptor/λemission in Eq. (19). L-curve is a plot
between the 2-norms of the residuals (the differences between the receptor
model and the source-oriented model) and the regularized term (the differ-
ences between the optimized emissions and the baseline emissions). The L-
curve analysis is normally utilized as a graphical tool to investigate the
trade-off between the fitting of the data and regularized solution with
different regularization parameters (Hansen, 2001; Zhang and Huang,
2017), which are equivalent to the ratios of the uncertainties between
λreceptor and λemission.



Fig. 2. Comparison between the direct results and the adjoint results (daily average
concentrations during the measurement period between January 17 and February
20, 2021).

Fig. 4. L-curve between the 2-norms of the residuals (the differences between the
receptor model and the source-oriented model) and the regularized term (the
differences between the updated emissions and the baseline emissions).
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The L-curve could be split into the horizontal (dashed line) and vertical
(solid line) parts, as shown in Fig. 4. The horizontal part had large residuals,
indicating that the emissionsmight be insufficiently updated and the results
suffered from potential underfitting. In the vertical part, the residuals were
small, but there were significant deviations between the updated and the
baseline emissions, which suggested that the emissions could be over-
corrected, and the results suffered from potential overfitting. The points
at the corner, represented as the blue dots in Fig. 4, simultaneously had
low residuals and low deviations from the baseline emissions, which im-
plied a balance between the uncertainties in the likelihood function and
the a priori emission inventory. To determine the points at the corner, the
curvature of the curve was first calculated. The curvatures of the straight
parts were close to zero. The range of the corner was identified when the
absolute value of the curvature was larger than the average curvature of
the whole curve. The corresponding parameters λreceptor/λemission ranged
between 30.1 and 90.2 for the points at the corner, which were adopted
as the parameters in Eq. (19) to optimize the emissions. The feasible
range of λreceptor/λemission was utilized to evaluate the uncertainties of the
updates.
Fig. 3. Comparison of the total primary PM2.5 contributed by the residential combustion
receptor models. (a) Temporal comparison of the concentrations of the total primary PM
PM2.5. (c) Comparison and correlation between the normalized results of the source mo
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3.4. Dynamic updates of emission

The primary PM2.5 emission inventories of the three major types of
sources were dynamically updated by the harmonization of the receptor
model and the source-oriented model based on the Bayesian Inference.
The temporal rescaling factors for the primary PM2.5 emissions in Beijing,
Langfang (bordering Beijing to the north), and Zhangjiakou (bordering
Beijing to the southeast) were shown as examples in Fig. 5. The quality in-
dicators are also shown to indicate the quality of the estimated rescaling
factors in Fig. 5. Compared to the baseline emission inventories in 2017,
the primary PM2.5 emissions from different sectors in Beijing during the
period of measurements in 2021 significantly decreased after the updates.

The average rescaling factors for the primary PM2.5 emissions of industry
and residential combustion in Beijing were respectively about 0.057 and
0.15, which indicated substantial reductions. The quality indicators for the
rescaling factors in Beijing were all ‘High’ as shown in Fig. 5(a), because
the observation site was in Beijing and it was always able to detect the
local emissions. The reduction could be caused by the three-year action
plan to fight air pollution (2018–2020) and the “coal-to-gas” transition in
China (Wang et al., 2020), especially for the residential heating in northern
China in winters. According to the statistics in the official report of “Beijing
Energy Development Plan during the 14th Five-Year Plan Period” (The-
People's-Government-of-Beijing-Municipality, 2022), the consumption of
, industry, and traffic emissions, respectively estimated by the source-oriented and
2.5. (b) Temporal comparison of the normalized concentrations of the total primary
del and the receptor model.



Fig. 5. Temporal rescaling factors for the primary PM2.5 emissions in (a) Beijing, (b) Langfang, and (c) Zhangjiakou, from the residential combustion, traffic, and industry
sources during the measurement period. The Spring Festival was indicated by the red dashed lines. The shaded area indicated the maximum and minimum values
corresponding to the feasible range of λreceptor/λemission. The quality indicators are also shown for the results, withH for highquality,M formediumquality, and L for low quality.
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coal in Beijing was significantly reduced by about 90 % from about 11,652
thousand tons in 2015 to about 1350 thousand tons in 2020. It should be
noted that the rescaling factors obtained in the current study only quantified
the differences between the emissions during the measurement campaign in
January 2021 and the emission inventory for 2017. The rescaling factors
might not be accurate enough to quantify the actual emission reduction be-
tween 2017 and 2021, considering that the emission inventory might be in-
accurate even for the baseline year 2017. The detailed onlinemeasurements
of PM2.5 in 2017were not available, so it is difficult to evaluate the quality of
the baseline emissions using the same methods in the current study. We
compared the source model results with the source apportionment studies
conducted for January 2014 (Chang et al., 2019) and November/December
2016 (Srivastava et al., 2021), which indicated that the results of the source
model in the current study were comparable with the source apportionment
results in 2014 and 2016, but theywere significantly higher than the harmo-
nization as shown in Fig. S10. The results suggested that the emissions in
Beijing have been reduced during the past years, but the quantitative mag-
nitude of reductions needs further investigation.

The reductions in industrial and residential combustion were also ob-
served in Langfang with average rescaling factors of 0.71 and 0.83 respec-
tively. However, the rescaling factors in Langfang within short periods
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around Feb. 06 and 16 were not reliable with quality indicators of ‘Low’
as shown in Fig. 5(b). The emissions of residential combustion in Beijing in-
creased during the period of the Spring Festival, which could be caused by
the increased energy demand for heating and cooking during the festival,
especially in the rural areas of Beijing.

The traffic emissions in Beijing also declined, with an average rescaling
factor of 0.49, but the magnitude of the reduction in traffic emissions was
smaller compared to those in industrial and residential combustion. There
was a clear decline in traffic emissions in Beijing after the Spring Festival.
As an immigrant city, a lot of people would leave Beijing to go back to
their hometowns for the festival, whichmight cause a rapid decrease in traf-
fic emissions.

The effects of the Spring Festival had been identified by the dynamic
updates in Langfang, where the industrial emissions started to decrease
about 3 days before the Spring Festival. The quality indicators were between
medium and high for the rescaling factors in Langfang during the period of
the Spring Festival. The changes in the emissions in Zhangjiakou were not
significant, with average rescaling factors of about 0.96 for residential com-
bustion, 0.95 for industry, and 1.02 for traffic. However, the general quality
of the rescaling results for Zhangjiakou was relatively low, so more observa-
tions should be collected to further determine the emissions in the region.
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The dynamically updated emissions in other regions were shown in
Figs. S11 to S40 in the Supporting Information (SI). The emissions in
some areas remained almost unchanged after the updates with low quality
indicators, especially for those far from Beijing. It was mainly due to the
limited transport of the pollutants from the corresponding regions to the
measurement site. The weak signal detected by the measurements was
too low to change the a priori emission based on the Bayesian Inference.
The observations in this study were from a single site in Beijing. Multiple
measurement sites with extensive spatial coverage could improve the abil-
ity to detect the contributions from various regions and thus the effective-
ness of emission updates.

The temporal contributions of the primary PM2.5 estimated by the atmo-
spheric transport model with the updated emissions had good agreements
with the results of the receptor model for residential combustion (Fig. 6
(a)), traffic (Fig. 6(d)), and industrial sources (Fig. 6(g)). The statistical per-
formance metrics, correlation coefficient (r), mean fractional bias (MFB),
and mean fractional error (MFE), were calculated for the comparisons.
For the residential combustion, the correlation coefficient between the
source model and receptor model was significantly improved from 0.46
with the baseline emissions to 0.81 with the updated emissions, as shown
in Fig. 6(b) and (c). The errors were also substantially reduced due to the
updates of the emissions, from 1.16 to 0.16 for MFB and from 1.19 to
0.57 for MFE. The quantifications of the improved agreement between
the source-oriented model and the receptor model due to the updates of
emissions were also clearly shown in Fig. 6(e) and (f) for traffic and Fig. 6
(h) and (i) for industrial sources.
Fig. 6. Comparisons of the temporal contributions of primary PM2.5 between the re
(a) residential combustion, (d) traffic and (g) industrial sources. The shaded areas ind
λreceptor/λemission. The performance of the source-oriented with the baseline emissions (b
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3.5. Harmonized source apportionment

Fig. 7(a) shows the source apportionment results of the three different
methods, i.e. the receptor model, the source-oriented model with the base-
line emissions, and the harmonization of themodels with the updated emis-
sions. Both the uncertainties of the receptor model and the source-oriented
model were taken into account with the L-curve method (Hansen, 2001) by
assuming a balance between them as discussed in Section 3.3. As a result,
the harmonization results in Fig. 7 were different from either the results
of the receptor model or those of the source-oriented model. Since the
results were achieved by the assumption of a balance of uncertainties in
the two methods, the approach was called ‘harmonization’.

All the results suggested that residential combustion was the domi-
nant contributor to the primary PM2.5 concentrations in Beijing during
the investigated period. The harmonization of the receptor model and
the source-oriented model utilized the information from both methods,
and it indicated that the contributions of the primary PM2.5 from resi-
dential combustion, traffic, and industry were about 60 %, 23 %, and
17 %, respectively.

The harmonized source apportionment in this studywas comparedwith
the previous studies for Beijing in the literature during the past two de-
cades, as shown in Fig. 7(b). The contributions from the three major sectors
to the primary PM2.5 in Beijing were relatively stable between 2000 and
2012, as indicated by the long-term study (Wang et al., 2008) and the
systematic review of the studies conducted between 2000 and 2012 (Lv
et al., 2016), with industrial emission as the largest contributor. The annual
ceptor model and the source-oriented model with the updated emissions from
icated the maximum and minimum values corresponding to the feasible range of
), (e), (h) and with the updated emissions (c), (f), (i) from the three types of sources.



Fig. 7. Results of the source apportionment in Beijing. (a) The results of the receptormodel, the source-orientedmodel with the baseline emissions, and the harmonization of
the models with the updated emissions. The error bars show the standard deviations within the period of measurements. (b) Comparison with the source apportionment
studies in Beijing in the literature for the last 20 years, including the long-term study between 2001 and 2006 (Wang et al., 2008), the systematic review of the studies
conducted from 2000 to 2012 in Beijing (Lv et al., 2016), and the summary of the 13 recent studies between 2013 and 2019, and the details of the studies are shown in
Table S2. The annual mean PM2.5 concentrations in Beijing between 2000 and 2021 were available from the Tracking Air Pollution in China (TAP) database (Geng et al.,
2021; Xiao et al., 2022) (http://tapdata.org.cn).
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average PM2.5 concentrations were also at high levels, about 80 μg m−3

during the same period. The PM2.5 concentrations have continued to de-
cline since 2013. The mitigation of the air pollution in Beijing has been
achieved by the continuously decreasing contributions from industrial
emissions, as indicated by the 13 recent studies between 2013 and 2019
(Chang et al., 2019; Gao et al., 2018; Guo et al., 2021; Hu et al., 2015;
Huang et al., 2021; Liu et al., 2022; Liu et al., 2019; Ma et al., 2017; Park
et al., 2022; Shi et al., 2017; Srivastava et al., 2021; Wen et al., 2021;
Yang et al., 2016). The details of the 13 studies are shown in Table S2.
The harmonized results in this study manifested the same trend with a
lower contribution from the industry. It is important to note that the current
study was for the heating period in winter, so the intensive contribution of
residential combustion may deviate from the results for average annual
conditions.

3.6. Regional contributions

Besides the source-specific contributions, which are available from the
source apportionment results of receptor models, the source-oriented and
the harmonized models also provided additional information about the
regional contributions to the measurements. The major contributions of
different regions to the source-specific primary PM2.5 concentrations at
the measurement site were shown in Fig. 8. The source-oriented model
with the baseline emission for the year 2017 suggested that the local emis-
sions in Beijing significantly contributed to the pollution (the red bars in
Fig. 8). The high local contribution is consistent with the previous study
using the CMAQ-ISAM source-oriented model (Chang et al., 2019), which
found that the local emissions in Beijing contributed about 79 %, 72 %,
and 79 % to the PM2.5 from residential combustion, industry, and traffic
in January 2014, respectively. A recent study has also revealed that the
average local contribution to PM2.5 in Beijing was about 65.6 % from
2001 to 2015 (Chen et al., 2021). However, the annual average PM2.5
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concentrations have constantly decreased since 2015, as shown in Fig. 7
(b), indicating the local contribution might have significantly changed dur-
ing the past several years.

In the harmonized results using the updated emissions (the green bars in
Fig. 8), the contributions of the local emissions in Beijing to the primary
concentrations were substantially reduced compared with the results of
the source-orientedmodel with the baseline emissions. According to the re-
sults of the source-oriented model using the baseline emissions, the local
emissions in Beijing accounted for about 75%of the primary PM2.5 concen-
trations induced by residential combustion, but the share was significantly
reduced to about 33 % using the updated emissions after the harmoniza-
tion. The contributions from surrounding regions were notably increased.
The contributions from Zhangjiakou increased from about 3 % to about
13 %, and the contributions from Langfang increased from about 5 % to
about 11 %. Most of the primary PM2.5 attributable to residential combus-
tion (67 %) at the measurement site in Beijing was through transboundary
transport. The local contribution to the primary PM2.5 of traffic was slightly
reduced from 81 % to 71 % after the harmonization (Fig. 8(b)), but contri-
butions from the local industrial sources in Beijing were strongly reduced
from 68 % to 17 % (Fig. 8(c)). A recent study (Dong et al., 2020) has ob-
served the decreasing trend of the local contribution to PM2.5 in Beijing,
from about 61 % in 2014 to about 53 % in 2017. Another study (Chen
et al., 2022) has also found that the average local contribution to PM2.5 in
Beijing was about 55 % between 2010 and 2019, significantly lower than
the value between 2001 and 2015 (65.6 %) (Chen et al., 2021).

The shift of the regional contributions could be induced by both long-
term and temporary reasons. First, the local management in Beijing had
been strengthened during the past years to control the air pollution, e.g.
the “coal-to-gas” transition, which could practically reduce the emission.
The substantial reduction in the local contribution to the PM2.5 of residen-
tial combustion might be mainly caused by the long-term effects. The
temporary effects due to the special time periods, e.g. the Spring Festival

http://tapdata.org.cn


Fig. 8. Changes of the regional contributions with the baseline emissions and the harmonized updated emissions for (a) residential combustion, (b) traffic, and (c) industrial
sources at the receptor site. The error bars were the standard deviations within the period of measurements.
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and the COVID-19 pandemic (Feng et al., 2021), could also change the
regional contributions.

It should be noted that the ability to distinguish the influences of differ-
ent regions depends on the severity of the collinearity of their contributions
to the observation site. The collinearity is quantified by the condition num-
ber of the sensitivity matrix. For the regions with the quality indicators of
‘high’, namely the dominant contributors with 90 % contributions to the
measurements as introduced in Section 2.7, the condition numbers were
usually below 100 as shown in Fig. S6(a), indicating no serious problem
with collinearity (Montgomery et al., 2013). Fig. S7 shows a typical corre-
lation matrix on Jan. 26 of the contributions from the regions with high
quality. There was no significant correlation among these regions. The
problem was well-conditioned. Physically speaking, the plumes from
these dominant regions were not mixed together yet, so the influences
could be numerically separated. As a result, the majority of the contribu-
tions (90 %) can be successfully attributed to these regions.

The condition numbers increased and the collinearity problem ap-
peared around Feb. 15 as shown in Fig. S6(a). Relatively high correlations
can be also identified in Fig. S8, whichweremainly caused by the favorable
dispersion conditions within the period. The wind speed and eddy diffusiv-
ity were high during this period (Fig. S9), leading to the rapid dispersion
and mixing of the plumes from different regions. As a result, it became
difficult to distinguish their influences. However, the time period with
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high condition numbers was short and the concentrations were low
(Fig. 3) due to the favorable dispersion conditions, so it had limited effects
considering the low contributions.

The condition numbers increased and becamemuch higher than 100 as
shown in Fig. S6(b), when the regions with medium quality were included,
indicating moderate to strong collinearity problems (Montgomery et al.,
2013). The condition numbers will further increase if the regions with
low quality are included. As a result, regarding the remaining 10 % of the
contributions of the regions with the quality indicators between medium
and low, the plumes were relatively well mixed together due to the
long transport distance. It became difficult to accurately distinguish
the influences of the regions with medium to low quality. However,
the remaining 10 % of the contribution should have limited effects on
the major contributors.

Fig. 9 shows the temporal evolution of the contributions of the local
emissions in Beijing and the emissions from the nearby city, Langfang.
The results indicated that the reductions in the local contributions to the
pollution of residential combustion (Fig. 9(a)) and industrial emissions
(Fig. 9(c)) were relatively consistent within the whole investigated period,
suggesting that the long-term effects might play an important role. How-
ever, the reductions in the local contributions to the traffic pollution
(Fig. 9(b)) mainly happened in February near the Spring Festival (February
12), indicating that the short-term temporary effects might be the dominant



Fig. 9. Temporal evolution of the contributions of the primary PM2.5 emissions in Beijing and Langfang to the measurements for (a) and (b) residential combustion, (c) and
(d) traffic, and (e) and (f) for industrial sources.
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reason. The contributions from nearby regions, e.g. Langfang, were in-
creased, as shown in Fig. 9 (b), (d), and (f). As shown in Fig. 10, the local
emissions in Beijing were the largest single contributor to the primary
PM2.5 from residential combustion (Fig. 10(a)) and traffic (Fig. 10(b)),
but Zhangjiakou, in the northwest of Beijing, became the largest contribu-
tor to the primary PM2.5 from industrial emissions (Fig. 10(c)) during the
investigated period. The previous study also found that the regional trans-
ports were mainly from Zhangjiakou in January (Chang et al., 2019). In
general, the dynamic updates of the emissions by the harmonization of
the receptor model and the source-oriented model could successfully iden-
tify the changes in the emissions from the major types of sources and re-
gional contributions.

4. Conclusions

In the current study, we have developed new methods to dynamically
update the emission inventory by the combination of the source-oriented
and receptor source apportionment models based on the Bayesian Infer-
ence. The combined method has been applied to a measurement cam-
paign in Beijing from January to February 2021. The emissions of the
three major types of anthropogenic sources, i.e. residential combustion,
traffic, and industry, were hourly updated for 33 regions, and the im-
pacts of the Spring Festival on the emissions have been successfully
identified.

The results indicated that the local emission of primary PM2.5 from
residential combustion and industry in Beijing had significantly de-
creased by about 90 % during the investigated period compared with
the baseline emission inventory from 2017. The primary emissions
from traffic sources also had substantial decreases during the holidays
of the Spring Festival, with an overall reduction of about 50 % during
the investigated period compared to the baseline emission. The results
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suggested the reductions in emissions can be attributed to the long-
term effects due to the three-year action plan to fight air pollution
(2018–2020) and the “coal-to-gas” transition, and the short-term effects
of the Spring Festival. The methods could be a promising pathway for
the harmonization of source-oriented and receptor source apportion-
ment models.

It should be noted that the data from a single measurement site in
Beijing were utilized in the current study. The measurements could con-
stantly detect the contributions from the local emissions in Beijing, but
it might fail to receive the signals from other regions, especially the
regions far away from the measurement site due to the variation of the
wind field. More measurement sites with extensive spatial coverage
are required in future studies to constantly detect the contributions
from all the regions. The main purpose of this study was to harmonize
the source-oriented and receptor source apportionment models and to
update the primary PM2.5 emissions, so only the primary PM2.5 was
investigated. The contributions of different sources might change if
secondary aerosols are attributed to different sources based on the emit-
ted precursors. The harmonization results were achieved by the assump-
tion of a balance of uncertainties in the source-oriented and receptor
methods using the L-curve method. The harmonization results can be
further improved with a comprehensive quantification of the uncer-
tainties in both methods, but it would be difficult considering that the
emission inventory is not directly measurable and the receptor model
is site-dependent.
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