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Abstract: During the development of the Chengdu–Chongqing Urban Agglomeration (CCUA) in
China, PM2.5 pollution severely threatened public health, presenting a significant environmental
challenge. This study employs a novel spatial interpolation method known as High Accuracy Surface
Modeling (HASM), along with the geographical detector method, local and regional contributions
calculation model, and the Hybrid Single–Particle Lagrangian Integrated Trajectory model to analyze
the seasonal spatial distribution of PM2.5 concentrations and their anthropogenic driving factors from
2014 to 2023. The transport pathway and potential sources of seasonal PM2.5 concentrations were
also examined. The results showed the following: (1) HASM was identified as the most suitable
interpolation method for monitoring PM2.5 concentrations in the CCUA; (2) The PM2.5 concentrations
exhibited a decreasing trend across all seasons, with the highest values in winter and the lowest in
summer. Spatially, the concentrations showed a pattern of being higher in the southwest and lower
in the southeast; (3) Industrial soot (dust) emissions (ISEs) and industry structure (IS) were the most
important anthropogenic driving factors influencing PM2.5 pollution; (4) The border area between the
eastern part of the Tibet Autonomous Region and western Sichuan province in China significantly
contribute to PM2.5 pollution in the CCUA, especially during winter.

Keywords: PM2.5; HASM; seasonal variation; driving factors; potential source contribution

1. Introduction

In recent years, China’s rapid economic growth and urban expansion have led to a
significant increase in atmospheric emissions and air pollution [1]. Air pollution originates
from various sources, both human–made and natural, such as the burning of fossil fuels
for agriculture, transportation, household use, industrial activities, electricity, and waste
processing [2,3]. Several studies investigated PM2.5 pollution in the North China Plain,
with particular interest in the Hebei province, as well as in the Tianjin–Beijing metropolitan
area and its surrounding areas [4–6]. The studies focus on the Chengdu–Chongqing Urban
Agglomeration (CCUA) located in the complex terrain of the Sichuan Basin. Despite
the increasing population migration from other cities to the CCUA, research on this area
remains limited. The CCUA’s population has increased by nearly 1 million on average
annually over the past three years, with the total reaching 98.7 million in 2023. With the
rapid urbanization process, the CCUA has experienced more frequent poor air quality
days, higher emissions of air pollutants, and increased energy consumption during the
past 30 years [7]. Anthropogenic factors, such as population growth, economic activities,
and energy consumption, are essential socioeconomic determinants of PM2.5 pollution [8].
Understanding the spatial variation of PM2.5 across different seasons, along with the
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associated anthropogenic driving factors in urban agglomerations, is crucial for developing
effective and efficient air pollution control measures.

However, air quality monitoring stations within regional regulatory networks are
relatively sparse due to the high cost of construction. Consequently, the data from these
stations do not fully capture the real–time spatial distribution of air pollution in the re-
gion [9]. Currently, satellite remote sensing data collected from space–based sensors are
commonly applied to generate spatial distributions of air pollutant concentrations [10,11].
However, satellite data are easily affected by cloud cover, which can lower the performance
and accuracy of satellite images. Additionally, satellite data for a given region are not
continuous, with intervals between available images ranging from hours to years. As a
result, remote sensing may offer limited and inaccurate representations of air pollution dis-
tribution. Given the limitations of satellite image–based approaches, spatial interpolation
and extrapolation technologies are employed to estimate values for non–monitored stations
using data from measured or known monitoring sites within the area [12,13]. Point–based
interpolation/extrapolation such as universal Kriging (UK), original Kriging (OK), spline
interpolation and Inverse Distance Weighting (IDW) are the most frequently used methods.
For example, Halimi et al. found OK was the best method to estimate PM10, NO2, and CO
concentrations in Tehran as compared to different Kriging interpolation methods during
2012 and 2014 [14]. Yu et al. applied 14 methods to estimate the eight pollutants in Atlanta
and found that IDW and Kriging were better suited for estimating secondary pollutants [15].
However, the performance of traditional interpolation methods in characterizing highly
variable near–surface or atmospheric conditions has long been troubled by errors, and no
optimum method has proven to be consistently superior to others [16–18]. These methods
use only the information from sample sites within a local neighborhood. These methods
can produce steep gradients if the spatial sampling points are too sparse, leading to po-
tential inaccuracies. For instance, Goovaerts et al. noted that Kriging depends heavily on
a well–chosen semivariogram, which can be challenging to estimate and validate against
the true covariance function [19]. Magnussen et al. pointed out that IDW overlooks the
spatial structure and information beyond the local neighborhood of the sample points [20].
Similarly, Wang et al. observed that spline interpolation uses univariate cubic basis splines
to approximate surfaces, but this approach often fails to accurately represent surfaces due
to limitations in univariate cubic spline formulations [21].

To overcome the limitations, the High Accuracy Surface Modeling (HASM) method
was proposed as an effective alternative [22]. This method applies the fundamental theorem
of surfaces to approximate the surface using a least squares approach, resulting in a highly
accurate model for spatial interpolation [23]. Its precision has made it a practical choice for
applications such as digital soil mapping [24], DEM construction [25], and precipitation
estimating [26] due to its high accuracy.

Thus, the main objectives of this study are to accomplish the following: (1) estimate the
spatial distribution of PM2.5 concentrations across different seasons in the CCUA from 2014
to 2023 using HASM; (2) clarify the relationship between seasonal PM2.5 concentrations and
their anthropogenic factors; and (3) analyze the transport pathways and potential source
region contributions of PM2.5 in four seasons.

2. Data and Methods
2.1. Study Area

The CCUA, located between 101◦56′33′′–110◦12′21′′ E and 27◦39′43′′–33◦02′10′′ N,
encompasses 15 cities in the Sichuan province and Chongqing city, covering an area of
185,000 square kilometers. According to the 2023 census data, the CCUA supports a popula-
tion of 97.70 million residents and has a gross domestic product (GDP) of USD 1.10 trillion.
The CCUA is primarily located within the Sichuan Basin, which is characterized by a
complex topography with a pronounced gradient of higher elevations in the west and
lower elevations in the east (Figure 1). The central region of the CCUA features relatively
flat terrain, predominantly consisting of alluvial plains, while the periphery exhibits varied
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topography, including the Longmen Mountains to the northwest, the Qionglai Mountains
to the southwest, the Wuling Mountains to the southeast, and the Daba Mountains to the
northeast. The region experiences a subtropical monsoon climate, with an annual average
temperature ranging from 16.4 ◦C to 18 ◦C and annual precipitation between 1107.8 mm
and 1406.4 mm.
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Figure 1. PM2.5 monitoring sites in the Chengdu–Chongqing Urban Agglomeration.

2.2. Data Source and Description

Monthly PM2.5 concentration data from 134 monitoring stations within the CCUA
are collected from the China National Environmental Monitoring Center, spanning from
March 2014 to February 2024. The data are categorized into four seasons: spring (March to
May), summer (June to August), autumn (September to November), and winter (December
to February). Previous studies showed that anthropogenic factors, including household
activities, economic activities, and industrial structures, are key determinants of PM2.5
concentrations. In this study, seven anthropogenic driving factors (Table 1), such as gross
domestic product (GDP), foreign direct investment (FDI), industry structure (IS), industrial
soot (dust) emissions (ISE), population density (PD), electricity consumption (EC), and
road density (RD), were selected for analyzing seasonal PM2.5 pollution in the CCUA.
The global data assimilation system (GDAS) is used to simulate meteorological fields
and provide numerical weather predictions. Although the GDAS dataset is widely used
in meteorological and environmental research, it relies on global observation stations.
However, in certain regions with a low density of observation stations, it may result in less
accurate meteorological information for those areas [27].

Table 1. Summary of data used in this study.

Data Type Data
Name

Spatial
Resolution

Temporal
Frequency Time Data Source

Air quality data PM2.5
1 / monthly 2014–2024 http://www.cnemc.cn/

(accessed on 1 June 2024)

Anthropogenic data

GDP 2 /

monthly
2014–2023

Sichuan Provincial Bureau
of Statistics

Chongqing Statistical Bureau

FDI 3 /
IS 4 /

ISE 5 /
EC 6 /

PD 7 / yearly
https://www.stats.gov.cn/
(accessed on 1 July 2024)

RD 8 / https://jtt.sc.gov.cn/
(accessed on 1 July 2024)

http://www.cnemc.cn/
https://www.stats.gov.cn/
https://jtt.sc.gov.cn/
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Table 1. Cont.

Data Type Data
Name

Spatial
Resolution

Temporal
Frequency Time Data Source

Meteorological data

GDAS 9 1◦ hourly 2014–2024 https://www.noaa.gov/
(accessed on 1 July 2024)

RH 10 1 km

monthly

2014–2020
https://data.tpdc.ac.cn/
(accessed on 1 July 2024)

TEM 11 1 km
2014–2021PRE 12 1 km

WS 13 1 km
1 PM2.5 concentration; 2 gross domestic product; 3 foreign direct investment; 4 industry structure; 5 industrial soot
(dust) emissions; 6 electricity consumption; 7 population density; 8 road density; 9 global data assimilation system;
10 relative humidity; 11 air temperature; 12 precipitation; 13 wind speed.

2.3. Methodology
2.3.1. HASM

Currently, HASM, developed by Yue et al. [22], has been extensively applied in spatial
interpolation such as DEM [28], CO2 [29], air temperature [30], and precipitation [31].
Studies by Zhao et al. [26] and Liu et al. [29] demonstrated that HASM effectively addresses
errors and multiscale issues, providing improved accuracy in predicting variables.

Regarding the fundamental surface theorem, if a surface can be expressed as X = f (x,y),
the HASM expression is as follows:

min

∥∥∥∥∥∥∥
 A1

A2
A3

 · X(n+1) −

 a(n)

b(n)

c(n)


∥∥∥∥∥∥∥

s.t.S · X(n+1) = k

(1)

where X(n+1) represents the (n + 1)-th iteration of the estimated points within the study area.
The coefficient matrices corresponding to the first, second, and third equations of HASM
are denoted as A1, A2, and A3, respectively. The vectors a(n), b(n), and c(n) represent the
right–hand sides of the HASM master equation, k denotes the sampling number, and S
represents the sampling matrix.

In this study, PM2.5 concentration data from 134 stations in the CCUA were divided
into an interpolating dataset and validating dataset: 70% of the data were used to interpo-
late, while the remaining 30% were employed for validate. Additionally, the performance
of HASM was evaluated by root mean square error (RMSE) and the coefficient of determi-
nation (R2) based on the validating dataset [32]. A smaller RMSE value and larger R2 value
indicate greater prediction accuracy.

2.3.2. HYSPLIT Backward–Trajectory Models

As a widely used method to generate air mass backward trajectory hybrid diffusion
models [33–35], the HYSPLIT model was employed to investigate the backward trajectory
and diffusion of PM2.5 pollutants in the CCUA. In this study, meteorological data with a
resolution of 1◦ latitude × 1◦ longitude and hourly intervals (00:00–23:00 UTC) from the
GDAS were used to calculate 48 h backward trajectories at 500 m above ground level from
March 2014 to February 2024, incorporating seasonal calculations.

2.3.3. Local and Regional Contribution Calculation Model

Many scholars worldwide have found that PM2.5 concentrations are influenced not
only by local emissions but also significantly by regional transport, which is attributed
to both local and regional sources. Therefore, estimating the contributions of regional
pollutant transport is crucial for accurately assessing the impact of local emission sources.
Thus, separately estimating the contributions of local emissions and regional pollutant
transport is crucial for accurately assessing the impact of local emission sources.

https://www.noaa.gov/
https://data.tpdc.ac.cn/
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In this study, the local and regional contribution calculation model [36] proposed
by Lv et al. was used to estimate the local and regional contribution of seasonal PM2.5
concentrations in the CCUA from 2014 to 2023. The model can be expressed as follows:

Local contribution(LP) = ∑(Ni × Ci)

∑ Ni × Cavg
(2)

Regional contribution(Pi) =
Ni × (Ci − Cmin)

m
∑

i=1
[Ni × (Ci − Cmin)]

× (1 − LP) (3)

where Cavg is seasonal average PM2.5 concentration, Ni denotes the number of trajectories
within pathway i, Ci refers to the concentration associated with pathway i, and m represents
the total number of pathways. LP (%) indicates the proportion of local concentrations,
while Pi represents the regional transport fraction through pathway i.

q = 1 −

L
∑

h=1
Nhσ2

h

Nσ2 (4)

where q represents the power of the determinant, N is the total number of samples in the
study area, and h = 1, . . ., L denotes the partitions of factor X; σ2 and σ2

h are the variances
of PM2.5 concentration Y across the entire region and within partition h, respectively. A
higher q value indicates a stronger explanatory power of factor X on PM2.5 concentration Y.

2.3.4. Geographical Detector Model (GDM)

The GDM is a newly developed method for analyzing the correlation between PM2.5
concentrations and socioeconomic factors [37]. Its core principle is that if an anthropogenic
factor exhibits a similar spatial distribution pattern with PM2.5 concentrations, it likely con-
tributes to them. A key advantage of the GDM is that it does not rely on a linear assumption
when analyzing the anthropogenic factors of spatial stratification heterogeneity, eliminating
the need to account for multicollinearity between factors. The influence of driving factors
on PM2.5 concentration is quantified by the q value [38], calculated as follows:

2.3.5. Potential Source Contribution Function (PSCF) and Concentration–Weighted
Trajectory (CWT) Method

The PSCF, a hybrid receptor model [39] based on the backward trajectory, was used to
identify the probable potential PM2.5 concentration source regions in the CCUA. A higher
PSCF value indicates a greater likelihood that the region is a potential source area of PM2.5
pollutants [40]. Before conducting the PSCF analysis, the study area for the backward
trajectories was divided into 1◦ resolution grids. Daily average PM2.5 concentration ex-
ceeding 75 µg/m3 was used as the criterion for high PM2.5 pollution, in accordance with
China’s ambient air quality standards (CAAQSs). However, the PSCF method might not
differentiate between moderate and strong sources of PM2.5. The CWT method was further
applied to determine the relative contribution of PM2.5 potential sources in the CCUA [41].
To address the uncertainty of fewer PM2.5 trajectories in a certain grid, the weighting
factor should be multiplied with the PSCF value (WPSCF) and CWT value (WCWT) to
reduce its uncertainty [42]. More details of the PSCF and CWT method are available in
Zhang et al. [43].

3. Results and Discussion
3.1. Accuracy Assessment of the HASM Method

This study employs HASM to generate 120 monthly spatial distribution maps of PM2.5
concentration from March 2014 to February 2024. To further compare its interpolation
results, HASM’s performance was tested against three traditional spatial interpolation
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methods: spline, IDW, and Kriging. The comparative analysis of these methods’ accuracy
is presented in Table 2.

Table 2. Results of validation for spline, IDW, Kriging, and HASM.

Year
Spline IDW Kriging HASM

RMSE R2 RMSE R2 RMSE R2 RMSE R2

2014 8.57 0.72 7.32 0.73 7.21 0.72 3.12 0.86
2015 9.12 0.77 7.48 0.75 6.77 0.75 3.61 0.87
2016 8.31 0.76 8.22 0.74 6.31 0.79 2.97 0.89
2017 7.56 0.71 6.92 0.72 7.12 0.73 3.43 0.89
2018 8.57 0.72 8.84 0.78 7.81 0.71 3.12 0.87
2019 9.12 0.77 8.23 0.75 8.76 0.77 3.61 0.84
2020 8.31 0.76 8.09 0.70 8.12 0.72 2.97 0.90
2021 7.56 0.71 7.98 0.79 8.36 0.75 3.43 0.85
2022 8.65 0.74 8.67 0.76 7.95 0.74 3.08 0.81
2023 7.72 0.73 8.45 0.73 8.63 0.78 2.99 0.82

Compared to the three traditional interpolation methods, HASM reduces algorithmic
error, demonstrating higher accuracy and lower deviation in interpolating PM2.5 concen-
trations from 2014 to 2024, with R2 values ranging from 0.81 to 0.90 and RMSE values
between 2.97 µg/m3 and 3.61 µg/m3. HASM addresses interpolation errors, multiscale,
and nonlinear problems through the development of least squares optimization [44]. It has
been successfully applied to air pollutant interpolation [30]. Consequently, HASM was
selected as the optimal method for analyzing the seasonal distribution of PM2.5 across the
CCUA during this period.

To compare the spatial details and characteristics of PM2.5 concentration interpolation
results across four methods, this study selected one interpolation result for January 2023
from a set of 120–month PM2.5 interpolation data during March 2014 to February 2024 as
the case example for presentation (Figures 2 and 3). The results indicate that, although
the interpolation results from HASM and the three traditional methods display similar
overall spatial patterns, they differ significantly in local details. Especially in areas with
sparse PM2.5 data, methods like Kriging may exhibit suboptimal prediction performance.
As illustrated in Figure 2a, there are notable discrepancies in the northern CCUA, where
predictions do not align with actual PM2.5 concentrations. Figure 2b,c shows that some
local details and abrupt changes in PM2.5 concentrations are smoothed out, with noticeable
outliers observed in the northwest and central regions of the CCUA. In contrast, the PM2.5
results generated by the HASM method algorithm (Figure 2d) provide more accurate
predictions in areas with sparse or uneven data and display superior spatial detail and
accuracy. This improvement is due to the method’s effectiveness in handling complex and
non–uniform variations in spatial data. The HASM method performed reasonably well in
capturing the PM2.5 concentration prediction in the scatter plot diagrams (Figure 3), with
an RMSE of 3.43 µg/m3 and an R2 of 0.87.

3.2. Spatial and Temporal Distribution of PM2.5

As illustrated in Figure 4, the PM2.5 time series shows that the seasonal mean concen-
tration of PM2.5 in the CCUA exhibited a fluctuating downward trend. Winter experienced
the highest PM2.5 pollution compared to other seasons, with the concentration reaching
up to 83.84 µg/m3 in 2014, and the lowest value of 53.35 µg/m3 in 2021. On average,
high PM2.5 concentrations were observed in winter (74.17 µg/m3), followed by spring
(47.75 µg/m3) and autumn (43.76 µg/m3), and then the lowest concentrations were found
in summer (32.43 µg/m3). This result is generally consistent with previous studies [7].
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Overall, the PM2.5 concentration in each season exhibits a distribution pattern with
higher values in the southwest and lower in the southeast (Figure 5). Additionally, notable
differences are observed in the spatial distribution of PM2.5 across different seasons. In
winter, PM2.5 pollution is most severe, with high concentrations primarily observed in
the northeast, northwest, and southwest regions of the CCUA, including cities such as
Chengdu, Deyang, and Mianyang; Neijiang, Zigong, and Yibin; and Nanchong, Suining,
and Dazhou, respectively. In both spring and autumn, areas with high PM2.5 concentrations
are predominantly concentrated in the central region of the CCUA, which includes Neijiang
city, Ziyang city, and western Chongqing. The southwestern region of the CCUA, which
encompasses Zigong city, Yibin city, and Luzhou city. Additionally, the northern region
of the CCUA, which includes Nanchong city, Guang’an city, and Dazhou city, also shows
high PM2.5 concentrations. By summer, pollution drops to its lowest, with no significant
high pollution zones evident throughout the study area.

3.3. Evaluating Local and Regional Contributions of PM2.5

Twelve clusters and corresponding PM2.5 concentrations for each season are based
on a total of 148,396 trajectories, and the cluster–mean back trajectories are described
in Figures 6 and 7. The speed of air mass movement can be inferred from the length of
its trajectory. Longer trajectories indicate faster–moving air masses, while shorter tra-
jectories suggest slower–moving air masses [45]. Table 3 presents the PM2.5 concentra-
tions and trajectory proportions for each season from 2014 to 2023. According to the
CAAQSs (GB3095–2012) [46], the cluster–mean backward trajectory was classified as pol-
luted (>75 µg/m3) and clean (<75 µg/m3) pathways. Given the extensive area and complex
topography of the CCUA, twelve clusters are evenly distributed between the two centers:
the western center of the CCUA (Chengdu) and the eastern center (Chongqing). The aver-
age PM2.5 concentrations and those exceeding 75 µg/m3 were higher in winter compared
to the other three seasons.

A cluster–mean back trajectory was defined as a pollution pathway if the proportion of
pollution trajectories within that cluster exceeded one–sixth of the total number of pollution
trajectories. Among then, the path with the highest percentage of polluted trajectories was
defined as the primary pollution pathway for each season.

Seasonal variations of PM2.5 concentrations in the CCUA are influenced by both local
emissions and regional airmass transport. Local emissions primarily stem from industrial
activities, while pollutant transport is largely driven by meteorological conditions. Accord-
ing to the local and regional contribution calculation model in this study, contributions of
local and regional area to seasonal PM2.5 contribution in the CCUA were obtained, and the
results are shown in Table 4.
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Table 3. Trajectory percentage and mean PM2.5 concentrations in each season from 2014 to 2023.

Season Cluster

All Trajectories
(the Western Center of the CCUA 1/the

Eastern Center of the CCUA)

Polluted Trajectories
(the Western Center of the CCUA/the Eastern

Center of the CCUA)

Percentage
(%) Number

Mean PM2.5
Concentrations

(µg/m3)

Percentage
(%) Number

Mean PM2.5
Concentrations

(µg/m3)

Spring

1 43.04/10.55 8261/1644 65.37/47.30 56.27/12.56 2440/175 110.50/104.27
2 11.32/16.40 2172/2556 64.88/38.91 11.53/20.62 500/289 108.52/100.16
3 5.19/8.74 996/1362 33.56/38.17 4.47/7.08 194/100 107.47/103.13
4 21.96/36.65 4215/5712 66.08/52.72 12.86/28.31 558/400 109.29/105.30
5 13.74/13.26 2637/2066 46.70/35.71 13.28/18.79 576/265 107.91/98.11
6 4.75/14.40 911/2246 42.75/42.58 1.59/12.64 68/176 106.26/99.73

Summer

1 31.20/22.45 6371/3858 43.44/34.12 33.80/17.25 583/93 97.91/102.03
2 13.91/16.14 2840/2774 34.70/26.83 12.52/15.40 216/83 106.75/105.27
3 19.60/8.60 4002/1478 43.53/34.80 21.97/13.92 379/75 104.95/99.32
4 6.15/13.49 1255/2318 41.63/28.99 3.25/15.21 56/82 98.87/107.18
5 21.20/34.96 4329/6006 35.89/29.94 23.94/28.57 413/154 107.91/100.97
6 7.94/4.36 1621/749 25.21/22.33 4.52/9.65 78/52 107.97/108.02

Autumn

1 28.65/33.33 3571/5530 52.93/38.05 21.07/38.07 980/568 109.77/94.65
2 36.14/16.08 4504/2667 59.05/34.45 53.98/15.55 2510/232 101.32/98.03
3 8.07/20.34 1005/3374 42.23/39.41 2.77/17.96 130/268 96.00/90.31
4 8.79/8.61 1095/1428 36.10/24.95 6.48/3.22 300/48 92.63/91.25
5 3.89/12.84 485/2130 40.25/48.24 0.86/13.67 40/204 101.00/98.00
6 14.46/8.80 1802/1460 51.86/30.11 14.84/11.53 690/172 105.35/99.84

Winter

1 10.28/24.14 1769/4805 78.66/73.42 6.82/17.42 486/1092 120.00/108.44
2 6.25/8.08 1067/1608 97.60/73.42 4.30/4.98 306/312 122.22/108.44
3 13.93/2.86 2397/569 98.14/63.85 19.46/0.38 1386/24 116.02/128.00
4 31.10/31.29 5351/6229 75.63/77.93 26.20/53.40 1830/3522 118.06/114.57
5 3.31/7.95 567/1580 41.96/73.11 2.36/3.92 168/246 141.00/111.39
6 35.13/25.68 6045/5112 85.71/74.58 40.86/19.90 2910/1248 126.18/117.75

1 Chengdu–Chongqing Urban Agglomeration.

Table 4. Contributions of local and regional area to PM2.5 contribution in the Chengdu–Chongqing
Urban Agglomeration from 2014 to 2023 across the four seasons (unit: %).

Area Spring Summer Autumn Winter

Local areas within the CCUA 26.76 43.15 30.19 15.54
Areas outside of the CCUA 74.24 56.85 69.81 84.46

Across all seasons, the regional contribution to PM2.5 in the CCUA region exceeds that
of local sources. The highest regional contribution occurs in winter, reaching 84.46%, while
the lowest is in summer, at 56.85%, indicating that the primary sources of PM2.5 are from
areas outside the CCUA on the regional scale and local pollution emission has less impact.
As shown in Figure 8, there are no significant seasonal variations in local industrial soot
(dust) emissions from 2014 to 2023. ISEs were highest in autumn (1168.37 t), followed by
spring (1146.33 t) and winter (1058.15 t), with the lowest in summer (1036.11 t), due to the
industrial power restrictions during the summer. This result further demonstrates that
regional contributions, rather than local contributions, are the dominant source of seasonal
PM2.5 in the CCUA.
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3.4. Relationship Between Seaonal PM2.5 Concentration and Its Anthropogenic Factors

The influence (q values) of seven anthropogenic factors on PM2.5 concentration were
calculated by the GDM (Figure 9). Among these factors, ISE has a dominant influence
(q > 0.4) on PM2.5 concentrations in each season, followed by IS, RD, PD, and GDP. In
contrast, EC and FDI showed the least influence. First, the increase in industrial emis-
sions and the proportion of industrial structures lead to higher PM2.5 concentrations in
each season. This result is because industrial emissions are the primary anthropogenic
source of PM2.5 concentration in China, producing primary and secondary PM2.5 [47,48].
Additionally, the growth of the secondary industry in China is often accompanied by a
surge in coal consumption [49], which contributes to higher PM2.5 levels. Second, road
density reflects the economic level of the CCUA. Higher road density means more vehicle
traffic [50], which in turn increases automobile exhaust emissions. This increase is an
important factor contributing to the rise in PM2.5 concentrations in the CCUA. Third, the
increase in population density has been linked to higher anthropogenic emissions, which
contribute to PM2.5 pollution [51]. In contrast, FDI did not have a significant impact on
PM2.5 concentrations in any season, likely due to the strict thresholds set for foreign direct
investment access in the CCUA.
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3.5. Backward Trakectory, PSCF, and CWT Analysis

In winter, the pollution pathways in the western center were ranked in descending
order as follows: 6 > 4 > 3, while, in the eastern center, the order was 4 > 6 > 1. Among
these six major pathways, clusters 6 and 4 accounted for 40.86% and 53.40% of the total
polluted trajectories, respectively. Cluster 6 originated from the east (Bazhong City), passed
through Nanchong City, and reached Chengdu (Figure 6d). In contrast, cluster 4 started
from the south (Tongren City) and traveled southeast through Zunyi City to Chongqing
(Figure 7d). This pathway is mostly because clusters 6 and 4 were both short pathways.
Suggesting low wind speed, this pathway may exacerbate air pollution. Because of the
high population density and the concentration of heavy industries in Nanchong city and
Zunyi city, both cities experience significant emissions from vehicle exhaust and industrial
production. When air masses pass through these high–emission areas, they are likely to lead
to the higher emission of PM2.5. Further, weak wind conditions hindered the dispersion of
pollutants, causing PM2.5 to be carried by the air masses to the CCUA.

In spring and autumn, clusters 1 (Figure 6a) and 2 (Figure 6c), originating from the
south (Suining city and Ziyang city, respectively) accounted for the highest percentages of
polluted trajectories at 56.27% and 53.98%, respectively, and were identified as the primary
pollution pathways in the western center. In contrast, in the eastern center, clusters 4 and
1 had the largest percentages of polluted trajectories, accounting for 28.31% and 38.07%,
respectively. Cluster 4 originated from Tongliang District and traveled southeast through
Beibei District to Yuzhong District in Chongqing (Figure 7a). Meanwhile, Cluster 1 started
in Changshou District and passed through Yubei District before reaching Yuzhong District
in Chongqing (Figure 7c). In summer, cluster 1 was the primary pollution pathway in the



Sustainability 2024, 16, 9242 14 of 20

western center (Figure 6b), while cluster 5 served as the primary pathway in the eastern
center (Figure 7b). The air masses associated with the primary pollution pathways in
spring, summer, and autumn all moved slowly and corresponded to short trajectories.

In this study, precipitation, air temperature, relative humidity, and wind speed for
each season from 2014 to 2021 were analyzed to assess the effects of meteorological fac-
tors on the coverage area of the primary pollution transmission pathways in the CCUA
(Figure 10). The results indicate that high precipitation and humidity hinder the dispersion
of ground dust and increase the dissolution and erosion of PM2.5, resulting in the lowest
PM2.5 pollution levels during summer. Generally, high wind speeds enhance horizontal
diffusion and reduce the accumulation of air pollutants in summer, whereas low wind
speed conditions suppress pollutant dispersion, leading to higher PM2.5 concentrations in
winter. Additionally, elevated summer temperatures promote the development of strong
convective weather, facilitating the diffusion of PM2.5.
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We identified the probable locations of potential source regions contributing to sea-
sonal PM2.5 in the CCUA from 2014 to 2023. The WPSCF map (Figures 11 and 12) distri-
butions varied significantly across seasons due to differences in air masses. In general,
the potential source areas in winter were more extensive than those in other seasons, and
the main sources were in Xichang city and Nagqu city. In winter, the major source ar-
eas of PM2.5, with WPSCF values exceeding 0.8, were in the southern Qinghai province,
the northern Yunnan province, the border area between the eastern part of the Tibet Au-
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tonomous region, and the western Sichuan province (Figures 11d and 12d). The domains of
major sources in winter were concentrated in Nagqu city, Xichang city, and Kangding city,
which revealed that transport from the west was more important for heavy PM2.5 pollution
in winter. However, the main potential source areas varied with the seasons. In spring
(Figures 11a and 12a), summer (Figures 11b and 12b), and autumn (Figures 11c and 12c),
no significant potential source regions were identified, as the WPSCF values were all
below 0.8.

Sustainability 2024, 16, 9242 16 of 22 
 

  
(a) (b) 

  
(c) (d) 

 

Figure 11. Weighted potential source contribution function (WPSCF) maps for PM2.5 in the western 
center of the Chengdu–Chongqing Urban Agglomeration during 2014–2023 across different seasons. 
(a) Spring. (b) Summer. (c) Autumn. (d) Winter. 

  

Figure 11. Weighted potential source contribution function (WPSCF) maps for PM2.5 in the western
center of the Chengdu–Chongqing Urban Agglomeration during 2014–2023 across different seasons.
(a) Spring. (b) Summer. (c) Autumn. (d) Winter.

The CWT method provides a clearer distinction of pollution levels across differ-
ent potential source regions, effectively addressing the limitations of the WPSCF. It was
employed to assess pollution levels associated with various trajectories, with higher
WCWT values indicating greater contributions to PM2.5 concentrations in the CCUA.
As shown in Figures 13d and 14d, the highest WCWT values during winter are observed
at the border area between the eastern part of the Tibet Autonomous Region and west-
ern Sichuan province, as well as in the northeastern area of Xichang city and the eastern
area of Nagqu city, where PM2.5 concentrations reached 85.07 µg/m3, 91.25 µg/m3, and
80.73 µg/m3, respectively. These regions are major contributors to the highest WCWT
values, with the northeastern area of Xichang city and the eastern area of Nagqu city even
reaching up to 110.00 µg/m3. However, during spring (Figures 13a and 14a), summer
(Figures 13b and 14b) and autumn (Figures 13c and 14c), no areas in the study region
exhibit WCWT values exceeding 100.00 µg/m3.
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Figure 13. Weighted concentration weighted trajectory (WCWT) maps of PM2.5 in the western
center of the Chengdu–Chongqing Urban Agglomeration during 2014–2023 across different seasons.
(a) Spring. (b) Summer. (c) Autumn. (d) Winter.
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Figure 14. Weighted concentration weighted trajectory (WCWT) maps of PM2.5 in the eastern center of
the Chengdu–Chongqing Urban Agglomeration during 2014–2023 across different seasons. (a) Spring.
(b) Summer. (c) Autumn. (d) Winter.

The PSCF and CWT analyses identified similar potential source locations, but the
contributions from these locations differed. The major potential source areas identified
by the CWT method were generally larger than those determined by the PSCF method,
particularly in summer and autumn. This difference suggests that regional sources may
have a more significant impact on PM2.5 distribution in the CCUA. Notably, significant
short–range transport processes contribute to PM2.5 levels in the CCUA during winter.

Based on the above considerations, to effectively tackle air pollution issues, the gov-
ernment should focus on a coordinated approach that includes joint prevention and control
measures between regions with local and non–local pollution sources. This approach means
collaborating with neighboring provinces and cities to reduce the impact of transported
pollutants. Additionally, reducing reliance on coal while advancing industrial growth is
critical. Greater emphasis should be placed on adopting clean energy alternatives and
promoting public transportation to minimize emissions. Furthermore, targeted pollution
control strategies should address the specific needs of surrounding regions, such as im-
proving short–distance transport systems and enhancing urban greening efforts, which can
help mitigate localized pollution.

4. Conclusions

This study utilized the HASM method to estimate monthly PM2.5 concentration in
the CCUA. The findings indicate that HASM offers superior accuracy in predicting the
spatial distribution of PM2.5 compared to traditional interpolation methods. From 2014
to 2023, the seasonal PM2.5 concentrations in the CCUA exhibited an overall declining
trend. The concentrations varied significantly with the highest levels occurring in winter
and the lowest in summer. The ISE and IS are the most important anthropogenic driving
factors influencing seasonal PM2.5 concentrations. The CCUA is affected by nonlocal PM2.5
pollutant transport. According to the regional pollution transport analysis by the PSCF and
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CWT method, the border area between the eastern part of the Tibet Autonomous region
and the western Sichuan province significantly contributes to PM2.5 pollution in the CCUA,
especially during winter.
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