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Abstract Cities are the basic administrative units
for formulating and implementing policies to reduce
pollution and carbon dioxide. This study used statis-
tical analysis and Kriging interpolation to clarify the
spatiotemporal fluctuation characteristics of PM, 5
and O; at different time scales in Chongqing from
2017 to 2022. It also explored the compliance rate of
pollutants and their correlation. In addition, GeoDa
software was used to examine the spatial autocorre-
lation and clustering of pollutants. Finally, relevant
measures and suggestions were put forward from dif-
ferent perspectives of provinces, cities, districts and
counties. The results showed that PM, 5 and O; pol-
lutions were still particularly serious and there was
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a complex linear interaction between them. Further-
more, PM, 5 and O; both have significant positive spa-
tial autocorrelation and aggregation characteristics,
and their high-high agglomeration areas are mainly
concentrated in the city proper of Chongqing. These
results can provide potential guidance for developing
differentiated and refined air pollution prevention and
control measures in the region, thereby promoting
the continuous improvement of regional air quality.
More importantly, it can provide a reference for the
practice of collaborative carbon pollution reduction
and regional collaborative emission reduction in Chi-
na’s megacities. It also provide insights and methods
that can be applied to other countries (WHO: World
Health Organization; SCB: Sichuan Basin; NAAQS:
National Ambient Air Quality Standards of China;
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MEIC: Multi-resolution Emission Inventory for
China; VOCs: Volatile Organic Compounds).
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measures

1 Introduction

Rapid global economic growth, urban expansion, and
accelerated industrialization have led to the emission
of large amounts of air pollutants around the world
(Martori et al.,2022; Shi et al.,2020). This has made
air pollution a common urban environmental problem
facing the world (Huynh et al., 2023; Rahman et al.,
2021; Song et al., 2022). Air pollution has the char-
acteristics of diversity and complexity, which lead
to a series of ecological and environmental effects,
endangers human health, and threatens sustainable
economic and social development (Bai et al., 2022a,
b; Boniardi et al., 2023). Numerous cities around the
world are encountering a development bottleneck due
to air pollution. About 99% of the population in 97%
of the world’s cities breathe air that exceeds World
Health Organization (WHO) guidance limits (Kazemi
Shariat Panahi et al., 2022; Liu et al., 2023). In addi-
tion, air pollution ranks as the fourth cause of death
in the world and is closely related to cardiovascular

Fig. 1 China’s carbon 140

disease morbidity and mortality (Luo et al., 2022;
Montone et al., 2023). Global Burden of Disease of
2019 shows more than 7 million premature deaths in
China, about 26% of which are attributable to PM, s
and O; exposure (Shi et al., 2021).

In the short term, China’s carbon dioxide emissions
are on an upward trend and still rank first in the world
(Fig. 1) (Li et al., 2021b; Wang et al., 2019; Zhao
et al.,, 2019). Currently, China faces the dual chal-
lenges of improving air quality and addressing climate
change, and also pledged to achieve the peak of carbon
dioxide emissions by 2030 and to realize carbon neu-
trality by 2060 (Energy Foundation China, 2020). Chi-
na’s air pollution prevention and control has reached
a deep water areas and is in the stage of coordinated
control of O3, PM, 5 and carbon emissions (Feng et al.,
2023a, b); Li et al., 2023; Tang et al., 2022). Previous
studies have found that driven by factors such as cli-
mate change, China’s surface O; and PM, 5 pollution
hazards will become more serious (Huynh et al., 2023;
Luo et al., 2022; Qi et al., 2023). In 2022, the aver-
age proportion of days with good air quality in China’s
339 cities at prefecture level and above was 86.5%,
while the average O; concentration was 145 pg/m’,
a year-on-year increase of 5.8% (Ji et al., 2024; Yang
et al.,, 2023; Yi et al, 2022). Relevant projections
show that the number of premature deaths caused by
PM, 5 will reached 1.59 million deaths in 2030 and
about 13.44 million premature deaths in 2100 (China
Clean Air Policy Partnership, 2021).
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During China’s “14th Five-Year Plan” period, it is
necessary to highlight shortcomings and strengthen
coordinated control of PM, 5 and O; (Feng et al., 2019;
Lin et al., 2022; Wu et al., 2021). In December 2023, the
State Council of China issued the “Action Plan for Con-
tinuous Improvement of Air Quality”, which focuses on
improving air quality and emphasizes the coordinated
control of PM, 5 and O; (Feng et al., 2023a), b); Peng
et al., 2020). In addition, existing studies have demon-
strated that severe air pollution occurs frequently in
highly industrialized and urbanized cities with complex
terrains (basins and mountains), such as Beijing, Lan-
zhou and Chongqing in China (Dong et al., 2018; Liu
et al., 2022). Numerous studies have shown that govern-
ments face greater challenges in improving air quality in
the Sichuan Basin (SCB) (Ning et al., 2018; Xu et al.,
2018). Therefore, it is particularly important to pay more
attention to and fully understand the current pollution
situation and research progress in Chengdu and Chong-
qing (Ding et al., 2022; Wang et al., 2020; Zhang et al.,
2022). The unique basin topography and complex mete-
orological conditions impedes the diffusion and migra-
tion of local pollutants, making the pollution problems
in these two megacities particularly severe (Fan et al.,
2020; Tian et al.,2019; Xu et al., 2020; Zhang et al.,
2019). From 2013 to 2017, the chronic per capita mor-
tality rate (1.4%o) in Chongqing caused by PM, s ranked
first in China (Wang et al., 2020).

Many scholars have explored the current situation,
causes, distribution characteristics and chemical com-
position of air pollution in SCB from different perspec-
tives (Deng et al., 2022a, b); Hu et al., 2022; Qiao et al.,
2021; Zhang et al., 2022). Even for the same research
subjects, there may be significant bias in the results due
to differences in parameters and methods discussed
(Liu et al.,, 2021). What's more, most of the exist-
ing studies focus on specific pollution events and the
research time is relatively short. Therefore, it is difficult
for some existing studies to accurately characterize the
long-term pollution status of these two megacities. The
spatial and temporal changes of O; and PM, 5 compos-
ite pollution in Chongqing and their possible internal
relationships have not yet been systematically evalu-
ated. In the long term, there are still many unknowns
about the spatiotemporal heterogeneity of pollutants
in Chongqing’s megacities. In addition, there is rela-
tively limited research on the long-term spatiotempo-
ral variation characteristics of PM, 5 and O; pollutants
in this megacity from the perspective of districts and

counties. Further exploration of the spatial autocorrela-
tion effects of air pollutants in Chongging is a topic that
cannot be ignored in the research directions of environ-
ment, energy and economy. However, few studies have
focused on the spatial distribution pattern of pollutants
over long periods of time in this mountainous megacity
in the SCB.

In view of the limitations of previous research,
such as limited research scope, short time series, this
paper analyzes the long-term (2017-2022) spatiotem-
poral variation patterns of PM, 5 and O in Chongqing
from different perspectives. Specifically, (1) Focus on
analyzing the temporal characteristics of PM, 5 and
O; at different time scales, and deeply explore the
compliance rates of PM, 5 and O; as well as the Pear-
son correlation between them; (2) The annual spatial
distribution maps of PM, s and O; were discussed
using ArcGIS interpolation analysis; (3) Combined
with GeoDa software, the spatial autocorrelation of
PM, 5 and O; during the long-term period was tested
based on the global Moran’s I statistic; (4) The spa-
tial aggregation areas, aggregation type and detailed
distribution of PM, 5 and O; in various districts and
counties were explored through local Moran’s I analy-
sis. The main contribution of this study is to provide a
more detailed long-term analysis of the spatial effects
of typical mountainous megacities. This allows for a
more accurate assessment of pollutant emissions at
the district and county levels. In addition, it will help
the Chengdu-Chongqing region achieve its “dual car-
bon” goals by providing refined and targeted emission
reduction policies and control suggestions. It will also
provide an action guide for China to comprehensively
coordinate and promote coordinated carbon pollution
reduction, and further promote the comprehensive
green transformation of China’s economy.

2 Methodology
2.1 Study Area

Chongqing is one of the four major municipali-
ties in China and located in southwest China
(E105°11°~110°11°, N28°10°~32°13") (Ding
et al., 2022; Qiao et al., 2019). It covers an area of
82,400 square kilometers, which is much larger than
China’s megacities such as Beijing and Shanghai
(Table 1). There are 38 county-level administrative

@ Springer



436 Page 4 of 34

Water Air Soil Pollut (2026) 237:436

regions, which can be divided into “one district and
two clusters” (Fig. 2) (Feng et al.,, 2023a, b); Su
et al., 2018). The city is mainly mountainous (76%),
followed by hilly areas (22%), and only some areas
are flat valleys (2%) (Ding et al., 2022). The terrain
is high in the southeast and northeast, low in the
middle and west, and gradually decreases from the
north to the south along the Yangtze River Valley
(Fig. 2). It is known as a “mountain city” and “Fog
City” and is a model of mountain cities in China. In
addition, the region has a subtropical monsoon cli-
mate. Its main climatic characteristics are abundant

precipitation (annual average relative humidity
of 70%~80%), cloudy and foggy weather, and fre-
quent meteorological disasters (Ding et al., 2022; Ji
et al., 2019; Zhang et al., 2022). Since the spatial
differences in county economic development are
very significant, this study selected 38 districts and
counties in Chongqing as the basic research units.

2.2 Data Sources and Processing

This study mainly explores the spatiotemporal het-
erogeneity and aggregation characteristics of Oj

Table 1 Overview of the
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deve O,aner_lt o typ 1ca lation (10 000 persons) (100 million yuan)  rate (%)
megacities in China (2022)
(SOUTCfi http://www.stats. Beijing 16411 2184.3 41610.9 87.6
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Fig. 2 Chongqing geographical location
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and PM, s in Chongqing and the main data involved
include air pollutants data, natural factor data set, and
socioeconomic data (Table S1) (Chen et al., 2022;
Ma et al., 2024; Zhan et al., 2019). In addition, the
“daily average”, “monthly average” and “annual aver-
age” of the pollutants and other data involved are
processed with reference to MEP (http://www.zhb.
gov.cn/). In addition, the distribution of pollutants at
different time scales in Chongqing mainly refers to
the National Ambient Air Quality Standards of China
(NAAQS) and the WHO introduced concentration
limits (Table S2). It also referenced the Technical
Regulation on Ambient Air Quality Index of China
(HJ633-2012) (Table 2). The spatial analysis of pol-
lutants in the study was mainly completed by kriging
interpolation using ArcGIS (version 10.8). The spa-
tial autocorrelation of pollutants was verified using
the GeoDa platform combined with ArcGIS. At the
same time, other related analysis and charting were
conducted through Excel, SPSS, Minitab and Origin
statistical software.

2.3 Research Methodology
2.3.1 Pearson Correlation Coefficient

Correlation analysis is an effective method to iden-
tify the strength of the relationship between two ran-
dom variables, among which Pearson, Ken-dall and
Spearman are the most widely used (Ai et al., 2024;
Rahman et al., 2021; Xiao et al., 2023). In addition,
Pearson is more suitable for continuous numerical
variables. In this study, the Pearson correlation coeffi-
cient was utilized to explore the relationships between
PM,s and O; concentrations. The mathematical
expression is as Eq. (1), X; and Y; represent the daily
average PM, 5 and O; concentrations on the i day,
respectively. The coefficient ranges from —1 to +1.
The closer the value is to 1, the stronger the positive

or negative correlation between the two variables,
while R=0 indicates no linear correlation (Feng &
Fang, 2022; Han et al., 2023).

R
VB (-5 £ (-7

n
=

M=

2.3.2 Kriging Interpolation

For monitoring point data with spatial autocorrela-
tion, the complete spatial distribution in the entire
area can be understood through interpolation. The
spatial interpolation method is an important method
for visually studying the regional distribution char-
acteristics of air quality. Currently, the most com-
monly used spatial interpolation methods in the
analysis of air quality distribution characteristics
include inverse distance (IDW) interpolation and
kriging interpolation (Fan et al., 2024; Kumar et al.,
2022; Tamir & Atallel, 2023). Kriging interpola-
tion analysis is an interpolation method based on
statistics, which is suitable for the study of region-
alized variables with spatial correlation (Gao et al.,
2022). Compared with other interpolation methods,
this interpolation method takes into account both
the spatial position relationship between points and
the spatial autocorrelation relationship of attribute
variables between known points (Han et al., 2023;
Tamir & Atallel, 2023). Therefore, the interpolation
results are more consistent with the variation pat-
terns of attribute variables in the study area. Krig-
ing interpolation can be expressed as Eq (2), where
Z*(xo) is the estimated value at the interpolation
point x,; z(x;) is the observed value at x; among the
n sample points; 4, is the corresponding weight. The

Table 2 PM, 5 and O,
concentration classification

Grades

PM, 5 pollution concentration

O; pollution concentration

Excellent

Good

Mild pollution
Moderate pollution
Heavy pollution
Severely pollution

<35 pg/m’
35.01-75.00 pg/m®
75.01-115 pg/m®
115.01-150 pg/m?
150.01-250.01 pg/m*
>250pg/m’

< 100 pg/m®
100.01-160.00 pg/m*
160.01-215.00 pg/m*
215.01-265.00 pg/m*
265.01-800.00 pg/m*
>800pg/m’
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Kriging interpolation method needs to satisfy two
conditions: unbiasedness (Eq (3)) and minimum
estimated variance (Eq (4)) (Han et al., 2023; Ran
et al., 2020; Wong et al., 2023).

(%) = Z Az(x;) @)
i=1

Elz(x) = 2"(x)] = 0 3)

Var|z(xy) — 2" (x,)] = min 4)

Kriging interpolation is one of the most commonly
used methods in the spatial characteristics analysis
of air pollutants at the city scale. It includes ordinary
kriging, general kriging, and simple kriging, etc. Ordi-
nary kriging is mainly suitable for most spatial data
without obvious global trends, and it is also the most
commonly used and basic method. General kriging is
often used when the data exhibits a clear global trend.
Simple kriging typically assumes that the overall mean
of the study area is a known constant, and this method
is less commonly used. Based on the uncertainty of
pollutant change trends, this study chose the ordinary
kriging method to draw spatial distribution maps of
PM, 5 and O; pollutants, and then explored their spa-
tiotemporal variation characteristics. In addition, com-
mon semivariogram models in the Kriging method
include the spherical model, the exponential model,
and the Gaussian model. The spherical model is the
most commonly used and can well describe phenom-
ena with a defined spatial correlation range. The expo-
nential model usually indicates that spatial correlation
gradually decreases with distance, while the Gaussian
model is suitable for phenomena with very smooth
spatial variations. This study compared the cross-val-
idation results under different semivariogram models
using the root mean square error (RMSE) and selected
the spherical model (with the smallest RMSE) as the
optimal interpolation model.

2.3.3 Spatial Autocorrelation Analysis

Global Spatial Autocorrelation As regional air
pollutant emissions have the characteristics of spa-
tial spillover and spatial diffusion, air pollution has
significant spatial autocorrelation (Wang et al., 2023;
Zhao et al., 2022). Spatial autocorrelation analysis

@ Springer

is a statistical method used to reveal the aggregation
characteristics of geographical entities or attributes in
spatial distribution, including global and local spatial
autocorrelation (Liu et al., 2022). Global spatial auto-
correlation expresses the spatial aggregation or disper-
sion of attribute values in a specific area. This study
uses the global Moran’s I index to determine the aggre-
gation or discrete characteristics of urban air pollutants
in geographical space, thereby determining whether
there is spatial agglomeration of urban air quality in
the study area, which can be calculated by Eq. (5). The
global Moran’s I index can reflect the overall spatial
autocorrelation of the research unit, and the value of 1
is [-1,1] (Xu et al., 2022). The closer Moran’s I value
is to 1, the stronger the positive autocorrelation of spa-
tial distribution. This means that the distribution of O;
and PM, 5 in various districts and counties of Chong-
qing has a more obvious clustering characteristic. If it
is closer to —1, it indicates that the distribution of the
pollutants in the city has more prominent discrete char-
acteristics (Wang et al., 2020; Xu et al., 2022). When |
is equal to 0, it indicates that the distribution of urban
PM, 5 and O; shows random distribution characteris-
tics. In addition, the P value in autocorrelation analysis
can determine the reliability of the dataset, while the
Z value and I value are used to distinguish the degree
of clustering or dispersion patterns of the dataset (Si
et al., 2024; Wang et al., 2023; Xu et al., 2022).

Moran's I =

®

In the formula, n represents the number of coun-
ties in the study region, y; and y; represent the aver-
age concentration of pollutants in study area i and
study area j, y represents the average concentra-
tion of pollutants in all areas, and Wij represents the
spatial weight matrix between study areas i and j
(Wang et al., 2020; Xu et al., 2022). Common meth-
ods for constructing spatial weight matrices include
the distance threshold method, the inverse distance
method, or the k-nearest neighbor method. Based on
the characteristics of Chongqing’s complex terrain,
uneven distribution of monitoring stations, and non-
linear decay of pollutant diffusion, this study uses the
inverse distance weighting method in spatial autocor-
relation analysis. Meanwhile, to ensure the accuracy
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and comparability of the spatial autocorrelation
analysis, the constructed spatial weight matrix was
row-standardized. Furthermore, to more accurately
reflect the physical process of pollutant concentration
continuously decreasing with distance, continuous
weights were used in the analysis. Finally, in order to
verify the significance level of spatial autocorrelation,
calculate the standardized statistic Z(I) as Eq. (6).
Where E(I) and Var(I) represent the expected value
and standard deviation of Moran’s I, respectively (Si
et al., 2024; Wang et al., 2023; Xu et al., 2022).

Z(I) = 1 — E(I)/\/Var(l) (6)

Local Spatial Autocorrelation Global spatial auto-
correlation can only reflect the spatial aggregation
phenomenon but cannot observe the specific loca-
tion of similar clustering areas. Therefore, the local
Moran’s I index is used to further identify the detailed
information of the spatial autocorrelation area and
measured by the spatially correlated local index
LISA. LISA analysis can be used as a basis to judge
the diffusion, migration and spatial correlation of pol-
lutants, and to explore the potential changing trends
of air pollution and severely polluted areas (Dettori
et al., 2021; Mi et al., 2024; Yang et al., 2024). This
research use Moran’s I as an index to clarify the local
spatial correlation of PM, 5 and O5, which is defined
as Eq. (7). Among them, n indicates the number of
study areas; x; and x; expressed the observed values
of pollutants in units i and j respectively; X is the aver-
age value of x; Wj; is the spatial weight matrix ele-
ment (Wang et al., 2021; Zhan et al., 2019).

n(x—X) ¥ W;(x; - %)
Local Moran's I = 7

The significance test uses the standardized statistic
Z to test, and the Z expression is consistent with the
global autocorrelation Eq. (6) (Wang et al., 2021; Zhan
et al., 2019). That is, the horizontal and vertical axes of
the Moran scatter plot are standardized (Z-score stand-
ardized) variable values. The horizontal axis Z (Vari-
able) represents the standardized value of the original
observations for each spatial cell. The vertical axis
WZ (Variable) represents the standardized value of the
weighted average of the neighborhood values for each

spatial cell. Combined with the Z test, four statistically
significant spatial correlation patterns can be detected
as shown in Fig. 3.The autocorrelations in the first and
third quadrants (HH and LL) are positive, and those in
the second and fourth quadrants (LH or HL) are nega-
tive (Ma et al., 2019; Ren & Matsumoto, 2020; Wang
et al., 2020). The specific meanings of the four quad-
rants are as follows: (1) HH (Z>0): Hotspot/clustered
area, indicating that a high-value area is surrounded by
other high-value areas. For example, an area with high
PM, 5/O; concentrations is surrounded by other areas
with high PM, 5/O; concentrations. (2) LL (Z<0): Cold
spot area/cluster area, indicating that a low-value area
is surrounded by other low-value areas. (3) LH (Z<0):
Low value surrounded by high value, indicating that a
low-value cell is surrounded by high-value neighbors.
For example, an area with low PM, 5/O; concentration
is surrounded by other areas with high PM, s/O; con-
centration. (4) HL (Z>0): Areas where high values are
surrounded by low values, indicating that a high-value
cell is surrounded by its low-value neighbors.

3 Results and Discussion

3.1 Temporal Evolution Characteristics of PM, 5 and
0,

3.1.1 Temporal Variation Characteristics in Districts
and Counties

Although the PM, 5 concentration in Chongqing has
generally shown a downward trend in recent years,

|
Low-High | High-High
=) clustering | clustering
§ (L- H) : (H- H)
7<0,I<0 1 Z>0,1>0
|
'S I A
Low-Low | High-Low
clustering |I clustering
o @L-L) | (H-L)
% Z<0,1>0 I 7>0,1<0
= |
|
]
Z<0 0 z>0

Fig. 3 The quadrant parsing of Moran scatterplot
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the O; pollution problem has gradually become
more prominent (Tan et al., 2023; Wang et al.,
2020). Exploring the pollution trends of PM, 5 and
O; from the fperspective of districts and counties
will help to control pollution in a refined manner.
Between 2017 and 2022, the average PM, ;5 con-
centration values in each district and county were
greater than China I standard limit (15 pg/m?®) and
much higher than the WHO, 2021AQGs standard
limit (15 pg/m®) (Fig. 4). Among them, the con-
centration values in Hechuan District, Qijiang Dis-
trict, Bishan District and Rongchang District are all
greater than 40 pg/m>. In addition, the O; concen-
tration values in all districts and counties are also
higher than China I (100 pg/m®), and the values
in Shapingba District, Jiangjin District and Bis-
han District exceed the national Grade II standard
limit (<160 pg/m®). Chongging is an industrial and
transportation hub city located in western China
with a high urbanization rate. Urbanization affects
the concentration of air pollutants by changing air
pollutant emissions, urban form, changes in under-
lying surfaces, and anthropogenic heat release (Ren
& Matsumoto, 2020). Relevant studies also show
that areas with concentrated populations and higher
GDP have higher concentrations of air pollutants

(Huang et al., 2023; Jin et al., 2022; Yang et al.,
2023). For example, Yang et al. (2017) explored
30 cities in China through a regression model and
found that GDP per capita has a negative impact on
SO,. Fu and LI (2020) combined national-level data
and spatial econometric models and found a posi-
tive relationship between per capita GDP and PM,
concentration. The high-value areas of Chongqing’s
population and GDP from 2017 to 2022 are mainly
concentrated in the city proper of Chongqing, with
the highest values in Yubei District and the low-
est values in Chengkou County (Fig. 5). This also
shows that the pollution situation in the city proper
of Chongqing is more serious than that of the other
two clusters.

3.1.2 Daily Variation Characteristics

Clarifying the spatiotemporal distribution pattern of
air pollution is the basis and key issue of air pollution
research. Mastering the temporal changes of urban
air pollutants can better grasp and optimize regional
environmental air quality as a whole. It can be clearly
seen from Fig. 6 that the daily concentration of
PM, 5 fluctuated every year from 2017 to 2022, and
decreased significantly. However, the overall risk of
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PM, s exposure remains large, and anthropogenic
emissions remain high. The daily average value in
2017 is higher than that in other years, with higher
values in December and January-February (win-
ter), and lower values in June-August (summer). The
annual average values from 2017 to 2022 are 43.79pg/
m?, 37.23pg/m>, 31.98pg/m?, 38.25ug/m’, 34.43pug/
m?, 30.96pg/m> respectively, with the maximum val-
ues appearing in January and December. This shows
that PM, 5 needs to be controlled especially in autumn
and winter. From 2017 to 2022, PM, 5 pollution con-
centration levels are dominated by Excellent and
good levels every year, and show an upward trend,
with the largest in 2022 (66.3%) (Table 3). In addi-
tion, mild pollution and moderate pollution accounted
for the largest proportion in 2017 (12.5%), followed
by 2021 (8.0%). Existing research has indicated that
motor vehicle emissions and catering cooking emis-
sions are primary sources of particulate pollutants in
Chongqing (Zhang et al., 2017; Zhou et al., 2019). In
2020, the proportion was the lowest at 3.8%, which
is closely related to the relevant lockdown measures
during the COVID-19 epidemic, such as the reduc-
tion of emissions from factories and transportation
(LI et al., 2023; Mi et al., 2019).

It can be seen from Fig. 7 that during the period
from 2017 to 2022, the daily changes in O; showed a
fluctuating increase in peak concentration from Janu-
ary to August, and a fluctuating downward trend from

September to December. Generally speaking, O; con-
centration is lower in January-February and Decem-
ber (winter), and higher in May-August (spring and
summer). O; is generated from nitrogen oxides and
volatile organic compounds through a series of com-
plex photochemical reactions under the irradiation of
solar ultraviolet (UV) radiation. Chongqing is charac-
terized by long hours of sunshine, strong solar radia-
tion, and high temperatures in summer, which not
only accelerate chemical reactions but also increase
the volatilization of VOCs. Consequently, the rate and
concentration of ozone formation are much higher
than in other seasons. However, the “titration effect”
of ozone is more pronounced in winter. Near-surface
NO concentrations are relatively high in winter, and
NO reacts with ozone (Os + NO — NO, + O,), con-
suming ozone. In addition, the “stable weather” and
“valley winds” formed by unique topography also
contribute to the increased concentration of pollut-
ants (Li et al, 2021a; Liao et al, 2018). Therefore, the
key to preventing and controlling ozone pollution in
summer lies in the coordinated reduction of NOx and
VOCs precursors. At the same time, it is also nec-
essary to pay attention to the forecasting and early
warning of unfavorable meteorological conditions.

In addition, it is worth noting that compared with
the PM, s change trend, the O; concentration does
not show a downward trend year by year. The pro-
portion of mild pollution in 2021 and 2022 shows
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an increasing trend compared with other years,
2 reaching 5.2% in 2022 (Table S3). There were 147
§ _5 = days in 2022 with concentration values higher than
> o~ .
35 3 § 160 pg/m?. Although the traffic volume and indus-
S g 2 = trial activity level decreased significantly during the
g T 28 COVID-19 epidemic, and the emission of air pol-
& 82 <3 o o .o .
lutants decreased significantly, the O; concentration
- showed a recovery trend to varying degrees (Deng
é‘ 7 o~ et al., 2022a, b); LI et al., 2023; Zeng & Bao, 2021).
< —~ . . . . .
52 § 2 In 2020, especially during the period of strict epi-
:‘g % 8 g demic control, traffic volume decreased sharply and
§ S § § some factories stopped operating, resulting in a rapid
o Lcaree e decline in NOx emissions. Meanwhile, VOCs from
industrial and transportation sources have decreased,
22 = and the overall reduction in VOC:s is less than that of
- = é‘ S NOx. This will lead to a shift in the “titration effect”
42 a3 of ozone formation mechanisms, meaning that high
=TS - - ’
g T X RN concentrations of NO will consume ozone. In 2021,
o cane e < with the normalization of epidemic control, social
and economic activities resumed. Due to the rapid
2 5 - recovery of industrial production and road traffic,
.§ N NOx emissions rebounded rapidly, and the recovery
a8 .
S 32 = rate was faster than that of VOCs. When NOx emis-
2 § E NS sions recover while VOCs control fails to be strength-
S n e S o o ened simultaneously, the relatively excessive VOCs,
under sufficient sunlight, efficiently generate ozone.
g % —~ The changes in O5 concentration during the COVID-
32 é‘ @ 19 pandemic in Chongqing reveal the complexity of
8a8un s 0, polluti tion and control
o= 23 , pollution prevention and control.
® S . ® ¥ Based on the national overall goal of air pollution
& BESF -0 o prevention and control, Chongging has also actively
o proposed many prevention and control measures to
_§~ é‘ _ improve air quality and promote the realization of the
a2 E A regional “double carbon” goal. For example, “Chong-
- = =T 3 ing Aut d Winter Air Pollution P ti
S22 qing Autumn an inter Air Pollution Prevention
=~ gad § 8 and Control Actions” were promulgated in 2017; and
2 |8 PR FS o in 2018 Promulgated “Chongqing City’s Implementa-
(5} . . .
3 T e tion Plan for Pollution Prevention and Control (2018-
S Eﬁ & %0 = 2020)” (Gou & Liu, 2022; Ji et al., 2019; Maji et al.,
= ) Y . . .
£|E § -, S E 01 S . 2018). Through this series of measures, the air pol-
= = SN NN . . . . . . .
g gg §1ﬂ ‘,’\I’ :I i) E % lution situation in Chongqing has been significantly
S| 28 S S 2 2. 2 improved, especially PM ollution has been effec-
S EN 2 nNno 9o g3 PR p » €SP y 25 P
ElES|v&L =27 A tively improved. However, O; pollution is still seri-
% - ous. Therefore, O; emission reduction must be based
g . . . .
& % g 2 on local atmospheric chemical conditions (whether it
PN g = .Q .
b= 2725 % is a VOCs control area or a NOx control area), and
A~ = . . o
- g % 2 g ; precise and coordinated NOx and VOCs emission
213 332 o8 e 5 reduction strategies must be formulated.
= | & = 6% 8 8 %
=10 HO =2 =22 @
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Fig. 8 Heat map of monthly changes of PM, s and O5 (2017 - 2022)

3.1.3 Monthly Variation Characteristics

It can be seen from Fig. 8 that from 2017 to 2022, the
high concentration values of PM, 5 are mainly con-
centrated in January, February and December, and the
high concentration values of O; are mainly concen-
trated in May to August. This is basically consistent
with the analysis results of diurnal changes of PM, s
and O; (Fig. 6 and Fig. 7). That is, PM, s has the high-
est value in winter and O; has the highest value in
summer. The enhanced oxidation of the atmosphere
in winter promotes PM, 5 pollution (Huang et al.,
2023; Zhou et al., 2019). In addition, the figure also
shows that the monthly concentration value of PM, s
decreased year by year from 2017 to 2022, indicating
that PM, 5 pollution has been effectively improved.
This also demonstrates the significant effectiveness of
Chongqing’s energy and industrial restructuring and
in-depth treatment of mobile source pollution, includ-
ing end-of-pipe treatment and source substitution
measures. On the contrary, O; concentration shows a
certain upward trend, especially in summer. The O;
concentration value in the summer of 2022 is higher
than that of other years, which shows that O5 pollu-
tion has not been significantly alleviated in recent
years. O; is a typical secondary pollutant, and its rela-
tionship with NOx and VOC:s is not linear. High sum-
mer temperatures accelerate photochemical reaction
rates, leading to increased ozone concentrations. In
addition, PM, 5 (aerosols) scatters and absorbs solar
radiation. When the concentration of PM, 5 decreases
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Year
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T T T T T T

= € 5§ & &8 § 3 % %
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significantly, the solar radiation reaching the ground
increases, thereby improving the efficiency of photo-
chemical reactions. In the past 40 years, rising tem-
peratures and falling humidity in China have aggra-
vated O; pollution, and regional transmission caused
by abnormal circulation is the dominant factor lead-
ing to extreme O; pollution in the SCB. O; pollu-
tion mainly involves the complex chemical coupling
between the emission of precursors and other pollut-
ants and the influence of meteorological factors (Liu
et al., 2021, 2022; Si et al., 2024). Therefore, the
control of O; pollution needs to further consider the
reduction of precursors and the influence of meteoro-
logical factors. Furthermore, developing differenti-
ated and coordinated emission reduction plans is also
crucial.

3.1.4 Correlation Analysis Between PM, s and O3

Understanding the relationship between PM, s and
O; is the basis for implementing coordinated con-
trol and the key to winning the battle to defend the
blue sky. The correlation scatter plot shows that when
the PM, 5 concentration increases, the O; concentra-
tion tends to decrease (Fig. 9). R is all negative from
2017 to 2022, indicating that PM, s and O; are nega-
tively correlated (R<0). The degree of dispersion of
points is large, and an increase in the concentration
of one will cause a decrease in the concentration of
the other. This also reveals the inherent antagonistic
mechanism of complex air pollution in Chongqing.
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Fig. 9 Scatter plot of the relationship between PM, 5 and O,
Overall, the complex relationship between PM, 5 and chemical absorption and scattering, heterogeneous
O; is influenced by a combination of factors. PM, reactions, and changes in atmospheric oxidation (Chu

and O; interact with each other through aerosol et al., 2024; Ma et al., 2023). The decrease in PM, 5
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concentration leads to a weakening of the scaveng-
ing effect of nitrogen oxides and HO,, which in turn
leads to an increase in O; and affects the sensitivity
of ozone generation (Deng et al., 2022a, b); Mi et al.,
2019). Furthermore, Chongqing’s unique topography
and meteorological conditions exacerbated this nega-
tive correlation. However, relevant scholars have sug-
gested that the root cause of China’s O; pollution in
recent years is mainly caused by excessive and con-
centrated emissions of two precursor pollutants, NOx
and VOCs (Lee et al., 2023; Tan et al., 2018). There-
fore, strengthening the synergistic reduction of com-
mon precursors (VOCs and NOx) of PM, 5 and Oy is
an effective way to achieve simultaneous reduction
of both. Chongqing should promote the transforma-
tion of its steel industry towards ultra-low emissions
and thoroughly address pollution in industries such as
cement, coking, and glass. At the same time, it should
strengthen pollution control for motor vehicles. In
addition, policy measures should be tailored to the
season, with a focus on controlling Os precursors in
summer and primary particulate matter in winter.

3.2 Spatial Heterogeneity of Pollutants in Districts
and Counties

3.2.1 Spatiotemporal Distribution of PM, s
Pollutants

Exploring the spatial distribution characteristics of
air pollutant concentrations in megacities will help
improve regional air quality, improve urban life qual-
ity, and provide a basis for traceability and predic-
tions of pollutants. Figure 10 shows that the PM, s
concentration value in the entire region of Chong-
qing shows a downward trend from 2017 to 2022. In
particular, the PM, 5 concentration in the city proper
of Chongqing has improved significantly. The PM, s
pollution concentration in 2017 was more serious
than in other years, with Hechuan District, Ron-
gchang District and Shapingba having the highest
concentration values. High concentration values of
PM, 5 in the city cluster of three gorges reservoir area
in northeast Chongqing are mainly concentrated in
Fengdu County and Changshou County. In addition,
the concentration values of PM, 5 in the city cluster
of Wuling Mountain area in south eastern Chong-
qing are lower than China I standard limit (35pg/m?).
Compared with 2017, the PM, 5 concentration value

in 2018 improved significantly in the city proper of
Chongqing, but the value in Rongchang District was
still the largest. In 2019, the pollution concentration
in about 80% of the city proper of Chongqing was
between 34pg/m® and 41pg/m’. In 2020, the PM, s
concentration improved significantly, with about 90%
of regional concentration values below 34 pg/m>. In
2020, due to strict epidemic control measures, the
number of motor vehicles decreased significantly,
and industrial and construction activities weakened,
resulting in a temporary reduction in industrial emis-
sions and dust emissions. However, compared with
2020, PM, 5 pollution areas in 2021 have a certain
expansion trend in the city proper of Chongqing,
and the concentration values in some areas show an
upward trend. The PM, s is affected by many factors,
among which emissions are the main cause, atmos-
pheric physical and chemical processes are internal
factors, and meteorological conditions are external
factors. The rebound and expansion of PM, s pol-
lution in 2021 was a combined result of economic
“recovery growth” and “unfavorable meteorological
catalysts”. This shows that fundamental improvement
in air quality depends on long-term structural emis-
sion reductions, and improvements brought about by
short-term external shocks (such as the pandemic) are
unsustainable.

3.2.2 Spatiotemporal Distribution of Oz Pollutants

Exploring the spatial pollution characteristics of
PM, 5 and O; is a prerequisite for achieving coordi-
nated control. It is obvious that there are significant
differences in the spatial distribution of O; concentra-
tion between districts and counties in the same year
(Fig. 11). In addition, the high-value areas of O; dur-
ing the study period were observed in the city proper
of Chongqing. From 2017 to 2019, more than 90% of
districts and counties in Chongqing had O; concen-
trations higher than 100 pg/m®. The highest values
in Jiangjin District, Hechuan District and Yongchuan
District appeared in 2017, 2018 and 2019 respectively.
Compared with 2017-2019, the distribution range of
high O, concentration areas shows a shrinking trend in
2020-2021. Overall O; pollution has been reduced and
controlled to some extent. This may be closely related
to the lockdown measures taken during the epidemic
(Bai et al., 2022a, b); Zhang et al., 2022). However,
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Fig. 10 Spatiotemporal distribution of PM, 5 (2017-2022)
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Fig. 11 Spatiotemporal distribution of O; (2017-2022)
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the O; high concentration value area in 2022 shows
a certain expansion trend compared with 2019-2021.
This is mainly due to the increase in industrial pro-
duction and human activities after the epidemic,
and also reflects the urgency of O; pollution preven-
tion and control in Chongqing. Related studies have
revealed the complex nonlinear relationship between
O; and its precursors (Chen et al., 2022; Liu et al,,
2022). Controlling the emission of a single precursor
may not effectively reduce O5 concentration, and may
even cause O concentration to rise instead of falling.
Therefore, to better achieve precise control of O; pol-
lution, it is necessary to further identify the sensitiv-
ity of O5 generation to precursor VOCs and NOx, and
clarify the regional characteristic relationship between
O, pollution, precursor emissions and meteorology.

3.3 The Spatial Autocorrelation of PM, 5 and O,
3.3.1 Moran’s I Analysis of PM, s

The emission and diffusion of atmospheric pollutants
involve complex spatiotemporal and geographical spa-
tial processes, showing certain spatial correlation (Ren
& Matsumoto, 2020). In order to quantitatively meas-
ure the spatial dependence of air pollutant distribu-
tion in neighboring areas, the global Moran index was
calculated based on the geographical distance weight
matrix. Simultaneously, this index was used to charac-
terize the spatial autocorrelation of PM, 5 in Chongging
from 2017 to 2022. Since this study primarily aims to
preliminarily identify potential risk areas for pollutants,
the p-value is derived from a permutation test. Further-
more, the study uses Chongqing’s urban districts and
counties as units, which have a limited number of spa-
tial units. Therefore, a 90% significance level (p < 0.1)
was chosen. Overall, the global Moran’s I index passed
the significance test every year during the study period
(p < 0.1). The Z value is greater than 2.58, indicating
that the PM, 5 concentration in Chongqing shows sig-
nificant spatial autocorrelation and aggregation charac-
teristics at a 90% confidence level. In addition, Table 4
shows that Moran’s I value in Chongqing from 2017 to
2022 are all higher than 0. This indicates that the geo-
graphical distribution of PM, 5 within the study period
exhibits positive spatial autocorrelation.

Moreover, the PM, 5 pollutant status of each district
and county is significantly affected by similar pollution

@ Springer

Table 4 Moran’s I statistics for PM, 5 from 2017 to 2022

Year Morans’I Z-score P-value
2017 0.407 6.36 0.069
2018 0.396 6.18 0.069
2019 0.283 4.58 0.068
2020 0.267 4.42 0.067
2021 0.546 8.60 0.067
2022 0.506 7.94 0.067

in neighboring districts and counties. Among them, the
Moran’s I in 2021 is the largest, indicating a high degree
of spatial aggregation, while the Moran’s I index in 2019
is the lowest. It is obvious that the Moran’s I of PM, s
concentration decreased significantly from 2017 to
2020, which were 0.407, 0.396, 0.283 and 0.267, respec-
tively. It can also be seen from Fig. 12 that scattered
points are mainly distributed in the first and third quad-
rants. That is, there are obvious HH aggregation and LL
agglomeration in the PM, 5 concentration distribution.
This shows that districts and counties with high (low)
concentrations of PM, 5 are surrounded by districts and
counties with high (low) concentrations. Furthermore,
this also demonstrates that pollution is not randomly
distributed, but rather exhibits a significant spatial clus-
tering pattern of “high concentrations remaining high
and low concentrations remaining low.” In other words,
pollution problems have strong regional and contiguous
characteristics. Therefore, prevention and control strate-
gies must shift from “targeting isolated point sources”
to a systemic approach that “targets the entire spatial
region and inter-regional relationships (Xu et al., 2021;
Yu et al., 2019; Zhang et al., 2018).”

3.3.2 Moran’s I Analysis of O;

Global Moran’s I can clarify the distribution pat-
tern of O; concentration in the study area. As can
be seen from Table S4, the Moran’s I value of O,
from 2017 to 2022 are all positive, and the Z value
is also greater than 2.58. It shows that O; emission
is statistically significant at a confidence level of
90% (p<0.1) and the emission distribution has spa-
tial positive aggregation characteristics. Over the
six years, Moran’s I value mostly fluctuated between
0.64 and 0.77. This indicates that the spatial correla-
tion of O; concentrations across different regions and
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counties did not change significantly between 2017
and 2022. And the Moran’s I value of O; concen-
tration is higher than 0.5, which also indicates high
spatial overflow. Overall, the O; spatial autocorrela-
tion level showed an upward trend during the study
period, indicating that spatial autocorrelation was
enhanced. The Moran’s I scatter plot further con-
firmed that there is a significant positive spatial auto-
correlation in the annual average O; concentration
from 2017 to 2022. This also proves that areas with
high (low) O; concentrations are surrounded by other
areas with high (low) O; concentrations (Fig. 13). In
addition, the points in the first and third quadrants are
distributed further than the points in the second and
fourth quadrants. This further illustrates the spatial
imbalance and positive spatial correlation character-
istics of the O; concentration distribution. Especially
in the first and third quadrants, there are obviously
more points than in the second and fourth quad-
rants, and they show a clustered distribution around
the origin. It shows that there are more HH and LL
agglomeration areas. That is, areas with higher or
lower O5 emission concentrations are more likely to
be spatially agglomerated. This also indicates that
O; pollution has regional pollution sources or areas
with significant pollution diffusion effects, as well
as “clean cold spots”. Therefore, pollution control
measures must emphasize regional coordination and
implement “precise policies based on regional classi-
fication.” Furthermore, attention must also be paid to
“spatial layout and structural optimization.”

3.4 Spatial Aggregation and Significance Analysis

3.4.1 Spatial Aggregation Characteristics

Spatial Aggregation Characteristics of PM, s There
may be certain differences in spatial autocorrelation
levels between adjacent districts and counties, but the
global Moran scatter plot can only represent the spa-
tial aggregation characteristics of pollutants and cannot
provide any regional significance test results. The LISA
cluster map in local Moran’s I index analysis can well
discover the potential changing trends of air pollution
and severely polluted areas (Dong et al., 2019). From
Fig. 14, it can be found that the spatial distribution of
PM, 5 shows a pattern of high in the west and low in
the east, with high value areas (HH) mainly distributed

in the city proper of Chongqing. Moreover, its distribu-
tion characteristics showed annual differences during
the study period. During 2017-2022, the number of dis-
tricts and counties belonging to the HH and LL clusters
were 15 (39.5%), 14 (36.8%), 8 (21.1%), 10 (26.3%),
27 (71.1%) and 21 (55.3%), respectively. This further
demonstrates the spatial autocorrelation of PM, 5 con-
centration in Chongqing (Table 5). Among them, the
HH aggregation area was the smallest in 2019, and
the distribution ranges of both HH and LL aggrega-
tion areas were the largest in 2021. This indicates that
the positive spatial correlation characteristics of PM, 5
are the most significant in 2021. In 2017, the HH clus-
ter area was mainly found in the city proper of Chong-
qing, including Tongnan District, Yongchuan District,
Tongliang District, Rongchang District and Dazu Dis-
trict. The spatial clustering analysis in 2018 showed that
its distribution characteristics were similar to those in
2017. However, the HH region showed an expanding
trend compared to 2017, while the LL clustering region
showed a certain shrinking trend. The spatial aggrega-
tion distribution pattern of PM, 5 in 2019 are obviously
different from other years. The distribution range of HH
agglomeration areas is small and mainly concentrated
in a small number of areas (Jiangjin District, Beibei
District, Yubei District). The number of districts and
counties with HH clusters in 2020 is the same as that
in 2019, but the regions have changed slightly. In 2021,
the HH agglomeration area has increased to 16 dis-
tricts and counties, widely observed in the central city
of Chongqing. Compared with 2021, the HH and LL
agglomeration areas have shown a certain decrease in
2022, but the distribution area is basically the same as
in 2021.

Spatial Aggregation Characteristics of O; From
the results in Fig. 15, we can have a clear view
about the detailed structure of spatial clustering of
O;. Undoubtedly, the agglomeration characteristics
of HH and LL are very obvious. That is, a district
or county with high or low O; values is always sur-
rounded by other areas with higher or lower O con-
centrations. The number of districts and counties
with HH clusters was 16 (42.1%) in 2017, and 17
(44.7%) in 2018-2022. And the number of districts
and counties in the LL cluster is 15 in 2021, and
14 (36.8%) in the other years (Table S5). In addi-
tion, it is worth noting that the HH cluster area cov-
ers the city proper of Chongqing. In contrast, the
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districts and counties belonging to the LL cluster
type are mainly concentrated in the city cluster of
Wuling Mountain area in south eastern Chongqing
and the city cluster of three gorges reservoir area in
northeast Chongqing. Obviously, the LL agglomera-
tion area accounts for the largest area, followed by
the HH area. The HL and LH cluster areas are very
small in size, with only a few scattered grids. From a
spatiotemporal distribution perspective, the regional
distribution characteristics of positive spatial auto-
correlation (HH and LL) remained largely consistent
throughout the study period. This indicates that O,
exhibited strong positive spatial correlation in each
year. Generally speaking, the spatial aggregation
characteristics of O; are significantly stronger than
that of PM, s. However, the regional distribution of
HH aggregation types of O; is basically consistent
with that of PM, s, both of which are mainly con-
centrated in the city proper of Chongqing. The rapid
development of urbanization in the main urban area
coupled with the increase in industrial activities and
the number of motor vehicles has jointly led to high
PM, 5 and O; concentrations in this area.

3.4.2 Spatial Significance Characteristics

Spatial Significance Characteristics of PM, s The
z-value and p-value can be used to determine whether
to reject the null hypothesis (random distribution) and
thus characterize statistical significance. A smaller
p-value indicates that it is less likely that the spatial
pattern is random (Liu et al., 2022). P<0.1 indicates
that the null hypothesis is rejected at the 90% confi-
dence interval, and P>0.1 means there is no spatial
autocorrelation in the research object (LI et al., 2017).
In addition, when P<0.01, it revealed that the null
hypothesis is rejected at the 99% confidence inter-
val. That is, the research object has spatial autocor-
relation (LI et al., 2017). LISA significant map can
make up for the shortcomings of Moran’s scatter
plot. The LISA agglomeration diagram can not only
clearly display the type of aggregation of observation
units, but also present the significance level of local
spatial agglomeration around the observation area
(Liu et al., 2022; Mi et al., 2021). This makes up for
the shortcomings of Moran scatter plots. In order to
better understand the spatial clustering of PM, 5 con-
centration in the study area, Figure 16 reports the

detailed information on the spatial significance of
PM, 5 between 2017 and 2022. It is obvious that there
are differences in spatial distribution of P values in
the study area (2017-2022). The number of districts
and counties with P<0.001 in 2021 is significantly
higher than in other years, followed by 2022. Over-
all, the spatial significance characteristics are consist-
ent with the significant clustering regions shown in
the clustering diagram, such as high-high (hot spots)
and low-low (cold spots). This indicates that these
regions (HH and LL) remain significant at the 95%
significance level (p < 0.05). This means that the spa-
tial distribution of pollutant concentrations exhibits
a highly significant clustering pattern. The phenom-
enon of high-value areas being adjacent to high-value
areas and low-value areas being adjacent to low-value
areas is not accidental. This result provides spatial
statistical evidence for the subsequent implementa-
tion of precise environmental control policies based
on zoning and classification.

Spatial Significance Characteristics of O; Fig-
ure 17 can help us better understand the spatial sig-
nificance structure of O; concentration values in
Chongqing. Most districts and counties passed the
significance test (p < 0.1) between 2017 and 2022. In
addition, the distribution characteristics of the regions
with P < 0.1 shown in Fig. 17 are consistent with the
characteristics of the HH and LL regions shown in
Fig. 15. This further indicates that the O; distribution
in this region remains spatially significant at a 95%
significance level (p < 0.05). During the study period,
the P value of most areas in Chongqing’s central
urban area was 0.01, and the P value of some areas
was 0.001. This indicates that the confidence lev-
els in these areas were 99% and 99.9%, respectively.
In addition, the P values in the city cluster of three
gorges reservoir area in northeast Chongqing are all
lower than 0.1, indicating that this area exhibits spa-
tial autocorrelation at the confidence level of 90%,
95%, and 99.9%. In most areas of the city cluster of
Wuling Mountain area in south eastern Chongqing,
the P value is less than 0.1. The clustered distribu-
tion with a P value of 0.001 mainly occurred in the
southeastern part of the Wuling Mountain urban
agglomeration (2017, 2020) and the northeastern part
of the Three Gorges Reservoir urban agglomeration
(2021-2022).
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Table 5 Spatial Correlation of PM, 5 pollutant

Year Quadrant  Spatial Number Rate

Details of districts and counties

Correla-
tion
2017 Quadrant 1 HH 5 13.2% The city proper of Chongging: Tongnan District, Tongliang District, Dazu District,
Rongchang District, Yongchuan District.
Quadrant 3 LL 10 26.3% The city cluster of Wuling Mountain area in south eastern Chongqing and the city
cluster of three gorges reservoir area in northeast Chongqing: Chengkou Country,
Wauxi Country, Wushan Country, Fengjie Country, Yunyang Country, Kaizhou
District, Qijiang District, Youyang District, Pengshui Country, Xiushan Country.
Quadrant2 LH 0 0 ---
Quadrant 4 HL 0 0 -
- NS 23 60.5% The city proper of Chongqing and the city cluster of Wuling Mountain area in
south eastern Chongqing.
2018 Quadrant 1 HH 7 18.4% The city proper of Chongqing: Tongnan District, Tongliang District, Dazu District,
Rongchang District, Yongchuan District, Jiangjin District, Hechuan District.
Quadrant 3 LL 7 18.4% The city cluster of Wuling Mountain area in south eastern Chongqing and the city
cluster of three gorges reservoir area in northeast Chongqing: Qijiang District,
‘Wushan Country, Fengjie Country, Yunyang Country, Youyang District, Pengshui
Country, Xiushan Country.
Quadrant2 LH 0 0 -
Quadrant4 HL 2 5.2%  The city cluster of three gorges reservoir area in northeast Chongqing: Wuxi Coun-
try, Wanzhou District.
- NS 22 57.9% The city proper of Chongqing and the city cluster of three gorges reservoir area in
northeast Chongqing.
2019 Quadrant 1 HH 3 7.9%  The city proper of Chongqing: Jiangjin District, Beibei District, Yubei District.
Quadrant3 LL 5 13.2% The city cluster of Wuling Mountain area in south eastern Chongging and the city
cluster of three gorges reservoir area in northeast Chongqing: Qijiang District,
‘Wushan Country, Fengjie Country, Youyang District, Pengshui Country.
Quadrant2 LH 3 7.9%  The city cluster of three gorges reservoir area in northeast Chongqing: Tongnan
District, Dazu District, Yongchuan District.
Quadrant4 HL 3 7.9%  The city cluster of Wuling Mountain area in south eastern Chongqing and the city
cluster of three gorges reservoir area in northeast Chongqing: Wuxi Country,
Wanzhou District, Xiushan Country.
- NS 24 63.2% The city proper of Chongqing and the city cluster of three gorges reservoir area in
northeast Chongging.
2020 Quadrant 1 HH 3 7.9%  The city cluster of three gorges reservoir area in northeast Chongqing: Jiangjin
District, Qijiang District, Jiulongpo District.
Quadrant 3 LL 7 18.4% The city cluster of Wuling Mountain area in south eastern Chongqing and the city
cluster of three gorges reservoir area in northeast Chongqing: Wushan Country,
Fengjie Country, Yunyang Country, Wuxi Country, Pengshui Country, Youyang
Country, Qijiang District.
Quadrant2 LH 4 10.5% The city proper of Chongging: Tongnan District, Dazu District, Yongchuan Dis-
trict, Shapingba District.
Quadrant 4 HL 1 2.6% The city cluster of Wuling Mountain area in south eastern Chongqing: Xiushan
Country.
-—- NS 23 60.5% The city proper of Chongging and the city cluster of three gorges reservoir area in

northeast Chongqing.
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Table 5 (continued)

Year Quadrant  Spatial ~ Number Rate Details of districts and counties
Correla-
tion
2021 Quadrant 1 HH 16 42.1% The city proper of Chongqing: Tongnan District, Tongliang District, Dazu District,
Rongchang District, Yongchuan District, Jiangjin District, Hechuan District, Qiji-
ang District, Ba’nan District, Nan’an District, Jiulongpo District, Bishan District,
Beibei District, Shapingba District, Yuzhong District, Dadukou District.
Quadrant 3 LL 11 28.9% The city cluster of Wuling Mountain area in south eastern Chongqing and the city
cluster of three gorges reservoir area in northeast Chongqing: Chengkou Country,
Wuxi Country, Kaizhou District, Yunyang Country, Fengjie Country, Wushan
Country, Fengdu Country, Qianjiang District, Youyang Country, Pengshui Coun-
try, Xiushan Country.
Quadrant 2 LH 1 2.6%  Shapingba District.
Quadrant 4 HL 1 2.6%  Wanzhou District.
- NS 9 23.7% The city proper of Chongqing and the city cluster of three gorges reservoir area in
northeast Chongqing.
2022 Quadrant 1 HH 13 34.2% The city proper of Chongqging: Tongliang District, Rongchang District, Yongchuan
District, Jiangjin District, Qijiang District, Ba’nan District, Nan’an District,
Jiulongpo District, Bishan District, Beibei District, Shapingba District, Yubei
District, Nanchuan District.
Quadrant3 LL 8 21.1% The city cluster of Wuling Mountain area in south eastern Chongging and the city
cluster of three gorges reservoir area in northeast Chongqing: Wuxi Country,
Yunyang Country, Fengjie Country, Wushan Country, Qianjiang District, Youy-
ang Country, Pengshui Country, Xiushan Country.
Quadrant 2 LH 2 5.3% Tongnan District, Shapingba District.
Quadrant 4 HL 1 2.6%  Wanzhou District.
- NS 14 The city proper of Chongqing and the city cluster of three gorges reservoir area in

northeast Chongging.

4 Conclusions is a complex linear interaction between PM, 5 and
05, with an overall negative correlation.

4.1 Conclusions (2) PM, 5 and O; had significant positive spatial
autocorrelation and aggregation characteristics
during the study period. The scatter points in the
Moran’s I scatter plot are mainly distributed in
the first and third quadrants. This indicates that

districts and counties with high (low) concentra-

Pollutant emission reduction can effectively promote
the synergy between the two strategic goals of the
“double carbon” strategy and the construction of a
beautiful China. This study analyzed the spatiotempo-
ral heterogeneity of PM, 5 and O; in Chongqing, and tions of PM, 5 and Oj are surrounded by districts
also explored the spatial aggregation and outlier dis- and counties with high (low) concentrations.
tribution characteristics of pollutants. The main con- (3) The spatial aggregation characteristics of O; were
clusions are as follows: significantly stronger than those of PM, 5 across
the entire district. Meanwhile, the distribution

(1) Areas with high concentrations of both pollut- of PM, 5 showed a pattern of higher levels in the

ants are concentrated in the city proper of Chong-
qing, and there are spatial distribution differences
between districts and counties. In addition, there

west and lower levels in the east. In addition, the
areas where PM, 5 and O; showed spatial aggre-
gation areas showed high significance.
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4.2 Suggestion and Prospects

Cross-border governance and regional linkage are bet-
ter ways to control PM, s and O; pollution. This study
puts forward recommendations for joint prevention
and control of air pollution from multiple perspectives
at the provincial, regional, district and county levels.
(1) Collaborative emission reduction of multiple pol-
lutants is the fundamental way to curb PM, 5 and O,
composite pollution. Chongqging should use carbon
neutrality strategies to continue to promote deep NOx
emission reductions and reduce oxidation to achieve
long-term root causes. (2) From the perspective of
regional development, local governments particularly
need to combine in-depth governance with differenti-
ated management and control when formulating and
implementing emission reduction policies. Targeting
key seasons and key processes, differentiated control
measures need to be taken from the aspects of region,
time, source, variety, etc. (3) For individual districts
and counties, local governments should implement
scientific and refined control measures based on local
conditions. Special attention should be paid to indus-
tries with high pollution emissions (transportation,
steel industry, etc.) and enterprises with good emis-
sion reduction results. The selection of this study area
is typical and detailed, and the spatiotemporal het-
erogeneity characteristics and spatial autocorrelation
characteristics of PM, 5 and O; concentrations can be
obtained more clearly and intuitively. However, PM, s
and O; pollution are affected by the coupling of mul-
tiple complex factors. Therefore, in the next step, it is
necessary to continue to explore the sensitivity rela-
tionship of the precursor control categories, namely
0;-NOX-VOCs, and the emission reduction ratio. In
addition, carrying out collaborative carbon pollution
reduction (PM, 5-O5-carbon collaborative reduction)
in the Chengdu-Chongqing region is also an urgent
issue that needs to be continuously discussed under
the “dual carbon” goal.
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