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Abstract: To investigate the spatiotemporal patterns of fine particulate matter (PM2.5) under years
of control measures in China, a comprehensive analysis including statistical analysis, geographical
analysis, and health impact assessment was conducted on millions of hourly PM2.5 concentrations
data during the period of 2017–2020 in six typical major urban agglomerations. During the period
of 2017–2020, PM2.5 concentrations in the Beijing–Tianjin–Hebei urban agglomeration (BTH-UA),
Central Plains urban agglomeration (CP-UA), Yangtze River Delta urban agglomeration (YRD-UA),
Triangle of Central China urban agglomeration (TC-UA), Chengdu–Chongqing urban agglomeration
(CY-UA), and Pearl River Delta urban agglomeration (PRD-UA) decreased at a rate of 6.69, 5.57, 5.45,
3.85, 4.66, and 4.1 µg/m3/year, respectively. PM2.5 concentration in BTH-UA decreased by 30.5%
over four years, with an annual average of 44.6 µg/m3 in 2020. CP-UA showed the lowest reduction
ratio (22.1%) among the six regions, making it the most polluted urban agglomeration. In southern
BTH-UA, northeastern CP-UA, and northwestern TC-UA, PM2.5 concentrations with high levels
formed a high–high agglomeration, indicating pollution caused by source emission in these areas
was high and hard to control. Atmospheric temperature, pressure, and wind speed have important
influences on PM2.5 concentrations. RH has a positive correlation with PM2.5 concentration in north
China but a negative correlation in south China. We estimated that meteorological conditions can
explain 16.7–63.9% of the PM2.5 changes in 129 cities, with an average of 33.4%, indicating other
factors including anthropogenic emissions dominated the PM2.5 changes. Among the six urban
agglomerations, PM2.5 concentrations in the CP-UA were most influenced by the meteorological
change. Benefiting from the reduction in PM2.5 concentration, the total respiratory premature
mortalities in six regions decreased by 73.1%, from 2017 to 2020. The CP-UA had the highest
respiratory premature mortality in six urban agglomerations. We suggested that the CP-UA needs
more attention and stricter pollution control measures.

Keywords: PM2.5; spatiotemporal variations; health impacts; meteorological factors

1. Introduction

In the past few decades, thanks to the reform and opening-up policy, China’s economy
has developed rapidly, making it the second-largest economy in the world. With the
rapid social and economic progress, a lot of anthropogenic pollutants from fossil fuel
combustion, vehicles, steel smelting, building construction, and so on, were emitted into
the atmosphere, causing serious air pollution [1–3]. Regional haze cases dominated by fine
particulate matter (PM2.5) were observed in several urban agglomerations in China, e.g.,
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Beijing–Tianjin–Hebei [4,5], Yangtze River Delta [6], Pearl River Delta [7], central China [8],
Sichuan Basin [9], and Fenwei Plain [10]. The heavy PM2.5 pollution threatens human
health, affects visibility, and influences crop productivity [11–13]. It was reported that
PM2.5-related premature mortality in 161 cities in China was 652 thousand, about 6.92% of
total deaths in China during the year 2015 [14]. Li et al. [15] determined the total number of
PM2.5-related deaths nationwide to be 1.31 million, in 2016, in China, of which lung cancer,
chronic obstructive pulmonary disease, ischemic heart disease, and stroke represented 0.13,
0.13, 0.42, and 0.62 million, respectively. In provincial-level administrative divisions, high
premature deaths were mainly concentrated in the North China Plain, with the highest per
capita premature mortality in the Xinjiang Uygur Autonomous Region, Henan, Hebei, and
Shandong [16]. According to the unchanged population scenario, Wang et al. [17] estimated
about 0.83 million premature deaths related to PM2.5 exposure, in 2020. The economic loss
due to PM2.5 pollution was up to about USD 86,900 million per year, which accounted for
about 1.7% of China’s gross domestic product [18]. PM2.5 can significantly reduce average
wheat yield through interaction with temperature and sunshine, two key elements of solar
radiation [19].

To deal with serious regional PM2.5 pollution, the Chinese government has taken
many anthropogenic emissions-controlling measures, such as reducing coal use, upgrading
gasoline quality, encouraging public transport, and reducing straw combustion [20,21].
These measures have worked well, resulting in a significant decrease in the PM2.5 concen-
tration across China in recent years [22,23]. Recently, some studies aimed to reveal the
spatiotemporal distributions of PM2.5. In general, the PM2.5 concentration is higher in the
north than in the south of China [24]. In terms of temporal variation, PM2.5 pollution mainly
occurs in autumn and winter [25]. A positive spatial autocorrelation of PM2.5 concentration
was found in the Beijing–Tianjin–Hebei, Central Plain, Cheng–Yu urban agglomerations,
and the Huaihai Economic Region [26]. Previous studies have demonstrated that meteoro-
logical conditions have an important influence on the accumulation and diffusion of PM2.5
through multiple mechanisms [27]. Precipitation exerts the removal processes of PM2.5 [28].
Relative humidity (RH) influences the secondary formation and the hygroscopic growth
of PM2.5 [29,30]. Wind determines the dilution and diffusion of fine particles [31]. Air
temperature can affect atmospheric stability and chemical reaction rates [32]. Great changes
in meteorological conditions across China cause notable characteristics of meteorological
influences on PM2.5 concentrations [27].

Previous studies mainly focused on a city or region of China to clarify the spatiotem-
poral variations or health impacts of PM2.5, or meteorological conditions that influence
PM2.5. Comprehensive and comparative analyses of the above issue from the point of view
of urban agglomerations are lacking. Several studies have investigated the spatiotemporal
variations of PM2.5 in urban agglomerations. For example, Shen et al. [26] investigated
spatiotemporal characteristics of PM2.5 in nine typical urban agglomerations and one eco-
nomic region in China, which found that PM2.5 decreased from 2015 to 2017, and PM2.5
showed positive spatial autocorrelation in all urban agglomerations (except the Northern
Slope of Tianshan Mountain urban agglomeration). Xu et al. [33] explored the spatiotempo-
ral heterogeneity of PM2.5 in 11 urban agglomerations in China, which found that PM2.5
concentration remains at a high level for most of the urban agglomerations, and PM2.5
displayed significant spatial heterogeneity characteristics. Several studies aimed to reveal
the meteorological influences on PM2.5 pollution. For example, Yang et al. [34] revealed that
RH is positively correlated with PM2.5 concentration in north China and Urumqi, but the re-
lationship turns to negative in other areas of China, and wind speed is negatively correlated
with PM2.5 everywhere except for Hainan Island. Deng et al. [35] found that precipitation
and temperature mainly showed negative impacts on PM2.5 pollution, while wind speed,
relative humidity and sunshine duration aggravated PM2.5 pollution in the BTH-UA. To
sum up, comprehensive and comparative analyses that combine spatiotemporal variations,
health impacts, and meteorological influences of PM2.5 pollution among different urban
agglomerations in China are insufficient. In addition, few studies focused on the Central
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Plains urban agglomeration and the Triangle of Central China urban agglomeration, which
suffered from serious air pollution [36,37]. To understand more about the PM2.5 concen-
tration change and access the effect of strict pollution control measures in recent years
across China, the present study focuses on six urban agglomerations in China to reveal
the spatiotemporal patterns and health effects of PM2.5 and relationships between PM2.5
with meteorological conditions, by using multiple methods including statistical analysis,
geographical analysis, and health impact assessment. In the present study, we (1) study
the annual, seasonal, monthly, and diurnal changes in PM2.5 concentrations in six urban
agglomerations, (2) illustrate the spatial distribution patterns and trends, (3) investigate
the impact of meteorological conditions, and (4) estimate the health risks of PM2.5. Our
findings can broaden the knowledge of the spatiotemporal characteristics of PM2.5 in China,
and will be helpful for further reduction in PM2.5 concentration.

2. Data and Methods
2.1. Study Area

As displayed in Figure 1, six major regions in China were included in this study, i.e.,
Beijing–Tianjin–Hebei urban agglomeration (BTH-UA), Central Plains urban agglomeration
(CP-UA), Yangtze River Delta urban agglomeration (YRD-UA), Triangle of Central China
urban agglomeration (TC-UA), Chengdu–Chongqing urban agglomeration (CY-UA), and
Pearl River Delta urban agglomeration (PRD-UA). BTH-UA is the capital economic circle
of China [4], located in northern China, including two megacities, Beijing and Tianjin. BTH-
UA is the region with the most serious PM2.5 pollution in China. CP-UA is the largest urban
agglomeration in Central China and an important growth pole of China’s economy [37].
Due to rapid industrialization and large consumption of energy, the CP-UA is burdened by
serious air pollution problems [38]. Zhengzhou is the regional central city of the CP-UA.
YRD-UA is located in the lower reaches of the Yangtze River in China and is one of the most
economically developed zones [6], including Shanghai, Nanjing, Hangzhou, Hefei, Wuxi,
Suzhou, and other cities. The TC-UA [39], a new pillar of China’s economic development
with a unique ecosystem, also suffers from severe air pollution due to intense anthropogenic
emissions. The TC-UA has 31 cities, including Wuhan, Changsha, and Nanchang. CY-UA,
located in western China, including two metropolises, Chengdu and Chongqing, frequently
experienced serious PM2.5 episodes due to the low atmospheric environmental carrying
capacity [29]. PRD-UA [40], an important economic center, is located in the coastal part of
southern China, including megacities Guangzhou and Shenzhen. The regional air pollution
caused by photochemical smog and haze fog has become an urgent environmental problem
in the PRD-UA [40].

2.2. Data Source and Description

The four years of hourly PM2.5 concentrations in 129 cities of six urban agglomerations
between January 2017 and December 2020 were obtained from the Data Center of the PRC
Ministry of Ecology and Environment (https://www.mee.gov.cn/, last access: 31 August
2022). Daily, monthly, seasonal, and annual mean PM2.5 concentrations for the cities and
urban agglomerations were calculated from the hourly PM2.5 concentrations.

The daily meteorological conditions in 129 cities during the period of 2017–2020,
including air temperature (T), atmospheric pressure (P), RH, wind speed (WS), precipitation
(Pre), and duration of sunshine (SSD), were obtained from the weather monitoring network of
China Meteorological Administration (http://data.cma.cn/, accessed on 31 August 2022).

https://www.mee.gov.cn/
http://data.cma.cn/


Atmosphere 2022, 13, 1696 4 of 21

Figure 1. The locations of six major urban agglomerations in China: Beijing–Tianjin–Hebei ur-
ban agglomeration (BTH-UA), Central Plains urban agglomeration (CP-UA), Yangtze River Delta
urban agglomeration (YRD-UA), Triangle of Central China urban agglomeration (TC-UA), Chengdu–
Chongqing urban agglomeration (CY-UA), and Pearl River Delta urban agglomeration (PRD-UA).
The black dots represent air-quality monitoring stations.

2.3. Spatiotemporal Variation Analysis Methods
2.3.1. Kernel Density Estimation

Kernel density estimation (KDE) is a nonparametric test method, which does not
add any assumptions to the data distribution. KDE determines the data distribution
characteristics from the data samples themselves. KDE was used to calculate the PM2.5
density function, which is defined as:

f (x) =
1
ab

a

∑
i=1

A
(

xi − x
b

)
(1)

where a is the number of data points, b denotes the bandwidth, and A represents the kernel
weighting function. The Gaussian kernel was used in this study.

2.3.2. Empirical Orthogonal Function Analysis

The empirical orthogonal function (EOF) is a dimensionality reduction analysis and
is widely used in meteorological parameters analysis to identify patterns of simultaneous
variation [41,42]. In this study, we decomposed the original time series of PM2.5 (expressed
as Pmn:m represents the space point, n is observation time) into a linear combination of
spatial eigenvector matrix V and the orthogonal time matrix Z:

Pmn = VZ =

v11 · · · v1n
...

. . .
...

vm1 · · · vmn


 z11 · · · z1n

...
. . .

...
zm1 · · · zmn

 (2)

PPT = VZZTVT = VΛVT (3)

where Λ is a diagonal matrix composed of the eigenvalues of the matrix, and V represents
a matrix composed of the matrix eigenvectors.
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Thus, the time coefficient can be defined as:

Z = VT P (4)

To investigate the spatial-temporal characteristics of the PM2.5 mass concentration in
six urban regions, we implemented EOF analysis by programming in Python, to decompose
the monthly PM2.5 concentrations.

2.3.3. Standard Deviational Ellipse

The standard deviation ellipse (SDE), or directional distribution, is a classical analytical
method in geoscience research. The SDE can express the main distribution direction of
a set of points and the degree of dispersion in every direction [43]. The calculated major
and minor axes of the ellipse represent the direction and range of the data distribution,
respectively. The mean center of the ellipse indicates the center location in a dataset. In this
study, the annual moving traces of PM2.5 concentrations, from 2017 to 2020, in six regions
were demonstrated by the SDE. More details about the SDE definition and calculation
method can be found in the previous studies [43,44]. In this study, SDE analysis was
performed by the package of ASPACE in R software.

2.3.4. Spatial Autocorrelation Analysis

PM2.5 pollutions display spatial autocorrelation in geographical space. To measure
the spatial autocorrelation of PM2.5 concentrations in six urban agglomerations, the global
Moran’s I was calculated. The definition and calculation formula of global Moran’s I
have been introduced in previous studies [45,46]. A value of Moran’s I greater than 0
indicates a positive spatial correlation, and the greater the value, the more obvious the
spatial correlation.

In contrast, a value less than 0 suggests a negative spatial correlation, and the smaller
the value, the greater the spatial difference. A value of Moran’s I equal to 0 indicates no
spatial autocorrelation.

To reveal the PM2.5 features of an urban spatial agglomeration within a region, the
local Moran’s I was employed to identify the spatial pattern. After calculating the local
Moran’s I, the Moran scatter plot was employed to discuss the local spatial agglomeration
pattern of PM2.5 in each urban agglomeration. Moran scatter plot has four quadrants,
namely four spatial association modes [37,45]: the first (third) quadrant is cities with high
(low) PM2.5 concentrations, which suggests high–high (low–low) agglomeration. The
second (fourth) quadrant indicates that the cities with low (high) PM2.5 concentrations are
surrounded by cities with high (low) PM2.5 concentrations, suggesting low–high (high–low)
agglomeration.

2.4. Health Effect Assessment

In this study, we used the human health impact function to estimate the short-term
health impacts attributable to PM2.5. The health impact function is a classic risk assessment
method [11,46], which has been recommended by the Chinese Ministry of Ecology and
Environment and EPA. The premature mortality attributed to PM2.5 exposure is estimated
as follows:

∆M = y0N(RR − 1)/RR (5)

where ∆M is the excess mortalities attributable to PM2.5 exposure, y0 denotes the baseline
mortality rate for a given period, N indicates the exposed population, and RR represents
the relative risk. RR is calculated by:

RR = exp(β(C − C0)) (6)
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where β is the concentration–response factor, based on epidemiology, that is, the impact of
1 µg/m3 PM2.5 concentration increment on the incidence of the health endpoint; C and C0
represent PM2.5 concentration and threshold concentration, respectively.

This study considers one health endpoint for PM2.5, i.e., respiratory disease. The
population data in 129 cities in six regions are obtained from the seventh population census
of China. The mortality rate for respiratory disease from 2017 to 2020 is collected from China
Statistical Yearbook issues 2018, 2019, 2020, and 2021 (http://www.stats.gov.cn/tjsj/ndsj/,
accessed on 24 July 2022), which is 67.20, 68.02, 65.02, and 55.36 per 100,000 population,
respectively. Referring to the previous studies [18,47], for every 10 µg/m3 increase in the
mean concentration of PM2.5, respiratory mortality increased by 1.43%, which is β is 1.43%
in this study. The threshold concentration of C0 is 35.0 µg/m3, as suggested by the Chinese
Ministry of Ecology and Environment.

3. Temporal Variations of PM2.5 in Six Urban Agglomerations
3.1. Annual Variation

The estimated kernel density of PM2.5 concentrations in six urban agglomerations from
2017 to 2020 is displayed in Figure 2. The average concentration of PM2.5 in the period of
2017–2020 in BTH-UA, CP-UA, YRD-UA, TC-UA, CY-UA, and PRD-UA was 53.5, 59.8, 42.4,
42.0, 41.4, and 28.7 µg/m3, respectively. The average decrease rate of PM2.5 concentration
in six urban agglomerations was 6.69, 5.57, 5.45, 3.85, 4.66, and 4.1 µg/m3/year (Figure S1),
respectively. In BTH-UA (Figure 2a), the vertices of the curve steeped and moved to the left
with year, indicating a continuous reduction in PM2.5 concentrations. The annual mean
PM2.5 concentration in BTH-UA from 2017 to 2020 was 64.3 ± 18.2, 55.3 ± 13.8, 50.0 ± 12.5,
and 44.6 ± 10.7 µg/m3, respectively. The 30.6% reduction in PM2.5 concentration in BTH-
UA over four years can be attributed to the “2 + 26” regional strategy for air quality
improvement, in great measure. To promote the regional integration of air pollution
control, the PRC Ministry of Ecology and Environment conducted the “2017 Air Pollution
Prevention and Management Plan for the Beijing–Tianjin–Hebei region and its Surrounding
Areas” [48,49]. This plan suggests that Beijing, Tianjin, eight cities in Hebei Province,
four cities in Shanxi Province, seven cities in Shandong Province, and seven cities in
Henan Province make joint efforts to control PM2.5 pollution [48]. Nearly half of the
cities in CP-UA are included in this plan. The PM2.5 concentration in CP-UA decreased
from 2017 to 2020 (Figure 2b), with yearly mean concentrations of 66.8, 61.6, 58.8, and
51.8 µg/m3, respectively. The area covered by density curves decreased with time at PM2.5
concentrations greater than 75 µg/m3 in CP-UA, suggesting that reductions in cities with
high PM2.5 concentrations benefitted regional PM2.5 pollution alleviation. A significant
PM2.5 concentration decrease was also observed in YRD-UA (Figure 2c), with a 29.3%
reduction ratio from 2017 to 2020. In YRD-UA, the proportion of cities that meet the China
National Ambient Air Quality Standards I (CAAQS grade I; 35 µg/m3) increased from 9.8%,
in 2017, to 53.7%, in 2020. In TC-UA (Figure 2d), the PM2.5 concentration increased slightly
in 2019, while decreasing significantly in 2020, which was related to the lockdown during
the COVID-19 epidemic [50]. In CY-UA (Figure 2e), the regional PM2.5 concentration was
34.9 µg/m3, meeting the CAAQS grade I. In six regions, PRD-UA has the lowest PM2.5
concentration (Figure 2f), with 21.3 µg/m3 in 2020.

http://www.stats.gov.cn/tjsj/ndsj/
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Figure 2. Kernel density estimates of yearly average PM2.5 concentrations in six urban agglomerations
of China. (a) BTH-UA, (b) CP-UA, (c) YRD-UA, (d) TC-UA, (e) CY-UA and (f) PRD-UA.

3.2. Monthly Variation

The monthly variations in PM2.5 concentrations in six urban agglomerations from 2017
to 2020 are displayed in Figure 3. The monthly mean PM2.5 concentrations exhibited a
U-shaped trend in all regions, with a high concentration in winter and a low concentration
in summer. In BTH-UA, CP-UA, and YRD-UA, the lowest PM2.5 concentration occurred
in August. TC-UA and CY-UA have the lowest monthly PM2.5 concentrations in July, and
PRD-UA has the lowest value in June. In summer, strong winds, frequent precipitation,
and unstable atmosphere enhance the deposition and diffusion of PM2.5 [51], resulting
in low PM2.5. The highest PM2.5 concentrations occurred in January in six regions. The
highest-to-lowest ratios of PM2.5 concentrations in the regions were 3.15, 3.81, 3.15, 3.29,
3.79, and 3.11 in the BTH-UA, CP-UA, YRD-UA, TC-UA, CY-UA, and PRD-UA, respectively.
From April to July, the PM2.5 concentrations variated slightly in BTH-UA (Figure 3a), with
monthly mean concentrations of 46.9, 41.4, 38.5, and 39.5 µg/m3, respectively, while in the
other five urban agglomerations, PM2.5 concentrations decreased remarkably. In the winter
months, meteorological conditions of weak winds, high RH, and low planetary boundary
layer height (PBLH) are conducive to PM2.5 accumulation. In addition, the burning of fossil
fuels for heating in northern China increased anthropogenic emissions [37,52].
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Figure 3. Monthly average mass concentration of PM2.5 in six urban agglomerations of China
over the period of 2017–2020. Shown are the median (central horizontal bar within the boxes),
25th and 75th percentiles (lower and upper bars of the boxes, respectively), and minimum and
maximum (lower and upper whiskers, respectively). (a) BTH-UA, (b) CP-UA, (c) YRD-UA, (d) TC-UA,
(e) CY-UA and (f) PRD-UA.

The EOF method was used to decompose the monthly mean PM2.5 concentrations.
In six regions, the first EOF model accounted for 86.9–96.0% of the total variance, which
illustrated that decomposition results were reliable. The PM2.5 time coefficients decom-
posed from the original time series by EOF reflect the changing trend of monthly PM2.5
concentrations. Moreover, time coefficients were standardized to have zero mean and
unit variance [42]. As shown in Figure S2, values that cross the red dash lines at ±1 are
considered extreme events. Overall, the six lines all displayed U-shaped changing trends,
which were similar to the variations of PM2.5 concentration. In January, the cases where
time coefficients were greater than 1 in six regions were much more than in other months,
indicating serious PM2.5 pollution. In the summer months, time coefficients usually have
low values, suggesting relatively good air quality. We observed that time coefficients in
all regions displayed decreased trends in January and February, 2020, which could be
attributed to the influence of COVID-19.

3.3. Diurnal Variation

The hourly concentrations of PM2.5 were the highest in the CP-UA and the lowest
in the PRD-UA, while the YRD-UA, CY-UA, and TC-UA showed minimal differences
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(Figure S3). As displayed in Figure 4, the diurnal variations in six regions exhibited some
similar characteristics. PM2.5 had low concentrations in the daytime and high concen-
trations in the nighttime. Higher diurnal PM2.5 concentrations were observed in winter
than that in summer. In the daytime, due to solar radiation, atmospheric instability was
enhanced, resulting in increasing PBLH. The PM2.5 concentrations decreased in the period
8:00–10:00 (LST) in all regions except in PRD-UA, which decreased from 12:00 (Figure S3).
The PM2.5 valley concentrations occurred at around 15:00–17:00. Then, the PM2.5 concentra-
tions increased substantially. In the nighttime, descending PBLH, weakening winds, and
enhancing atmospheric stability increased PM2.5 concentrations. On winter nights, PM2.5
pollution was more likely to occur [53,54]. From 0:00 to 06:00, PM2.5 concentrations showed
increasing trends in CP-UA and YRD-UA, and showed decreasing trends in TC-UA, CY-
UA, and PRD-UA. These differences suggested the complexity of the spatial distribution
characteristics of PM2.5.

Figure 4. Diurnal changes in PM2.5 concentrations on different days over the period of 2017–2020 in
six urban agglomerations of China. (a) BTH-UA, (b) CP-UA, (c) YRD-UA, (d) TC-UA, (e) CY-UA and
(f) PRD-UA.
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4. Spatial Variations of PM2.5 in Six Urban Agglomerations
4.1. Standard Deviational Ellipse Analysis

The SDE method was employed to characterize the spatial distribution characteristics
of PM2.5 concentrations in six regions. As shown in Figure 5, the ellipses feature varied
in different regions, indicating different spatial patterns of PM2.5. In BTH-UA (Figure 5a),
the main distribution of PM2.5 was along the northeast–southwest direction. The ellipse
azimuth displayed an increasing trend in general (Table S1), suggesting the spatial pattern
moving eastward. SDE revealed that the mean centers of PM2.5 concentration in BTH-UA
were located in Cangzhou and moved towards the northeast with the year (Table S1),
which was related to the significant PM2.5 concentration reduction in cities of southern
BTH-UA, such as Xingtai and Handan [37]. The ellipse area in 2020 was 2.4% higher than
in 2017, indicating a decrease in spatial heterogeneity of PM2.5. In CP-UA (Figure 5b),
the main distribution of PM2.5 concentration was also aligned in the northeast–southwest
direction. The mean centers were located in Zhengzhou city (the regional core city, the
capital city of Henan Province, as well). The ratio between the major and minor axes of
the ellipses ranged from 1.11 to 1.13 during the period of 2017–2020, which suggested the
directionality of PM2.5 spatial distribution was weak in CP-UA. In YRD-UA (Figure 5c),
the main distribution was along the northwest–southeast direction, and the mean centers
were located in Nanjing city (the capital city of Jiangsu Province). The azimuth of the
ellipse decreased from 136.88◦, in 2017, to 135.96◦, in 2020, illustrating the spatial pattern
moving north. In TC-UA (Figure 5d), the main distribution of PM2.5 concentration was
aligned in the northwest–southeast direction in general, with an azimuth of 95.94–98.45◦.
The continuously decreasing in the azimuth indicated a northward rotation trend of the
spatial distribution. The mean centers were detected in Jiujiang city. In CY-UA (Figure 5e),
the main distribution of PM2.5 was along the northeast–southwest direction and the mean
centers were located in Ziyang. The minor axes increased during the period of 2018–2020,
which suggested that the dispersion of PM2.5 concentrations was enhanced. A decreased
trend in the elliptical area was also observed during the period of 2018–2020. In PRD-UA
(Figure 5f), the main distribution was almost along the western–eastern direction. The
mean centers were located in Guangzhou city and showed a trend of moving eastward
with the year.

Figure 5. Cont.
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Figure 5. Spatial changes in the mean center and standard deviation ellipse (directional distributions)
of PM2.5 concentrations in six urban agglomerations of China, from 2017 to 2020. (a) BTH-UA,
(b) CP-UA, (c) YRD-UA, (d) TC-UA, (e) CY-UA and (f) PRD-UA.

4.2. Spatial Autocorrelation of PM2.5 Concentrations

To study the PM2.5 spatial correlation in different years and seasons in six urban
agglomerations, the global Moran’s I was calculated. As listed in Table 1, in BTH-UA,
Moran’s I statistics from 2017 to 2020 are 1.95, 1.88, 1.99, and 1.80, respectively, all passing
the significance test. This suggested that PM2.5 concentrations in BTH-UA showed signifi-
cantly positive spatial autocorrelation, which was consistent with other studies [55]. This
suggested that PM2.5 concentration in a site can be influenced by the surrounding areas.
It reported that the contribution of outside transport to PM2.5 concentrations in Beijing
was 27 and 46% in the winter and summer, respectively, and Langfang, Baoding, and
Tangshan had the greatest impact on Beijing’s air pollution [56]. Therefore, it is necessary
to carry out collaborative control of PM2.5 pollution among BTH-UA. The highest Moran’s
I was observed in winter (2.45), and the lowest in spring (0.68), indicating that spatial
aggregation was strongest in winter. In winter, stable atmosphere was conducive to the
PM2.5 accumulation, resulting in frequent haze episodes. To further explore the spatial
aggregation characteristics of PM2.5 concentration, local spatial autocorrelation analysis
was employed in each urban agglomeration. As displayed in Figure 6a, cities with low
PM2.5 concentrations in northern BTH-UA (Zhangjiakou and Chengde) formed a low–low
(LL) agglomeration. The heavily polluted cities in southern BTH-UA, mainly Xingtai and
Shijiazhuang, formed a high–high (HH) agglomeration. In CY-UA, a negative spatial
correlation was found in 2018, and a positive spatial correlation in the other three years,
illustrating a great change in the spatial distribution pattern of PM2.5 concentrations. The
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spatial aggregation was enhanced from 2019 to 2020. The magnitude of the Moran’s I is:
summer (1.91), autumn (0.63), spring (0.44), and winter (−0.22). Intensive atmospheric
activity in summer improved the transportation of PM2.5, leading to a relatively strong
positive spatial correlation. The cities in northeastern CP-UA formed an HH agglomeration,
and cities in southern CP-UA (mainly Xinyang and Zhumadian) formed a LL agglomer-
ation (Figure 6b). In YRD-UA, a negative spatial autocorrelation was found during the
period of 2017–2019, and a very weak positive spatial autocorrelation in 2020. From the per-
spective of seasonal variations, spatial autocorrelation was negative in spring but positive
in other seasons. In TC-UA, the global Moran’s I was positive for four years and increased
from 2017 to 2019, indicating an enhancing spatial autocorrelation of PM2.5. In summer,
PM2.5 exhibited the highest spatial autocorrelation in TC-UA. The cities in northwestern
TC-UA, including Jingmen, Jingzhou, and Yichang formed an HH agglomeration, and
cities in eastern TC-UA, including Nanchang, Shangrao, Jingdezhen, Yingtan, and Fuzhou,
formed a LL agglomeration (Figure 6d). In CY-UA, PM2.5 concentrations were spatially
aggregated except in 2019. PM2.5 had negative spatial autocorrelation in summer, and
positive spatial autocorrelation in the other three seasons. In PRD-UA (Table 1), the global
Moran’s I decreased from 0.92 in 2017 to 0.24 in 2020, suggesting a weakening trend of
spatial aggregation. Regarding season variability, the order of spatial aggregation degree by
season was summer > spring > winter > autumn. To sum up, PM2.5 concentration exhibited
different spatial aggregation characteristics among urban agglomerations, indicating the
necessity to take various control measures for different regions. In southern BTH-UA,
northeastern CP-UA, and northwestern TC-UA, PM2.5 concentrations formed a high–high
agglomeration. More cooperation and efforts are needed in these regions to reduce PM2.5
concentration.

Figure 6. Spatial patterns of PM2.5 in the (a) BTH-UA, (b) CP-UA, (c) YRD-UA, (d) TC-UA, (e) CY-UA
and (f) PRD-UA over the period of 2017–2020.
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Table 1. Global Moran’s I index of PM2.5 concentrations in different years and seasons.

Region
Year Season

2017 2018 2019 2020 Spring Summer Autumn Winter

BTH-UA 1.95 1.88 1.99 1.80 0.68 0.80 1.74 2.45
CP-UA 0.88 −0.47 0.13 0.67 0.44 1.91 0.63 −0.22

YRD-UA −0.44 −0.06 −0.23 0.03 −0.44 2.58 1.79 2.78
TC-UA 1.26 1.69 2.26 2.02 1.26 1.78 0.08 0.72
CY-UA 0.11 0.20 −0.06 0.17 0.17 −0.19 0.15 0.21

PRD-UA 0.92 0.40 0.14 0.24 0.60 0.83 0.03 0.43

5. Relationships between Meteorological Conditions and PM2.5 Concentrations

Meteorological factors play a crucial role in PM2.5 pollution. The vast territory and
complicated topography in China cause various climatic conditions. Therefore, the rela-
tionships between PM2.5 concentration and meteorological conditions are spatially het-
erogeneous [57]. To comprehensively investigate the variations among different urban
agglomerations, the Pearson correlations between PM2.5 concentration and different meteo-
rological factors during the period of 2017–2020 were calculated.

As displayed in Figure 7a, the air temperature was negatively correlated with PM2.5
concentrations in all cities in six regions, indicating a negative influence of temperature
on PM2.5 concentrations. High temperature enhances atmospheric thermal activity such
as turbulence and diffusion, resulting in accelerated dispersion of PM2.5 [27,58]. Besides,
ammonium nitrate, an important chemical component of PM2.5, will decompose at high
temperatures [59], leading to a decrease in PM2.5 mass. Conversely, low temperature mainly
occurs in winter, leading to a weakening in atmospheric convection. In autumn and winter,
inversion caused by temperature is one of the important reasons for PM2.5 pollution [60].
Our results showed that the correlation between PM2.5 concentration and temperature was
much stronger in CP-UA and northwestern YRD-UA, namely in the latitude of 30–36◦ N,
than in other regions. As shown in Figure 7b, atmospheric pressure has a positive cor-
relation with PM2.5 concentrations in almost all cities. This is because high pressure is
often related to stagnant environments and low PBLH, which are unfavorable for PM2.5
dispersion [61,62]. The correlations were stronger in Henan Province, Anhui Province, and
Hubei Province. RH showed a different relationship with PM2.5 concentration across China
(Figure 7c). It was a positive correlation in north China but a negative correlation in south
China. A high correlation (r = 0.90, p < 0.01) between latitude and Pearson value (between
RH and PM2.5 concentration) was found in this study, indicating the higher the latitude, the
stronger the positive influences of RH on PM2.5. The strongest positive correlation between
RH and PM2.5 concentration was observed in Beijing (r = 0.38, p < 0.01) among 129 cities.
We believed that high RH can promote secondary formation and enhance the moisture
absorption growth of PM2.5 in northern China [30]. Nevertheless, RH in south China was
relatively high, which enhanced the deposition of particles, leading to a decrease in PM2.5
concentration. As displayed in Figure 7d, wind speed was negatively correlated with
PM2.5 concentration in most cities. An increasing WS improves the horizontal dispersion
of pollutants. In contrast, weak winds support pollution accumulation. In southwestern
TC-UA, namely in Hunan Province, there was almost no correlation between WS and PM2.5
concentration. As shown in Figure 7e, a negative correlation was found between PM2.5
concentration and precipitation, and the higher the latitude, the stronger the correlation
(r = 0.82, p < 0.01). Usually, precipitation enhances the removal of PM2.5, decreasing PM2.5
concentration. However, some studies found that weak precipitation will increase PM2.5
concentration [63]. The correlation between PM2.5 concentration and SSD was weak in all
cities in six regions (Figure 7f). In the PRD-UA, SSD had a weak positive correlation with
PM2.5 concentration.
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Figure 7. The Pearson coefficient values in six urban agglomerations during the period of 2017–2020:
(a) correlation between PM2.5 concentration and T; (b) correlation between PM2.5 concentration and
P; (c) correlation between PM2.5 concentration and RH; (d) correlation between PM2.5 concentration
and WS; (e) correlation between PM2.5 concentration and Pre; and (f) correlation between PM2.5

concentration and SSD. n refers to the number of sites that pass the significance test at a 95%
confidence level.

To further investigate the influence of meteorological conditions on the variation of
PM2.5 concentration, multiple linear regression was employed to fit PM2.5 concentration
and meteorological factors (including T, P, RH, WS, Pre, SSD) in six urban agglomerations
during the period of 2017–2020. Then, the variance contribution of the fitting values from
meteorological factors to the observed PM2.5 concentration was calculated in each city. As
displayed in Figure 8, the variance contribution ranged from 16.7 to 63.9%, with an average
of 33.4% in six regions. This suggested meteorological conditions are not the only key factor
affecting PM2.5 change. Pollutant emissions also play an important role in changes in PM2.5
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concentration. It reported that in Central and Eastern China 21.9% of the PM2.5 decrease
was a result of favorable meteorological conditions, and 78.1% of the decrease was a result
of emission reductions [64]. It also reported that the control of anthropogenic emissions
accounted for around 80% of the PM2.5 reduction in Beijing from 2013 to 2017 [65]. In
this study, we found that meteorological conditions can explain 31.8, 39.8, 30.6, 31.2, 36.0,
and 34.3% of the PM2.5 changes in the BTH-UA, CP-UA, YRD-UA, TC-UA, CY-UA, and
PRD-UA, respectively. This suggested that PM2.5 concentrations in the CP-UA were more
influenced by the meteorological change.

Figure 8. The variance contribution of the fitting values from meteorological factors to the observed
PM2.5 concentrations in six urban agglomerations during the period of 2017–2020.

6. Health Impacts Attributable to PM2.5 Pollution

High PM2.5 concentration can cause many health risks, such as respiratory diseases,
cardiovascular diseases, and lung cancer. To evaluate the health impacts of PM2.5 pollution
in six regions, the respiratory premature mortalities attributed to PM2.5 from 2017 to 2020
were calculated. As displayed in Figure 9, the premature mortalities varied in region and
year. The total respiratory premature mortalities in six regions from 2017 to 2020 were
13005, 9357, 7227, and 3504, respectively (Figure 10). In BTH-UA, the respiratory premature
mortalities attributed to PM2.5 pollution decreased by 69.4% from 2017 (3223 deaths) to
2020 (987 deaths). Among 13 cities in BTH-UA, the top five with the average premature
mortalities over four years were Shijiazhuang (314), Handan (296), Baoding (253), Beijing
(243), and Tianjin (241), respectively. Li et al. [66] found that in the BTH-UA, in 2013, only
46% of the total premature deaths were attributable to local consumption, and atmospheric
transport of pollutants, mainly from the surrounding areas, accounted for 29% of total
deaths. Due to the huge population and high PM2.5 concentration, CP-UA has the highest
respiratory premature mortalities in six urban agglomerations, with 3695, 3165, 2686, and
1600 during the period of 2017–2020, respectively. The top five cities with mean premature
mortalities related to PM2.5 during the period of 2017–2020 were Zhengzhou (307), Heze
(207), Nanyang (197), Anyang (184), and Zhoukou (182). In contrast, the five cities with the
lowest mean premature mortalities were Hebi (35), Sanmenxia (39), Jincheng (42), Changzhi
(50), and Luohe (54), respectively. The respiratory premature mortalities attributed to PM2.5
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pollution in YRD-UA also decreased from 2899, in 2017, to 518, in 2020. Xuzhou, Fuyang
and Suzhou were with relatively high mortality. In TC-UA, an 85.5% reduction in premature
mortalities from 2017 to 2020 was observed. The most serious city was Wuhan, with an
annual average of 122 cases. From 2017 to 2020, respiratory premature mortalities in TC-UA
were 1333, 732, 452, and 143, respectively. In CY-UA, the reduction was 89.3% over four
years, with 143 deaths in 2020. The population in some cities was almost at the same level,
but the estimated premature mortalities were very different. For example, the population
of Shanghai is 12.0% larger than that of Beijing, while the premature mortalities in Beijing
were five times higher than that in Shanghai. This indicated that premature mortality is
sensitive to PM2.5 concentration.

Figure 9. The spatial distributions of premature mortality for respiratory disease attributed to PM2.5

exposure in six urban agglomerations, from 2017 to 2020.
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Figure 10. Bar chart of premature mortality for respiratory disease attributed to PM2.5 exposure in
six urban agglomerations, from 2017 to 2020.

7. Conclusions

To investigate the spatiotemporal patterns and the health impacts of PM2.5 and the
relationships with meteorological conditions in Chinese six major urban agglomerations,
hourly PM2.5 concentrations and daily meteorological data in 129 cities during the period
of 2017–2020 were collected and analyzed.

We found that from 2017 to 2020, PM2.5 concentrations in BTH-UA, CP-UA, YRD-
UA, TC-UA, CY-UA, and PRD-UA decreased at a rate of 6.69, 5.57, 5.45, 3.85, 4.66, and
4.1 µg/m3/year, respectively. Among six urban agglomerations, CP-UA has the highest
PM2.5 concentration, with 59.8 µg/m3 over four years on average. The obvious decline in
PM2.5 concentration in BTH-UA and CP-UA was related to the “2 + 26” regional strategy
for air quality improvement. The monthly mean PM2.5 concentrations exhibited a U-shaped
trend in all regions, being high in winter and low in summer. We detected that extreme
cases (polluted cases) of PM2.5 concentrations decreased in January 2020 compared to
other years, owing to the influence of COVID-19. The changes in distribution directions
and mean centers of PM2.5 concentrations over four years in six urban agglomerations
indicated different spatial patterns of PM2.5. PM2.5 concentrations exhibited positive spatial
autocorrelation in BTH-UA, TC-UA, and PRD-UA during the period of 2017–2020. In the
other three regions, the spatial autocorrelation varied with the year. In southern BTH-UA,
northeastern CP-UA, and northwestern TC-UA, PM2.5 concentrations formed a high–high
(HH) agglomeration, respectively, which indicated stricter emissions-control measures and
deeper cooperation across cities are needed in these places.

The relationships between PM2.5 concentration and meteorological factors were inves-
tigated. Air temperature, pressure, and wind speed have important influences on PM2.5
concentrations. The air temperature was negatively correlated with PM2.5 concentrations,
and in the latitude of 30–36◦ N, the correlation was stronger. RH was a positive correlation
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with PM2.5 concentration in northern China but a negative correlation in southern China.
We detected that meteorological conditions can explain 16.7–63.9% (33.4% on average)
of the PM2.5 changes in 129 cities, suggesting that other factors including anthropogenic
emissions dominated the PM2.5 changes. In the CP-UA, meteorological conditions can
determine 39.8% of PM2.5 concentrations change, which was the highest in six urban ag-
glomerations. This implied that the reduction in PM2.5 concentration in the CP-UA may be
due more to meteorological conditions. Benefiting from the decrease in PM2.5 concentration,
respiratory premature mortalities in six regions decreased by 69.4, 56.7, 82.1, 85.5, 89.3, and
100% in BTH-UA, CP-UA, YRD-UA, TC-UA, CY-UA, and PRD-UA, respectively, from 2017
to 2020. Among six urban agglomerations, the CP-UA has the highest (2787 deaths for a
four-year average) respiratory premature mortality. We suggest stricter emission control
measures should be taken in the CP-UA to further reduce PM2.5 concentration.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/atmos13101696/s1, Figure S1. The variation trend of PM2.5
in six regions by using Theil-Sen estimates from 2017 to 2020; Figure S2. PM2.5 time coefficients
decomposed by empirical orthogonal function in six urban ag-glomerations from 2017 to 2020; Figure
S3. Diurnal variations of PM2.5 concentrations in six urban agglomerations from 2017 to 2020; Table
S1. Parameters of standard deviation ellipse of yearly mean concentrations of PM2.5 in six urban
agglomerations from 2017 to 2020.
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