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High-Resolution Satellite-Based PM2.5
Concentration Data Acquired During the COVID-19

Outbreak Throughout China: Model, Variations,
and Reasons

Hong Guo , Xingfa Gu, Tianhai Cheng , Shuaiyi Shi , Xin Zuo, and Wannan Wang

Abstract—High spatial resolution and broad spatial coverage
data on fine particulate matter (PM2.5) are of great significance
to estimating the exposure to PM2.5. However, this type of data
is currently very limited worldwide. In addition, the COVID-19
pandemic in China, starting in January 2020, may have led to
significant variations in the PM2.5 concentrations. To identify the
variations and causes of PM2.5 concentrations before and after
the COVID-19 pandemic from January 23 to March 24 during
2018–2020, in this article, a geographically weighted regression
model with a 1 km spatial resolution covering all of mainland
China was developed. The overall R and RMSE values of the model
cross validation were 0.91 and 17.19µg/m3, respectively, indicating
that the model performed satisfactorily in estimating the PM2.5
values. Then, based on the satellite-based PM2.5 values, the results
show that the PM2.5 values fluctuated significantly across mainland
China before and after the COVID-19 outbreak. Additionally, the
mean PM2.5 values decreased by 5.41 µg/m3 in 2020 compared
to 2019. In Hubei Province, the mean PM2.5 values increased by
1.85 µg/m3 in 2019 compared to 2018, whereas they dramatically
decreased by 23.18 µg/m3 in 2020 compared to 2019. Finally, the
results show that anthropogenic factors were primarily responsible
for the variations in the PM2.5 concentrations in Heilongjiang,
Jilin, and Liaoning provinces; whereas, both meteorological and
anthropogenic factors were responsible for the variations in Hubei,
Henan, Anhui, Shandong, and Jiangsu provinces during the study
period. These results provide an important reference for the future
development of air pollution control policies in China.

Index Terms—China, COVID-19, high-resolution, particulate
matter (PM2.5) concentrations, satellite remote sensing.

I. INTRODUCTION

F INE particulate matter (PM2.5) has become a serious
health threat to people worldwide [1]–[3]. For example,
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the average annual number of PM2.5-induced premature deaths
in Southeast Asia totaled 1 447 000 during 1999–2014 [4]. In
addition to the adverse health effects, PM2.5 pollution also
has significant impacts on the weather and climate systems on
earth through aerosol-radiation interactions and aerosol-cloud
interactions [5]–[7], albeit these effects have large uncertainties
[8]. Therefore, it is necessary to understand the variability in
PM2.5 concentrations. In China, PM2.5 concentrations have
already caused great public concerns in recent years, and in
response, China has enforced strict pollution control laws. As
a result, PM2.5 concentrations decreased by 14.5% in 2017
compared to 2015 [9]. Although PM2.5 concentrations in
China have decreased significantly, the country still failed to
meet the health standard set by the World Health Organization.
Therefore, it is still important to study the distribution and
causes of PM2.5 concentrations and to monitor and control the
atmospheric environment in China.

In January 2020, the city of Wuhan in Hubei Province experi-
enced an outbreak of the COVID-19 virus, which spread quickly
to other places across mainland China. China immediately im-
plemented very strict control measures to prevent the widespread
transmission of COVID-19. Most factories and malls were
closed, and people were not allowed to go out except when
absolutely necessary. These measures started on 23 January in
Wuhan and then spread across the country. After the COVID-19
pandemic was brought under control, people gradually returned
to work and travel, starting on March 25, 2020. During this
period, with the implementation of very strict measures, air
pollutant emissions were significantly reduced, thus providing
China with a relatively pure atmosphere. Therefore, it is of
great significance to study the variations and causes of PM2.5
concentrations during this period of slower economic activity
across mainland China.

At present, a number of studies have reported variations in
the air quality during this period [10]–[13]. For example, Liu
et al. [14] found a notable downward trend in the Air Quality
Index across mainland China from January to March 2020.
Tanvir et al. [15] demonstrated that the COVID-19 lockdown
during 2020 led to a considerable decrease in the densities of
HCHO and NO2 in Shanghai. However, only a few studies have
focused on the variations in and driving factors of PM2.5 values
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during the lockdown in China [16]. Nichol et al. [17] found that
PM2.5 values in Beijing increased by 19.5% during January
and February in 2020 compared with 2019. Wang et al. [18]
showed that PM2.5 concentrations would decrease by ∼20% in
Guangzhou and nine other cities in China compared with the sit-
uation without a change in emissions. Huang et al. [19] reported
that PM2.5 values increased in Beijing during the COVID-19
lockdown. These studies were mainly based on ground PM2.5
concentrations. However, the spatial coverage was so limited
that it was difficult to capture the spatial variability of the PM2.5
concentrations.

Satellite data, with a broad spatial coverage and high reso-
lution, can provide a new way to study PM2.5 concentrations
[20]–[24]. A number of models have been developed to predict
PM2.5 values using satellite data, such as the linear mixed
effect [25]–[27], generalized additive [28], and geographically
weighted regression (GWR) models [29]–[32], along with deep
learning methods [33]–[36]. However, most previous studies
have been limited to providing PM2.5 values with low spatial
resolutions or only covered a part of China. Few studies have
provided high spatial resolution PM2.5 values across all of main-
land China. Moreover, few studies have covered the main period
during the COVID-19 pandemic. Therefore, the main purpose
of this article was to construct a new model to provide PM2.5
values with a 1 km spatial resolution across mainland China from
23 January to March 24 , during 2018–2020. Subsequently, the
variations in the PM2.5 values during the period were analyzed.
Finally, the impact of multiple environmental and economic
factors on PM2.5 pollution was investigated.

II. MATERIALS AND METHODS

A. Materials

1) Moderate Resolution Imaging Spectroradiometer
(MODIS) Aerosol Optical Depth: (AOD) In this
article, the MCD19A2 product of MODIS with a 1
km spatial-resolution was collected, which is produced
based on the multiangle implementation of atmospheric
correction (MAIAC) algorithm [37]. The main points
of the MAIAC algorithm include the following: using
knowledge of the bidirectional reflectance distribution
function and spectral regression coefficient; using smoke
and dust tests to discriminate between the absorption
of fine-mode and coarse-mode aerosols; optimizing
the lookup-table based on radiative transfer model for
producing the global AOD; and deriving the AOD was
from both Terra and Aqua inputs. As a result, MCD19A2
provides a broader spatial coverage than other MODIS
AOD products [38], [39]. This product was selected
because it offers a broad spatial coverage and high spatial
resolution, and the AOD at 550 nm was used. First, we
obtained the daily AOD values with partial coverage
across China. Then, after we acquired the mean AOD
values from during January 23 to March 24 in 2018, 2019,
and 2020, we used the inverse distance weighting method
to interpolate the AOD data covering the entire country.
However, errors can be introduced into the results when

Fig. 1. Ground PM2.5 monitoring stations covering mainland China.

a discrete point is far away from the interpolation point
[40], [41].

2) PM2.5 Concentrations: The Chinese Ministry of Envi-
ronmental Protection (MEP) has published hourly PM2.5
concentrations at a national scale since January 2013.
A total of ∼1480 monitoring stations are unevenly dis-
tributed across China (see Fig. 1). In this article, the hourly
mean PM2.5 concentrations from January 23 to March
24, 2020 were obtained from the MEP, and the PM2.5
values from January 23, to March 24 in 2018 and 2019
were also obtained in order to compare the variations in
the PM2.5 concentrations before and after the outbreak of
COVID-19. Then, the mean PM2.5 concentrations mea-
sured at 10:00, 11:00, 13:00, and 14:00 were calculated at
each site across the entire country, with the same temporal
resolutions as the MAIAC Terra (10:30) and Aqua (13:30)
data.

3) Meteorological Data: The ERA5 product from the Eu-
ropean Centre for medium-range weather forecasts rep-
resents the fifth-generation atmospheric reanalysis of the
global climate dataset, and it provides hourly values of
atmospheric parameters. Because they have a higher spa-
tial and temporal resolution than the National Center for
Environmental Prediction data, the ERA5 data have been
widely used. Therefore, the boundary layer height (BLH;
unit: m), the relative humidity at 950 hPa (RH; unit:%), and
the 10 m wind speed (WS; unit: m/s) data from the ERA5
were used in this article. The spatial resolutions of the
BLH, RH, and WS were 0.25°× 0.25°, 0.25°× 0.25°, and
0.1° × 0.1°, respectively. To enhance the contrast of the
regional variability of the PM2.5, the BLH, RH, and WS
data were resampled to a 0.01° × 0.01° spatial resolution
grid using the nearest neighbor approach. Finally, the
mean values of the meteorological factors measured at
10:00, 11:00, 13:00, and 14:00 were used, which were
consistent with the MCD19A2.

4) Gross Domestic Product: (GDP) The contribution of the
GDP to PM2.5 concentrations has been widely discussed.
Generally, PM2.5 values are negatively correlated with
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Fig. 2. Histograms and descriptive statistics for AOD and PM2.5 values across
mainland China from January 23 to March 24 during 2018–2020. (a) PM2.5 for
all data. (b) AOD for all data. (c) PM2.5 for only measurements lower than 400
µg/m3. (d) AOD for the same records as in Fig. 2(c).

the GDP [42]. The GDP across mainland China has been
significantly affected by the COVID-19 pandemic. Thus,
in this article, the first quarter GDPs for each province/city
in 2018, 2019, and 2020 were obtained from the Chinese
National Bureau of Statistics (NBU).

B. Methods

1) GWR Model: Currently, GWR models have been devel-
oped to predict PM2.5 concentrations many times. However, at
least three parameters have been used in some GWR models,
whereas five or more parameters have been widely incorporated
into other GWR models [43]–[45]. The AOD represents the
aerosol optical properties of the total column. The PM2.5 is
defined as the aerosols with aerodynamic diameters of≤ 2.5μm.
As Fig. 2 shows, they are highly correlated, so the AOD was used
to estimate the satellite-based PM2.5 concentrations. Except for
the AOD, most of the parameters were meteorological factors
with a low spatial resolution (1° × 1°), which could introduce
uncertainties in the model. Therefore, a new GWR model with
one parameter was developed to estimate the PM2.5 values. The
bandwidth is the distance band or number of neighbors used
for each local regression equation, and it controls the degree of
smoothing in the GWR model. The optimal distance or optimal
number of neighbors can be obtained using the fixed kernel
method or the adaptive kernel method. Here, the adaptive kernel
method was selected because the monitoring sites were unevenly
distributed. The Akaike Information Criterion (AICc) is based
on the concept of entropy, and it can weigh the complexity of
the estimated model and the goodness of fit of the model to the
data [46], [47]. The model with the lowest AICc value provides
the best fit to the observed data. A good bandwidth can be
obtained by minimizing the corrected AICc values [48], [49].

The smaller the AICc is, the better the bandwidth is. The model
can be expressed as follows:

PM2.5ij = aij + bijAODij + εij (1)

where PM2.5 is the ground-based values at location i on day
j, AOD is the average value of the MCD19A2 at location i on
day j, a is the location-specific intercept of the GWR model, b is
the location-specific slope of the GWR model, and ε is an error
term.

Cross validation (CV) is a common method used to evaluate
the accuracy of a model. Therefore, a three-fold CV method
was used [50]. The entire dataset was divided into three subsets,
with approximately 1/3 of the entire records in each subset. In
each round of CV, two subsets were selected to fit the model,
and the other subset was used as testing samples. In addition,
the reduced major axis (RMA) was used to obtain the slope
and intercept between the ground PM2.5 concentrations and the
satellite estimated values [51], [52]. In the RMA, the slope (β)
and intercept (α) were calculated as follows:

β =
σy

σx
(2)

α = Ȳ −
(
σy

σx

)
X̄ (3)

where X are the ground PM2.5 concentrations, and Y are the
satellite estimated values. X̄ and Ȳ are the mean values of X
and Y, respectively; and σx and σy are the standard deviations
of X and Y, respectively. In addition, the mean absolute error
(MAE), root-mean-squared error (RMSE), and mean systematic
error (MSE) were computed as follows:

MAE =
1

n

n∑
i = 1

|Yi −Xi| (4)

RMSE =

√√√√ 1

n

n∑
i = 1

(Yi −Xi)
2 (5)

MSE =
1

n

n∑
i = 1

(
Ŷi −Xi

)2

(6)

where Ŷi is the predicted value based on the RMA relationship
(Y = βX + α) between X and Y.

2) Analytical Methods: In order to determine the variations
in the PM2.5 concentrations and the reasons for these values
during the study period, the mean difference (MD) and mean
rate of change (MROC) were used to compare the variances in
mean values of the PM2.5 concentrations, BLH, RH, WS, and
GDP throughout China. The MD and MROC were defined as
follows:

MD = Yi,j − Xi,j (7)

MROC = (Yi,j − Xi,j) / Xi,j × 100% (8)

where i and j indicate the locations in the satellite images. When
evaluating the variations in and reasons for the PM2.5 concen-
trations between 2018 and 2019, Yi,j and Xi,j represent the
mean values of the PM2.5 concentrations, BLH, RH, WS, and



GUO et al.: HIGH-RESOLUTION SATELLITE-BASED PM2.5 CONCENTRATION DATA ACQUIRED 11073

GDP in 2019 and 2018, respectively; and when evaluating the
variations in and reasons for the PM2.5 concentrations between
2019 and 2020, Yi,j and Xi,j represent the values in 2020 and
2019, respectively.

III. RESULTS AND DISCUSSION

A. Model for Estimating High-Resolution Satellite-Based
PM2.5 Concentrations

1) Descriptive Statistics: Finally, a total of 81468 observa-
tions were included in the dataset during the period described
above. The descriptive statistics and histograms for the AOD
and PM2.5 values are shown in Fig. 2. For all of the records
[see Fig. 2(a) and (b)], the mean value and standard deviation
of the AOD were 0.39 and 0.35, respectively; and they were
46.42 and 41.01 μg/m3 for the PM2.5 concentrations, respec-
tively. The minimum and maximum PM2.5 values were 1.0 and
1618.5 μg/m3, respectively. The maximum PM2.5 values were
found in Xinjiang Province and were very likely caused by dust
storms. Furthermore, only 41 records contained PM2.5 values
of greater than 400 μg/m3. For the records with PM2.5 values
of less than 400 μg/m3 [see Fig. 2 (c) and (d)], we found that
the frequency distributions of the AOD and PM2.5 were very
similar, indicating that they were strongly correlated.

2) Model Performance: Fig. 3 illustrates the results for the
model fitting and CV. The R, slope, and RMSE were 0.94, 0.91,
and 14.19 μg/m3, respectively, for the model fitting, whereas
they were 0.91, 0.91, and 17.19 μg/m3 for the model CV.
Moreover, the MAE and MSE were 8.63 and 12.67 μg/m3,
respectively, for the model fitting, whereas they were 10.17 and
12.78 μg/m3 for the model CV [see Fig. 3(a) and (b)]. It was
found that the residuals were large, with ground PM2.5 values
of greater than 400 μg/m3 [see Fig. 3(c) and (d)]. One potential
error in the model is related to the uneven spatial distribution of
the ground PM2.5 monitoring sites. Consequently, in the areas
with few ground PM2.5 monitoring sites, for example Xizang,
Qinghai, and Neimenggu [see Fig. 3(e) and (f)], the model
could contain substantial errors. Overall, the results suggest that
the model performs well, with a good agreement between the
observed and estimated PM2.5 values. However, the accuracy
of the model could still be improved by incorporating more
parameters into the model.

3) Estimated PM2.5 Concentrations: Fig. 4 shows the mean
PM2.5 values across mainland China during the study period.
The PM2.5 values were 43.30 ± 27.53 μg/m3 in 2019 and
37.89 ±24.94 μg/m3 in 2020. The most polluted areas were
in Xinjiang, the North China Plain, the Northeast China Plain,
and the Sichuan Basin, where the PM2.5 values were generally
greater than 55 μg/m3. In contrast, the areas with the cleanest
air were mainly in Xizang and Qinghai, where the PM2.5 values
were generally less than 15 μg/m3. Similar results were also
found for most of the areas in China in previous studies [21],
[44]. However, the Northeast China Plain had much higher
PM2.5 values than the others, and the PM2.5 values mainly
ranged from 35 to 75 μg/m3. Overall, the PM2.5 values in most
of the areas across mainland China decreased in 2020 compared
with 2019, especially in the North China Plain.

Fig. 3. Model performance across mainland China. (a) model fitting; and
(b) model validation. (c) The residuals for the model fitting; and (d) the residuals
for the model validation.
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Fig. 3. (Continued.) Model performance across mainland China. (e) The spa-
tial distribution of the R for the model validation; and (f) the spatial distribution
of the RMSE for the model validation.

B. Variations in PM2.5 Concentrations

1) Variations in PM2.5 Concentrations Across Mainland
China: To compare the variations in the PM2.5 values before
and after the outbreak of COVID-19 across mainland China, the
MD and MROC were calculated, and three interesting areas (i.e.,
regions A–C) were selected for analysis (see Fig. 5a). Region
A mainly includes Heilongjiang, Jilin, and Liaoning provinces.
Region B mainly includes Hubei, Henan, Anhui, Shandong, and
Jiangsu provinces, and region C is Yunnan Province.

The mean PM2.5 values decreased year by year across main-
land China, i.e., 3.17 μg/m3 (43.30 ± 27.53 μg/m3) in 2019
compared with (46.47 ± 22.65 μg/m3) in 2018 (see Fig. 5a).
When compared with 2018, the PM2.5 values increased in nearly
half of the areas across mainland China [see Fig. 5(c)]. These
areas were mainly located in regions A and B and in Xinjiang,
where the PM2.5 values increased by less than 40 μg/m3 [see
Fig. 5(a)]. Thus, the areas with decreases were primarily in the
western and southern parts of China, where the PM2.5 values
decreased to less than 20 μg/m3 in 2019.

As was expected, the outbreak of COVID-19 resulted in a
significant decrease in the mean PM2.5 values across mainland
China, with PM2.5 values decreasing by 5.41 μg/m3 in 2020
(37.89 ± 24.94 μg/m3) compared to 2019, i.e., by a factor
of 1.71 (5.41/3.17 = 1.71). Compared with 2019, the PM2.5
values in nearly three-quarters of the areas across mainland
China decreased in 2020 [see Fig. 5(b)]. Apparently, the PM2.5
concentrations in regions A and B, which mainly increased by
10–40% in 2019 compared with 2018, [see Fig. 5(d)], mainly

Fig. 4. Spatial distributions of the mean PM2.5 values across mainland China
from January 23 to March 24: (a) for 2019 and (b) 2020.

Fig. 5. Variations in the PM2.5 values across mainland China from January
23 to March 24. (a) MD between 2018 and 2019. (b) MD between 2019 and
2020. (c) MROC between 2018 and 2019. (d) MROC between 2019 and 2020.
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Fig. 6 Variations in PM2.5 values in Hubei Province from January 23 to March
24. (a) MD between 2018 and 2019. (b) MD between 2019 and 2020; (c) MROC
between 2018 and 2019. (d) MROC between 2019 and 2020.

decreased by 10–40% in 2020 [see Fig. 5(d)]. Additionally, in
region C, the PM2.5 values mainly decreased by 20–40% in
2019 compared with 2018; however, the PM2.5 values primarily
increased by 10–40% in 2020 compared with 2019.

2) Variations in PM2.5 Concentrations in Hubei Province:
Hubei Province experienced the worst effects caused by the
outbreak of COVID-19 in China. Benefiting from PM2.5 values
with a 1 km spatial resolution, many detailed characteristics
of the PM2.5 concentrations in Hubei were also identified (see
Fig. 6). As Fig. 6 shows, the mean PM2.5 values in Hubei were
significantly different before and after the outbreak of COVID-
19, with a 1.85 μg/m3 increase in 2019 (63.06 ± 9.51μg/m3)
compared to 2018 (61.21 ± 9.81 µg/m3). However, PM2.5
values decreased dramatically by 23.18 μg/m3 in 2020 to 39.88
± 10.01μg/m3 when compared with 2019 levels. Spatially, the
variations of PM2.5 values in 2019 generally ranged from −10
to 10 μg/m3, with most areas increasing by ∼10% compared to
2018. The outbreak of the COVID-19 pandemic in 2020 caused
the PM2.5 values in almost all of Hubei Province to decrease
significantly by over 20%, with the values mainly dropping by
10–40 μg/m3 compared with 2019.

C. Reasons for the Trends in the PM2.5 Concentrations

1) Contribution of the GDP to the Variations in the PM2.5
Concentrations: The variations in the PM2.5 values were
caused by both natural and anthropogenic factors. Rapid so-
cioeconomic development has been tied to the increasing PM2.5
pollution across mainland China. The mean PM2.5 values for
each province across mainland China were initially calculated to
identify correlations between the GDP and PM2.5 values. Then,
we obtained the MROC values of the PM2.5 values and the

Fig. 7. Variations in the PM2.5 values and GDP across mainland China from
January 23 to March 24 during 2018–2020. (a) PM2.5 concentrations, (b) Gross
domestic product.

GDP during 2018–2020 (see Fig. 7). As Fig. 7 shows, although
the GDP increased steadily in 2019 compared with 2018, the
PM2.5 values decreased in 24 out of 34 provinces and other
administrative areas in China, indicating that the enforcement
of environmental protection laws in China had a positive effect,
which is in agreement with the findings of Wang et al. [53]
and Zhang and Wu [54]. Additionally, the number of provinces
with increasing GDPs decreased substantially from 33 in 2019
to only 5 in 2020 with the outbreak of COVID-19. As a result,
the provinces with decreased PM2.5 values increased from 24
in 2019 to 30 in 2020. Furthermore, a total of 14 provinces
experienced decreases in PM2.5 values of greater than 20%. For
example, Hubei Province experienced a large decrease in PM2.5
values (−36.72%) in part because it experienced a large decrease
in its GDP (−36.75%). It seems that the PM2.5 values were
positively associated with the GDPs across mainland China;
however, combined with the results shown in Fig. 8, it can be
inferred that there is no obvious correlation between the PM2.5
values and GDP, which is different from the findings of Zhou
et al. [42].

2) Effects of Meteorological Factors on Variations in PM2.5
Concentrations: In addition to anthropogenic effects, PM2.5
values are also significantly affected by meteorological factors,
especially the BLH, WS, rainfall, and RH. The evolution of
BLH affects the vertical diffusion of PM2.5 particles [55], [56].
Generally, a higher BLH implies stronger turbulent diffusion,
which results in lower PM2.5 values [57]. In addition, the hor-
izontal diffusion of PM2.5 particles varies greatly with the WS
[58]. Moreover, the washing process caused by rainfall strongly
affects atmospheric PM2.5 values [59]. A 5 mm rain event led to
a 10–30 μg/m3 decrease in the PM2.5 values in Beijing [60]. In
addition, the formation of PM2.5 is also affected by the RH, and
a high RH is conducive to the conversion of gaseous pollutants,
such as SO2 and NOx, into particulate matter, thus aggravating
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Fig. 8. Correlation between the mean PM2.5 values and GDPs in the
provinces/cities during 2018–2020.

Fig. 9. Variations in the meteorological factors across mainland China from
January 23 to March 24. (a) MROC of the BLH between 2018 and 2019. (b)
MROC of the BLH between 2019 and 2020. (c) MROC of the RH between 2018
and 2019. (d) MROC of the RH between 2019 and 2020. (e) MROC of the wind
between 2018 and 2019. (f) MROC of the wind between 2019 and 2020.

PM2.5 pollution [61]. Given the complicated wet scavenging
effect on PM2.5 concentrations, all of the cases in the presence
of rainfall were discarded from the subsequent analysis, thus,
only the contributions of the BLH, WS, and RH to the PM2.5
concentrations were analyzed (see Fig. 9). In this section, the
causes of the PM2.5 values in the three representative regions
(A–C) are discussed (see Fig. 5).

As Fig. 9 shows, compared with 2018, the BLH and WS
in most areas of region A both increased by ∼20% in 2019,
whereas the RH decreased by ∼30%, suggesting that some
meteorological conditions are helpful in diffusing PM2.5 pol-
lutants. However, the PM2.5 values increased by ∼20% in
2019. Considering that the GDP increased by 5.71%, 1.62%,
and 7.18% in Heilongjiang, Jilin, and Liaoning, respectively,
it could be that the anthropogenic factors were responsible for
the variations in the PM2.5 values in 2019. As for region B,
compared with 2018, the variations in the BLH and RH in most
areas ranged from −10% to 10%, whereas the WS decreased by
∼20%, indicating that the meteorological conditions adversely
affected the diffusion of PM2.5 pollutants. Combined with the
GDP growth of∼8.5%, it can be inferred that the∼10% increase
in the PM2.5 values in 2019 may have been caused by both
meteorological and anthropogenic factors. As for region C, com-
pared with 2018, the meteorological conditions were conducive
to the diffusion of PM2.5 pollution, with an increase of ∼10%
for both the BLH and WS, whereas the RH remained almost
unchanged. Considering that the GDP increased by 11.48%, the
meteorological factors may have led to the ∼10% decrease in
the PM2.5 values in 2019.

Compared to 2019, the meteorological conditions in region A
in 2020 severely limited the diffusion of the PM2.5 pollutants,
with the BLH decreasing by ∼10% and the RH increasing
by more than 20%, whereas the WS remained nearly steady.
Considering the fact that the GDP decreased by 6.67%, 2.02%,
and 6.13% in Heilongjiang, Jilin, and Liaoning, respectively,
suggests that anthropogenic factors may have been responsible
for the > 10% decrease in the PM2.5 concentrations in 2020.
As for region B, compared with 2019, overall, the BLH and RH
remained steady, whereas the WS increased by more than 10%,
indicating that the meteorological conditions were conductive
to the diffusion of PM2.5 pollution. Combined with the ∼4%
decrease in the GDP, except in Hubei (decrease of 36.75%), it
can be inferred that the >20% decrease in the PM2.5 values
in 2020 may have been the result of both meteorological and
anthropogenic factors. As for region C, compared with 2019,
the meteorological conditions were conducive to the diffusion of
PM2.5 pollution, with the BLH increasing by∼10% and the WS
and RH remaining almost unchanged in 2020. Considering that
the GDP remained steady (−0.06%), anthropogenic factors may
have caused the > 10% increase in the PM2.5 values in 2020.
Overall, only a qualitative analysis of the causes of the PM2.5
concentrations was conducted in this article, and the detailed
causes of the changes in the PM2.5 still need to be quantitatively
studied in the future. Moreover, the study period including the
Spring Festival may have also influenced the results.

IV. CONCLUSION

In this article, in order to determine the variations and the
causes of the variations in the PM2.5 concentrations before and
after the outbreak of COVID-19 across mainland China, ground
PM2.5 concentrations, AOD, GDP, and meteorological data
from January 23 to March 24 during 2018–2020 were selected
for analysis.
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TABLE I

First, unlike previous GWR models, in this article, only the
AOD was used to predict the PM2.5 concentrations. The GWR
model using satellite data was developed to provide the PM2.5
values with a 1 km spatial resolution during the outbreak of
COVID-19 across mainland China. The overall R and RMSE
values for the model fitting were 0.94 and 14.19 μg/m3, re-
spectively, whereas those for the model CV were 0.91 and
17.19 μg/m3, respectively, suggesting that the model performed
satisfactorily when estimating the PM2.5 values.

Second, we found that the PM2.5 concentrations fluctuated
significantly across mainland China during the study period,
with a 5.41 μg/m3 decrease in the PM2.5 values in 2020 com-
pared to 2019. Due to the availability of PM2.5 values with a
high spatial resolution, the variations in the PM2.5 values in
Hubei Province were also available. The results indicate that
the PM2.5 values increased by 1.85 μg/m3 in 2019 compared
to 2018. However, the PM2.5 values decreased dramatically by
23.18 μg/m3 in 2020 compared to 2019.

Finally, the reasons for the variations in the PM2.5 values were
investigated. The anthropogenic factors could be responsible for
the variations in the PM2.5 values in region A during 2018–2020,
whereas both the meteorological and anthropogenic factors were
involved in region B. As for region C, the meteorological factors
led to the decrease in the PM2.5 values in 2019 compared with
2018, whereas the anthropogenic factors resulted in the increase
in the PM2.5 values in 2020 compared with 2019. These results
provide an important reference for the future development of air
pollution control policies in China.

APPENDIX

See Table I.
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