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A B S T R A C T   

With the Chinese government revising ambient air quality standards and strengthening the monitoring and 
management of pollutants such as PM2.5, the concentrations of air pollutants in China have gradually decreased 
in recent years. Meanwhile, the strong control measures taken by the Chinese government in the face of COVID- 
19 in 2020 have an extremely profound impact on the reduction of pollutants in China. Therefore, investigations 
of pollutant concentration changes in China before and after COVID-19 outbreak are very necessary and con-
cerning, but the number of monitoring stations is very limited, making it difficult to conduct a high spatial 
density investigation. In this study, we construct a modern deep learning model based on multi-source data, 
which includes remotely sensed AOD data products, other reanalysis element data, and ground monitoring 
station data. Combining satellite remote sensing techniques, we finally realize a high spital density PM2.5 con-
centration change investigation method, and analyze the seasonal and annual, the spatial and temporal char-
acteristics of PM2.5 concentrations in Mid-Eastern China from 2016 to 2021 and the impact of epidemic closure 
and control measures on regional and provincial PM2.5 concentrations. We find that PM2.5 concentrations in Mid- 
Eastern China during these years is mainly characterized by “north-south superiority and central inferiority”, 
seasonal differences are evident, with the highest in winter, the second highest in autumn and the lowest in 
summer, and a gradual decrease in overall concentration during the year. According to our experimental results, 
the annual average PM2.5 concentration decreases by 3.07 % in 2020, and decreases by 24.53 % during the 
shutdown period, which is probably caused by China’s epidemic control measures. At the same time, some 
provinces with a large share of secondary industry see PM2.5 concentrations drop by more than 30 %. By 2021, 
PM2.5 concentrations rebound slightly, rising by 10 % in most provinces.   

1. Introduction 

After entering the 21st century, Mid-Eastern China (Beijing Tianjin- 
Hebei region and East China) has become the main region contributing 
to China’s gross domestic product (GDP) (Xue et al., 2020). At the same 
time, increasing industrialization and urbanization have led to a rapid 
increase in China’s total annual energy consumption. Due to the struc-
tural characteristics of China’s energy resources of “rich in coal, short of 
oil and gas”, coupled with the sloppy mode of economic growth led by 
secondary industry and the relatively backward energy utilization 
technology, China’s energy consumption structure has been unreason-
able for a long time, and the dependence on coal for social development 
is very high, but the coal combustion can produce a large number of 
pollutants, including but not limited to sulfur dioxide, nitrogen oxides, 
carbon monoxide, and soot (PM2.5, PM10). Among all pollutants, PM2.5 is 

the main pollutant in Mid-Eastern China, which is a serious hazard to the 
regional ecological environment and human health (Ma et al., 2022; 
Chen et al., 2019; Tao et al., 2014; Pope et al., 2011; Hoek et al., 2013). 
Every 10 % increase in atmospheric PM2.5 concentration is associated 
with a 15–27 % increase in lung cancer (Turner et al., 2011). Outdoor air 
pollution caused by PM2.5 causes 3.3 million premature deaths world-
wide each year (Lelieveld et al., 2015). As a result, the Chinese gov-
ernment revised ambient air quality standards in 2012 (Li et al., 2016), 
added PM2.5 and other air pollutants, and gradually established a 
nationwide network of air quality monitoring stations, thus strength-
ening the monitoring and management of PM2.5 and other pollutants 
(Song et al., 2017). Studies have shown PM2.5 concentrations in most 
cities have decreased significantly after 2012 (Xue et al., 2006), indi-
cating that the Chinese government’s monitoring and treatment mea-
sures have had a positive effect. 
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The 2019 novel coronavirus (COVID-19) is a major international 
natural disaster that erupted at the end of 2019, its outbreak has had an 
extremely profound impact on the entire world. In China, the COVID-19 
outbreak coincided with the Chinese Lunar New Year, the population 
movement at this time was much higher than usual, which provided 
favorable conditions for the rapid spread of COVID-19. To curb the 
spread of COVID-19, China took the initiative to blockade Wuhan, and 
various local governments also carried out strong control measures to 
reduce the travel and gathering of people, and the results showed that 
these measures were very effective (Kraemer et al., 2020). The closure or 
control of shopping malls, factories, and other places, which reduced 
PM2.5 production at the source, led to a decrease in atmospheric PM2.5 
concentrations. Chauhan et al. showed that Beijing and Shanghai, which 
started their blockade in mid-February 2020, both had 50 % lower PM2.5 
concentrations in March than in February (Chauhan and Singh, 2020). 
Chu et al. found that the strict control measures and social blockade for 
COVID-19 outbreak prevention and control led to a decrease in PM2.5 
concentrations in Wuhan, Hubei (excluding Wuhan) and China 
(excluding Hubei) by 35 %, 29 % and 19 % (Chu et al., 2021). 

Studies show that PM2.5 concentration is a gold indicator for envi-
ronmental monitoring and social science research, which is closely 
related to human social life (Li et al., 2001; Geng et al., 2018; Xue et al., 
2019; Xiao et al., 2020; Stowell et al., 2019; Zhang et al., 2020). How-
ever, the number of monitoring stations is very limited, making it 
difficult to conduct a high spatial density investigation. As a result, using 
remote sensing inversion techniques to explore a high spatial density 
PM2.5 concentration change investigation method is very important and 
concerning. But the relationship between PM2.5 concentration and ele-
ments is nonlinear and difficult to represent by mathematical formulae. 
Deep learning algorithms are well known to handle nonlinear relation-
ships, and many scholars have done some research in this area (Wang 
et al., 2022; Kitsiou and Karydis, 2011; Yuchi et al., 2022), so using deep 
learning algorithms to invert PM2.5 concentration is an option. Studies 
by many scholars have shown that deep neural networks (DNN), con-
volutional neural networks (CNN), recurrent neural networks (RNN), 
and long short-term memory networks (LSTM) have good performance 
in PM2.5 concentration inversion (Wang and Sun, 2019; Zamani et al., 
2019; Yan et al., 2020; Qin et al., 2019; Tong et al., 2019). There is a 
strong correlation between aerosol optical thickness (AOD) and PM2.5 
concentration, but considerable uncertainty exists when only AOD is 
used to retrieve PM2.5 (Li et al., 2017). To enhance the inversion, 
scholars have added other relevant elements to the model, such as 
meteorological elements (temperature, humidity, surface pressure, etc.), 
vegetation cover elements, elevation elements, population and road el-
ements, and time elements (Li et al., 2017; Xu et al., 2020; Yan et al., 
2021). 

In this study, we use 12 types of multi-source data such as AOD, 
temperature, humidity, boundary layer height, and vegetation cover as 
inversion factors. Because the deep learning models are good at learning 
the nonlinearity relationship between PM2.5 and factors, we use a 
modern deep learning model to invert PM2.5 concentrations in Mid- 
Eastern China. Finally, we realize a high spatial density PM2.5 concen-
tration change investigation method, and analyze the spatial and tem-
poral changes of PM2.5 concentrations from 2016 to 2021. This time 
period not only covers the whole process of the COVID-19 outbreak in 
China from zero to outbreak to remission, but also covers a long period 
of time before the COVID-19 outbreak, which can help us understand the 
trend of PM2.5 concentration change in the study area normally. We 
investigate the effects of control measures on PM2.5 concentrations 
before and after the COVID-19 epidemic period, and find that PM2.5 
concentrations change in Mid-Eastern China before and after the COVID- 
19 outbreak have the following characteristics:  

• Seasonal differences in PM2.5 concentrations are pronounced, with 
the highest concentrations in winter, the second highest in autumn 
and the lowest in summer. However, high PM2.5 concentrations at 

different seasons are mainly found in the North China Plain, which is 
heavily polluted by heavy industry.  

• The spatial distribution of annual mean PM2.5 concentrations is 
closely related to secondary industry, economic development, and 
physical geographic features. In terms of temporal distribution, 
annual mean PM2.5 concentration in most areas is decreasing year- 
on-year, and annual mean PM2.5 concentration in the region 
declined significantly in 2020.  

• According to our experimental results, when China’s COVID-19 
lockdown policy is at its strictest, the reduction in annual mean 
PM2.5 concentration in many provinces in the region show a positive 
correlation with the proportion of secondary industry in GDP. 
Although China’s epidemic situation in 2021 is patched up, annual 
mean PM2.5 concentrations rebound weakly in these provinces. 

2. Materials 

2.1. Study area 

The study area of this paper is Mid-Eastern China (Taiwan Province is 
excluded due to the lack of data from Taiwan Province), and the whole 
area contains 10 provincial administrative units, such as Beijing, Tian-
jin, Hebei, and Shandong. Fig. 1 shows the geographic location of the 
study area and the distribution of air quality monitoring stations. The 
numerous air quality monitoring stations provide a database for the 
development of air environment management regulations and policies 
in the region. Meanwhile, according to the China Statistical Yearbook 
(2021) and the Statistical Table of Administrative Divisions of the 
People’s Republic of China (2020) (National Bureau of Statistics of 
China, 2021; Ministry of Civil Affairs of China. Statistical Table of 
Administrative Divisions of China., 2020), the 10 provincial adminis-
trative units in the study area account for 46.64 % of China’s GDP, 
10.53 % of China’s total area, and 37.83 % of China’s total population. 
This region is a very important area in China due to its good location and 
economic development, which continues to attract a large influx of 
people. But the developed economy, dense population, and high 
industrialization also make the overall air quality in this region poor. 
Since 2012, China has increased its efforts to monitor and control air 
pollutants, which has improved ambient air quality. Government con-
trol measures in response to COVID-19 have also affected pollutant 
emissions to some extent. Therefore, understanding the overall trend of 
PM2.5 concentrations in the region in recent years and the changes in 
PM2.5 concentration during the 2020 epidemic closure period are 
important for residents’ health, environmental protection, and devel-
opment policy formulation. 

2.2. Experiment data 

2.2.1. PM2.5 concentration data 
PM2.5 concentration data are provided by the China Air Quality 

Historical Data website (https://quotsoft.net/air/), which is derived 
from air quality monitoring stations distributed nationwide. As of 2021, 
there are more than 2,000 monitoring stations nationwide. Monitoring 
stations measure and record local hourly concentrations of PM2.5, PM10, 
SO2, NO2, O3, CO, and process them to obtain hourly pollutant con-
centrations, 24-hour mean sliding concentrations, and the Air Quality 
Index (AQI). Data are then uploaded to the China National Environ-
mental Monitoring Center (CNEMC, https://www.cnemc.cn/) and 
published in real time on the National Urban Air Quality Platform. 
Currently available PM2.5 concentration data are available as early as 
2013. However, the AOD product used in this study does not have 
complete annual data until 2016, so the time span for the data in this 
study was determined to be January 1, 2016 to December 31, 2021. 

2.2.2. Himawari-8 AOD data 
The Himawari-8 satellite is a geosynchronous satellite launched by 
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the Japan Meteorological Agency at Tanegashima Space Center on 
October 7, 2014, and officially announced its data in July 2015. The 
satellite carries an Advanced Himawari Imager (AHI) sensor with 16 
bands (including 3 visible bands, 3 near-infrared bands and 10 infrared 
bands ranging from 0.47 μm to 13.3 μm). The Himawari-8 satellite scans 
the entire East Asia region every ten minutes, and this scanning method 
effectively reduces the influence of clouds, which makes more effective 
data and can reflect the daily distribution of aerosols in East Asia more 
accurately, providing an option for more refined aerosol monitoring. 
Current research on the application of Himawari-8 data is mainly 
focused on cloud top characterization, PM2.5 concentration inversion, 
and fire monitoring (Min et al., 2020; Xu et al., 2017; Xue et al., 2020). 
The Himawari-8 AOD data products available today can be classified 
mainly into L2 and L3 data depending on the algorithms used, and L3 
data is used in this study. 

2.2.3. ERA5 reanalysis information 
Many research results have shown that the introduction of meteo-

rological elements can significantly improve the effectiveness of the 
AOD-PM2.5 inversion model, so the reanalysis data from the European 
Centre for Medium-Range Weather Forecasts (ECMWF) are included in 
this study. The latest data released by the ECMWF analysis center is the 
ERA5 reanalysis data, which contains global climate and weather 
reanalysis data from 1979 to the present, with a temporal resolution of 1 
h, a spatial resolution of 0.25◦, and an update frequency of one day. In 
this study, a total of six meteorological factors are selected from the 
ERA5 reanalysis data: air temperature (T), dew point temperature (DT, 
used to calculate relative humidity RH), surface pressure (SP), eastward 
component of wind at a height of 10 m from the surface (U10), north-
ward component of wind at a height of 10 m from the surface (V10) and 
atmospheric boundary layer height (PBLH). Considering that surface 
vegetation also has a certain degree of influence on PM2.5 concentration, 
two vegetation cover elements, high vegetation cover index (HVC) and 
low vegetation cover index (LVC), are also selected. 

2.2.4. Elevation data and time data 
This paper uses a 30-m resolution digital elevation model (DEM) 

with data from the Shuttle Radar Topographic Mapping Mission 
(SRTM), an aerospace mapping mission jointly conducted by NASA, the 

National Mapping Agency (NIMA) of the Department of Defense, and the 
German and Italian space agencies. At the same time, considering that 
PM2.5 concentration has obvious time-varying characteristics, and this 
paper involves a large time span of the study. Therefore, we transform 
the dates of the data into days and months, and then add them to the 
inversion as temporal data. 

3. Method 

Although there is a strong correlation between aerosol optical 
thickness (AOD) and PM2.5 concentration, PM2.5 is often influenced by 
multiple factors (meteorological elements, vegetation cover elements, 
elevation elements, population and road elements, and temporal ele-
ments, etc.) at the same time (Li et al., 2017; Xu et al., 2020; Yan et al., 
2021). Therefore, in addition to the AOD factor, meteorological factors 
such as temperature and humidity, vegetation cover factor, elevation 
factor, and time factor are also considered in this paper. The correlation 
between each factor and PM2.5 concentration is shown in Fig. 2, which 
shows a strong nonlinear relationship between PM2.5 and the factors. 

Nowadays, deep learning algorithms are widely used in the con-
centration inversion of air pollutants because they can better capture the 
characteristics of independent variables and approximate nonlinear 
functions of arbitrary complexity with arbitrary accuracy. Ordinary 
statistical regression models are not suitable for such complex nonlinear 
relationships of multiple elements, and deep learning algorithms are a 
new option to solve such problems, which has been confirmed by many 
scholars’ studies. For example, Gupta et al. estimated PM2.5 concentra-
tions using a neural network model based on three years of MODIS AOD 
and meteorological data in the southeastern United States, and the 
regression coefficient of the estimated results reached 0.74, which is 
higher than simple linear regression and multiple regression, verifying 
the feasibility and potential of using neural networks for air quality 
monitoring (Gupta and Christopher, 2009). Li et al. proposed a deep 
convolutional neural network (CNN) model to learn the relationship 
between population, gross domestic product (GDP), topography, land 
use, land cover, and PM2.5 to achieve a highly accurate spatial estima-
tion of PM2.5 (Li et al., 2019). Lee et al. used the Korean Peninsula as the 
research area and used GOCI’s TOA reflectance data and meteorological 
reanalysis data to retrieve the ground PM2.5 concentrations in this area 

Fig. 1. Mid-Eastern China and its monitoring sites distribution.  
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through the DNN model. Compared to traditional random forest and 
multiple linear regression models, DNN can more effectively reflect 
spatial characteristics of PM2.5 in the Korean Peninsula (Lee et al., 
2021). 

Therefore, inspired by previous studies, in order to learn the 
nonlinearity relationship between PM2.5 and input factors preferably, 
we use the deep neural network (DNN) for PM2.5 concentration inver-
sion in this study. The input data of the model input layer is a 12-dimen-
sional vector corresponding to each pixel (containing 12 multi-source 

inversion factors such as aerosol optical thickness, temperature, relative 
humidity, surface pressure, and atmospheric boundary layer height). 
There are four hidden layers in our DNN model, and the number of 
neurons in each layer is set to 1000, 700, 400 and 100 respectively, and 
finally the PM2.5 concentration inversion value of each pixel is output by 
the output layer. Combining the input features, the model’s forward 
data flow graph is shown in Fig. 3. 

In our model, each hidden layer is made up of two sublayers, a fully 
connected layer (FC) connects the model’s input or the output of the 
previous hidden layer, then the output of the FC layer passes through a 
rectified linear unit (ReLU) activation function layer, and finally the 
output of the ReLU layer inputs the next FC layer or output layer. In the 
hidden layer, we choose ReLU function as our model’s activation func-
tion, because the range of ReLU function is [0, ∞), it can not only 
overcome the problem of saturation and vanishing gradient (Nair and 
Hinton, 2010), but also better match the numerical characteristics of 
atmospheric pollution concentration. The forward operation of each 
hidden layer can be described as: 

xk+1
i = Wk+1

i Yk + bk+1
i (1)  

Yk+1
i = f

(
xk+1

i

)
(2) 

where k is the index of the hidden layer; Yk is the vector of outputs 
from hider layer k, and the vector of inputs into layer k + 1; Wk and bk 

are the weights and biases of layer k, respectively. The f (•) function is 
the ReLU activation function. 

Furthermore, to prevent overfitting, we use Dropout technology in 
our deep learning model. Dropout has been shown to significantly 
reduce overfitting and improve neural network performance (Srivastava 
et al., 2014). For the loss function, because the PM2.5 concentration 
prediction task is a nonlinear regression problem, we select mean square 
error (MSE) as our loss function. MSE is formulated as follows: 

MSE =
1
n

∑n

i=1
(ŷi − yi)

2 (3) 

Fig. 2. Correlation between inversion factors and PM2.5 concentration.  

Fig. 3. Forward data flow graph of our model.  
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where n is the number of data, ̂yi is the PM2.5 concentration obtained 
from the model inversion, yi is the true PM2.5 concentration. Adamax 
optimizer is chosen as the optimizer for our model training, which has 
better performance and high iteration efficiency (Kingma and Ba, 2014). 

4. Experimental results 

4.1. Model performance 

Based on PM2.5 data from monitoring stations in the study region, it 
can be found that PM2.5 concentrations have more obvious seasonal 
differences. Therefore, when using the DNN model to invert PM2.5 
concentrations, we model them by season. The data is divided into four 
datasets according to their seasons, and then each dataset is randomly 
sampled 80 % of the data form the training dataset and the remaining 20 
% form the test dataset. 

Two evaluation metrics, coefficient of determination (R2) and root 
mean square error (RMSE), are used to evaluate the performance of the 
model on the test set, both of which are formulated as follows: 

R2 = 1 −
∑

i(ŷi − yi)
2

∑
i(yi − y)2 (4)  

RMSE =

̅̅̅
1
n

√
∑n

i=1
(ŷi − yi)

2 (5) 

In the formula, ̂yi is the PM2.5 concentration obtained from the model 
inversion, yi is the true PM2.5 concentration and y is the mean value of 
PM2.5 concentration. 

After determining the model, datasets, activation function, loss 
function, optimizer, and evaluation metrics, we tune the hyper- 
parameters through several experiments and finally obtain the 
detailed parameter settings of the model as shown in Table 1. 

The model is trained with data from different seasons to learn the 
characteristics of PM2.5 concentrations in four seasons. Table 2 shows 
the evaluation metrics of the DNN model when inverting PM2.5 con-
centrations on different seasonal datasets. It can be seen that the model 
can achieve a coefficient of determination above 0.83 and up to 0.919 in 
all four training sets, while it stays above 0.75 in each seasonal test set. 
The inverse effect of the test set varies widely among seasons. In spring, 
autumn and winter, the R2 of the model is beyond 0.8, while the R2 in 
summer is only 0.753, indicating that the situation is more complicated 
in summer compared with other seasons, and the explanatory power of 
the model is slightly insufficient, and further optimization of the model 
or consideration of the influence of other factors on PM2.5 concentration 
is needed. The root mean square errors of the four test sets in spring, 
summer, autumn and winter are 12.336 μg/m3, 9.152 μg/m3, 12.627 
μg/m3 and 16.002 μg/m3, respectively, which are worse than the 
training set. Although the R2 and RMSE of the model on the test set are 
slightly worse than those on the training set, they are still within the 
acceptable range. The values of the two assessment indicators indicate 
that the model has good applicability in the study area and can solve the 
problem of inversion of PM2.5 concentrations over a large area of the 

region. 

4.2. Seasonal-scale PM2.5 concentration change from 2016 to 2021 

Fig. 4 shows the spatial distribution of the average PM2.5 concen-
trations in the study area for different seasons from 2016 to 2021 ob-
tained from the model inversion. From 2016 to 2021, the region as a 
whole maintains the worst PM2.5 pollution in winter, followed by 
autumn, with the best air quality in summer and spring in between 
summer and autumn. Considering the actual characteristics of PM2.5 
concentration in all seasons, we take 35 μg/m3 as the standard line of 
PM2.5 concentration, 60 μg/m3 as high PM2.5 concentration, and 90 μg/ 
m3 as ultra-high PM2.5 concentration. 

Comparing the spatial distribution of PM2.5 pollution in spring of 
each year, it is easy to see that there is a southward expansion of high 
PM2.5 concentration areas in the southern part of the Beijing-Tianjin- 
Hebei region and an overall deterioration of the air quality environ-
ment in the central part of the study area (i.e., northern Anhui and 
Jiangsu provinces and southwestern Shandong province). By 2021, a 
larger area of high PM2.5 concentrations emerges in the central part of 
the study area. It is noteworthy that the PM2.5 concentrations in the 
spring of the study area basically remain around 43 μg/m3 in all years, 
indicating that the regional air quality in the spring shows a kind of local 
variation and overall balance. Summer is the season with the best air 
quality among the four seasons. PM2.5 concentrations in most areas are 
below 35 μg/m3, meeting the target of the first transitional phase of the 
international monitoring standard for PM2.5. Only the central and 
southern parts of Beijing, Tianjin and Hebei have large areas with high 
PM2.5 concentrations. Compared to spring and summer, PM2.5 pollution 
is more severe in autumn, with higher average concentrations across the 
region and widespread areas of high PM2.5 concentrations in the 
southern provinces where air quality was previously better. PM2.5 
pollution in winter is extremely serious, with ultra-high PM2.5 concen-
tration areas occupying about half of the study area, and the average 
concentration in some areas is even higher than 120 μg/m3, and the 
average winter concentration in the whole region has remained above 
60 μg/m3 for these six years, much higher than in spring, summer and 
autumn. 

In addition, it can also be found that there is some similarity between 
regions with severe PM2.5 pollution in different seasons, and they all 
tend to contain parts of the North China Plain or the North China Plain 
(only the south-central Beijing-Tianjin-Hebei region is more polluted in 
summer), which is related to factors such as heavy industrial pollution 
emissions in the North China Plain (Yao et al., 2016). 

4.3. Interannual scale PM2.5 concentration change from 2016 to 2021 

Fig. 5 shows the spatial distribution of annual mean PM2.5 concen-
trations in the study area from 2016 to 2021. Annual mean PM2.5 con-
centration is spatially high in the central part and low in the northern 
and southern ends. Areas with higher PM2.5 concentrations in patches 
are distributed in the north and south ends, while areas with PM2.5 
concentrations below 35 µg/m3 are relatively limited. There are three 
main areas with severe pollution in the central part, namely the south- 

Table 1 
Model parameter setting table.  

Model content Specific settings 

Number of hidden layers 4 
Number of neurons in each hidden layer 1000, 700, 400, 100 
Activation functions ReLU 
Loss function MSE 
Optimizers Adamax 
Regularization Dropout (P = 0.3) 
Initial learning rate 0.001 
Batch size 256 
Epoch 1000  

Table 2 
Evaluation metrics of the model on different seasonal datasets.  

Seasons and dataset types R2 RMSE(μg/m3) 

Spring Training set  0.867  9.314 
Test set  0.805  12.336 

Summer Training set  0.835  8.646 
Test set  0.753  9.152 

Autumn Training set  0.904  9.522 
Test set  0.831  12.627 

Winter Training set  0.919  12.322 
Test set  0.809  16.002  
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central Beijing-Tianjin-Hebei region, Shandong region, and parts of the 
Yangtze River Delta (mainly Anhui Province and Jiangsu Province). 

From 2016 to 2021, air quality in the south-central Beijing-Tianjin- 
Hebei region is gradually getting better amidst fluctuations. Specific 
performance is that the area of 60 μg/m3 and above is decreasing, the 
area of 45 μg/m3 and below is expanding, and the peak regional PM2.5 
concentration is decreasing from 85.5 μg/m3 to 76.6 μg/m3. This is due 
to the presence of mountains in the central part of Shandong, such as 
Mount Tai and Mount Meng, which are surrounded by the flat topog-
raphy of the Northwest Lu Plain and the Jiao Lai Plain, and the unique 
topographic conditions affect the distribution of PM2.5 pollution. Air 
pollution in Shandong is better than that in the south-central Beijing- 

Tianjin-Hebei region, with an average PM2.5 concentration of 3.24 % 
lower than the latter over the past six years. The northern Yangtze River 
Delta is not only the less polluted area of PM2.5 among the three regions, 
but also the area with the most significant improvement in air quality. 
The average PM2.5 concentration in the region over the past six years is 
53.35 μg/m3, which is 6.42 % and 3.29 % lower than that in the central 
and southern Beijing-Tianjin-Hebei and Shandong regions respectively. 
In 2016 and 2017, more places in the northern Yangtze River Delta had 
average PM2.5 concentrations of 75 μg/m3. From 2018 to 2020, the areas 
with concentrations of 75 µg/m3 decreased significantly, and areas with 
concentrations of 45 µg/m3 increased. By 2021, pollution in the north-
ern Yangtze River Delta is increasing, but it is still better than in 2016. 

Fig. 4. Spatial distribution of average PM2.5 concentrations in four seasons from 2016 to 2021.  
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In general, air quality in the north and south ends of the study area 
barely meets international standards, and air quality in the central re-
gion is gradually improving overall, but is still far from international 
standards. The gradual improvement in air quality is consistent with the 
past study (Xue et al., 2006), indicating that the Chinese government’s 

monitoring and treatment measures have had a positive effect. 
Fig. 6 shows the changes in PM2.5 concentrations for the entire region 

in 2020 and 2021 compared to the previous year. As a result of COVID- 
19, different levels of control measures were taken from late January to 
early April 2020, which had a dampening effect on PM2.5 

Fig. 5. Spatial distribution of annual average PM2.5 concentrations from 2016 to 2021.  

Fig. 6. Relative change in annual average PM2.5 concentration.  
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concentrations. According to Fig. 6a, the percentage decrease in 2020 
reaches more than 35 % in a small part of the study area and ranges from 
5 % to 20 % in most areas, which is very similar to what chu et al found 
(Chu et al., 2021). The average decrease in PM2.5 concentration for the 
whole year is 3.07 % compared to the previous year; and the average 
percentage decrease was higher than the 1 % decrease in 2019, con-
firming the suppressive effect of epidemic control measures on PM2.5 
concentration. In 2021, the COVID-19 in China eases, nearly 80 % of the 
study region PM2.5 concentrations are elevated, with the remaining 20 % 
experiencing more limited percentage declines concentrate in the 0 % to 
10 % range. With PM2.5 concentrations increasing in most areas, PM2.5 
concentrations in the study area increase by an average of 9.8 % 
throughout the year, with overall PM2.5 pollution levels better than in 
2019 before the epidemic but worse than in 2020. 

4.4. PM2.5 concentration changes during the closure control period from 
2019 to 2021 

Based on the global PM2.5 concentrations obtained from the inver-
sion, the first two sections analyze the spatial and temporal variation 
characteristics of PM2.5 concentrations in the whole study area before 
and after COVID-19 outbreak from the seasonal and annual perspec-
tives, and focus on the magnitude of COVID-19′s effect on PM2.5 con-
centrations. After the outbreak, strong control measures were taken in 
mainland China, which led to a gradual return to normal residential life 
and business production after several months. The impact of control 
measures on PM2.5 concentrations is undeniable, and how PM2.5 con-
centrations changed during the control period is an issue worth 
exploring. This section examines PM2.5 concentrations in each province 
and region for the same period from 2019 to 2021, using the closure of 
Wuhan as the study period. Although the implementation of control 
measures was not exactly same in each province of the study area, and 
the industrial structure of different provinces varies considerably, this 
period in 2020 was the period of the massive COVID-19 outbreak in Mid- 
Eastern China, and the largest number of cities in the study area were 
closed (He et al., 2020). In addition, if we take the year as the unit of 
study here, the comparative effect of the experimental results will be 
weakened because the epidemic situation in China is under control in 
the second half of 2020. 

Fig. 7 shows the variation of the regional average PM2.5 concentra-
tions in the study area for the first four months of 2019 to 2021. It can be 

seen that PM2.5 concentrations show an overall decreasing trend from 
January to April of each year, with January data being significantly 
higher than the other three months, which is consistent with the sea-
sonal PM2.5 characteristics previously obtained. PM2.5 concentration is 
also decreasing year-on-year outside the closure control period (non- 
grey areas in the figure), which is related to the long-implemented air 
quality monitoring treatment (Liu et al., 2021). At the same time, the 
decrease in PM2.5 concentration in 2020 compared to the previous year 
is significantly higher than the decrease in 2021. This is somewhat 
related to the initiative of “not returning home unless necessary, spend 
the New Year in the same place”. This initiative is proposed by local 
governments to reduce the mass movement of people during the Spring 
Festival in the face of the severe and complex winter epidemic preven-
tion and control situation. The decrease in PM2.5 concentration was 
evident during the period of city closure and control (Chauhan and 
Singh, 2020). According to the results, the average PM2.5 concentration 
during this period in 2019 is 53.7 μg/m3, while the concentration during 
the same period in 2020 is only 40.53 μg/m3, a decrease of 24.53 % in 
average concentration and 49.11 % in maximum. In the same period of 
2021, without the impact of the city closure measures, society basically 
returns to normal, and the average PM2.5 concentration reaches 45.12 
μg/m3, an increase of 11.32 %, with a maximum increase of 61.07 %. In 
the face of the sporadic existence of epidemics, small-scale control 
measures are still implemented in various regions, which to a certain 
extent changes the production and living patterns of the society and 
subsequently has an impact on PM2.5 concentrations. 

The relative changes of the average PM2.5 concentrations in 2020 
and 2021 during the city closure period are calculated in terms of 
provinces, and Fig. 8 and Fig. 9 are obtained. As can be seen from Fig. 8a 
and Fig. 9a, the control measures taken in the face of the epidemic had a 
significant impact on PM2.5 concentrations in the provinces, with all 
provinces and municipalities in the study area reducing PM2.5 concen-
trations by more than 10 %. Among the three industries, the secondary 
industry has the greatest impact on PM2.5 concentration and is one of the 
main drivers of its change (Wang et al., 2014). Provinces with a larger 
share of the secondary sector economy also tend to see their PM2.5 
concentrations fall more, for example, Jiangsu Province, Zhejiang 
Province and Anhui Province all saw their PM2.5 concentrations fall by 
more than 30 %. At the same time, it can also be found that the PM2.5 
concentration in Beijing, where the control measures are very strict but 
the secondary industry accounts for a relatively low percentage, only 

Fig. 7. Change in average PM2.5 concentration in the first four months of 2019–2021.  
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decrease by 13.51 %, which also reflects that the secondary industry is a 
very important source of PM2.5. In 2021, there is basically no large-scale 
epidemic in mainland China, industries are gradually recovering in 
various regions, and PM2.5 concentrations rebound significantly 
compared to last year’s closure period (Fig. 8b). As can be seen from 
Fig. 9b, majority of provinces have a limited rebound in PM2.5 concen-
trations, concentrated at around 10 %, which is only slightly higher than 
during the epidemic closure period. Among the provinces with a high 
share of secondary industry, only Fujian has a recovery of PM2.5 con-
centrations close to 20 %. Therefore, China’s epidemic prevention pol-
icies have had a huge impact on the secondary industry when the 
COVID-19 epidemic was very severe, the government should pay more 
attention to the impact of the epidemic on secondary industry and 
ensure healthy socio-economic growth during the COVID-19 epidemic 
prevention and management. 

5. Discussion 

Although the relationship between COVID-19 and changes in 
pollutant concentrations has become a hot research topic in 

environmental science in recent years, there are still many shortcomings 
in these studies. Many of the studies cover large areas, they investigate 
the whole world or all of China (Chauhan et al., 2020; Venter et al., 
2020; Rodríguez-Urrego and Rodríguez-Urrego, 2020; Wei et al., 2023); 
but the density of investigations in these works is low due to the high 
workload. At the same time, there are many studies that focus on indi-
vidual cities and do not consider regional characteristics (Zoran et al., 
2020; Zhang et al., 2023; Jin et al., 2023); so our study is more scientific 
in spatial scope. In addition, most of these studies use direct measure-
ment data or linear models to investigate, without considering high 
spatial densities or nonlinearities. In many studies, the learning period is 
short. For example, Wei et al. only compared and analyzed changes in 
PM2.5 concentration from January to June 2019 and 2020 in mainland 
China (Wei et al., 2023). These studies did not conduct sufficient 
comparative studies before; during and after the outbreak. Our work can 
be said to be the first comprehensive investigation of PM2.5 concentra-
tion changes in Mid-Eastern China before and after the COVID-19 
outbreak with a high spatial density nonlinear investigation method. 

In this paper, we use multi-source data and deep learning techniques 
to investigate PM2.5 concentrations. Due to the large scope and time 

Fig. 8. Relative change in PM2.5 concentration by province.  

Fig. 9. Relative percentage change in PM2.5 concentration by province and share of secondary sector GDP.  
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span of our investigation, which requires a large computational cost. To 
improve computational efficiency, we build a relatively simple deep 
learning model. This model is similar to the EntityDenseNet constructed 
in 2020 by Yan et al. (Yan et al., 2020). Yan et al. also demonstrated that 
this type of structure outperforms other machine learning algorithms 
such as backpropagation neural network, extreme gradient boosting, 
light gradient boosting machine and random forest in the field of PM2.5 
concentration prediction. 

At the same time, we pay more attention to the choice of variables to 
avoid the loss of prediction accuracy caused by our simple model. In 
addition to the basic AOD data, we consider various types of factors: 
meteorological factors such as temperature and humidity, natural fac-
tors such as vegetation cover, digital elevation model, and temporal 
factors. These factors are high spatial density data that can be obtained 
by remote sensing satellites, while many scholars have only used AOD 
data and machine learning techniques to invert regional PM2.5 concen-
trations (Chen et al., 2019; Yan et al., 2020; Di et al., 2019; Park et al., 
2020; Lu et al., 2021; Just et al., 2018; Harishkumar et al., 2020; Sun 
et al., 2019; Bagheri, 2022; Pu and Yoo, 2021; Chen et al., 2018). After 
considering more factors related to PM2.5 concentration and obtaining 
these high spatial density satellite remote sensing data, we combine 
PM2.5 concentration data from ground monitoring stations for super-
vised training and then use the trained model and these satellite remote 
sensing data for prediction. Finally, we achieve a high spatial density 
prediction of PM2.5 concentration with high efficiency and accuracy. 

It is worth noting that Li et al. used the deep learning model (GTW- 
GRNN) and AOD data to invert PM2.5 concentrations in China, and the 
best R2 obtained by this work is 0.80 (Li et al., 2020). Meanwhile, the 
mean R2 of the four seasons obtained by our method is also about 0.80, 
which is very close to GTW-GRNN. At the methodological level, our 
method can be seen as a simplification of the GTW-GRNN model. The 
GTW-GRNN model uses a spatiotemporal weighting scheme to improve 
the accuracy of the simple model for PM2.5 concentration inversion in a 
single grid. This process requires complex calculations. In our method, 
seasonal features are introduced by adding temporal variables, and 
spatial features are added by meteorological factors and digital eleva-
tion model. Therefore, our method can be considered as an alternative to 
complex calculations using multi-source features. 

This study serves as a good reference for similar regions to formulate 
corresponding environmental protection and social policies in the event 
of a major sudden disaster, and provides a comprehensive template for 
inversion of air pollutant concentrations using multi-source remote 
sensing data. Meanwhile, to improve the inversion efficiency, we 
explore the use of multi-source data to simplify the computational 
process of the complex prediction model. In contrast to previous results, 
we find that simple models can also perform well after using multi- 
source data, which was also rarely attempted in previous works. In 
future work, we can consider combining more multi-source data by 
using ensemble learning and improving the computational efficiency of 
complex machine learning models, thus efficiently achieving higher R2 

and more reliable inversion results. 

6. Conclusions 

We conduct continuous PM2.5 concentration inversions for selected 
regions of China using remotely sensed AOD data products and other 
reanalysis element data, and analyze spatial and temporal variation 
characteristics of PM2.5 concentrations in the study area during seasons 
and years based on inversion results before and after the COVID-19 
outbreak, and analyze the effects of closure and control measures on 
PM2.5 concentrations throughout the region and in each province during 
the severe epidemic period. The R2 of the DNN model uses in this paper 
is maintained above 0.75, and the RMSE on the four seasonal test sets of 
PM2.5 are 12.336 μg/m3, 9.152 μg/m3, 12.627 μg/m3, and 16.002 μg/ 
m3, respectively. These all indicate that the model and the selected 

variables can explain the variation in PM2.5 concentrations well. Based 
on the results of this investigation, the following summarizes can be 
drawn. 

From 2016 to 2021, PM2.5 concentrations in the study area maintain 
the seasonal characteristics of the most severe PM2.5 pollution in winter, 
followed by autumn, the best air quality in summer, and spring between 
summer and autumn. Among them, the regional air quality in spring 
show a kind of local variation and overall balance (PM2.5 concentration 
increases in some areas, but the regional average concentration is 
basically maintained at 43 μg/m3). High PM2.5 concentrations at 
different seasons are mainly found in the North China Plain, which is 
polluted by heavy industry. 

Annual mean PM2.5 concentrations in the study area are spatially 
characterized by high concentrations in the central part and low con-
centrations at the north and south ends. The PM2.5 concentrations at the 
north and south ends basically meet international standards, while 
PM2.5 pollution is more serious in the central part, and the regions with 
more prominent pollution contain the south-central Beijing-Tianjin- 
Hebei region, Shandong region and parts of the Yangtze River Delta. The 
air quality in the three regions is gradually improving, and the gov-
ernment still needs to pay more attention to it while maintaining the air 
quality in other regions. 

According to results, because of the control measures during the 
severe epidemic, the annual average PM2.5 concentration in the study 
area decreases by 3.07 % in 2020, while the annual average PM2.5 
concentration rebound by 9.8 % in 2021. During the Wuhan closure 
period, the average PM2.5 concentration decreases by 24.53 % in 2020 
and increases by 11.32 % in 2021. Meanwhile, the extent of PM2.5 
concentration reduction in 2020 varied widely across provinces, some 
provinces with a large share of the secondary industry decreases by more 
than 30 %, while Beijing, with strict control measures but a small share 
of the secondary industry, decreases by only 13.51 %. In 2021, PM2.5 
concentrations in the provinces rebound slightly, with most provinces 
rebounding by about 10 %. 
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