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Abstract: As an important tropospheric trace gas and precursor of photochemical smog,
the accumulation of NO2 will cause serious air pollution. China, as the largest developing country
in the world, has experienced a large amount of NO2 emissions in recent decades due to the rapid
economic growth. Compared with the traditional air pollution monitoring technology, the rapid
development of the remote sensing monitoring method of atmospheric satellite has gradually
become the critical technical means of global atmospheric environmental monitoring. To reveal the
NO2 pollution situation in China, based on the latest NO2 products from Sentinel-5P TROPOMI,
the spatial–temporal characteristics and impact factors of troposphere NO2 column concentration of
mainland China in the past year (February 2018 to January 2019) were analyzed on two administrative
levels for the first time. Results show that the monthly fluctuation of tropospheric NO2 column
concentration has obvious characteristics of “high in winter and low in summer”, while the spatial
distribution forms a “high in East and low in west” pattern, bounded by Hu Line. The comparison
of Coefficient of Variation (CV) and spatial autocorrelation models at two kinds of administrative
scales indicates that although the spatial heterogeneity of NO2 column concentration is less affected
by the observed scale, there is a “delayed effect” of about one month in the process of NO2 column
concentration fluctuation. Besides, the impact factors analysis based on Spatial Lag Model (SLM) and
Geographic Weighted Regression (GWR) reveals that there is a positive correlation between nighttime
light intensity, the secondary and tertiary industries proportion and NO2 column concentration.
Furthermore, for regions with serious NO2 pollution in North China Plain, the whole society
electricity consumption and vehicle ownership also play a positive role in increasing the NO2
column concentration. This study will enlighten the government and policy makers to formulate
policies tailored to local conditions, to more effectively implement NO2 emission reduction and air
pollution prevention.
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1. Introduction
In the past decades, concomitant with the rapid process of industrialization and urbanization,
China’s urban construction and socioeconomic development have made remarkable achievements [1].
At present, China has become the world’s most populous country with the second largest economy in
the world, especially for eastern China, which has become one of the areas with the most intensive and
intense human activities. However, the large-scale urban construction, urban population aggregation,
and the rapid growth of the number of motor vehicles accompanied by urban development have led
to the deterioration of air quality in urban areas of China, which not only reduces the visibility of
the urban atmosphere, but also causes great harm to human health, thus threatening the sustainable
development of economy and society. Among the various atmospheric pollutants, the large-scale
emission of NOX (mainly including NO2 and NO) in China makes the concentration and growth rate of
NO2 in the troposphere at a higher level, which is much higher than other countries and regions [2–6].
As an important trace gas, NO2 is mainly distributed in the troposphere and stratosphere, and plays
an important role in the stratospheric and tropospheric atmospheric chemistry. NO2 is not only
the main air pollution gas, but also an important precursor of ozone, acid rain, and photochemical
smog. The nitrate aerosols produced by NO2 have significant radiation forcing, which makes NO2 an
important factor in climate change [7]. Especially, since the middle of the 20th century, the emission of
NO2 has increased dramatically, and the concentration of NO2 in the atmosphere has also increased
continuously, which has a great negative impact on human health, ecological environment, biochemical
cycle, tropospheric atmospheric composition, and air quality [8–11].
Generally, the sources of NO2 in the atmosphere mainly include natural and anthropogenic
emissions [7]. Among them, the natural emission sources mainly include natural combustion of
biomass, atmospheric lightning process, and nitrates of microbial action; while artificial emission
sources mainly include agricultural burning, burning of fossil fuels, industrial production, and vehicle
exhaust emissions [12–15]. However, with the development of human society, industrial thermal power
and motor vehicle emissions have gradually become the main sources of nitrogen oxides, accounting
for 90% of the total emissions [16]. At present, the anthropogenic emission of NO2 is mainly in the
troposphere, and the concentration and fluctuation trend of NO2 in the stratosphere is smaller than
that of the troposphere [17], mainly from the conversion of N2 O and the direct emission of supersonic
aircraft [18]. Hence, the higher the regional human activity intensity, the more drastic the change of
tropospheric NO2 column concentration [19–21]. For years, the emission of NOX in China’s atmosphere
has increased significantly, and the pollution of NOX has been deteriorating due to excessive coal
combustion, lack of emission reduction measures, and the sharp increase of motor vehicle emissions.
Nowadays, the concentration of NO2 in the atmosphere has become one of the common indicators
to measure the intensity of air pollution [22]. The study of temporal and spatial variations of NO2
and its influencing factors has become a hot topic in the study of atmospheric composition and trace
gases. Since satellite remote sensing can efficiently and dynamically monitor the trend and distribution
characteristics of gas pollutants, it has gradually become the key means for long-term large-scale
monitoring of atmospheric changes in recent years [23–28]. The study of atmospheric trace gases
by using remote sensing monitoring technology of atmospheric satellite began in the 1970s. In 1978,
the United States carried a Total Ozone Mapping Spectrometer (TOMS) sensor on the Nimbus-7
satellite to monitor the total ozone change, marking the beginning of the formal study of tropospheric
trace gases by satellite remote sensing [29]. Then, the ERS-2 satellite launched by European Space
Agency (ESA) in 1995 was loaded with Global Ozone Monitoring Experiment (GOME), which was
used to monitor the global distribution of trace gases [30]. In 2002, ENVISAT-1, launched by ESA,
was loaded with three detectors Global Ozone Monitoring by Occultation of Stars (GOMOS), Moderate
Resolution Imaging Spectroradiometer (MODIS), and SCanning Imaging Absorption SpectroMeter
for Atmospheric CHartographY (SCIAMACHY), which were used to study the composition changes
of HNO3 , CH4 , H2 , N2 O, Chlorofluorocarbon (CFC) and to detect the concentration distribution
of aerosol and ozone layer [31]. In 2004, the Ozone Monitor (OMI) on NASA’s Earth Observation
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System (EOS) satellite Aura was able to obtain the global distribution of trace gases such as O3 ,
NO2, and SO2 [32]. Subsequently, as the new-generation European instruments carried on MetOp
series satellites, the Global Ozone Monitoring Experiment-2 (GOME-2) provides unique and long
data sets for Atmospheric Research and application by measuring ozone, trace gases, and ultraviolet
radiation [33,34].
However, the in-depth study of NO2 monitoring and analysis has prompted scholars to put
forward higher requirements for the quality and resolution of satellite monitoring data. Meanwhile,
in order to compensate for the data gap between the existing SCIAMACHY detector and the subsequent
launch of Sentinel-5, the new Tropospheric Monitoring Instrument (TROPOMI) was loaded onboard
the Sentinel-5 satellite for fine gas monitoring [35]. The core mission of the project is to monitor
global-scale air quality, climate, and ozone layer from 2017 to 2023, providing better data support for
scholars’ research on NO2 [36]. As a first imaging spectrometer to provide global data in medium
spatial resolution, TROPOMI has a significant advantage over the previous sensor in spatial resolution
(7 x 3.5km) and number of clear-sky observations per day [37]. Considering that the application
and analysis of data products for Sentinel-5P are constantly improving, this paper selects the latest
Sentinel-5P NO2 data product as data source, and synthesizes the distribution data of tropospheric
NO2 column concentration in China [38]. Moreover, based on the spatial statistical analysis model,
the distribution characteristics and impact factors of NO2 column concentration in the troposphere of
China are analyzed and modeled, which can reveal the variation characteristics of NO2 and the source
of pollutants, and provide suggestions for the designation of air quality control policies.
2. Study Area
The economic and urban development of China, as the largest and most representative developing
country in the world, has achieved remarkable results since the 1980s with the implementation of the
market economy and the reform of the economic system. In 2018, China’s Gross Domestic Product
(GDP) reached 90.03 trillion yuan, which has become the second largest economy in the world after
the United States and one of the fastest growing economies in the world. Meanwhile, the rapid
development of China’s economy, the surge of urban population, and the increase of car ownership
have led to a sharp increase in NO2 emissions, and the growth rate is much higher than that of other
countries [6,39,40].
Due to its large population and vast territory, the administrative regionalization of China has a
spatial stratification structure. The social and economic policies formulated or promulgated by the
central government can be conveyed through the governments at the provincial, state, county, town,
and village levels [41]. Since the 21st century, the number of prefecture level units in mainland China
has gradually stabilized. As of October 2017, there are 334 prefecture-level administrative units in
China, including: prefecture-level cities (294), autonomous prefectures (30), regions (7), and alliances
(3). Since the provincial and prefectural units are the most representative and basic administrative
units in China’s policy implementation, this paper selects them as the spatial units for NO2 spatial
differentiation analysis (Figure 1). In addition, the statistics released by the Chinese government,
including GDP, population, energy consumption, etc., are published on the basis of administrative
divisions. Therefore, the spatial analysis with these two levels was carried out, which minimized the
difficulty of collecting and sorting multidimensional socioeconomic data.
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Figure 1. The administrative levels of China. Note: red and black lines are provincial and prefectural
boundaries, respectively.

3. Materials and Methods
3.1. Data Collection
3.1.1. Remote Sensing Images
The tropospheric NO2 column concentration data used in this paper are produced by a TROPOMI
instrument on a Sentinel-5 precursor (also known as Sentinel-5P). Sentinel-5P is the first Copernicus
mission to monitor the atmosphere, with the aim of reducing the data gap between Envisat satellites
(especially SCIAMACHY instruments) and the launch of Sentinel-5 [42]. The satellite carries the
most advanced TROPOMI instrument for measuring ultraviolet-visible (270–500 nm), near-infrared
(675–775 nm) and short-wave infrared (2305–2385 nm) spectral bands, which means it can image
various air pollutants such as NO2 , O3 , CH2 O, SO2 , CH4, and CO more accurately than ever
before [43]. Since Sentinel-5P Level-2 data products provide atmospheric geophysical parameters and
the total column of trace gases, the monthly tropospheric NO2 column concentration data (February
2018–January 2019) from the Royal Netherlands Meteorological Research Institute (KNMI) are used in
this paper. Following the technical route (Figure 2), the TOMS format files of tropospheric NO2 columns
released by KNMI are rasterized to generate a time-series raster dataset. Besides, for the TROPOMI NO2
column products, a quality band (qa_value ranging from 0 (poor) to 1 (excellent)) for performing pixel
filtering is also provided to eliminate cloud interference and ensure data quality [38]. Since the research
area of this paper is vast, and the weather changes significantly during the research period, the monthly
NO2 columns used in this paper have the problem of pixel loss in some areas (qa_value < 0.75).
Therefore, based on the Kriging algorithm, the tropospheric NO2 column concentration in the pixel-loss
region is interpolated (Figure 2).
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Figure 2. The flowchart of image preprocessing and restoration in pixel-missing areas. Note: (a) and
(b) are the original images from February and September of 2018, respectively; (a1) and (b1) are the
images restored using an interpolation algorithm.

The Suomi National Polar Orbiting Partnership (NPP), a near-polar geosynchronous orbit satellite
with an orbital altitude of 824 km, carries a total of five sensors, and the Visible Infrared Imaging
Radiometer Suite (VIIRS) is the most important of these [44]. VIIRS has 22 spectral bands with a
spectral range of “0.3∼14 µm”. Among them, the Day/Night Band (DNB) operates in the visible and
near-infrared spectrum, between 500 and 900 nm, to collect low-light imaging data. This paper uses
the NPP/VIIRS DNB dataset to characterize surface dynamics in the analysis of the impact factor of
NO2 columns in China. Specifically, we used the DNB images from February 2018 to January 2019 and
eliminated the image background noise, based on the method proposed by Li et al. [45].
3.1.2. Statistical Bulletin Data
During the process of exploring the influencing factors of tropospheric NO2 column concentration,
we also selected a series of socio-economic statistical indicators as potential impact factors, including
population, GDP, industrial GDP and its proportion, social power consumption, total energy
consumption, and motor vehicle ownership. These data (except for Hong Kong, Macao, and Taiwan)
were mainly collected from national statistical databases, and provincial and prefectural Statistical
Yearbooks of 2018. Moreover, the “China Urban Air Quality Monthly Report” published by the
Ministry of Ecology and Environment of China was used to test coherence between NO2 tropospheric
column concentration of Sentinel-5P and surface NO2 monitoring concentration [46]. The monthly
report published the ranking of the average surface concentrations of major air pollutants in major
cities in China, including the average surface concentrations of NO2 pollutants.
3.2. Spatial–Temporal Variation Models
Based on the preprocessed monthly NO2 tropospheric column concentration images of China,
the spatial–temporal variation of NO2 tropospheric column concentration in provincial and prefectural
administrative units was further explored. In this part, three models were applied to evaluate the spatial
distribution characteristics of NO2 column concentration, aggregated by two kinds of administrative
units, including coefficient of variation, and global and local spatial autocorrelation.
3.2.1. Coefficient of Variation of Tropospheric NO2 Columns
In statistics, the coefficient of variation (CV) is a normalized measure of the degree of dispersion of
probability distribution [47]. Since CV can eliminate the influence of measurement scale and dimension
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when measuring data dispersion, it is widely used in geoscience and social statistics research [48].
CV is defined as the ratio of standard deviation to mean of data:
s
Pn
2
i (xi −x)
CV = SD/µ =
/x
(1)
n
where xi represents the concentration of tropospheric NO2 column of administrative unit i; n is the
number of all administrative units; x is the average tropospheric NO2 column concentration of all
administrative units.
3.2.2. Spatial Autocorrelation of Troposphere NO2 Columns
As an important method in the study of spatial statistics, spatial autocorrelation reflects the spatial
dependence between geographical attributes and adjacent units on a regional unit, including global
spatial autocorrelation and local spatial autocorrelation [49]. As the most well known and widely used
global spatial autocorrelation evaluation index, Global Moran’s I is usually used to describe the overall
distribution of a geographical phenomenon or attribute value and to determine whether it has spatial
aggregation characteristics [50]. The specific formula is as follows:


P P
n ni=1 nj=1 Wij (xi −x) xj −x
I= P P
Pn
2
n
n
i=1 j=1 Wij i=1 (xi −x)

(2)

where n represents the total number of administrative units; xi and xj represent the tropospheric NO2
column concentration of administrative unit i and j; x is the mean concentration of tropospheric NO2
column of all administrative units; and Wij is the weight matrix of binary inverse distance space,
which can be defined as the inverse of the distance among units i and j. At a given level of significance,
the closer I value approaches 1, the more significant the spatial aggregation of object attributes is;
and the closer I value approaches −1, the more significant the spatial divergence of object attributes is.
Unlike global spatial autocorrelation, local spatial autocorrelation is used to reflect the degree of
correlation between a certain geographic phenomenon or attribute value on a local small-area unit
and an adjacent local small-area unit [49]. To reveal the spatial heterogeneity of the tropospheric
NO2 columns, we used the local spatial autocorrelation index Local Moran’s I to estimate the local
autocorrelation [51]. The Local Moran’s I of spatial unit i is defined as:

Ii =

(xi −x)

h

Pn
j=1,j,i

σ2


i
wij xj −x

(3)

where σ2 is the variance of tropospheric NO2 column concentration. Under a specific level of
significance, the administrative units can be divided into the following four categories on the basis of
the results of Local Moran’s I: (a) High-High (HH) accumulation, where both administrative unit i
and neighboring units have higher observations; (b) Low-Low (LL) aggregation, where both unit i
and neighboring units have lower observations; (c) High-Low (HL) dispersion, where observations of
adjacent units are lower than unit i; (d) Low-High (LH) dispersion, where observations of adjacent
units are higher than unit i.
3.3. Impact Factors Analysis
3.3.1. Filtration of Impact Factors
As mentioned above, NO2 emissions in the troposphere are mainly man-made, mainly affected
by population, urban economic development level, motor vehicle exhaust, and so on. Based on
the references and prior knowledge, we collected statistical yearbooks and bulletins of various
administrative units, and selected 10 socio-economic indicators including permanent population, GDP,
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secondary industry GDP and its proportion, tertiary industry GDP and its proportion, urbanization
rate, whole society electricity consumption, total energy consumption, and vehicle ownership as
potential NO2 column concentration impact factors. In addition, the light intensity mean and Digital
Elevation Model (DEM) mean in each unit were extracted from NPP/VIIRS and SRTM3 Terrain
Data to supplement the potential indicators. Parts of the indicators are explained as follows: (1) As
anthropogenic emissions are the main source of tropospheric NO2 , more people will probably bring
more demand for emissions. (2) GDP is a key indicator of the economic situation of a country or
region, while the secondary and tertiary industry GDP and its proportion can reflect the characteristics
of China’s industrial structure. Previous studies have pointed out that industrial production is an
important source of tropospheric NO2 emissions, so industrial restructuring will likely affect regional
NO2 column concentrations. (3) Urbanization rate is the proportion of urban permanent residents in
the region at the end of the year to the total resident population in the region, which is an indicator
of the urbanization process. Therefore, the different levels of urbanization will cause differences in
NO2 emissions. (4) Vehicle ownership is the stock of civil vehicles in the whole society of the region.
Many literatures point out that automobile exhaust has become the main source of urban air pollution.
(5) Nighttime light intensity is monitored by VIIRS sensor, which can effectively reflect the real vitality
of the surface. Areas with high surface vitality tend to exchange more intense energy streams and
produce more NO2 emissions. (6) For DEM, different terrain conditions (elevation) inevitably affect the
intensity of human activity and the level of NO2 emissions [52]. Besides, since the economic statistics
are published on an annual basis, the NO2 column concentration and monthly nighttime light data are
synthesized annually in the impact factors analysis.
These potential impact factors and dependent variable (NO2 column concentration) may have
multiple collinearities, so redundant variables need to be removed. Based on the spatial analysis
module of ArcGIS, the Ordinary Least Square (OLS) was used to evaluate the degree of redundancy
between variables, and the results showed that: (1) At the provincial units level, the Variance Inflation
Factors (VIF) of population, GDP, secondary industry GDP, tertiary industry GDP, urbanization
rate, total energy consumption, and vehicle ownership are greater than 7.5, indicating that there are
obvious multiple collinearities among these variables [53]. Therefore, the indicators of nighttime
light intensity, DEM, whole society electricity consumption, and the proportion of GDP in the
secondary industry and tertiary industry are retained to evaluate the mechanisms of NO2 column
concentration distribution in troposphere at the provincial unit scale. (2) At the prefectural unit
level, especially the cities in the underdeveloped western regions, due to the serious incomplete
records of socio-economic indicators, such as the whole society electricity consumption, total energy
consumption, and the vehicle ownership, the Multicollinearity testing was performed only with a
complete record. Finally, the indicators including the nighttime light intensity, DEM, population,
and the proportion of secondary and tertiary industry GDP were selected to reveal the NO2 column
concentration distribution mechanism at the prefecture unit level.
3.3.2. Spatial Econometric Model
Compared with the classical OLS linear model, the spatial economic model considers the spatial
dependence effect of variables, which is the inheritance and development of traditional statistical
methods. Generally, spatial economic models mainly include Spatial Lag Model (SLM) and Spatial
Error Model (SEM) [54]. These two models are applicable to the spatial correlation of different spatial
effects: 1) SLM is applied when there is significant spatial dependence between dependent variables;
2) SEM is applied when the error terms of the model are spatially correlated. The Lagrange multiplier
test (LM) constructed by Burridge [55] and Anelin [52] is widely used in the selection of spatial
econometric models because it can effectively detect the types of spatial effects. Hence, in this paper,
Lagrange Multiplier (LM) test and Robust LM test are used to determine the appropriate spatial
economic model for provincial units [56]. The results showed that LM-lag and Robust LM-lag have
passed the significance test, while LM-Error and Robust LM-Error failed, so SLM was used to evaluate
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the impact factors of NO2 column concentration at the provincial unit level. The formula of the SLM
model is as follows:
y = ρWy + Xβ + ε
(4)
where y is the n × 1 vector of dependent variable (NO2 column concentration); X is a n × k data matrix
of selected independent variables (impact factors, such as permanent population, GDP, etc.); β is a k × 1
vector of regression coefficient, which reflects the influence of independent variable on dependent
variable y; W is the spatial weight matrix, and ρ is the coefficient of spatial lag variable Wy; ε is the
random errors term.
3.3.3. Geographically Weighted Regression
The results of multiple collinear tests of prefectural administrative units show that the Koenker
(BP) statistic of the model is significant, which means that the model has significant heteroscedasticity
or instability in statistics. Regression models with statistically significant instability state are often well
suited for performing Geographic Weighted Regression (GWR) analysis. The GWR Model Based on
the first law of geography [57] extends the framework of the traditional OLS model, adds geographic
location to regression parameters, and considers the spatial weights of adjacent points to allow local
parameter estimation [58]. The calculation formula of the GWR model is as follows:
yi = β0 (ui , vi ) +

X

βk (ui , vi )xik +εi

(5)

k

where yi is the dependent variable, the NO2 column concentration at point I; (ui , vi ) is the spatial
coordinate of point i; βk (ui , vi ) is the regression coefficient of the independent variable k at point
(ui , vi ); xik is the impact factors, and εi is the random errors terms.
4. Results
4.1. Coherence of NO2 Surface Concentration and Tropospheric Columns
Until now, a series of ground experiments have shown that the NO2 column concentration
based on remote sensing interpretation has a strong correlation with ground-based data, and the
correlation coefficients are mostly above 0.8, which well reflects the characteristics of atmospheric
NO2 concentration [59–61]. It is worth emphasizing that as the latest tropospheric NO2 column
concentration inversion results, the coherence analysis of Sentinel-5P TROPOMI’s NO2 data and
surface monitoring data is still insufficient, so it is useful to carry out a coherence analysis of NO2
surface monitoring concentration and tropospheric column concentration in China.
The China Urban Air Quality Monthly Report was used as the data source of NO2 surface
monitoring concentration. The monthly report provides monthly averages of NO2 concentrations
at surface monitoring stations in major cities in China (a total of 169 cities, accounting for 60% of all
prefecture-level cities). In addition, on the basis of the monthly air quality report data, we selected
multiperiod data (9 months available for public access) for mean processing, in order to reduce the
interference of data occasional fluctuations and weather factors. The results of coherence analysis
between NO2 monitoring concentration on urban surface and TROPOMI tropospheric column
concentration are shown in Figure 3. The results show that the NO2 column concentration retrieved
by TROPOMI is highly correlated with the surface monitoring concentration of NO2 on urban area
(p < 0.05, Adj.R2 = 0.72).
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Figure 3. The linear regression between surface NO2 monitoring concentration and TROPOMI
tropospheric NO2 column concentration. TROPOMI: TROPOspheric Monitoring Instrument.

4.2. Spatial–Temporal Characteristics of Tropospheric NO2 Columns
4.2.1. General characteristics
Figure 4 presents the monthly means maps of tropospheric NO2 columns from February 2018 to
January 2019. The most significant feature of the tropospheric NO2 column concentration in China is
that it is high in the east and low in the west. For western China, the NO2 column concentration in most
areas is less than 1×1015 molec./cm2 , while the areas with columns more than 2×1015 molec./cm2
are mainly concentrated in Junggar Basin (Urumqi) and Turpan Basin (Turpan). For eastern China,
the tropospheric NO2 column concentration above 16 × 1015 molec./cm2 is mainly concentrated in
the North China Plain (Hebei Province), Shandong Peninsula (Shandong Province), and the middle
and middle-lower Yangtze Plain (Hubei, Anhui, Jiangsu Province, Shanghai). The North China Plain,
with warm temperate monsoon climate, has insufficient precipitation and large seasonal variations
in temperature. During winter, the decrease of temperature has greatly increased the demand for
regional heating, and the consumption of coal has increased sharply. Besides, with abundant coal,
iron, and petroleum deposits in the plain, the heavy industries such as coal, electricity, petroleum,
chemical industry, and iron and steel occupy an important position in the region’s economic system.
The special geographical conditions and socio-economic development background have led to the high
concentration of tropospheric NO2 columns in the region, which has become the core of NO2 pollution
areas in China. Another notable tropospheric NO2 column high-concentration agglomeration zone
is the Middle-Lower Yangtze Plain, an important industrial base in China, with developed land and
water transportation. Within the plain, there are two “peaks” of NO2 column concentration, which are
the Yangtze River Delta Plain in the East and the Jianghan Plain in the west. The Yangtze River
Delta Plain is one of the world’s famous estuary deltas. The advantageous geographical conditions
have nurtured the Yangtze River Delta Urban Agglomeration (YRDUA), one of the six largest urban
agglomerations in the world. As the most developed region in China, YRDUA is an important engine
of China’s economic development, a 2.1% land area that concentrates 1/4 of the total economic output
and industrial-added value of the whole country. The Jianghan Plain, located in the south-central part
of Hubei Province, is one of the lowest elevations in China. The NO2 column concentration in Jianghan
Plain shows a decreasing distribution from Wuhan City to the surrounding area. Wuhan is the capital
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of Hubei Province, the only sub-provincial city and mega-city in middle-China. As an important
industrial base and core transportation hub in China, Wuhan has made remarkable achievements in
urban construction and economic development in the recent ten years, but at the same time, it has also
brought tremendous pressure to the environment and causes serious air pollution [62].

Figure 4. The monthly fixed images of tropospheric NO2 column concentration in China.

Besides, there are also several small-scale high-concentration NO2 distribution areas centered
on the regional central cities. These small-scale NO2 column concentration distribution areas mainly
include: Guangzhou and Shenzhen in South China, Chengdu and Chongqing in southwest China,
Xi’an, Lanzhou, and Urumqi in western China, Anshan and Shenyang in northeast China. Most of the
above cities are provincial capitals and regional central cities, where economic development level and
human activity intensity are significantly higher than the local average level. The rapid development of
economy and the increase of external population have increased NO2 anthropogenic emission sources,
aggravated atmospheric pollution, and led to the sharp increase of NO2 column concentration in the
troposphere around urban areas [63–65].
In this paper, the concentration data of tropospheric NO2 column from February 2018 to January
2019 were used for monthly statistics, and the results show that there was a significant seasonal
variation of the tropospheric NO2 column concentration in China during the past year (Table 1).
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The minimum concentration of NO2 column in each month was relatively stable, with only slight
fluctuation in June and August of 2018. The maximum of NO2 column concentration in each month had
a significant difference, and the maximum value decreased from February 2018 to June 2018, and then
rebounded to the highest level in January 2019. The monthly mean of NO2 column concentration
was high in winter, low in summer, and transitional in spring and autumn, which is consistent with
the observations of previous atmospheric monitoring satellites. Specifically, the mean concentration
of NO2 in July and August of 2018 was the lowest (1.35 × 1015 molec/cm2 ), while the mean value in
December 2018 and January 2019 was the highest (about 2.60 × 1015 molec/cm2 ).
Table 1. The monthly statistic results of tropospheric NO2 column concentration and temperature (◦ C).
Year

2018

2019

Month

Feb

Mar

Apr

May

Jun

Jul

Aug

Sep

Oct

Nov

Dec

Jan

Min
Max
Mean
Std

0.01
29.01
1.90
2.71

0.01
27.99
1.84
2.47

0.01
23.54
1.68
2.06

0.01
22.65
1.52
1.56

0.03
14.33
1.45
1.24

0.01
11.19
1.35
0.90

0.02
15.86
1.35
0.98

0.01
16.01
1.47
1.52

0.01
37.96
1.94
2.66

0.01
38.41
2.24
3.40

0.01
34.40
2.60
4.13

0.01
41.52
2.61
4.23

Temperature

−2.0

7.0

12.3

17.0

20.7

22.9

21.9

16.7

9.8

3.1

−3.8

−4.1

At the national scale, the significant negative correlation between NO2 column concentration and
temperature once again confirms that temperature is an important inducement for seasonal variation
of NO2 column concentration. Except for the northwest China and Qinghai-Tibet Plateau, most of
China is affected by the monsoon climate, with low temperature in winter and high temperature
in summer. As a trace gas, the concentration of NO2 is determined not only by the total amount
of emissions, but also by the intensity of solar radiation and other factors. Every winter, with the
decrease of temperature, urban heating demand and coal consumption also increase rapidly, greatly
increasing the NO2 emissions in the troposphere. Moreover, frequent cold, fog, snow, and frost
weather in winter lead to weak solar radiation and a thick inversion layer in the troposphere, which is
not conducive to the dissipation of NO2 and aggravates the concentration of NO2 column in the
troposphere. Correspondingly, every summer, with the increase of solar radiation, rainwater, and the
decrease of coal consumption, the decomposition of light and rainwater and the wet deposition will
further reduce the concentration of pollutants in the atmosphere.
4.2.2. The Spatial Heterogeneity of NO2 Columns at Provincial Units
Figure 5 shows the monthly CV and Global Moran’s I of the tropospheric NO2 column concentration
on the provincial units from February 2018 to January 2019. At the provincial unit level, the CV of NO2
column concentration fluctuated significantly, which indicated that there is a significant difference in
the dispersion of the monthly tropospheric NO2 column concentration in China. Specifically, we found
that the value of CV dropped rapidly from 0.9 in February to 0.56 in July, a drop of about 38%,
and then increased month by month and returned to above 0.9 after November. In fact, the fluctuation
characteristics of CV were similar to the mean fluctuation of NO2 column concentration, showing
an obvious trend of “high in winter and low in summer”. The seasonal variations in NO2 emissions
between different provinces are the possible causes of CV fluctuations. Although China has made
remarkable achievements in social and economic development since its reform and development in
1978, the difference in regional development level has been further widened. The eastern coastal
provinces benefit from the advantages of location and policy, and become the “first rich” area, while the
inland provinces in the central and western regions, due to the limitations of natural conditions and
other factors, make the region become the “second rich” area. Differences in economy, population,
and urban development between eastern and western provinces will inevitably lead to differences
in NO2 emissions. This difference will fluctuate regularly and periodically with the seasonal change.
For example, during winter, the heating demand of eastern and northern provinces is significantly
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higher than that of southern and western provinces, which aggravates the emission of NO2 and other
atmospheric pollutants, while in summer, the difference of NO2 emission between provinces decreases,
and the NO2 column concentration CV of provincial units also drops to the lowest.

Figure 5. The monthly Coefficient of Variation (CV) and Global Moran’s I at provincial and prefectural
units. (Note: (a) shows the CV and Global Moran’s I under the Provincial level unit; (b) shows the CV
and Global Moran’s I under the Prefectural level unit).

From the results of Global Moran’s I (p < 0.05), it clearly increased with a small fluctuation
during the past year. Specifically, after the Global Moran’s I rose from 0.45 in February to 0.57,
it fluctuated around 0.55 in the next few months, until September. Since October, the Global Moran’s I
has increased significantly, and then reached its highest value in November, then fell back to about
0.65. Generally, the Global Moran’s I in autumn and winter is higher than that in spring and summer,
which indicates that the aggregation distribution pattern of the tropospheric NO2 column concentration
of the provincial units in the autumn and winter is more significant. In addition, we also found that
the Global Moran’s I and CV fluctuations were synergistic for most of the time, except for June to July.
In fact, CV measures the dispersion of data as a whole, while the Global Moran’s I measures the level
of data aggregation after considering spatial location. Therefore, it can be considered that from May
to July, although the dispersion degree of NO2 column concentration between provinces decreased,
the aggregation degree of high and low values between provinces increased.
As shown by the results of local spatial autocorrelation (Figure 6), the four-month concentration
data were used to explore Local Moran’s I change in different seasons. The results showed that in
spring, the aggregation units of HH and LL in NO2 column concentration accounted for 95.0% of
all significant units; in summer, the aggregation units accounted for 85.0% of all significant units;
in autumn, the aggregation units of HH and LL accounted for 84.2% of all significant units; in winter,
the aggregation units accounted for 86.4% of all significant units. The HH and LL aggregated units
accounted for the majority of the significant units in the whole year, which indicated that the distribution
of troposphere NO2 column concentration was mainly under the aggregation effect. From the spatial
distribution HH and LL units, the LL aggregation was mainly distributed in western provinces
including Qinghai, Tibet, Yunnan, Sichuan, Guangxi, and Guizhou, while the HH aggregation was
concentrated in eastern provinces including Beijing, Hebei, Henan, Shandong, Shanxi, Anhui, Jiangsu,
and Shanghai. Moreover, there were also provinces with low concentration of NO2 column such as
Inner Mongolia, Hubei, Zhejiang, and so on around HH concentration provinces, which show as
LH outlier.
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Figure 6. The Local Moran’s I results of provincial units in one month per season.

4.2.3. The Spatial Heterogeneity of NO2 Columns at Prefectural Units
The CV fluctuations on prefectural units showed a typical “V” shape, that is, high in autumn,
winter, and spring, but low in summer. Specifically, from February to July 2018, CV continued to decline
from 0.85 to 0.52 (minimum), and then began to rise to 0.94 in January 2019 (Figure 5b). According
to the fluctuation stage of CV, during the transition period from spring to summer, CV maintained a
rapid decline of 38.8%, while in autumn and winter, CV continued to rise rapidly, with an increase of
80.8%. The variation of CV reflects that there are also significant differences in the dispersion degree
of NO2 column concentration at prefectural units: during the summer, especially July and August,
the difference of NO2 column concentration between cities is shrinking; in spring and autumn, the NO2
column concentration differences between cities is increasing, and reaches the maximum in winter.
The periodic variation characteristics of the Global Moran’s I at prefectural units are similar to that of
the provincial units, with only differences between February and March.
In addition, according to the Local Moran’s I of tropospheric NO2 column concentration in
prefectural level, the units with spatial autocorrelation occupy the majority (Figure 7). The significant
spatial autocorrelation units decreased from 283 in spring to 279 in summer, and then increased to 289
in autumn and 296 in winter. Besides, the proportion of HH and LL units in significant units in the
four seasons also showed similar characteristics of “first falling then rising, high in winter and low
in summer” (83.75%, 80.65%, 84.08%, and 85.47%). The high-value agglomeration units represented
by HH mainly concentrated in eastern China, while the low-value agglomeration represented by LL
mainly distributed in southwest and northeast China. The high-value discrete (high value surrounded

Remote Sens. 2019, 11, 1939

14 of 24

by low value) units represented by HL are concentrated in Sichuan, China. The special topographic
structure and development history of Sichuan Basin have resulted in a large number of people
gathering, and a high concentration NO2 distribution area centered on Chengdu has been formed.
Compared to the HL units, the number of low-value discrete units of LH is significantly more and
mostly located in the transition zone between the LL aggregation and HH aggregation. In general,
the spatial agglomeration of the tropospheric NO2 column concentration in the prefecture level has
significant seasonal differences (high in winter and low in summer), and the distribution pattern of
spatial agglomeration units is relatively stable.

Figure 7. The Local Moran’s I result of prefectural unit in one month per season.

4.3. Impact Factors of Tropospheric NO2 Columns
4.3.1. Impacts Factor Analysis at Provincial Units
Considering the availability of data, SLM was used to implement impact factors analysis,
with NO2 column concentration in troposphere as dependent variable, nighttime light intensity, DEM,
whole society electricity consumption, and the proportion of secondary and tertiary industries GDP
as independent variables. The model performance indicators of R2 , Log Likelihood, Akaike Info
Criterion (AIC), and Schwarz Criterion are listed in Table 2, respectively. In this paper, the R2 and
Log Likelihood of SLM were larger than OLS, while AIC and Schwarz Criterion were smaller than
OLS. This showed that after consideration of the spatial effect, SLM effectively eliminates the spatial
autocorrelation and improves the goodness of fit of the model, which is superior to the classical linear
regression OLS model. Besides, according to the factor coefficients listed in Table 2, the nighttime light
intensity, proportion of secondary and tertiary industries GDP are significant at provincial unit level.
It is worth noting that the coefficients for the 3 factors are positive, which indicated that the human
activity intensity and industrial structure can promote the regional concentration of NO2 .
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Table 2. Results of Spatial Lag Model at provincial unit.
Impact Factor

Coefficient

Std.Error

z-Value

Probability

W_NO2
CONSTANT
Nighttime light intensity
Digital Elevation Model (DEM)
Proportion of second industry
Proportion of third industry

0.454
−12.337
0.451
−0.038
0.146
0.156

0.174
5.668
0.128
0.028
0.064
0.071

2.614
−2.176
3.527
−1.323
2.275
2.194

0.009
0.030
0.000
0.186
0.023
0.028

R-squared

0.781(0.722)

Akaike Info Criterion
Schwarz Criterion

120.423(124.536)
129.027(131.706)

Log
Likelihood
Prob

−54.212(−57.268)
0.01342

* Ordinary Least Square (OLS) indicators are list in parentheses.

Actually, nighttime light intensity has been proved to be effective and accurate in reflecting the
difference of human activity intensity and material energy distribution on the earth’s surface [66].
The regional higher nighttime light intensity means higher land development intensity and is
usually accompanied by severe environmental pollution, especially for China, which is developing
rapidly [67,68]. The regression coefficients of the secondary and tertiary industries GDP proportion
reflect the contribution of industrial production, transportation, and services to regional NO2
column concentration.
4.3.2. Impact Factors Analysis at Prefectural Units
As mentioned above, through VIF and coefficient significance test in OLS model, we selected the
independent variables from the ensemble of available variables, including nighttime light intensity,
DEM, population, and the proportion secondary and tertiary industries GDP. Since bandwidth is a
key parameter in GWR, the AIC method was used to determine the most bandwidth to ensure the fit
and smoothness of the model. The model performance evaluation indicators of the GWR and OLS at
the prefecture level (Table 3) showed that the R2 rises from 0.505 for OLS to 0.643 for GWR, and AICc
(corrected AIC) also drops from 1488 to 1395, which indicates that the performance of the GWR model
with local parameter estimation is better than OLS.
Table 3. The model indicator difference between Geographic Weighted Regression (GWR) and OLS at
prefectural unit.
Model

Model indicator

R2
Adj.R2
Akaike Info Criterion corrected (AICc)
Sigma-Squared
Sigma-square Maximum Likelihood (Sigma-square ML)
P-value

GWR

OLS

0.643
0.620
1395
3.040
2.855
0.000

0.505
0.497
1488
4.025
3.956
0.000

Meanwhile, we made statistics on the independent variable coefficients of prefecture units.
The results showed that among the selected independent variables, the coefficients of nighttime
light intensity, the proportion of secondary and tertiary industries, and the population were positive,
which indicated that these factors have a positive correlation with the NO2 column concentration;
the coefficient of DEM was negative, which means that the higher the terrain, the lower the concentration
of NO2 . Unlike OLS, GWR model provides local model results for predicted variables and gives Adj.R2
and each independent variable coefficient for each prefectural unit. Although the entirety R2 of GWR
reached 0.643, there were still significant differences in R2 of each prefecture unit. As shown in Figure 8,
the Local R2 increased gradually from east to west, and the independent variables of the eastern coastal

Remote Sens. 2019, 11, 1939

16 of 24

cities can only explain about 50% of the dependent variables, while the model explanatory power of
the western inland cities can reach more than 75%.

Figure 8. The Local R2 of GWR and coefficient of Nighttime light intensity at prefectural unit level.
(Note: all the coefficients are statistically significant).

Similarly, the coefficients of the independent variables between regions are also differences.
For example, the coefficient of nighttime light intensity increased from southeast to northwest,
indicating that the effect of light intensity on NO2 column concentration increases from southeast to
northwest (Figure 8). The reason for this phenomenon may be the difference of regional economic
development level. The southeast of China is the most economically developed and populous
region in China due to geographical conditions, policy conditions, and historical development,
while the northwest of China is less developed due to the restrictions of natural conditions and
transportation. Compared with the northwestern region, the nighttime light intensity between cities
in southeastern China was relatively close, which cannot effectively reveal the difference in nitrogen
dioxide concentration in the region.
5. Discussion
5.1. Division Line of Tropospheric NO2 Columns
Generally, the areas with high NO2 column concentration are located in the southeast of China,
while the low value areas are mostly located in the Northwest inland. By extracting the high and low
boundary lines of NO2 column concentration, we generated a NO2 column concentration division line
(Figure 9). This division line is mainly composed of a series of mountains, including Lesser Khingan,
Great Khingan, Yin Mountains, Helan Mountains, Qilian Mountains, Laji Mountains, Min Mountains,
and Hengduan Mountains. To a certain extent, the division line, which consists of the series of
mountains, restricts the westward diffusion of NO2 in the eastern developed areas and gradually
forms the spatial distribution pattern of NO2 column concentration in China, which is an east-high
and west-low pattern.
It is worth noting that the NO2 column concentration division line is quite similar to the Hu Line.
Hu Line, also known as Heihe−Tengchong Line, was proposed in 1935 by Hu Huanyong, a Chinese
geographer [69]. In addition, the Hu Line coincides with the 400 mL precipitation line and the
demarcation line between monsoon and non-monsoon climate. This line has even become the dividing
line of China’s urbanization level. Most cities on the southeast side of the line have higher urbanization
levels than the national average, while the cities on the northwest side of the line are usually lower
than the average. The differences in natural geographical conditions, economic development levels,
and population aggregation on both sides of the Hu Line led to significant differences in tropospheric
NO2 emissions and gradually shaped the NO2 column concentration distribution pattern in China.
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Therefore, in order to simplify the division line, we can roughly assume that Hu Line is not only
the boundary line between population density and urbanization level, but also the division line of
tropospheric NO2 column concentration in China. It must be emphasized that this is the first report on
a similar dividing line between the Hu line and the NO2 column concentration.

Figure 9. The division line of tropospheric NO2 column concentration in China.

5.2. Spatial−Temporal Characteristics Comparison at Different Administrative Units Level
The comparison of CV fluctuations between provincial and prefectural units from February 2018 to
January 2019 showed a similar fluctuation evolution. For both administrative units levels, the highest
CV in winter was around 0.9; the lowest CV in summer was between 0.5 and 0.6; the spring (autumn)
season is the transition period of CV and showed a trend of decreasing (increasing) month by month.
Although the seasonal fluctuation trend of CV between the levels was similar, there were still some
differences in the fluctuation of CV during winter. As can be seen from Figure 10a, during the winter
(Nov 2018–Jan 2019), the CV of the provincial units showed slight fluctuations around 0.9, while the
CV of the prefecture-level units maintained a relatively stable growth. We believe that there are two
main reasons for this difference: on the one hand, there are 34 provincial units in China, while 333
prefectural administrative units. Provincial units with less NO2 column concentration samples increase
the instability and discreteness of data, resulting in higher CV. On the other hand, provincial units are
composed of several prefectural units, which will lead the provincial units to “amplify” or “narrow”
the range of NO2 change of prefectural units in the region, resulting in prominent differences between
provincial units.

Figure 10. The comparison of CV and Global Moran’s I of provincial and prefectural units.
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Unlike the high similarity of fluctuation trend between two levels of CV, the fluctuation of
Global Moran’s I appears significant differences at different levels of administrative units. First,
the provincial-level Global Moran’s I was higher than the prefectural-level units; second, there were
inconsistencies in the direction of data fluctuations in some months. For example, from February to
March, the Global Moran’s I showed an upward trend in provincial units and a downward trend in
prefectural units; from October to December, the Global Moran’s I of provincial units rose first and then
decreased, while the Global Moran’s I of prefectural units showed the opposite trend. We speculate
that the main reason for this difference is the “delayed effect” caused by different observational scales
in the process of concentration and dispersion of NO2 . From February to March, the NO2 emission
decreased as the temperature rose, and the column concentration of tropospheric NO2 decreased
accordingly. The reduction of NO2 column concentration is more obvious in cities with high NO2
concentration, which leads to the reduction of high value agglomeration and the decrease of Global
Moran’s I. For provincial units, the larger space scales with multiple prefecture-level cities serve as
a “buffer” when NO2 begins to decline, which delays the change of the Global Moran’s I caused
by the change of NO2 column concentration. From September to November, with the decrease of
temperature, the NO2 emission of prefecture-level cities increased, the NO2 column concentration in
the troposphere increased, and the Global Moran’s I of prefectural units rose rapidly. Similarly, the rise
of the Global Moran’s I was delayed due to the delayed effect at the provincial level. In Figure 10b,
the fluctuation trend of the adjusted Global Moran’s I of prefecture-level cities is highly similar to that
of the provincial-level Global Moran’s I, which further confirms that the provincial units with a larger
spatial range have a one-month “delayed effect” of the fluctuation.
From the analysis of Local Moran’s I, it can be seen that the distribution of HH agglomeration units
in provincial and prefectural units is similar, that is, HH agglomeration is mainly concentrated in North
China Plain and the middle-lower Yangtze Plain. For LL agglomeration, the LL agglomeration units
number of prefectural level has been expanded compared with provincial level, and LL agglomeration
have also appeared in northeast China. In addition, another noteworthy difference is HL distribution.
The NO2 column concentration of provincial units is the average value of the cities under the jurisdiction,
thus ignoring the discrete situation within provincial units. Conversely, because of the small spatial
scale of prefectural units, there are also differences in NO2 column concentration between cities in the
province, which affects the evaluation level of high-value aggregation and low-value aggregation.
5.3. The Impact Factors Analysis at Different Administrator Units Level
By comparing the impact factors at different administrative levels, we can find that the light
intensity and the proportion of secondary and tertiary industries are always the positive factors affecting
the distribution of NO2 column concentration, while DEM is the negative factor. The difference is that
population also plays a positive role in promoting the distribution of NO2 column concentration in
prefecture-level cities. In fact, the CV of population and NO2 column concentration in provincial units
are quite different (Population: 0.45; NO2 : 0.812), while those in prefectural units are relatively close
(Population: 0.86; NO2 : 0.77). This indicates that the discrete degree of population and NO2 column
concentration at the prefectural level is closer compare with provincial units, so it can be selected as an
effective independent variable to participate in the regression model.
Besides, the goodness of fit of GWR model with local regression at prefectural level is higher
than SLM model in provincial units. With the reduction of spatial scale of spatial evaluation units
and the increase of the number of units, the difference of NO2 column concentration between cities
is highlighted. In the case of the statistically significant unsteady regression model, the GWR model
based on local regression can restore the local characteristics of variables and better fit the distribution
of NO2 column concentration than the provincial SLM model.
Although GWR performs well in overall fitting performance, the significant aggregation of
standardized residuals reflects the absence of key variables in high concentration NO2 agglomeration
areas, especially in North China and East China (Figure 11). Therefore, we re-executed GWR modeling
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in cities with higher than 1.5 times standardized residuals in North and East China. For East China
and North China, due to the close relationship and social-economic development between cities,
the statistical data is more robust than the western cities. Hence, in the sub-region, the whole society
electricity consumption and vehicle ownership are supplemented as new independent variables to
participate in the construction of the model. The results showed that the Adj.R2 of the new model with
independent variables reaches 0.685 (previous model: 0.620), and the distribution of the standardized
residuals of the new model presents random distribution (Global Moran’s I = 0.04, p < 0.05). At present,
many scholars have shown that with the rapid increase in the number of urban motor vehicles and
the rising energy consumption, the proportion of NO2 from coal-fired emissions and motor vehicle
exhaust in tropospheric NO2 is also increasing, and the problem of NO2 pollution is more serious than
ever [70–72]. Moreover, due to the flat terrain and the leading economic level between cities in North
China and East China, the NO2 pollutants in the region transfer and influence each other among cities,
forming a huge “North China−East China NO2 pollution system”.

Figure 11. The standardized residual of GWR at prefectural level.

6. Conclusions
Based on the NO2 data products of Sentinel-5P with TROPOMI, the spatial−temporal characteristics
and impact factors of tropospheric NO2 column concentration in China in 2018 were analyzed at
provincial and prefectural levels in this paper. It is an application of NO2 data products based on
the Sentinel-5P TROPOMI sensor in China. The results of the study clarify the seasonal effect and
agglomeration effect of the NO2 column concentration distribution in China, which could help us better
understand the distribution pattern of tropospheric NO2 pollutants in China and its potential impact
factors. The coherence analysis with the NO2 surface monitoring concentration released by China
Urban Air Quality Monthly Report reflects the high correlation between the NO2 column concentration
inverted by TROPOMI and the measured surface concentration, which reveals the great potential of the
TROPOMI NO2 column concentration in indicating urban surface air pollution conditions. The analysis
of the spatial−temporal characteristics of the tropospheric NO2 column concentration shows that:
(1) the monthly fluctuation of the tropospheric NO2 column concentration has a significant “winter
high summer low” cycle characteristic; (2) the spatial distribution pattern of NO2 column concentration
in troposphere shows a general pattern of “east-high and west-low”, and the division line between the
eastern high-value area and the western low-value area of NO2 column concentration is close to the
Hu Line; (3) the results of CV and spatial autocorrelation models at two kinds of administrative scales
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show that although the spatial heterogeneity of NO2 column concentration does not differ significantly
with the scale change, NO2 column concentration has a certain degree of “delayed effect” during the
fluctuation process. Furthermore, the results of modelling and impact factors analysis of NO2 column
concentration at different levels show that: (4) nighttime light intensity, the proportion of secondary
and tertiary industries GDP, and tropospheric NO2 column concentration are positively correlated at
two administrative levels; while population is positively correlated with NO2 only at the prefecture
level; (5) within the areas with high concentration of NO2 pollution in North China and East China,
the whole social electricity consumption and vehicle ownership also play a positive role in promoting
the column concentration of NO2 .
The results of the present study have implications for governments and policymakers to develop
effective NO2 emissions reduction and air pollution prevention policies. Firstly, the tropospheric NO2
pollution in China has serious spatial differences, which requires us to adopt “local measures” to deal
with NO2 pollution. Among them, North China and East China, as the most serious and concentrated
areas of NO2 pollution in China, should take measures to optimize industrial integration and limit the
number and total emissions of enterprises with high pollution and energy consumption. Meanwhile,
the government should urge enterprises to increase investment in research and development of emission
reduction technology to minimize the direct emission of NO2 pollutants. For the underdeveloped areas
in Western China, the column concentration of NO2 is still in a low state, and the overall pollution
situation can be neglected. Therefore, for the western region, the government should also take economic
development as its main goal while controlling NO2 emissions. Furthermore, considering the seasonal
variation of NO2 pollution, it is necessary and effective to adjust the NO2 emission strategy seasonally.
Although the spatial−temporal characteristics and impact factors of NO2 column concentration
distribution in China are analyzed, there are still some limitations and shortcomings in this paper.
For example, the incompleteness and partial absence of socio-economic statistics in prefectural units
greatly limit the analysis of influential factors of NO2 pollution. Therefore, the next stage of research
should focus on exploring the impact mechanism of NO2 pollutants at the local scale to guide the
formulation of fine-scale NO2 pollution control policies. Besides, since Sentinel-5P’s NO2 data monthly
products are only available after February 2018, the longer time-scale fluctuation studies, such as
the annual variation of NO2 column concentration in China, cannot be implemented. As TROPOMI
atmospheric monitoring data is being produced continuously, the available datasets are expanding.
Therefore, collecting dynamically updated NO2 column concentration data and carrying out long-span
fluctuation analysis of air pollutants will also be our next focus.
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