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Abstract: Spatiotemporal distribution of atmospheric pollutants has been a hot topic in the field of
environmental science in recent years. Rapid economic development, urbanization, and industrializa-
tion have resulted in a significant increase in ozone emissions, and China is facing the issue of air
pollution with high ozone concentrations in the ambient air. The Aura ozone monitoring instrument
(OMI), can provide long-term and large-scale dynamic monitoring of tropospheric column ozone
(TCO). The TCO concentrations over China were extracted and analyzed from 2005 to 2019. The
results showed that the spatiotemporal distribution of ozone concentration decreased from northeast
to southeast in China. The seasonal variations of ozone concentration were spring’s concentration is
greater than winter’s concentration, winter’s concentration is greater than summer’s concentration,
summer’s concentration is greater than autumn’s concentration. The monthly variation showed a
cyclical trend, with low values observed from June to November and high values from December
to May. In addition, the spatiotemporal distribution of ozone concentration was affected by natural
factors and anthropogenic factors. Regarding natural factors, TCO concentration was positively
correlated with temperature, wind field, and vegetation coverage, but negatively with precipitation
in southwest China. Regarding anthropogenic factors, TCO concentration showed a significant
positive correlation with regional GDP, oxides of nitrogen (NOx), and volatile organic compounds
(VOCs) in most areas of China. Clustering of backward air trajectories revealed that northwest and
southeast airflows led to a higher TCO concentration in northeast China. These further indicate that
the variation of TCO concentration was affected by many factors, but temperature, wind field, and
the emissions of NOx and VOCs were the key factors.

Keywords: OMI; TCO concentration; spatiotemporal distribution; influent factors; airflow back-
ward trajectories

1. Introduction

Since the mid-twentieth century, the atmospheric composition has become one of
the most popular research topics in global climate change studies, with the change in
certain atmospheric constituents affecting the global environment and climate change [1,2].
Ozone is an important trace gas in the atmosphere and one of the main elements of
tropospheric column ozone (TCO) pollution, which could lead to new photochemical smog
pollution [3,4]. As an important atmospheric constituent, ozone significantly affects the
energy balance of the earth’s surface and the atmosphere system [5,6]. The troposphere is
the lowest region of the atmosphere, extending from the earth’s surface to a height of about
3.7–6.2 miles (6–10 km), which is the lower boundary of the stratosphere. TCO is essential
for determining the chemical circulation and equilibrium of the atmospheric environment:
changes in ozone concentrations affect the radiation balance [7], which ultimately affects
climate change. Ozone concentration has increased globally over the last century. A large
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number of studies have shown that tropospheric ozone pollution causes reduction in crops,
damage to vegetation growth, and deterioration of the ecological environment [8]. The
most severe scenario is that in which high ozone concentration might harm human health.
Therefore, research on ozone pollution has received widespread attention.

In recent years, remote sensing technologies have been widely used in the study of
air pollutants, but most of them are based on formaldehyde [9,10], sulfur dioxide [11–13],
aerosol [14,15], nitrogen dioxide [16,17], and other pollutants. Finlayson-Pitts et al. dis-
cussed the chemistry of VOCs and NOx leading to ozone formation [18]. Tarasick et al.
reviewed the status of measurement and modeling, as well as the current understanding
of TCO budgets and trends in Canada [19]. In addition, a report assessed the trend of the
ozone in Hong Kong and the Pearl River Delta in South China and investigated the inter-
annual changes in the sensitivity of ozone to air temperature, and the trends in regional
precursors [20]. Zhao et al. found that high temperature exacerbated ozone pollution in
the study area [21]. Chen et al. showed that tropospheric ozone in southern China had a
gradually increasing trend [22].

China’s current economic development has attracted much attention. However, in
the process of economic development in recent years, air pollution has been increasingly
aggravated, especially ozone pollution, which seriously restricts the improvement of air
quality and sustainable economic development. At present, the relevant studies on ozone
pollution in China mainly focus on the local short-term temporal and spatial distribution
characteristics of ozone concentration and analysis of meteorological conditions, and lack
any long-term analysis of the ozone and research on its influencing factors. Based on this,
this study uses OMI remote sensing data to study the changes in TCO and its influencing
factors in China in the last 15 years, with a view to controlling air pollution and improving
the human living environment.

2. Materials and Methods
2.1. Study Area

The topography of China is complex and diverse, with mountains, plateaus and hills
covering 67% of the country’s total land area, and basins and plains covering 33%, with
elevations ranging from negative264 to 8305 m.a.s.l. (Figure 1). In addition, China is
divided into seven geographic regions: Northeast (NE), Northwest (NW), Southwest (SW),
East China (EC), Central China (CC), North China (NC), and South China (SC) according to
geographic and economic characteristics. EC, CC and SC are more developed regions; NE,
NC, and SW are less developed regions; and NW is the least developed region (Figure 2).

2.2. Data Sources

Many of the techniques for deriving tropospheric ozone are based on the tropospheric
ozone residual (TOR) method, which derives tropospheric column ozone (TCO) by sub-
tracting concurrent measurements of stratospheric column ozone (SCO) from total column
ozone measured by the total ozone mapping spectrometer (TOMS) instrument [23]. The
TOR concept, which has been used by Fishman et al., using both the TOMS and solar
backscatter ultraviolet (SBUV) [24], and by Chandra et al., using both the TOMS and the
upper atmosphere research satellite (UARS) microwave limb sounder (MLS) [25], has been
implemented to derive TCO and SCO fields from the Aura satellite where total column
ozone is measured by the Dutch–Finnish ozone monitoring instrument (OMI) [26], and
SCO is measured by the MLS instrument [27].

The use of MLS onboard Aura for measuring SCO is a significant improvement in
alleviating some of the problems associated with the use of SBUV or UARS MLS. The
OMI and MLS instruments onboard the Aura spacecraft platform have been providing
global measurements of total and stratospheric column ozone since soon after the launch
of Aura on 15 July 2004 (http://aura.gsfc.nasa.gov/) [28]. This has enabled near global
measurements of TCO on almost a day-to-day basis from late August 2004 to the present.

http://aura.gsfc.nasa.gov/
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MLS and OMI are two of four instruments onboard the Aura spacecraft, which is
travels in a sun-synchronous polar orbit at a n altitude of 705 km and an inclination of 98.2◦.
The spacecraft’s equatorial crossing time is 1:45 p.m. (ascending node) with approximately
98.8 min per orbit (an average 14.6 orbits per day) [29].

The MLS instrument is a thermal-emission microwave limb sounder that measures
vertical profiles of mesospheric, stratospheric, and upper tropospheric temperature, ozone,
and other constituents from limb scans ahead of the Aura satellite. The MLS profile
measurements are taken about 7 min before OMI views the same location during ascending
(daytime) orbital tracks. These are referred to as “collocated” measurements between OMI
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and MLS. The MLS also measures ozone and other atmospheric constituents in descending
nighttime orbits for a given day with a time difference of up to ±12 hours from OMI
measurements, and the MLS combines ascending and descending nodes. Details regarding
the instrument, including spectrometers, spectral channels, calibration, and other topics,
are discussed by Waters et al., and in the same journal with related papers, there were
around 3500 vertical profile measurements over the Earth per day [27]. The MLS ozone
profile measurements were interpolated to the existing NCEP tropopause pressure to derive
the SCO. Measurements of MLS SCO were determined by a standard method of pressure
integration of the ozone volume mixing ratio [30]. Only the ascending orbit juxtaposition
data from the MLS for the derivation of SCO are included in this study.

OMI is a nadir-scanning instrument that at visible and UV wavelength channels
detects backscattered solar radiance to measure column ozone with near global coverage
(aside from polar night latitudes) over the Earth with a resolution of 13 km × 24 km at
nadir. Aside from ozone, OMI can also determine cloud-top pressure, aerosols and aerosol
parameters, NO2, SO2 and other trace constituents in the troposphere and stratosphere [26].
Total ozone from OMI is derived from the TOMS version 8 algorithm. A description of this
algorithm may be obtained from the TOMS V8 CD DVD ROM, or from the OMI Algorithm
Theoretical Basis Document (https://toms.gsfc.nasa.gov/version8/v8toms_atbd) [29].

The SCO concentration in this study comes from OMI-MLS, and the total ozone
column concentration data comes from OMI-TOMS3. Available from the NASA (National
Aeronautics and Space Administration) Goddard Earth Science Data and Information
Service Center (GES DISC), all files are stored in the EOS layered data format, providing
global coverage on a daily time scale.

Meteorological data (wind field, temperature and precipitation) were collected from
“China Monthly Surface Climate Data Set” (http://data.cma.cn/data/cdcindex/cid/6d1
b5efbdcbf9a58.html), with a total of 15 years and 613 meteorological stations. The GDP
(gross domestic product) kilometer grid dataset and land use and cover data were acquired
from a resource and environment data cloud platform of the Chinese Academy of Sciences
(https://www.resdc.cn/DOI/DOI.aspx?DOIid=54). The GDP spatial distribution map was
based on county-level statistical data closely related to anthropogenic economic activities,
using multi-factor weight analysis [31,32]. In addition, the land use and cover map were
obtained by manual visual interpretation based on Landsat TM/ETM remote sensing
images. In addition, NDVI (normalized difference vegetation index) data were derived
from MOD13Q1 products, and available from the MODIS satellite (https://lpdaac.usgs.
gov/products/mod13q1v006/).

2.3. Data Methodology

TCO data were acquired from the OMI product between 1 January 2005 and 31 Decem-
ber 2019. The data were filtered according to the transit time (4:30 to 8:30) and stored in
the HDF format. VISAN software was used to extract TCO concentration, which matched
with the latitude and longitude of China. In order to ensure the full coverage of the study
area and to improve the accuracy of the interpolation, the data were filtered and removed
with a large solar zenith angle (>70◦), relatively high cloud fraction (>20%) and possible
contamination due to the OMI row anomaly [33]. Then, the processed data were stored
in excel tables according to latitude and longitude. Finally, spatial kriging interpolation
and mask methods were applied in ArcGIS 10.3. The average statement was input into
the grid calculator to calculate the average value of one day; then the average values of
month, season and year were calculated using the average value of one day. Spatiotemporal
variation of TCO concentration could be analyzed by using the results obtained.

The pollutant emission data (NOx and VOCs) were obtained from the MIX Asian
Emissions Inventory is an anthropogenic source emission inventory for Asian Man-made
Emissions developed by Tsinghua University [34]. We used a multi-scale joining method
through assimilation of anthropogenic emission inventories and provided monthly emis-

https://toms.gsfc.nasa.gov/version8/v8toms_atbd
http://data.cma.cn/data/cdcindex/cid/6d1b5efbdcbf9a58.html
http://data.cma.cn/data/cdcindex/cid/6d1b5efbdcbf9a58.html
https://www.resdc.cn/DOI/DOI.aspx?DOIid=54
https://lpdaac.usgs.gov/products/mod13q1v006/
https://lpdaac.usgs.gov/products/mod13q1v006/
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sion grid data with 0.25-degree spatial resolution in five emission sectors (power, industry,
residents, transportation, agriculture).

The spatial correlation calculation was based on the pixel spatial analysis method,
which could analyze the correlation of TCO concentration and various impact factors
(temperature, precipitation and vegetation coverage). In this study, the correlation of ozone
concentration combined with the above three factors were analyzed.

Rxy =
∑n

i=1[(xi − x)(yi − y)]√
∑n

i=1(xi − x)2 ∑n
i=1(yi − y)2

(1)

Rxy is the correlation coefficient between TCO concentration, temperature, precipita-
tion and vegetation coverage; the threshold is (−1, 1). xi represents the average value of
TCO concentration in the i-th month, x represents the average value of TCO concentration
in 12 months, yi represents the average value of impact factors (temperature, precipitation
or vegetation coverage) in the i-th month, y represents the 12-month average value of the
impact factor, n = 12.

The HYSPLIT model was researched and developed jointly by the National Oceanic
and Atmospheric Center and the Australian Meteorological Agency. This model can be
used to calculate and analyze airflow movement, mass sedimentation, pollutant transport
pathways and diffusion trajectories [35–37]. TrajStat software was implemented to identify
potential path sources from the long-term measurements of air pollutants [38]. We used
TrajStat software to analyze the backward trajectory of TCO. Shenyang (41◦48′ N, 123◦25′

E), Beijing (39◦56′ N, 116◦20′ E), Lanzhou (36◦03′ N, 103◦73′ E), Chengdu (30◦67′ N, 104◦07′

E), Wuhan (30◦52′ N, 114◦31′ E), Shanghai (31◦23′ N, 121◦47′ E) and Guangzhou (23◦16′N,
113◦23′E) were set as the simulated receiving points. The daily monitoring time was
implemented at 00:00, 6:00, 12:00 and 18:00 (Beijing time) from 2019.

3. Result and Discussion

This study analyzed the annual, seasonal and monthly spatiotemporal distribution of
TCO concentration over China from 2005 to 2019. We only discussed TCO in the continent.
In order to more clearly reflect the distribution of TCO over China, TCO concentrations
were divided into seven levels according to the natural break point classification method:
first level (30–35), second level (35–40), third level (40–45), fourth level (45–50), fifth level
(50–55), sixth level (55–60), seventh level (>60). Different colors represent different levels,
and the unit used was the Dobson unit (DU).

3.1. Inter-Annual Variations of TCO Concentration

This study only discusses TOC concentration if not specified otherwise. To characterize
the evolution of TCO spatial distribution, the maximum, minimum, and average values
of ozone concentration are shown in Figure 3. The three values of ozone concentration
maintained the increasing trend from 2005 to 2010 and the declining trend after 2010. This
is due to the strict control of ozone emissions during the China’s 11th Five-Year Plan
(2006-2010) when the government placed more emphasis on industrial desulfurization [39].
However, the overall trend showed a slight increase from 2014 to 2018.

The spatial distribution of TCO concentration increased gradually from South to North
China. Due to the influence of topography and climate, high values were observed in
the NE region, and low values were observed in the SW region. The ozone concentration
increased slowly in the first 6 years, and the high values diffused from north to south
continuously, reaching the seventh level in 2006, 2009, and 2010, which was related to the
increase in industrial pollution and energy consumption [40], while the first level areas
disappeared gradually. In 2013, the ozone concentration decreased and the scope of the
fifth level zone continued to narrow. This was due to the new standard of air pollution
control engineering that had been launched officially; the concentration of air pollutants,
including ozone, decreased significantly [40]. After 2013, ozone concentration began to
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decrease, followed by a rebound in 2014–2016, which may be due to the combination of
ozone precursor emissions with high temperature and radiation. Moreover, low values
appeared in the SW region, which represented an improvement in air quality (Figure 4).
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3.2. Seasonal Variations of TCO Concentration

The seasonal variations of TCO concentration maintained the pattern of spring >
winter > summer > autumn in the past 15 years (Figure 5). This is due to the photochemical
reaction caused by the increase in solar radiation, which increased the concentration of
TCO [41]. The maximum TCO concentrations in spring, winter, summer, and autumn were
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35.82 DU, 33.45 DU, 31.93 DU, and 29.96 DU, respectively. However, the trend changed
from 2016 onwards. The concentration of TCO increased significantly in autumn, which
was mainly due to the increase in TCO concentration caused by stratospheric ozone input
due to climate change in the autumn of 2016.

Atmosphere 2022, 13, 253 7 of 18 
 

 

 
Figure 4. The inter-annual spatial variations of TCO concentration in China. 

3.2. Seasonal Variations of TCO Concentration 
The seasonal variations of TCO concentration maintained the pattern of spring > 

winter > summer > autumn in the past 15 years (Figure 5). This is due to the photochem-
ical reaction caused by the increase in solar radiation, which increased the concentration 
of TCO [41]. The maximum TCO concentrations in spring, winter, summer, and autumn 
were 35.82 DU, 33.45 DU, 31.93 DU, and 29.96 DU, respectively. However, the trend 
changed from 2016 onwards. The concentration of TCO increased significantly in au-
tumn, which was mainly due to the increase in TCO concentration caused by strato-
spheric ozone input due to climate change in the autumn of 2016. 

20
05

20
06

20
07

20
08

20
09

20
10

20
11

20
12

20
13

20
14

20
15

20
16

20
17

20
18

20
19

40

42

44

46

48

50

52

54
TC

O
 c

on
ce

nt
ra

tio
n/

D
U

year

 spring
 summer
 autumn
 winter

 
Figure 5. The seasonal variation characteristics of TCO concentration in China (mean ± se). Figure 5. The seasonal variation characteristics of TCO concentration in China (mean ± se).

Figure 6 suggests that the high TCO concentrations in spring and winter were located
in NE, while the low TCO concentration areas in summer and autumn were located in SW
and SC. The TCO concentration in NE was extremely high with the seventh level, the NC
and CC areas were in the fourth to the sixth level, and the SW and SC areas were in the
third level in spring. In summer, TCO concentration was in the range of the third to the
fifth level and extended to NW and CC. By autumn, the range of the third level showed
little change, while the second level of ozone appeared in SW and CC. In winter, TCO
concentration increased to the seventh level in NE and the fifth and the sixth level in NC,
while the concentration in CC was at the third and the fourth level. The SC and SW were at
the first and second levels. The reason for the high TCO concentration in the above seasons
was the strong solar radiation, which led to the transformation of ozone precursors, and the
lower temperature and humidity may have weakened the ozone deposition rate [41,42].

3.3. Monthly Variations of TCO Concentration

It can be seen from Figure 7 that the monthly variations of TCO concentration dis-
played a cyclical trend during 2005–2019. The TCO concentration was at a low value from
June to November, and the lowest TCO concentration occurred in September 2006 (39.48
DU). By contrast, high TCO concentration appeared from December to May, and the highest
value was in April 2010 (54.87 DU). The pattern of TCO concentration might be related to
emission ozone precursors such as alkanes and olefins, which are prone to photochemical
reactions under high temperature and intense radiation in spring [2].
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influenced by Siberian high pressure. The dominant wind in summer was southeast 
wind, which is due to the high temperature, rapid warming, and low air pressure in the 
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4. Main Influencing Factors of TCO
4.1. Influences of Natural Factors
4.1.1. Wind Field

Meteorological factors play crucial roles in the formation, conversion, transportation,
and removal of ozone, all of these meteorological factors affect the concentration of TCO.
The wind is one of the main means of dissemination medium for air pollution, and its
intensity and direction can directly affect the speed and direction of ozone diffusion. Stable
high-pressure fields are the main weather systems that form heavy pollution at medium or
large scales [43]. The direction of prevailing wind in winter is northwest wind influenced
by Siberian high pressure. The dominant wind in summer was southeast wind, which is
due to the high temperature, rapid warming, and low air pressure in the Eurasian continent.
Spring and autumn are the transitional periods of the northeast and southeast monsoon.
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Ozone concentration is lower in summer when the southeast monsoon prevails since the
wind from the sea brings much more clean air, which is favorable for the diffusion of ozone
pollutants. The spatial pattern of ozone concentration showed that the northern area was
higher than the southern area in China under the influence of the dominant wind (Figure 8).

Atmosphere 2022, 13, 253 10 of 18 
 

 

 
Figure 8. The wind field map of four seasons from China in 2019 ((a): spring; (b): summer; (c): au-
tumn; (d): winter). 

4.1.2. Temperature and Precipitation 
Figure 9 shows the correlation between annual average TCO concentration and 

temperature from 2005 to 2019. The average correlation coefficient R1 is 0.51, and the area 
positively correlated was about 38.40% in the total area. Moreover, TCO concentration 
was positively correlated with temperature in the NE, CC and SC regions (correlation 
coefficient above 0.4). When the temperature rises, the production rate of ozone acceler-
ates under the double influence of heat and strong oxidation reactions [6]. 

Figure 8. The wind field map of four seasons from China in 2019 ((a): spring; (b): summer;
(c): autumn; (d): winter).

4.1.2. Temperature and Precipitation

Figure 9 shows the correlation between annual average TCO concentration and tem-
perature from 2005 to 2019. The average correlation coefficient R1 is 0.51, and the area
positively correlated was about 38.40% in the total area. Moreover, TCO concentration was
positively correlated with temperature in the NE, CC and SC regions (correlation coefficient
above 0.4). When the temperature rises, the production rate of ozone accelerates under the
double influence of heat and strong oxidation reactions [6].

Figure 10 shows the correlation between annual TCO concentration and precipitation
from 2005 to 2019. A total of 42.60% of the area was negatively correlated with TCO con-
centration (correlation coefficient R2 = −0.36). This was due to the increase in precipitation,
which is conducive to the removal of pollutants (especially ozone) [44]. The concentration
highly correlated with precipitation was in NW and EC, with a correlation coefficient above
0.4. This was due to the simultaneous increase in temperature and precipitation in summer
in these regions, especially in the NW, which was concentrated in summer.
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4.1.3. Vegetation Coverage

Vegetation can change the stability of the carbon cycle and climate system, which
plays a role in energy flow and the material cycle in the ecosystem [45]. Figure 11 shows
the correlation between annual TCO concentration and vegetation coverage from 2005
to 2019, of which 42.10% was negatively correlated and 57.9% was positively correlated.
Isoprene, as the largest volatile organic compound emitted by plants, had a significant
contribution to the production of ozone [46]. EC is close to the sea, rich in water vapor,
and diverse in vegetation, which mainly consists of distributed deciduous broad-leaved
forests and evergreen broad-leaved forests. Large amounts of VOCs released by plants
provide precursors for photochemical reactions and then are transported to cities with the
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wind, which leads to higher TCO concentrations. Comparatively, the Gobi and desert areas
in NW are influenced by arid climate, sparse vegetation, and low isoprene emission, so
correlation coefficient was lower.
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4.2. Influences of Anthropogenic Factors
4.2.1. Spatial Distribution of GDP

GDP is an important indicator index of social-economic development, regional plan-
ning, and environmental protection. Figure 12 shows that the GDP in 2005, 2010, and 2015
was 306.915, 319.561, and 207.071 million Yuan /km2, while the TCO concentration was
38.26, 40.32, and 25.87 DU. The change of TCO was closely related to the development of the
secondary industry. As the pillar industries of the secondary industry, the petroleum and
chemical industries produced large amounts of precursors in the atmosphere, which could
ultimately have affected ozone concentration [43]. In addition, due to the large usage of
agricultural equipment and vehicles with the development of agriculture and tourism, more
exhaust gases are generated, which could lead to an increase in TCO concentration [47].
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4.2.2. Emissions of NOx and VOCs

NOx and VOCs were produced in the processes of coal combustion, automobile
exhaust and the heavy chemical industry. NOx and VOCs are precursors of ozone [41].
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In order to analyze the impact of different types of emission sources on TCO, this paper
combined the MIX emission list from seven geographical divisions.

Rapid industrial development could affect NOx emissions from different sources in
different regions (Table 1). As EC and NC were the gathering places of China’s heavy
industry, the industries in EC and NC made a great contribution to NOx emission, account-
ing for 31.73% and 17.85% of China’s NOx emission, respectively. NE and SC account
for 7.31% and 8.02%, respectively, which is due to slow industrial development and low
NOx emission. The power sector was the main reason for the decline in NOx (contribution
percentage > 30%). In addition, industrial sources and traffic sources were other factors
responsible for NOx emission, with a contribution rate of more than 25%.

Table 1. NOx emissions from different sources over China in 2008 and 2010 (t·km−2·month−1).

Year NE NC NW CC EC SW SC Source

2008 905.62 1916.00 686.69 906.29 2899.87 758.92 758.97
Power2010 874.10 2124.80 805.92 986.25 3144.04 850.03 815.04

2008 1115.40 1798.90 574.10 1262.60 3342.88 983.57 590.12 Industry
2010 1371.69 2033.90 704.11 1673.87 3614.86 1207.07 787.03

2008 122.60 215.40 89.04 134.80 241.18 180.21 94.14
Residential2010 127.78 263.80 96.06 136.03 248.55 182.40 94.10

2008 664.11 1245.20 534.15 966.01 2364.37 798.73 744.55 Transportation
2010 684.41 1247.40 548.38 981.39 2410.82 775.93 666.73

VOCs, another important source of TCO, have become the main precursors that may
gradually influence the changes in TCO concentrations in recent years. Table 2 shows that
industries in EC contributed significantly and that the emission rate of VOCs accounted
for 39.20%. Residential and traffic sources were the other two main sources. The rapid
development of industry and the increase in population in EC led to the increase in VOC
emissions, while the slow industrial development and a small population in NW and SW led
to low VOC emissions. The contribution rate of power sources was less than 2% compared
with other sources, indicating that VOCs emitted by power stations had a weaker effect.

Table 2. VOC emissions from different sources over China in 2008 and 2010 (t·km−2·month−1).

Year NE NC NW CC EC SW SC Source

2008 26.47 49.30 24.99 25.62 100.18 14.31 22.67
Power2010 28.71 48.55 25.57 20.28 99.05 13.80 19.51

2008 1130.91 1733.96 801.13 1407.87 4823.04 984.65 1401.60 Industry
2010 1397.07 1940.94 1017.37 1686.96 5669.08 1206.62 1543.16

2008 664.65 872.31 454.32 829.19 1704.23 1025.50 580.31
Residential2010 749.05 937.99 469.71 829.51 1749.77 1028.18 584.82

2008 308.05 482.43 234.60 352.21 1149.25 386.10 455.26 Transportation
2010 175.53 373.25 188.04 274.73 917.20 289.04 335.46

4.3. Clustering of Backward Air Trajectories

Figure 13 shows the cluster of the airflow backward trajectory in seven typical cities
from 2005 to 2019 to reflect the characteristics of the airflow. Each complete path represented
a different backward airflow path. A total of five main paths and the ratio of each path were
obtained. The northwest airflow in cities in NC (Shenyang, Beijing, and Lanzhou) had the
fastest moving speed and the longest transport distance. In addition, the airflow trajectory
proportions of the above cities were 42.43%, 59.06%, and 37.91%, respectively, while the
airflow moved slowly in East and South China and the transportation distance was short.
Except for northwest airflow, southern and southeast airflow gradually increased in cities in
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SC (Chengdu, Wuhan, Shanghai, and Guangzhou), accounting for 24.17%, 34.17%, 40.00%,
and 45.00% (Table 3), respectively, especially in Shanghai and Guangzhou, where airflow
deriving from the ocean was frequent. The northwest airflow originated in the Gobi Desert
region (The Gobi Desert is a vast, arid region in northwestern China.). For example, the
Taklamakan Desert is the most important long range path for transport of TCO.. The
medium-distance paths passed through the Northeast Plain, the North China Plain, the
middle and lower plain of the Yangtze River, while the short-distance airflows originated
from coastal cities in low-altitude regions with dense populations and fragile ecologies. In
general, airflow with prevailing northwest winds in winter and southeast winds in summer
resulted in higher TCO concentrations, while other airflow paths corresponded to lower
TCO concentrations.
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Table 3. The proportion of airflow trajectory directions in seven typical cities from 2005 to 2019 (%).

Cities

Direction
N NW W WS S SE E NE

Shenyang 21.38 21.05 20.39 — 24.34 — — 12.83
Beijing 44.06 15.00 3.33 12.08 25.42 — — —

Lanzhou — 37.91 30.41 — — 31.67 — —
Chengdu — 18.75 1.17 20.83 — 24.17 — 32.03
Wuhan — 5.42 27.50 — 34.17 — 23.72 9.17

Shanghai 8.13 28.75 — 11.25 — 40.00 — 11.88
Guangzhou — 6.67 — — 30.00 15.00 28.33 20.00

5. Conclusions

The spatiotemporal variation of TCO concentration from 2005 to 2019 in China was
derived from OMI data. The results showed that China had an imbalanced spatial distri-
bution of TCO concentration in 2005–2019, with high values distributed in the NE region
in 2010 and low values observed in the SC region in 2019. The TCO concentration dur-
ing different seasons maintainedthe same pattern: spring’s concentration is greater than
winter’s concentration, winter’s concentration is greater than summer’s concentration,
summer’s concentration is greater than autumn’s concentration. In addition, TCO had a
low concentration from June to November and a high concentration from December to May.
Regarding natural factors, TCO concentration was positively correlated with wind field,
temperature, and partial vegetation coverage, while precipitation had a negative effect
on TCO concentration. Regarding anthropogenic factors, the inherent mechanism of the
TCO’s spatiotemporal pattern of TCO might be the human socio-economic activities such
as land use and cover changes. The emission of NOx and VOCs was the main reason for
the increase in TCO concentration. The backward trajectory and cluster analysis revealed
that northwest and southeast airflows led to high ozone concentrations.

On the whole, the influent mechanism of TCO was complicated, and both natural and
anthropogenic factors played important roles. This study recommends more long-term
remote sensing monitoring and implementation of control strategies, which are essential
to safeguard the health of people, the ecosystem, and the climate. The key measure for
accomplishing the reduction in TCO concentration is to restructure energy sources by
reducing coal consumption, vigorously developing clean energy, and increasing the usage
of hydropower, wind power, and solar power. It is also essential to monitor ozone pollution
effectively in the urbanization of China.
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