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Abstract: The aerosol optical depth (AOD) represents the light attenuation by aerosols and is an
important threat to urban air quality, production activities, human health, and sustainable urban
development in arid and semiarid regions. To some extent, the AOD reflects the extent of regional
air pollution and is often characterized by significant spatiotemporal dynamics. However, detailed
local AOD information is ambiguous at best due to limited monitoring techniques. Currently,
the availability of abundant satellite data and constantly updated AOD extraction algorithms
offer unprecedented perspectives for high-resolution AOD extraction and long-time series analysis.
This study, based on the long-term sequence MOD09A1 data from 2010 to 2018 and lookup table
generation, uses the improved deep blue algorithm (DB) to conduct fine-resolution (500 m) AOD (at
550 nm wavelength) remote sensing (RS) estimation on Landsat TM/OLI data from the Urumgqi region,
analyzes the spatiotemporal AOD variation characteristics in Urumgqi and combines gray relational
analysis (GRA) and the Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) model
to analyze AOD influence factors and simulate pollutant propagation trajectories in representative
periods. The results demonstrate that the improved DB algorithm has a high inversion accuracy for
continuous AOD inversion at a high spatial resolution in urban areas. The spatial AOD distribution
in Urumgi declines from urban to suburban areas, and higher AODs are concentrated in cities and
along roads. Among these areas, Xinshi District has the highest AOD, and Urumgi County has the
lowest AOD. The seasonal AOD variation characteristics are distinct, and the AOD order is spring
(0.411) > summer (0.285) > autumn (0.203), with the largest variation in spring. The average AOD in
Urumgi is 0.187, and the interannual variation generally shows an upward trend. However, from 2010
to 2018, AOD first declined gradually and then declined significantly. Thereafter, AOD reached
its lowest value in 2015 (0.076), followed by a significant AOD increase, reaching a peak in 2016
(0.354). This shows that coal to natural gas (NG) project implementation in Urumgqi promoted the
improvement of Urumgi’s atmospheric environment. According to GRA, the temperature has the
largest impact on the AOD in Urumgi (0.699). Combined with the HYSPLIT model, it was found that
the aerosols observed over Urumgi were associated with long-range transport from Central Asia,
and these aerosols can affect the entire northern part of China through long-distance transport.
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1. Introduction

An aerosol is a general term for the solid or liquid particles suspended in the atmosphere
with a diameter of 1073-10? um [1,2]. Aerosols not only directly, indirectly or semi-indirectly
affect the global climate by absorbing and scattering solar radiation, but can also seriously threaten
human health by spreading harmful substances [3-5]. The aerosol optical depth (AOD), one of
the most basic optical properties of aerosols, represents the attenuation effect of aerosols on solar
radiation, which can be used as an indicator of the local air pollution level to a certain extent.
AOD information collection is of great significance, especially in developed urban/industrial regions
where anthropogenic perturbations dominate. Traditionally, the primary methods of AOD acquisition
are ground measurements, which do not exhibit spatial continuity and cannot meet the needs of
regional research because ground measurements are restricted by the distribution of observation
stations. Based on its unique advantages, remote sensing (RS) is an AOD acquisition method that is
feasible over a wide range of spatial scales and has a high temporal resolution, which can greatly make
up for the shortage of ground-based observation data and solve problems related to the lack of data
and uneven spatial distribution. RS not only provides a reference for comprehensively understanding
the concentration and distribution of AOD but also offers theoretical support for regional atmospheric
environment management.

The development of satellite RS technologies has facilitated dynamic real-time aerosol monitoring
on a large scale. The difficulty in retrieving continental AOD data from satellite RS lies in the
determination of the aerosol model and removal of the contribution of land surface reflectance
(LSR) [6,7]. In terms of removing the contribution of LSR, the most commonly used methods include
the dark target method [8,9], structure-function method [10], deep blue (DB) algorithm [11,12],
polarization algorithm [13], and multiangle algorithm [14]. In bright areas, such as cities and other
areas with little or no vegetation cover, the land surface contribution to the radiance received by satellite
is larger than that over vegetated areas, making it difficult to estimate the LSR with high precision.
Numerous studies have shown that the DB algorithm has incomparable advantages over the other
AOD inversion algorithms in bright regions [15-17]. The DB algorithm has been successfully applied
in arid and semiarid regions, such as the Sahara Desert, and has become the mainstream algorithm for
AOD inversion of bright targets with its own advantages. Wang, Z. [18] and Tian, X. [19] used the DB
algorithm to achieve high spatial resolution extraction in Ningbo and Beijing based on Environment
Satellite 1 and Landsat 8 OLI satellites, respectively. Sun successfully retrieved the spatial distribution
of local aerosols in Wuhan using GaoFen-1 16 m wide field-of-view camera (GF-1 WFV) data [20,21].

The Xinjiang Uygur Autonomous Region in Northwest China is part of the Central Asian dust
storm area, which is one of the main sources of dust aerosols [22]. In recent years, many Xinjiang
cities, especially the provincial capital, Urumgqi, have suffered a severe deterioration in air quality
with significant contributions from atmospheric particulates [23]. As the core area of the Silk Road
Economic Belt, Urumgi is located in the hinterland of Eurasia and is the world’s furthest city from
the ocean. With the growth of the population and advancement of the urbanization process, Urumgi,
as one of the typical cities with serious air pollution caused by human activities and industrialization
processes, is not optimistic about its atmospheric environment. Especially during the heating period in
winter, the visibility of the atmosphere decreases seriously, and the air pollution level is grim. Since the
implementation of the coal to natural gas (NG) strategy in 2013, Urumgji’s energy industry structure
has been effectively adjusted, and further deterioration of the atmosphere has been initially curbed.
AOQOD research has shifted from traditional ground observation to ground-based RS, and at present,
satellite RS collaborative research is being conducted. Nevertheless, most studies have focused on
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AOQOD research at coarse spatial resolution scales and have rarely involved typical cities in arid and
semiarid areas.

Satellite-derived AOD estimates are key predictors in particulate air pollution. Due to the lack of
ground observation data in Northwest China, the coarse-scale limitation of existing AOD RS products,
and the applicability of the AOD RS estimation algorithm to bright surfaces, it has become difficult to
conduct high-resolution AOD research in arid cities. Urumgi is a typical large-scale industrial city in
Northwest China, and the air quality is alarming and has been impacted by many factors. It is necessary
to obtain a detailed AOD situation in Urumgqi. Obtaining high-resolution AOD data in Urumgqi not
only makes up for the lack of AOD data in Northwest China but also provides excellent data support
for further research on the spatiotemporal changes in the local AOD in Urumgi. Furthermore, research
on the spatiotemporal distribution characteristics, driving force analysis, and trajectory simulation of
the AOD in Urumgqi are of great guiding significance for Urumgi to respond positively to the national
construction of ecological civilization and to build an ecologically civilized city, which is closely related
to the health and well-being of residents.

In this paper, taking the coal to NG project implementation in 2013 as the time node and based on
the minimum value synthesis method, an improved DB algorithm is used to estimate the AOD at a
wavelength of 550 nm in Urumgqi using Landsat Thematic Mapper (TM) and Landsat Operational Land
Imager (OLI) data from 2010 to 2018. The major objectives of this study are to (1) conduct fine-resolution
AQOD estimation through the improved DB algorithm; (2) examine the spatiotemporal characteristics of
the AOD in Urumgj; (3) combine multiple impact factors to perform AOD impact factor importance
ranking; and (4) simulate the potential AOD trajectory distribution in high-value seasons.

2. Study Area and Data Collection

2.1. Study Area

Urumgqi (E86°37'-88°58’, N42°45—-44°08"), the provincial capital of the Xinjiang Uygur Autonomous
Region of China, is located in the middle zone of Eurasia, which is at the north foot of the Tian
Mountain and at the south edge of the Junggar Basin (Figure 1). Urumgi is surrounded by mountains
on three sides to the east, south, and west. The terrain is high in the southeast and low in the northwest.
From north to south, a slender strip canyon is formed. The temperature of Urumgi is characterized by
a mild continental and arid climate, in which the temperature difference between day and night is
notable, and the changes between winter and summer are distinct. Urumgi is the only megacity in
Xinjiang, with a strong industrial foundation and a coal-fired energy structure. Based on the typical
canyon terrain features, arid and semiarid climate and industrial background, the pollutants discharged
from Urumgi are not easily diffused, and they often envelop the city for a long time. In addition,
these pollutants are liable to produce secondary pollution, which seriously damages the safety and
well-being of urban residents [24].
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Figure 1. Location of Urumgqi in Xinjiang Uygur Autonomous Region. (a) Xinjiang and insert of China.
(b) Map of the study area.

2.2. Satellite Data

2.2.1. Landsat Series Data

The Landsat series sensor provides a long-term sequence of data sets with a 16-day ground track
repeat cycle. The Landsat TM has seven spectral bands: six visible (VIS)-near-infrared (NIR) bands at
30 m and one thermal infrared band at 120 m. Landsat OLI has 11 spectral bands: six VIS-NIR bands
at 30 m, two thermal infrared bands at 100 m, one panchromatic band at 15 m, and two bands (coastal
and cirrus) at 30 m spatial resolution. In this study, the data are divided into three periods every year,
and the tile is 142/30. Landsat TM worked until 2011 and the Landsat OLI began to operate in 2013.
Moreover, a fault in the Landsat Enhanced Thematic Mapper Plus (ETM+) in 2003 caused the data
to be missing, making it inappropriate for the quantitative inversion of RS parameters. Therefore,
the 2012 AOD analysis is omitted in this paper. Through the USGS (https://search.earthdata.nasa.gov/),
24 images (TM and OLI provided six and 18 images, respectively) were collected with a small cloud
amount of less than 10% from March 2010 to October 2018 for the AOD retrieval experiments in
Urumgi. In the RS estimation of AOD using the improved DB algorithm, the Landsat data bands used
are blue band, quality control band, solar zenith angle, solar elevation angle, satellite zenith angle,
and satellite elevation angle, and the spatial resolution resampling is 500 m.

2.2.2. Moderate Resolution Imaging Spectroradiometer (MODIS) Series Data

Moderate Resolution Imaging Spectroradiometer (MODIS) is an optical RS instrument mounted on
the Terra/Aqua satellite. MODIS provides 36 bands of global observation data from visible (0.4 micron)
to mid-infrared (14 micron). The MODO09A1 dataset provides the surface reflectance at a resolution
of 500 m in sinusoidal projection. Each MODO09A1 pixel has the best possible observation during an
8-day period as selected by high observation coverage, small view angle, absence of clouds or cloud
shadows, and low aerosol loading. In this study, the MOD09A1 datasets for eight years (2010-2018)
and one tile (H24V04) were used to build the surface reflectance database to support AOD retrieval.
At the same time, the spatial resolution of the simultaneous transit with the Landsat image is 10 km in
Urumgji, and the time resolution of the MYD04L2 DB AOD data is one day to assist verification. All of
the above data were downloaded from the NOAA website (https://ladsweb.modaps.eosdis.nasa.gov/).
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2.3. Statistical Yearbook Data

Based on previous studies, urban aerosols are mainly restricted by meteorological conditions,
energy structure, transportation, and other human factors [25-27]. Therefore, comprehensively
considering various natural and anthropogenic influences, the following 11 main parameters, including
temperature (T), precipitation (P), sunshine hours (SH), heating coal consumption (HC), natural
gas (NG) usage, motor vehicle ownership (MVO), number of private cars (NPC), total industrial
consumption (TIC), population (PL), construction land (CL), and urban green space (UGS) are identified
as the main indicators that affect the AOD concentration. All data used in the study were collected
from the China Urban Statistical Yearbook, the Xinjiang Statistical Yearbook, and the Urumgqi Statistical
Yearbook during the 2010-2018 period.

2.4. Sunphotometer Field Sampling Data

AOD field observations are considered the most effective tool for validating satellite AOD data.
The Microtops II sunphotometer, which is a portable handheld multiband sunphotometer to monitor
AQD, is used in this study. The selected observation bands are 440, 675, 870, 936, and 1020 nm.
The observation period is 9:30-21:00 (Beijing time) every day, the sampling interval is set to 15 min,
and the sampling details can be found in Table S1. The uncertainty in the Microtops II sunphotometer
mainly arises from human observations, such as the judgment of different people regarding the
weather as well as normal differences in operation, because the manufacture precision of Microtops II
reached 1%—2% [28]. The AOD RS estimation based on the DB algorithm obtains values at 550 nm,
the Microtops II sunphotometer is not used to provide AOD ground observations at 550 nm. To better
match the measured AOD by the sunphotometer with the inverted RS AOD in the corresponding band
and spatiotemporal scale, the AOD values at 550 nm are calculated using the Angstrom exponent
algorithm with the nearest available pair of wavelengths to the measured AOD values, usually 675 nm
and 440 nm [29,30]. The average of five AOD measurements within +30 min of the Landsat satellite
overpass is obtained [31]. Then, AOD retrieval is carried out within a common sampling window of
3 x 3 pixels around the sampling site, and the average of the effective values (AOD > 0) is the AOD
retrieval value at this site. Auxiliary verification of the Landsat satellite DB inversion results is carried
out by analyzing the relationship between the ground and RS-extracted AOD values.

2.5. Aerosol Robotic Network (AERONET) Data

AERONET is a ground-based aerosol RS observation network jointly established by NASA and
LOA-PHOTONS (CNRS) that provides aerosol optical properties with high temporal resolution and
long-time series [32]. AERONET covers the main areas of the world and includes more than 500 sites.
Because of the high data quality of AERONET, it is widely considered as an effective reference to
verify satellite AOD retrievals [33]. Because there is no AERONET site in Urumgi, to carry out
more extensive verification of the retrieval AOD, we use the nearby AERONET sites with the same
geographic characteristics as Urumgi for validation. This study uses the version 3 cloud-screened
and quality-controlled level 2.0 AOD ground-based observations obtained from the “Issyk-Kul”,
“Dushanbe”, “IAOCA-KRSU”, and “Muztagh_Ata” sites from January 2010 to December 2018 (Table
S1). All stations are located in arid and semi-arid areas with similar geographical and climatic
characteristics to Urumgi. Therefore, it is representative and appropriate to assist with verification.
The data were downloaded from the AERONET website (https://aeronet.gsfc.nasa.gov). For space-time
and wavelength matching of the data, please refer to the previous section.

3. Methodology

3.1. Aerosol Inversion Principle

The atmospheric aerosol RS approach is based on the relationship between the top-of-atmospheric
(TOA) radiance and the surface reflectivity obtained by the sensor to solve the aerosol-related parameters.
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The radiant energy received by the satellite sensor has a wide range of sources, which reflects the
coupling of electromagnetic waves and the Earth-atmosphere system. Assuming that the surface is
a Lambertian body, the TOA spectral reflectance (LTOA), as measured by the satellite sensor, is a
function of the solar and view zenith and azimuth angles and can be estimated using the following
equation [28,34]:

1 _rrs usFoT (us) T (ky) @

where i is the solar zenith angle, 1y is the view zenith angle, & is the relative azimuth angle, L is the
path radiance that is produced by the scattering of particles and molecules in the atmosphere, r is the
surface reflectance, S is the atmospheric backscattering ratio, Fy is the total downward radiance, and T
is the atmospheric transmittance.

The essence of satellite aerosol RS is removing LSR noise from the signal received by satellite and
obtaining atmospheric aerosol information. Kaufman’s earlier research showed that an error of 0.01 in
the surface reflectance would cause an AOD inversion error of 0.1 [35]; thus, the accurate estimation

Ltoa (us, v, O) = Lo(us, uy, O) +

of the surface reflectance is a very important part of aerosol RS inversion [36]. In this study, we use
the DB algorithm, specifically refer to the research of Hsu, N. and Tian, X. [11,19]. First, to remove
the surface contributions from the satellite signal, MODO09AL1 is used to build an LSR database for
AOD retrieval. The detailed construction method of the database entails using the LSR data products
covering the Urumgi urban area from 2010-2018. Through the minimum value synthesis method,
a minimum LSR monthly product data set in the MODO09A1 blue band is obtained, and the minimum
value synthesis method can effectively eliminate the influence of clouds. Second, the differences in
the spectral conditions of the different satellite sensors, which generate different features of the same
object, may possess different reflection characteristics on different sensor platforms. Third, we perform
radiation calibration on Landsat to calculate the apparent reflectivity and use the quality-controlled
data to perform the cloud mask. After resampling the Landsat data to 1 km, the spectral conversion of
the sensor is corrected to the same reference. Based on the 65 radiation transmission model and under
the different atmospheric conditions and observation geometries, a lookup table is constructed. Then,
the DB algorithm is used to remove the surface contribution from the pixel-by-pixel angle to achieve
Earth-atmosphere decoupling and realize AOD extraction.

3.2. Gray Relational Analysis (GRA)

GRA, a systematic analysis approach, can evaluate correlations between related factor sequences
and characteristic data based on the ultimate objective [37]. GRA is a nonstatistical method that is not
limited by the sample type and probability distribution. It has unique advantages when the data and
information are limited or the conditions do not meet the statistical requirements [38]. Its performance
in examining complicated interrelationships between multiple factors and variables has been widely
evaluated [39,40]. A detailed description of GRA can be found in the literature [41]. GRA is used to
measure the influence of the comparison factor sequence on the reference factor sequence. The closer
the value is to 1, the more significant the effect of the comparison factor sequence is on the reference
factor sequence.

3.3. The Hybrid Single-Particle Lagrangian Integrated Trajectory (HYSPLIT) Model

The HYSPLIT model is a commercial model for the analysis of atmospheric pollutant diffusion,
which can simulate pollutant sources and diffusion paths [42]. The HYSPLIT model is also one
of the most widely used atmospheric transport and diffusion models in the field of atmospheric
science [43-45]. The model has more complete functions of transport and dispersion and settlement
patterns, handles a variety of meteorological and physical transport processes and different types of
emission sources and has been widely used for the analysis of atmospheric pollutant transport [46-48].
Based on the HYSPLIT model, this study simulates the AOD trajectories in Urumgi in high-value
seasons to obtain the AOD source and diffusion in this area.
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4. Results

4.1. Accuracy Validation

To verify the AOD estimation using the improved DB algorithm in typical cities in arid areas,
field monitoring data from handheld sunphotometer and AERONET are used for accuracy verification;
additionally, comparison with MODIS DB aerosol products (MYD04 C6) is also performed (Figure 2).
Generally, ground station monitoring has high accuracy and is widely used for AOD verification
[49,50]. In this study, the ground-based observation data are used during the transit of the Landsat
satellite (approximately 10:00 AM and 11:30 AM local mean time). The satellite-retrieved AOD
and sunphotometer ground observation data and MODIS DB aerosol products are combined for
spatiotemporal matching. Decisive coefficient (R?), root mean square error (RMSE), mean absolute
error (MAE), and the relative mean bias (RMB) indicators are used to evaluate the performance of the
estimates. It is found that the retrieved AOD and ground-based AOD have very good consistency,
with a high correlation coefficient (0.953) and decisive coefficient (0.909) and a small RMSE (0.033)
and MAE (0.027). The fitting curve is in good agreement with the 1:1 line, especially in low-value
AOD areas. The MODIS AOD products have been widely accepted, recognized, and applied by many
scholars [51-54]. Assuming that the AOD remains unchanged over a short period of time, the AOD
estimation results using Landsat satellite data are compared with those using MODIS aerosol products
on the same day, and the site data are used as the medium in between. It is found that the data exhibit
good consistency, with a high correlation coefficient (0.844) and a decisive coefficient (0.713) and a small
RMSE (0.061) and MAE (0.05). The general trend is consistent with that of the former but is even more
scattered. This may be due to the difference between the Landsat and MODIS transit times. Regarding
the spatial distribution, the retrieved AOD is better at describing local detailed information than the
MODIS DB AOD product (Figure S2). In addition, we compare the verification results with the results
of Tian’s research in the arid and semiarid regions of northern Xinjiang, China, and the comparison
exhibits good consistency in precision due to the use of similar algorithms [19]. In summary;, it is
feasible to retrieve the AOD in Urumgi using the improved DB algorithm, and the inversion results are
highly credible.
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Figure 2. Comparison between the AOD retrieved from (a) Landsat8 OLI images and (b) MYD04 C6
DB AOD against observations using a sunphotometer. The blue line is the regression line, the black
solid line is the 1:1 line, and the black dashed lines indicate the 95% confidence range.
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4.2. Characteristics of the AOD Spatial Distribution

The four seasons are divided according to changes in temperature, namely, spring is from March
to May, summer is from June to August, autumn is from September to November, and winter is
from December to February [43]. Based on the unique geographical location, climate background,
and industrial structure of the study area, the 500 m resolution AOD estimation results are shown in
Figure 3. The overall distribution of the AOD in Urumgqi shows a significant difference between the
urban and suburban areas. The AOD increases from the suburban area to the urban area in a stepwise
manner. Figure 4 shows the relevant statistical information of the spatial distribution of the AOD in the
Urumgi area. In spring, the AOD is significantly higher than in the other seasons in the entire urban
area, which indicates that the air pollution in Urumgi is serious in spring and that the urban air quality
situation has greatly decreased. The spatial distributions of high-AOD areas in summer and autumn
are basically the same, although the summer AOD values are significantly higher than the autumn
values, and the summer high-AOD area is localized, mostly concentrated in Xinshi District, Shaybak
District, and other central urban areas. In autumn, all of the city is relatively clean, and the suburban
areas are low-value AOD areas. Regardless of the time period, the AOD on both sides of the Hetan
highway is large. The main reason may be traffic and ground dust, as the highway passes through the
two large salt lakes of Chaiwopu Lake and Dabancheng Salt Lake, and a large amount of salt dust
is exposed next to the lakes as a source of dust. Therefore, the large AOD along the Hetan highway,
especially near the two salt lakes, results in a high-value area. An interesting phenomenon is that the
AQOD in spring in the Dabancheng District has a high value that persists for a long time, which may be
related to the special geographical location of the area. The ground exposure is high, the vegetation
coverage rate is extremely low, and windy weather occurs often. Strong winds entrain dust from the
ground to form dust storms, which leads to high AOD values in spring in the region.

4.3. Characteristics of the AOD Temporal Distribution

The AOD in Urumgi shows significant seasonal changes (Figure 5), and the AOD change in spring
is notable and reaches a maximum value of 0.411; the AOD is 0.285 in summer and reaches a minimum
value of 0.203 in autumn. Urumgqi is a severely cold area in the national urban climate zone with a
long heating period in the cold season. Combined with unfavorable diffusion conditions, Urumgqi
experiences serious air quality problems in winter [55]. The cumulative effect of aerosols generated by
coal-fired heating throughout winter promotes the increase in the AOD in spring. In addition, Urumgqi
frequently experiences dust and sand weather conditions in spring, and the AOD fluctuation range is
the largest over the entire year because of the changeable weather conditions. In summer, the surface
air temperature is higher and the atmospheric transparency is excellent. The coverage rate of surface
vegetation increases, leading to a decrease in the amounts of aerosols entering the atmosphere from
the surface. Moreover, precipitation in summer is higher than that in other seasons, and the cleaning
effect of rainfall on atmospheric aerosols is notable. The results show that the AOD in summer is
significantly lower than that in spring. At the same time, Urumgi has a high moisture content in the
atmosphere in summer, which may contribute to AOD growth. The average AOD in autumn is the
lowest, and the variation range of the AOD is the smallest among the four seasons. The reason for
the low AOD values in autumn is different from that of summer. The atmosphere is controlled by
high pressure in autumn, resulting in stable conditions and good diffusion conditions. In summary,
the maximum AOD value occurs in spring, which indicates that the entire atmosphere is seriously
polluted in spring, and from spring to autumn, the air condition improves gradually.
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Figure 3. Retrieved AOD using Landsat data from 2000-2015. The label on the left represents the year,
and the label above represents spring, summer, autumn, and the average.
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Figure 4. Spatial distribution of the average AOD in different seasons (Spring, Summer, Autumn,
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Figure 5. Time distribution of the average AOD. The polar axis of (a) is the AOD, and the labels around
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As shown in Figures 6 and 7, the average AOD in Urumgqi decreased gradually from 2010 to
2015. Moreover, the largest rate of decline occurred in 2012-2013, and the AOD reached a minimum
of 0.076 in 2015. Then, in the period from 2015-2016, AOD showed a dramatic rise, which may have
been related to the promotion of the core area of the Silk Road Economic Belt and the associated rapid
economic development of Urumgi. The main growth point in the AOD in Urumgi is representative of
the transition from traditional coal-fired heating (burning of fossil fuels) to industry and motor vehicle
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exhaust emissions. From 2016 to 2018, the AOD exhibited a general downward trend, which may have
been due to the increase in residents” awareness of environmental protection and the government’s
macroeconomic regulation. It is worth mentioning that in 2016, the AOD peaked at 0.355. At the same
time, the average AOD value in the eight years was 0.187. However, the AOD generally increased,
and the high-AOD proportion increased to varying degrees, indicating that the air pollution situation in
Urumgi has intensified over the past 10 years. During 20102015, the average AOD in Urumgqi remained
at a low level, indicating that Urumgi’s air pollution control was initially effective. During 2015-2018,
the changing trend in the AOD in Urumgqi showed good consistency with that of the northwest regions,
although the average AOD in the urban areas of Urumgqi was significantly higher than that of the
northwestern regions [28]. Urumgi is a typical city with atmospheric pollution caused by human
activities in northern Xinjiang. From 2012 to 2013, Urumgi city egan to implement the coal to NG
conversion project. Subsequently, the average AOD in 2012-2015 decreased significantly. This result
shows that the implementation of the coal to NG project in Urumgi promoted the improvement of the
city’s atmospheric environment.

0.4

03F et N 0.289

02} 1

AOD

ol T e

2010 2011 2013 2014 2015 2016 2017 2018

Figure 6. The dynamic changes of AOD in the study area from 2010 to 2018.
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Figure 7. Inter-annual AOD variation at the different levels in Urumgi from 2010 to 2018.

4.4. Drive Factor Analysis

The main reasons affecting the AOD in Urumgqi can be summarized as the two aspects of natural
and human activities. A total of eleven comprehensive indicators were used to analyze the dominant
factors affecting the AOD changes. For the 11 quantitative evaluation indicators selected above,
the gray correlation degree with the AOD was calculated via GRA, and the results are shown in
Figure 8. The results show that temperature is the most notable factor (0.699), followed by HC (0.698),
and CL (0.693). It is no surprise that temperature, HC and CL are the most notable factors affecting the
AOD because they are closely connected with the daily life of citizens. It is worth noting that the gray
correlation coefficient of all indicator factors with the AOD is greater than 0.5, indicating that all index
factors have an important impact on the AOD, which is not to be underestimated. Among these factors,
NG has the lowest correlation coefficient (0.529), and those of the remaining 10 factors are greater than
0.65. This once again verifies that the AOD is controlled by a variety of natural and human factors with
complex genesis conditions. Each factor influences the AOD directly or indirectly and semi-indirectly,
such as HC, NG, vehicle ownership, and NPC, and the total industrial energy consumption affects the
AOD by directly reducing the particulate matter entering the atmosphere. Population, CL, UGS and
precipitation affect the AOD by indirectly interfering with the local climate. Finally, temperature and SH
affect the AOD by semi-indirectly influencing cloud formation and particulate matter decomposition.
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Figure 8. Gray correlation coefficient between the AOD and the impact factors. T, HC, CL, TIC, P,
MVO, NPC, PL, SH, UGS and NG represents temperature, heating coal consumption, construction
land, total industrial consumption, precipitation, motor vehicle ownership, number of private cars,
population, sunshine hours, urban green space and natural gas, respectively.

4.5. Characteristics of the Contaminant Potential Transport Pathways

This study is based on the meteorological dataset from the National Centers for Environmental
Prediction (NCEP) and global reanalysis of the global data assimilation system (GDAS), including
temperature, air pressure, relative humidity, horizontal and vertical wind speed. The forward and
backward trajectories of atmospheric pollutants were simulated by Meteolnfo, thus acquiring the
potential sources and transport pathways of pollutants in the spring of 2016 in Urumgi. The main
steps are as follows: (1) To determine the latitude and longitude information of the starting location.
In this study, the geographic center position of Urumgi (43.82°N, 87.59°E) is the destination position of
the backward trajectory and the starting position of the forward trajectory. (2) Define the starting time
of the simulation. This study simulates the trajectory in the high-AOD season (March-May). (3) Set
the simulation run time. Starting from the initial time, the time interval is 6 h. That is, the 72 h forward
and backward trajectories at approximately 00:00, 06:00, 12:00, and 18:00 each day are simulated.

To trace the origins of the air masses arriving at the study domain and the destinations of the
air masses leaving the study domain, the HYSPLIT model is used to simulate the 3-day forward and
backward movements of pollutants every 6 h. The starting position of the trajectory calculation is
500 m above the ground, and a total of 368 simulated trajectories are generated. Using clustering
analysis according to the airflow spatial similarity in the HYSPLIT model, the potential transport paths
of pollutants in Urumgqi are analyzed, and the potential transport directions and proportions of air
parcel trajectories are estimated, as shown in Figure 9. As shown in the figure, when Urumgqi’s air
quality is poor in spring, it is not only influenced by local factors, such as heating and transportation,
but also by external dust sources, which are an important aspect of air quality deterioration. Spring is
a season of continuous gales, and dust storms occur frequently. The external dust sources are mainly
Central Asian salt dust sources (41.84%), the Gurbantunggut Desert (24.18%), the southwestern part
of Mongolia (23.64%), and the Taklimakan Desert (10.33%), most of which are transported across a
short-range. As the transport distance increases, the particles that reach Urumgi decrease gradually in
size. This is mainly determined by the weight of the particles; for example, salt dust is lighter than
sand dust; thus, the former floats higher and travels farther. An analysis of the pollutant spread in
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Urumgi reveals that the air parcel trajectories spread mainly to the east and southeast, accounting for
42.12% and 45.11%, respectively. The southeast-moving 45.11% pollutant trajectory with the shortest
distance from the origin is principally concentrated at a low level above the surface of the origin,
and the diffusion height is approximately 1 km, resulting in the nearby settlement. Within three days,
the air parcels can potentially affect North China and parts of Mongolia, with the northeast Korean
Peninsula as the farthest reached location, as mentioned above. The larger the influence range of
the diffusion trajectory is, the lower the probability of occurrence. Interestingly, the 12.27% diffusion
trajectory shifts in the middle phase, turning from the southeast to the southwest and finally reaching
southern Xinjiang through the Tianshan Mountains.
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Figure 9. Cluster analysis of the air parcel trajectories from Urumgqi in the spring of 2016. (a) Backward
trajectory and (b) forward trajectory.

5. Discussion

5.1. Influence of the AOD Acquisition Algorithm

Currently, among the aerosol RS algorithms, the DB algorithm is undoubtedly the most suitable
AOD inversion algorithm for arid/semiarid areas and has a better inversion ability for bright surfaces [56].
The problem of the coarse resolution of traditional aerosol products is greatly overcome by the DB
algorithm, and the resolution reaches a good scale of 500 m for studying aerosol spatial characteristics.
The accuracy of DB aerosol acquisition is mainly determined by the accuracy of surface reflectance
estimation and the aerosol mode. The premise of aerosol inversion in this study is as follows: it is
assumed that there is no change or only a small change in surface reflectivity within a short period
of time. In fact, due to factors such as changes in land-use patterns and vegetation growth, there
is inevitably an error in surface reflectivity. Furthermore, when the lookup table is constructed by
the 6S radiation transmission model, aerosol parameter selection will affect the simulation results
directly, which will affect the satellite inversion AOD results. Moreover, due to the existence of spatial
heterogeneity, the uncertainty of sunphotometer measurements and the influence of the BRDF effect,
an accurate estimation of the AOD is limited. In the process of inversion, to avoid the influences of
different geometric positions on the AOD, it is ensured that in terms of the angle difference between
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pixels, each pixel has its own observation geometry instead of a scene image sharing an angle value to
effectively improve the AOD extraction effect.

5.2. Estimation of the AOD and Uncertainty Analysis

The accuracy of RS-based AOD monitoring is susceptible to surface coverage, weather, and climate.
Specifically, the difference in surface coverage may obscure atmosphere information and cause large
errors in AOD identification. At the same time, the uncertainty in the Microtops II sunphotometer
observations is also not negligible because the observer’s observation behavior and the judgment
of the observation conditions differ. In this study, it can be found that the agreement between the
site-measured AOD and Landsat inversion AOD is better than that between the site-measured AOD
and the MODIS AOD products. As shown in Figure 2, the trends in the fitting relationships of the AOD
retrieved from Landsat and the MODIS AOD products with the ground-observed AOD are consistent.
Most of the verification points fall within the expected range, which indicates that the AOD inverted
by the improved DB algorithm is credible. It is worth noting that the Landsat inversion AOD is better
than the MODIS DB AOD. This may be due to the local nature of some parameters.

The AOD is significantly influenced by different environmental factors. Analyzing the spatiotemporal
variation characteristics of the AOD, the highest AOD levels are found in spring; in fact, the AOD in
spring is not only high but also varies greatly, which is mainly related to the uncertainty in the gale
weather conditions and surface characteristics. In spring, the Earth becomes warmer, snow and ice
melt, more land becomes exposed, and the soil is loose. Additionally, windy weather occurs often,
which raises the dust from the bare ground, resulting in a large increase in the particulate matter
concentration in the air. Combined with the special terrain of Urumgqi, the AOD generated by the
heating period of the entire winter shrouds Urumgdi for a long time, which promotes the increase in
AOD in spring [55]. How to reduce the uncertainty in the AOD estimation is a key aspect of future
research, which we hope to quantify in our next study.

5.3. Rehabilitation of the Atmospheric Environment

Currently, how to take effective measures to avoid further urban atmospheric contamination and
to rehabilitate the atmospheric environment in dry and semidry typical city regions has attracted
scholarly and governmental attention. Severe air pollution will ultimately endanger human health and
even limit sustainable urban development. Driving force analysis of the AOD in Urumgqi was carried
out by GRA in this study, and it was found that the amount of coal burned, construction land, and other
factors contribute greatly to the AOD. In fact, the AOD in Urumqi is greatly affected by human activities.
Because Urumygi is surrounded by mountains on three sides, pollutants are difficult to diffuse once they
are discharged, and they will linger over the city for a long time. All of these factors seriously affect air
quality and atmospheric visibility, causing problems in normal human production and life activities.
Furthermore, air pollution has increased the incidence of respiratory diseases and has even caused
deaths, posing a great threat to the safety of people’s lives and properties [57,58]. In the face of serious
air pollution and based on the other factors remaining nearly constant over the study period, changes
in the atmospheric conditions can be related to the NG project causing the observed decline in the
AOD. Figure 6 shows that since the implementation of the project, the AOD has dropped significantly.
This project provides valuable experience for the restoration of the atmospheric environment under
similar conditions, especially for the management of the present atmospheric contamination in Urumgj.
For the protection and management of atmospheric environments as well as to support sustainable
urban development, it might be inevitable to implement atmospheric treatment projects.

However, the AOD has significantly increased since 2016 and has maintained a high level.
This implies that when the way of energy utilization is adjusted to a certain level, coal combustion will
no longer be the dominant factor influencing air quality. New methods to improve air quality should
be introduced, by not only relying on government decision-making but also by paying attention to the
protection of the air environment in public activities. For the government, it is necessary to implement
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new and effective measures to improve urban facilities, rationally adjust the urban layout, promote
clean energy, divert and restrict urban cars, optimize public transport, fundamentally reduce the
production of pollutants, and improve the environmental air quality. For the public, it is indispensable
to respond to the government’s call, use clean energy, advocate public transportation, and cultivate
environmental protection awareness.

6. Conclusions

This study combined a series of measured AOD and RS data (i.e., Landsat TM/OLI, MOD09A1,
MYDO04, meteorological, and socio-economic data) from 2010-2018, and the AOD in the Urumgji area
was retrieved at a high spatial resolution. On the basis of the retrieved AOD, we further analyzed
the spatial and temporal variations in the AOD, conducted influencing factor analysis, and simulated
diffusion trajectories. The conclusions are as follows:

The improved DB algorithm can be applied to urban areas with high surface reflectance and
complex surface structures to derive continuous AODs with a high spatial resolution and a high
inversion accuracy.

The AOD variation in Urumgi is regional and is greatly affected by the landforms and climate.
The spatial AOD distribution decreases from urban to suburban areas. Higher AODs are concentrated
in the urban areas and along roads, and strong winds increase the AOD in the Dabancheng area.
Among these areas, Xinshi District has the highest AOD, and Urumgi County has the lowest AOD.
The seasonal variation in the AOD is notable. The AOD order is spring (0.411) > summer (0.285) >
autumn (0.203), with the largest variation in spring. In addition, the range and frequency of the higher
values are more apparent in spring than in summer and autumn.

The average AOD in Urumgi is 0.187, and the interannual variation as a whole shows an upward
trend. However, from 2010 to 2018, the AOD first declined gradually, then declined significantly,
and then reached the lowest value in 2015 (0.076). Next, the AOD increased significantly and reached a
peak in 2016 (0.354), while the fluctuation in the AOD was the most significant. Finally, the AOD as
a whole decreased from 2016 to 2018. This result shows that the implementation of the coal to NG
project in Urumgqi has promoted the improvement of the city’s atmospheric environment.

According to GRA, the AOD in Urumgdi is influenced by a variety of natural and human factors
and is the result of a combination of natural and human factors. Among these factors, the results show
that temperature is the most notable factor (0.699), followed by CL (0.693).

The HYSPLIT model is used to simulate the forward and backward trajectories of the severe air
pollution season (spring), revealing the sources and destinations of pollutants. It was found that the
aerosols observed over the Urumgqi domain are associated with long-range transport from Central
Asia, and these aerosols can affect the entire northern part of China through long-distance transport.
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