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ABSTRACT 

 
Signal enhancement technology (sub-pixel interpolation) is used to obtain SO2 column concentrations for Guangdong 

Province in China from 2005 to 2016. The high resolution (2 km × 2 km) data used was obtained via a remote sensing 
satellite (Ozone Monitoring Instrument) and verified by comparing it with average annual SO2 data recorded in ground 
monitoring stations. The correlation was found to be up to 0.95. Moreover, the data was cross-correlated with national and 
regional inventories of pollution sources. The results show that the regional characteristics of the spatial distribution 
obtained are consistent and the detailed characteristics are highly coincidental. Based on this, the new and detailed 
spatiotemporal variation was analyzed and the effect of emission reduction in urban agglomerations on the SO2 
concentration in the Pearl River Delta (PRD) region of China investigated. The results demonstrate that the distribution of 
SO2 pollution in the PRD has been transformed over the period studied. In the early stages, it had a traditional high-
concentration type of distribution (with agglomeration areas like Guangzhou and Foshan as high-concentration pollution 
centers) and this has changed to the currently-observed low-concentration decentralized type of distribution (mainly 
distributed along administrative boundaries). In the last 10 years, significant SO2 emission reduction has occurred in 
prefecture-level cities, e.g., Foshan, Zhongshan, and Guangzhou (with emission-reduction amplitudes of 71%, 65%, and 
57%, respectively). Foshan and Zhongshan are the top two prefecture-level cities in the PRD region in terms of significant 
reduction in rate of SO2 contribution. The SO2 contribution rate fell from 17% to 13% in Foshan and from 16% to 10% in 
Zhongshan. However, the relative contribution rates in Zhaoqing and Huizhou increased from 7% to 11% and from 6% to 
10%, respectively. The size of the emission reduction and changes in SO2 contribution rates in the prefecture-level cities in 
the PRD region show that the government’s efforts to improve air quality have had a significant effect. 
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INTRODUCTION 

 
Sulfur dioxide (SO2) is a gas found in trace amounts in 

the atmospheric boundary layer, mainly as a result of 
anthropogenic pollution and natural emission, e.g., volcanic 
eruption. However, in China, it mainly comes from 
anthropogenic sources (Cheng et al., 2017; Fang et al., 
2017; Wang et al., 2018). SO2 has a life cycle of 1–3 days 
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in the atmosphere and is ultimately oxidized into sulfate 
aerosols. These form haze and rain that is acidic which 
harms our health, changes the atmospheric environment, 
and damages ecological systems (Hadei et al., 2017; Li et 
al., 2018).  

Since the beginning of the 21st century, China has seen 
a rapid increase in industrialization and urbanization. Thus, 
a huge amount of energy is being consumed each year. 
Subsequently, about 1 × 109 tons of fossil fuel are being 
used in industrial production so that large amounts of SO2 
are being emitted due to the burning of coal and metal 
smelting (Song and Yang, 2014). Emission levels obtained 
using a ‘bottom-up’ (a method to measure emission levels of 
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different regions in the increasing order of their administrative 
levels) approach demonstrate that SO2 emission in China 
has increased from 2.17 × 107 tons in 2000 to 3.32 × 107 
tons in 2006 (an increase of 53%). In the same period, the 
amount of SO2 emitted generating thermal power rose 
from 1.06 × 107 to 1.86 × 107 tons. Emission rose by 85% 
in north China, but only 28% in the south (Lu et al., 2010).  

Guangdong (in South China) is a frontier province with 
a large economy brought about by the reform and opening 
up of China. It must be noted that Guangdong province 
includes 21 prefecture-level cities. Nine of these (Guangzhou, 
Foshan, Shenzhen, Dongguan, Zhongshan, Jiangmen, 
Huizhou, Zhaoqing, and Zhuhai) are located in the Pearl 
River Delta (PRD) which is a highly urbanized region. The 
amount of SO2 emitted in Guangdong province rose from 
9.05 × 105 tons in 2000 to 1.29 × 106 tons in 2005. The 
corresponding increase in average annual SO2 concentration, 
as monitored by ground monitoring stations, was from 20 
to 27 µg m–3 (Wang et al., 2012). These significant quantities 
of SO2 led to the regional atmosphere becoming seriously 
polluted (Wang et al., 2017; Ni et al., 2018) and deterioration 
of the air quality in urban areas (Lu et al., 2016; Liu and 
Wang, 2017; Yang et al., 2017; Itahashi et al., 2019).  

In order to control air pollution and reduce emission of 
SO2, the Chinese Government has implemented various 
emission reduction policies since 2005, e.g., introducing 
flue gas desulfurization (FGD) and shutting down small 
generator units. As a result, the proportion of thermal power 
plants capable of FGD increased from 12% in 2005 to 
82.6% in 2010 (Zhao et al., 2013; Liu et al., 2019). Because 
of the government’s continued implementation of emission 
reduction policies, SO2 emission has been much more 
effectively controlled in China. 

In particular, significant emission reduction has been 
achieved in the PRD region. In 2005, the rate of growth of 
SO2 emission slowed down to an obvious extent and 
emission in 2006 began to decrease after reaching a peak 
(Lu et al., 2010). Furthermore, SO2 emission from thermal 
power generation fell by 14.3% from 2005 to 2010 (Zhao 
et al., 2013) and the average annual SO2 concentration, as 
monitored on the ground, decreased from 83 µg m–3 in 1996 
to 21 µg m–3 in 2015 (Zhao et al., 2018). An inventory of 
atmospheric pollution emission in the PRD region 
demonstrates that SO2 emission has fallen by 51% from 
2006 (1.12 × 106 tons) to 2012 (5.52 × 105 tons) (Yang et 
al., 2015; Zheng et al., 2009). At the same time, air quality 
monitoring in the PRD region, Hong Kong, and Macau 
suggests that the average annual SO2 concentration declined 
by 61.7% (from about 47 to 18 µg m–3).  

The above mentioned research on the variation and 
assessment of SO2 emission reduction in the last 20 years 
has been mainly based on ‘bottom-up’ inventories, that is, 
the emissions are calculated according to weighting factors 
related to spatial distributions and monitoring data from 
traditional (discrete) ground stations. Using such emission 
inventories, one can only acquire data for discrete grids 
which leads to a large degree of uncertainty. Because of 
the rapid rate of industrialization and urbanization, and the 
introduction of new emission reduction policies, emission 

inventories will soon be inconsistent with actual emissions 
and will show obvious time lags (Zheng et al., 2009; Wang 
et al., 2016; Xu et al., 2017). In addition, as these discrete 
ground monitoring stations are rather sparse and cover a 
limited amount of space, they are not able to characterize 
spatial distributions very well (Lee et al., 2011; Sindhwani 
et al., 2015; Cheng et al., 2018). 

Remote sensing satellites are an emerging means of 
detecting air quality and can be used to complement 
conventional techniques such as ground monitoring, airborne 
observation, and bottom-up collection of the emission 
inventories. Moreover, they have some unique advantages, 
such as wide covering range, long term sequencing, and 
up-bottom monitoring. Over the past 20 years, a new 
generation of spaceborne hyperspectral remote sensors have 
been developed. Indeed, numerous spaceborne sensors, 
including the Global Ozone Monitoring Experiment (GOME) 
and GOME-2, Scanning Imaging Absorption Spectrometer 
for Atmospheric Cartography (SCIAMACHY) (Khattak et 
al., 2014), Ozone Monitoring Instrument (OMI) (Khokhar 
et al., 2016), and Ozone Mapping and Profiler Suite (OMPS) 
have been launched. Of particular interest among these is 
the OMI carried by the Aura satellite launched by the 
National Aeronautics and Space Administration (NASA) 
of the United States.  

OMI has a high spatial and spectral resolution and can 
be used to remotely monitor various pollutants, including 
SO2. Its early applications included monitoring volcanic 
eruptions around the world (Krueger et al., 2009; Vicente 
et al., 2009), gas emission from large-scale thermal power 
plants (Zhang et al., 2009; Li et al., 2010), and analyzing 
the temporal and spatial variation of high-concentration 
pollutants over large regions (Krotkov et al., 2008; Zhang 
et al., 2010). The success of these applications proves that 
OMI, with its high detection sensitivity and accuracy, is 
not only capable of detecting volcanic eruptions, but also 
detecting anthropogenic SO2 emission on a large scale. 
Furthermore, as the transit time of OMI has lengthened, its 
function has been extended to long-term monitoring and 
evaluation of SO2 emission from large smelting plants and 
coal-fired power plants (Carn et al., 2007). Thus, it has 
been able to verify that the deployment of flue gas 
desulfurization (FGD) devices has had a significant effect 
on the control and reduction of SO2 emission (Li et al., 
2010). In more recent years, scholars around the world 
have used low-resolution SO2 data acquired using OMI to 
study the spatiotemporal distribution characteristics of SO2 
in provincial and municipal regions (Zhao et al., 2011; Li 
et al., 2016), estimate dry deposition (Du et al., 2015), 
derive emission inventories (Kourtidis et al., 2018), and 
evaluate the effect of emission reduction (Song and Yang, 
2015).  

In this study, we increase the spatial resolution of the 
OMI data grids from 0.25° × 0.25° (28 km × 28 km) to 
2 km × 2 km by employing the latest sub-pixel interpolation 
method. After validating the results in comparison to 
ground and emission inventory data, we first systematically 
study the characteristics of the new and more detailed 
spatiotemporal distribution of SO2 after it reached its peak 
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surface concentration in 2006. We then evaluate and 
compare the contributions made by prefecture-level cities 
to emission reduction in the PRD region. The research 
aims to provide rigorous scientific support for the emission 
reduction policies implemented as part of the national ‘13th 
Five-Year Plan’ to prevent and control atmospheric pollution 
and thus contribute to China’s ‘Blue Sky Protection 
Campaign’. 
 
MATERIALS AND METHODS 
 
Satellite Data and Quality Control 

OMI was jointly built by the Netherlands and Finland 
and is one of four sensors carried by the Aura earth 
observation satellite system launched by NASA on July 15, 
2004. It can be used to monitor O3, aerosols, cloud coverage, 
and levels of trace gases, like SO2 and NO2, in the 
atmosphere (Levelt et al., 2006). As it is a hyperspectral 
sensor, it can scan 2,600 km of its orbit at ultraviolet, visible, 
and near-infrared wavebands, and it can make observations 
at spatial resolutions from 13 × 24 to 28 × 150 km2. The 
data it produces is widely employed in research aimed at 
monitoring and warning of impending volcanic eruption, 
and for monitoring, evaluating, and forecasting levels of 
urban pollution. 

Principal component analysis (PCA) is the latest business-
standard algorithm applied to determining SO2 levels in 
OMI’s boundary layer data (Li et al., 2013). The inversion 
algorithm selects hyperspectral data from 310.5 to 340 nm 
and extracts the principal components relating to O3 
absorption, surface reflectivity, instrument noise, and ring 
effects. These are used to establish a relational expression 
for Jacobi matrix inversion and thus directly acquire the 
total vertical column amount of atmospheric SO2. The 
PCA algorithm reduces the OMI SO2 inversion error and 
improves the product quality and application range of the 
data. Thus, inversion products are more suitable for 
monitoring anthropogenic SO2 pollution. Therefore, in this 
study, we adopt the SO2_PBL (planetary boundary layer) 
data of V003 OMI L2 orbit products covering 2005 to 
2016 (https://daac.gsfc.nasa.gov/).  

In order to obtain the SO2 distribution close to the 
ground and at high resolution, it is essential to improve the 
accuracy of the SO2 data. Thus, the pixel data was strictly 
screened according to the following quality requirements: 
(1) Since 2007, 60 of OMI’s CCD sensors have been 
successively influenced by scattered light and blocking of 
their visual fields, thus producing row anomalies (RA). 
Therefore, the XTrackQualityFlags field is used to eliminate 
abnormal values. (2) In order to eliminate large errors caused 
by large observation angles of the pixels on the edge of the 
scanning orbit, the data corresponding to the first and last 
groups of ten pixels are eliminated. (3) The solar zenith 
angle is controlled to be in the range of 0–70°C. To eliminate 
the effect of cloud, the equivalent radiation cloud cover needs 
to be smaller than 0.2. To eliminate the effect of volcanic 
eruption, the total amount of SO2 needs to be less than 
10 DU. (4) The standard deviation of the noise in the total 
PBL SO2 column data from the OMI is 1.5 DU. However, 

long-term data sequences (e.g., three years) can be treated 
using statistical methods to reduce the standard deviation 
to below 0.3 DU (Krotkov et al., 2008). 

 
Ground Observation Data 

The SO2 concentrations recorded at 88 ground 
monitoring stations in the PRD were obtained from the 
Environmental Monitoring Center in Guangdong province, 
China. The observation and quality control of the data was 
performed according to the relevant national observation 
standards for atmospheric pollutants.  

The inventory of SO2 emission sources in the PRD region 
in 2008 with the resolution of 0.25° × 0.25° was obtained 
from the Multi-resolution Emission Inventory (MEIC) 
website (http://www.meicmodel.org) established by Tsinghua 
University in China. The inventory of emission sources in 
the PRD in 2012 with the resolution of 3 km × 3 km refers 
to information presented in the literature (Yang et al., 2015). 

 
Signal Enhancement Technology 

One pixel of the OMI ranges from 13 × 24 to 28 × 150 km2 
from nadir to edge. Thus, a great deal of SO2 emission 
information from ground pollution point sources is generally 
lost when OMI is directly used for ground monitoring.  

To overcome this, Fioletov et al. (2011) utilized a 
statistical calculation method (sub-pixel interpolation) to 
enhance signals. The spatial resolution thus presented 
corresponded to a fine grid of points with each grid unit 
measuring 2 km × 2 km. High- and low-spatial frequency 
filtering was also applied to the OMI SO2 L2 orbital data 
in long-term sequences, thereby reducing the noise in the 
signals and standard deviation of the data. Thus, weak SO2 
signals could be enhanced and displayed, something that 
could not be achieved using ‘ordinary’ processing methods. 
Overall, they were able to obtain the spatial distribution of 
SO2 in eastern parts of the USA at sub-pixel levels (2 km × 
2 km). Based on a statistical analysis of the data of 
Fioletov et al. (2011) the total amount of SO2 in sub-pixel 
columns was shown to be significantly statistically correlated 
with independent point sources with annual SO2 emission 
levels of 60 kt or more (or multiple point sources within a 
range of 50 km). Correlation coefficients of up to 0.93 were 
obtained. The sub-pixel OMI SO2 data further revealed 
that the SO2 emission from the largest coal-fired power 
plants in the USA had fallen by 40% from 2005–2007 to 
2008–2010. This is highly consistent with the fact that SO2 
levels decreased by 46% after implementing monitoring 
measures for pollution according to reports (http://camddata 
andmaps.epa.gov/gdm/index.cfm?fuseaction=emissions.wi
zard). 

Fioletov et al. (2011) actually selected two coal-fired 
power plants as their research objects. One, a thermal 
power plant in Georgia, corresponded to the largest source 
of SO2 emission (170 kt annually). The other, in Belews 
Creek, North Carolina, corresponded to the 20th largest 
emission source (88 kt annually). Based on the statistics of 
the OMI SO2 data from 2005 to 2007, the distance from 
the center of the OMI detection pixel to the position of the 
thermal power plants was used as a distance function. The 
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results showed that the total column amount of SO2 followed 
Gaussian (normal) distributions with respect to distance from 
the thermal power plants. Thus, high SO2 concentrations 
were observed adjacent to the thermal power plants and the 
further the distance from the plant, the smaller the total 
column amount of SO2. At distances over 50 km, the total 
column amount of SO2 tended to zero. 

According to the abovementioned conclusions, it can be 
seen that if one attempts to detect point sources of SO2 
emissions using OMI then only 1–2 pixels will produce 
signals (pixel ranges from 13 × 24 to 28 × 150 km2). This 
is bound to result in many point sources of emission not 
being detected by the satellite. At the same time, the 
conclusions also indicate that statistically significant 
averages can be obtained if a large amount of independent 
pixel data is used that cover a range of a few kilometers 
adjacent to the point source. According to these statistics, 
using average values of OMI data taken over three years 
near point sources with annual emissions of 70 kt allows 
statistically significant results to be obtained at the 95% 
confidence level.  

Guangdong province (20°E–26°N, 109°E–118°E) was 
selected as research region and, 333 × 500 grid points were 
calculated using the MATLAB software package (which 
has a function that yields the spherical distances between 
given points of latitude/longitude). As shown in Fig. 1, the 
dimension of each grid unit is 2 km × 2 km and the black 
grid points are the target objects for value assignment. 
Taking each of these target points as center, a circle of 
radius 12 km is also drawn in this diagram within which 
the OMI SO2 orbital pixel data was obtained corresponding 
to a continuous period of three years. All data in the 12 km 
range from the center of the pixel to the center of the target 
grid point (after undergoing quality control) were selected 
and then mean values were obtained and assigned to the 
target grid points. According to the observational statistics 
that the signal to point-source distance obeys a Gaussian 
(normal) distribution, the data for the 2 km × 2 km grid 
points display the detailed characteristics of the sub-pixel 
spatial distribution. In the figure, the dimension of minimum 
pixel corresponding to OMI’s nadir is used as a reference. 

 

 
Fig. 1. Schematic diagram illustrating the application of 
the sub-pixel algorithm. 

The range of the statistical radius determines the degree of 
smoothness of the data: the larger the radius, the lower the 
noise, i.e., the smoother the data (however, the spatial 
resolution is also correspondingly lower). After many 
calculation experiments, the radius of 12km is chosen as 
the best choice. 
 
RESULTS AND DISCUSSION 
 
Cross-validation with Ground Monitoring Stations in the 
PRD Region 

The average annual SO2 concentrations, as recorded by 
the ground monitoring stations in the PRD region, were 
compared to the corresponding average values of the total 
column amounts of SO2 obtained using the sub-pixel 
method applied to the remote sensing data. As the principles 
and measurement units of the remote sensors are different 
from those used in the ground observations, the two sets of 
data were first normalized before making the comparison 
(i.e., both sets of data were assigned the reference value of 
1.00 in the year 2006).  

Fig. 2 shows the yearly change in the normalized average 
amounts of SO2 determined according to the two methods. 
The two sets of SO2 data are clearly highly correlated 
during the period 2006–2015. The two sets of data give a 
good fit to a linear function giving a slope of 0.97 and a 
correlation coefficient of 0.95. Both sets of data consistently 
show the same decreasing trend in SO2 concentration over 
the years shown. The data points show approximately 
linear reductions in the average annual amounts of SO2 
corresponding to –0.063 (sub-pixel method) and –0.067 
(ground monitoring method). That is, the SO2 levels in the 
PRD region have decreased at an annual rate of 6–7% per 
year. By comparing the average annual SO2 emissions in 
the PRD in 2015 and 2006, the sub-pixel method suggests 
the average decrease in SO2 corresponded to 57% over this 
period, while that obtained using the ground monitoring 
data corresponds to 66% (a difference of 9%). 
 
Cross-correlation of Regional Spatial Distributions and 
Detailed Characteristics 

The high resolution (2 km × 2 km) SO2 data obtained 
using the sub-pixel method can be used to derive spatial 
and regional SO2 distributions for Guangdong province in 
a clearer and more detailed manner. In order to objectively 
cross-validate the spatial distributions and detailed 
characteristics of the SO2 levels obtained via the sub-pixel 
method, a comparison was made of distributions generated 
using ground monitoring data, OMI SO2 L2 data, and 
national and regional inventory data. Fig. 3 shows spatial 
SO2 distributions for the whole of Guangdong province 
and PRD region according to the data from the different 
sources. 

Figs. 3(a), 3(b), and 3(d) present the spatial SO2 
distributions for Guangdong province in 2008 generated 
using data from ground monitoring stations via nearest-
neighbor interpolation, the official 0.25° × 0.25° grid data 
from the OMI, and the sub-pixel method, respectively. 
Fig. 3(c) displays the results obtained using the national 
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Fig. 2. Normalized plots of the average annual SO2 emissions in the PRD region obtained using the sub-pixel method and 
data from the ground monitoring stations from 2006 to 2015. The good correlation between the two sets of data is further 
illustrated via a linear regression plot. 

 

 
Fig. 3. Spatial distribution of SO2 pollution derived using data from different sources: ground monitoring, emission 
inventories, and remote sensing satellite. (a)–(d) present results for the whole of Guangdong province (2008 data), and (e) 
and (f) just those for the PRD region (2012 data). 
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inventory of SO2 emission sources (2008) as estimated by 
Tsinghua University based on emission factors using different 
technologies, see http://www.meicmodel.org). Figs. 3(e) 
and 3(f) presents results for the PRD region only. The 
former was obtained by Yang et al. (2015) who used basic 
activity data on anthropogenic and natural sources in the 
atmosphere to establish a spatial allocation scheme for 
local pollutants and a time-slot allocation scheme to 
characterize industrial pollution discharge and thus generate a 
map of the regional SO2 emissions in the PRD in 2012. In 
contrast, Fig. 3(f) presents the SO2 distribution in 2012 as 
obtained using the sub-pixel technology.  

Fig. 3(a) demonstrates that the uneven distribution of 
state-controlled ground-based monitoring stations means 
that the spatial distribution generated via interpolation is 
not particularly objective and does not give a good 
representation of the spatial distribution. For example, 
compared to the situation in Guangzhou and Foshan, there 
are five state-controlled monitoring stations in Shaoguan city 
that are too highly concentrated (red circle in Fig. 3(a)). The 
observed SO2 values here are large (0.047–0.068 mg m–3), 
so that the overall regional SO2 concentration in Shaoguan 
is depicted as being higher than that in Guangzhou and 
Foshan.  

Due to the coarseness of the spatial grid in the official 
OMI product, Fig. 3(b) only displays the highs or lows of 
the regional pollution distributions (The largest value, 1.7 
DU). The results obtained via sub-pixel interpolation in 
Fig. 3(d), however, have much higher spatial resolution 
and yield a larger extreme value (2.6 DU). Thus, they give 
a clearer and more detailed representation of the distribution 
characteristics and cover a larger range of extreme values. 
The emission inventory of atmospheric pollution distribution 
(Fig. 3(c)) reflects the structure of the atmospheric pollution 
emission over a range of various geographic regions and 
administrative boundaries (e.g., regions, cities, districts, 
and counties) and has spatiotemporal properties. The results 
obtained via sub-pixel interpolation were compared with 
the national and regional emission source inventories which 
revealed the similarities and differences in their spatial 
distributions and detailed characteristics. The comparison 
shows, for example, that the regional and spatial distribution 
of SO2 in 2008 in Guangdong province are highly similar 
and in good agreement (the white circles in Figs. 3(c) and 
3(d) highlight the areas in which the general degree of 
coincidence is particularly high). However, as far as 
detailed characteristics are concerned, the sub-pixel method 
is clearly superior to the national inventory method. These 
two methods both show that the spatial and regional 
distribution of SO2 is dominated by the presence of one 
major center and three smaller regions in Guangdong 
province. But the national inventory data can only reveal 
the spatial and regional distributions – it cannot display the 
detailed characteristics of the distribution. Furthermore, 
from the perspective of time, the national inventory data 
for Guangdong province suggests the emission rates in 
2012 and 2008 were 2.96 × 107 and 3.13 × 107 ton y–1, 
respectively, corresponding to a reduction of 5.4%. This is 
obviously smaller than the 43% reduction suggested by the 

sub-pixel method and 38% reduction suggested by the 
ground monitoring data. Thus, our preliminary analysis 
demonstrates that the national inventory does not properly 
update the SO2 data in Guangdong province and so it does 
not objectively represent the true picture in the province. 

Figs. 3(e) and 3(f) show a comparison of the results 
obtained for the PRD region using the sub-pixel interpolation 
and regional inventory methods. The two distributions 
match spatially to a high degree, both essentially 
highlighting various point sources, e.g., boilers, process 
sources, power plants, non-road sources. Moreover, the 
detailed characteristics of the distributions are obviously 
similar while they also show small differences. Both of 
them imply that the SO2 distribution in the PRD region had 
transformed by 2012 into a more decentralized affair with 
several small pollution regions (compare this with the earlier 
2008 distribution wherein the pollution was concentrated 
into one big region).  

The detailed distribution characteristics shown Figs. 3(e) 
and 3(f) indicate that the polluted regions fall into two 
general classes: agglomeration areas consisting of urban 
residential areas and factories, and areas associated with 
regional administrative boundaries. Comparing the two 
spatial distributions, the polluted regions in the regional 
inventory (Fig. 3(e)) in the center and west of Guangzhou 
and east of Foshan correspond to those in the center and west 
of Foshan and north of Zhaoqing in the figure generated 
using the sub-pixel method (Fig. 3(f)), although their 
positions are slightly shifted to the east or west. In addition, 
the pollution sources in Shenzhen in Fig. 3(e) appear to 
have no corresponding sources in Fig. 3(f). The reasons for 
these differences in correspondence need to be further 
investigated, but this is not attempted here. However, it is 
clear that, on the whole, the SO2 information obtained 
using the sub-pixel method gives a good representation of 
the characteristics of the regional and detailed pollution 
distributions. 

 
Spatiotemporal Variation of SO2 Concentration in the 
PRD Region 

The sub-pixel method was used to generate spatial 
distributions for the SO2 concentration in Guangdong 
province for four years in the period 2006–2016 (Fig. 4). 
In these diagrams, the same scale is used to specify the 
amount of SO2 (0–3 DU) so that the diagrams are directly 
comparable and highlight the temporal and spatial changes 
in SO2 occurring in the province during this period. 

The figures clearly show that the PRD region was a 
high-concentration pollution zone in 2006 (the largest value, 
3.1 DU). The three other regions (western, northern, and 
eastern Guangdong) corresponded to decentralized pollution 
regions at this time wherein the SO2 concentrations were 
low. As Guangzhou was chosen to host the Asian Games in 
2010, the PRD region began to trial a combination of 
pollution-controlling measures (relocation, desulfurization, 
and rectification of polluting enterprises) in 2009.  

The subsequent reduction in emissions gradually began to 
change the characteristics of the SO2 distribution in the PRD 
region. As demonstrated in Fig. 4, the pollution intensity in 
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Fig. 4. The spatial distributions of SO2 in Guangdong province in 2006, 2009, 2013, and 2016, as obtained using the sub-
pixel method. 

 

the PRD region in 2009 had decreased significantly (the 
largest value, 2.2 DU) and the polluted region had become 
more dispersed. By 2016, the highly-polluted region of the 
PRD had disappeared from the Guangdong province 
altogether (the largest value, 1.1 DU). As a result, all four 
regions of Guangdong province (PRD region together with 
the northern, eastern, and western regions) could finally be 
classified as small decentralized pollution regions with low 
pollution concentrations.  

As the most significant changes in Guangdong occur in 
the PRD region, it is worth examining this region in more 
detail. Fig. 5 shows the results obtained using the sub-pixel 
method for the PRD region for the same years shown in 
Fig. 4. However, this time the color scale used to represent 
SO2 concentration is not fixed. Instead, the scale maximum 
employed is reduced in later years to highlight the areas of 
pollution that remain.  

As found before, a large area of the PRD region can be 
seen to suffer from a high concentration of SO2 pollution 
in 2006. Two circles of different color appear in the Fig. 5: 
one corresponds to the high-concentration of SO2 
accumulated from Guangzhou and Foshan (primary region 
with red circle); the other to the high-pollution zone to the 
west of Dongguan, Zhongshan, north of Jiangmen, and 
south of Zhaoqing (secondary region with white circle). By 
2009, the adjustments made to the industrial structure and 
implementation of other pollution control and prevention 
measures led to a significant decrease in the intensity of 
pollution in the primary and secondary regions. By 2013, 
the regional distribution characteristics had essentially 
changed from its original type (concentrated in one mass) 
into one that was much more decentralized. The pollution 
distribution characterized by the primary and secondary 
regions had transited into a set of regional pollution 

distributions along the administrative boundaries between 
Guangzhou and Dongguan, Foshan and Zhaoqing, as well 
as Foshan and Zhaoqing, together with decentralized ‘dots’ 
and zonal distributions along the other administrative 
boundaries. Moving next to 2016, it is apparent that the 
intensity of the pollution in the PRD region had changed 
slowly. 
 
Extent of Emission Reduction in Nine Prefecture-level 
Cities in the PRD Region 

In this section, we examine the long-term change in SO2 
pollution levels in nine prefecture-level cities in the PRD 
region. High-resolution SO2 data was obtained for these 
cities using the sub-pixel method and three-year moving 
averages calculated. The resulting SO2 levels are presented 
in Fig. 6 for the nine prefecture-level cities chosen. 

Fig. 6(a) shows that the SO2 pollution levels in each of 
these cities fell from 2006 to 2016. Moreover, the basic 
trends in each of the curves shown are the same. That is, 
the extent of emission reduction was generally consistent 
in these cities and the SO2 levels in these cities essentially 
decreased year-on-year at the same rate. However, based 
on the curves shown in Fig. 6(a), 2011 appears to have 
been a transition year: from 2006 to 2011, the SO2 level 
decreased significantly; thereafter, it dropped much more 
gently.  

The differences between these prefecture-level cities, in 
terms of SO2, are clearly significant in 2006. The highest 
ranked city at this time was Foshan (with a total SO2 
concentration of 2.2 DU), followed by Zhongshan (2.1 DU), 
and Guangzhou (1.5 DU). At the other end of the scale, 
Huizhou (0.8 DU) was the least polluted city, followed by 
Zhaoqing (1.0 DU). The total SO2 concentration in Foshan 
was therefore almost three times that found in Huizhou. In 
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Fig. 5. The spatial distributions of SO2 in the PRD region in 2006, 2009, 2013, and 2016, as obtained using the sub-pixel 
method. 

 

 
Fig. 6. (a) The changes in SO2 concentration in nine prefecture-level cities in the PRD from 2006 to 2016, (b) Pie chart 
showing the relative contributions made by individual cities to SO2 emissions in 2006, and (c) Pie chart showing the 
corresponding contributions in 2016. 
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contrast, in 2016, after emission reduction measures had 
been in place for 11 years, the differences between the SO2 
densities in the prefecture-level cities had become much 
smaller (to the extent that they all appear to be very similar). 

The data can also be used to quantify the extent to which 
the emission levels have been reduced in particular cities. 
Thus, in Zhongshan, Foshan, and Guangzhou the SO2 
levels fell significantly in the period 2006–2016: by 71%, 
65%, and 57%, respectively. The corresponding figures for 
Zhaoqing and Huizhou are less impressive: 37% and 25%, 
respectively. Therefore, the emission reduction measures 
implemented have had the largest effect on Guangzhou, 
Foshan, and Zhongshan. Zhaoqing and Huizhou, however, 
have seen much more modest improvements.  

Fig. 6(b) shows the relative contributions made to the 
SO2 emissions by the nine prefecture-level cities in the 
PRD region in 2006. (Here, ‘relative contribution’ means 
the contribution made by the city compared to the total 
contribution made by all nine cities – hence the contributions 
sum to 100%). The figure shows that Foshan (17%), 
Zhongshan (16%), and Guangzhou (12%) made the largest 
contributions in 2006, while Huizhou (6%), Zhaoqing 
(7%), and Shenzhen (9%) made the smallest contributions. 
Fig. 6(c) shows the corresponding situation 11 years later 
(2016). This time the largest contributions are made by 
Foshan (13%), and Guangzhou and Dongguan (each 12%) 
– the smallest contributions are made by Zhongshan, 
Huizhou, and Shenzhen (each 10%).  

Figs. 6(b) and 6(c) show that the contributions made by 
two cities decreased significantly in response to 11 years 
of emission-reduction measures. Thus, Zhongshan saw its 
contribution fall from 16% to 10%, while that in Foshan 
dropped from 17% to 13%. (However, this means that other 
contributions increased. Thus, the contribution of Zhaoqing 
rose from 7% to 11% and that of Huizhou increased from 
6% to 10%. This is because the emission reduction 
amplitudes in these two cities were relatively small, as 
discussed earlier.) 

 
CONCLUSIONS 

 
Using sub-pixel interpolation to enhance the signals 

obtained from a remote sensing satellite (OMI), the spatial 
resolutions of the grids used to specify the distribution of 
SO2 were increased from 0.25° × 0.25° to 2 km × 2 km. 
The main conclusions are as follows: 
(1) A linear fit between data from the sub-pixel method 

and ground monitoring stations in the PRD region 
yielded a correlation coefficient of 0.95 and a slope of 
0.97. The two sets of data only has a difference of 9% 
from 2015 and 2006.  

(2) Cross-correlation with data from ground monitoring 
stations, emission inventories and OMI SO2 L2 products 
shows that the values obtained using the sub-pixel 
method gives a clearly superior representation of the 
characteristics of the regional and detailed pollution 
distributions. 

(3) The temporal and spatial variation of the SO2 
distribution in Guangdong province was successfully 

obtained. In 2006, there was clearly a highly-concentrated 
region of pollution centered on the PRD region and 
there were other small decentralized pollution regions 
of low concentration elsewhere (western, eastern, and 
northern Guangdong province). By 2016, the whole of 
Guangdong, consisted of four decentralized pollution 
regions of low concentration at this stage. 

(4) A more detailed examination of the SO2 distribution in 
the PRD region demonstrated that there were a primary 
circle of high-concentration and a zonal secondary 
circle of pollution in 2006. By 2013, the original pattern 
had transformed into dots and zonal distributions 
characterized by low pollution levels located near the 
administrative boundaries. 

(5) After 11 years of subsequent emission reduction, the 
SO2 levels in Zhongshan, Foshan, and Guangzhou had 
been significantly reduced (by 71%, 65%, and 57%, 
respectively). Meanwhile, the reduction in Zhaoqing and 
Huizhou was much less (by 37% and 25%, respectively). 
In addition, SO2two of the prefecture-level cities saw 
their contributions decrease significantly: Foshan saw 
its contribution drop from 17% to 13% and Zhongshan’s 
dropped from 16% to 10%. However, two other 
prefecture-level cities saw their contributions increase: 
Zhaoqing from 7% to 11%, and Huizhou from 6% to 
10%.  

The reduction in SO2 emission in the prefecture-level 
cities, and the contributions they made to pollution in the 
PRD region, indicate that the government’s efforts to improve 
the air quality in the region have been very effective and 
highly significant changes have been accomplished (The 
State Council, 2013). 

 
ACKNOWLEDGMENTS 

 
The work was supported by the national key research 

and development plan (2016YFC0202003 and 
2016YFC0203305), the science and technology innovation 
team plan of the Meteorological Bureau of Guangdong 
province (201704 and 201838), and the Science and 
Technology Research of Guangdong Meteorological 
Bureau (GRMC2018M38). We thank the Goddard Earth 
Sciences Data and Information Services Center, NASA, 
USA for providing the OMI SO2 data used in our study. 

 
REFERENCES 
 
Carn, S.A., Krueger, A.J., Krotkov, N.A., Yang, K. and 

Levelt, P.F. (2007). Sulfur dioxide emissions from Peruvian 
copper smelters detected by the Ozone Monitoring 
Instrument. Geophys. Res. Lett. 34: 1093–1101. 

Cheng, K., Hao, W.W., Yi, P., Zhang, Y. and Zhang, J.Y. 
(2018). Volatile organic compounds emission from chinese 
wood furniture coating industry: Activity-based emission 
factor, speciation profiles, and provincial emission 
inventory. Aerosol Air Qual. Res. 18: 2813–2825. 

Cheng, X., Huang, Y., Liu, C., Ni, S.J., Wang, R. and 
Long, Z.J. (2017). Assessment of air pollution around 
the panzhihua V-Ti magnetite mine region, southwest 



 
 
 

Wang et al., Aerosol and Air Quality Research, 19: 1900–1910, 2019 1909

China. Aerosol Air Qual. Res. 17: 1204–1213. 
Du, J., Sun, J., Du, T., Mu, J. (2015). Dry deposition fluxes 

of sulfur dioxide and nitrogen dioxide in qingdao city 
based on OMI remote sensing data. Saf. Environ. Eng. 
22: 60–104. (in Chinese) 

Fang, C., Zhang, Z., Jin, M., Zou, P. and Wang, J. (2017). 
Pollution characteristics of PM2.5 aerosol during haze 
periods in Changchun, China. Aerosol Air Qual. Res. 17: 
888–895. 

Fioletov, V., McLinden, C., Krotkov, N., Moran, M. and 
Yang, K. (2011). Estimation of SO2 emissions using 
OMI retrievals. Geophys. Res. Lett. 38: L21811. 

Hadei, M., Hopke, P.K., Nazari, S.S.H., Yarahmadi, M., 
Shahsavani, A. and Alipour, M.R. (2017). Estimation of 
mortality and hospital admissions attributed to criteria 
air pollutants in Tehran metropolis, Iran (2013–2016). 
Aerosol Air Qual. Res. 17: 2474–2481. 

Itahashi, S., Hatakeyama, S., Shimada, K. and Takami, A. 
(2019). Sources of high sulfate aerosol concentration 
observed at Cape Hedo in spring. Aerosol Air Qual. Res. 
19: 587–600. 

Khattak, P., Khokhar, M.F. and Yasmin, N. (2014). Spatio-
temporal analyses of atmospheric sulfur dioxide column 
densities over Pakistan by using sciamachy data. Aerosol 
Air Qual. Res. 14: 1883–1896. 

Khokhar, M.F., Mehdi, H., Abbas, Z. and Javed, Z. (2016). 
Temporal assessment of NO2 pollution levels in urban 
centers of Pakistan by employing ground-based and 
satellite observations. Aerosol Air Qual. Res. 16: 1854–
1867. 

Kourtidis, K., Georgoulias, A.K., Mijling, B., Ronald, 
v.d.A., Zhang, Q. and Ding, J. (2018). A new method for 
deriving trace gas emission inventories from satellite 
observations: The case of SO2 over China. Sci. Total 
Environ. 612: 923–930. 

Krotkov, N.A., Mcclure, B., Dickerson, R.R., Carn, S.A., 
Li, C., Bhartia, P.K., Yang, K., Krueger, A.J., Li, Z. and 
Levelt, P.F. (2008). Validation of SO2 retrievals from the 
ozone monitoring instrument over NE China. J. 
Geophys. Res. 113: 16–40. 

Krueger, A., Picard, R.H., Yang, K., Schäfer, K., Comeron, 
A., Krotkov, N. and van Weele, M. (2009). Enhanced 
monitoring of sulfur dioxide sources with hyperspectral 
UV sensors. Proc. SPIE 7475, Remote Sensing of 
Clouds and the Atmosphere XIV, 74750Y. 

Lee, C., Martin, R.V., van Donkelaar, A., Lee, H., Dickerson, 
R.R., Hains, J.C., Krotkov, N., Richter, A., Vinnikov, K. 
and Schwab, J.J. (2011). SO2 emissions and lifetimes: 
Estimates from inverse modeling using in situ and global, 
space-based (SCIAMACHY and OMI) observations. J. 
Geophys. Res. 116: D06304. 

Levelt, P.F., Oord, G.H.J.V.D., Dobber, M.R., Malkki, A., 
Visser, H., Vries, J.D., Stammes, P., Lundell, J.O.V. and 
Saari, H. (2006). The Ozone Monitoring Instrument. 
IEEE Trans. Geosci. Remote Sens. 44: 1093–1101. 

Li, B., Ju, T., Zhang, B., Ge, J., Zhang, J., Tang, H. (2016). 
Satellite remote senseing monitoring and analysis of the 
causes of temporal and spatial variation characteristics 
of atmospheric SO2 concentration in Tianshui. Environ. 

Monit. China 32: 134–140. (in Chinese) 
Li, C., Zhang, Q., Krotkov, N.A., Streets, D.G., He, K., 

Tsay, S.C. and Gleason, J.F. (2010). Recent large reduction 
in sulfur dioxide emissions from Chinese power plants 
observed by the Ozone Monitoring Instrument. Geophys. 
Res. Lett. 37: 292–305. 

Li, C., Joiner, J., Krotkov, N.A. and Bhartia, P.K. (2013). A 
fast and sensitive new satellite SO2 retrieval algorithm 
based on principal component analysis: Application to 
the ozone monitoring instrument. Geophys. Res. Lett. 
40: 6314–6318. 

Li, Z., Hu, Y., Chen, L., Wang, L., Fu, D., Ma, H., Fan, L., 
An, C. and Liu, A. (2018). Emission factors of NOx, 
SO2, and PM for bathing, heating, power generation, 
coking, and cement industries in Shanxi, China: Based 
on field measurement. Aerosol Air Qual. Res. 18: 3115–
3126. 

Liu, Q. and Wang, Q. (2017). How China achieved its 11th 
Five-Year Plan emissions reduction target: A structural 
decomposition analysis of industrial SO2 and chemical 
oxygen demand. Sci. Total Environ. 574: 1104–1116. 

Liu, S., Yu, X., Lin, G., Qu, R., Zheng, C. and Gao, X. 
(2019). Insights into the effect of adsorption-desorption 
cycles on SO2 removal over an activated carbon. Aerosol 
Air Qual. Res. 19: 411–421. 

Lu, X., Yao, T., Fung, J.C.H. and Lin, C. (2016). 
Estimation of health and economic costs of air pollution 
over the Pearl River Delta region in China. Sci. Total 
Environ. 566–567: 134–143. 

Lu, Z., Streets, D.G., Zhang, Q., Wang, S., Carmichael, 
G.R., Cheng, Y.F., Wei, C., Chin, M., Diehl, T. and Tan, 
Q. (2010). Sulfur dioxide emissions in China and sulfur 
trends in East Asia since 2000. Atmos. Chem. Phys. 10: 
6311–6331. 

Ni, Z.Z., Luo, K., Gao, Y., Gao, X., Fan, J.R. and Cen, K.F. 
(2018). Potential air quality improvements from ultralow 
emissions at coal-fired power plants in China. Aerosol 
Air Qual. Res. 18: 1944–1951. 

Sindhwani, R., Goyal, P., Kumar, S. and Kumar, A. (2015). 
Anthropogenic emission inventory of criteria air pollutants 
of an urban agglomeration - National Capital Region 
(NCR), Delhi. Aerosol Air Qual. Res. 15: 1681–1697. 

Song, H. and Yang, M. (2014). Effectiveness evaluation of 
SO2 emission reduction in Guizhou Province by OMI 
satellite remote sensing. J. Earth Environ. 5: 319–327. 
(in Chinese) 

Song, H. and Yang, M. (2015). Analysis on effectiveness of 
SO2 emission reduction in Guangxi Zhuang Autonomous 
Region by satellite remote sensing. Chin. J. Environ. 
Eng. 9: 1361–1368. (in Chinese) 

The State Council (2013). Circular of the state council on 
the issuance of the action plan for the prevention and 
control of air pollution [EB/OL]. http://www.gov.cn/zwg 
k/2013-09/12/content_2486773.htm?%20tdsourcetag=s_ 
pcqq_aiomsg,%202013-09-10/2018-12-27. 

Vicente, G., Schroeder, W., Krueger, A.J., Yang, K., Carn, 
S.A., Krotkov, N.A., Guffanti, M. and Levelt, P. (2009). 
The NOAA-NASA OMI/GOME-2 near-real-time 
monitoring system of volcanic SO2 and aerosol clouds. 



 
 
 

Wang et al., Aerosol and Air Quality Research, 19: 1900–1910, 2019 1910

AGU Fall Meeting, Dec. 14–18, 2009, San Francisco, 
CA, USA. 

Wang, K., Tian, H., Hua, S., Zhu, C., Gao, J., Xue, Y., Hao, 
J., Yong, W. and Zhou, J. (2016). A comprehensive 
emission inventory of multiple air pollutants from iron 
and steel industry in China: Temporal trends and spatial 
variation characteristics. Sci. Total Environ. 559: 7–14. 

Wang, S., Yu, S., Li, P., Wang, L., Mehmood, K., Liu, W., 
Yan, R. and Zheng, X. (2017). A study of characteristics 
and origins of haze pollution in Zhengzhou, China, 
based on observations and hybrid receptor models. 
Aerosol Air Qual. Res. 17: 513–528. 

Wang, Y., Cheng, K., Tian, H.Z., Yi, P. and Xue, Z.G. 
(2018). Analysis of reduction potential of primary air 
pollutant emissions from coking industry in China. 
Aerosol Air Qual. Res. 18: 533–541. 

Wang, Z., Wang, X., Li, W., Si, T., Zhong, L., Chen, L., 
Chen, D., Chen, Q., Yang, L., Li, Y. (2012). SO2 
pollution regionalization and pollution sources analysis 
in Pearl Rriver Delta. Envrion. Sci. Technol. 35: 139–
145. (in Chinese) 

Xu, Y., Hu, J., Qi, Y., Hao, H., Wang, D. and Zhang, H. 
(2017). Current and future emissions of primary pollutants 
from coal-fired power plants in Shaanxi, China. Sci. 
Total Environ. 595: 505–514. 

Yang, L., Zeng, W., Zhang, Y., Liu, Y., Liao, C., Gan, Y., 
Deng, X. (2015). Establishment of emission inventory 
and spatial-temporal allocation model for air pollutant 
sources in the Pearl River Delta region. China Environ. 
Sci. 35: 3521–3524. (in Chinese) 

Yang, X., Wang, S., Zhang, W., Zhan, D. and Li, J. (2017). 
The impact of anthropogenic emissions and meteorological 
conditions on the spatial variation of ambient SO2 
concentrations: A panel study of 113 Chinese cities. Sci. 
Total Environ. 584–585: 318–328. 

Zhang, Q., Streets, D.G. and He, K. (2009). Satellite 
observations of recent power plant construction in Inner 
Mongolia, China. Geophys. Res. Lett. 36: L15809. 

Zhang, X., Geffen, J.V., Zhang, P. and Wang, J. (2010) 
Trend spatial & temporal distribution, and sources of the 
tropospheric SO2 over China based on satellite 
measurement during 2004~2009. Proc. ‘Dragon 2 
Programme Mid-Term Results 2008 – 2010’, Guilin 
City, People’s Republic of China 17–21 May 2010 (ESA 
SP-684, October 2010). 

Zhao, B., Wang, S., Wang, J., Fu, J.S., Liu, T., Xu, J., Fu, 
X. and Hao, J. (2013). Impact of national NOx and SO2 
control policies on particulate matter pollution in China. 
Atmos. Environ. 77: 453–463. 

Zhao, J., Zhang, B., Fan, J. and Shi, Y. (2011). The analysis 
of SO2 value changes in the atmospheric boundary layer 
over Lanzhou and surrounding areas based on the OMI 
product. Remote Sens. Technol. Appl. 26: 808–813. (in 
Chinese) 

Zhao, S., Liu, S., Hou, X., Cheng, F., Wu, X., Dong, S. 
and Beazley, R. (2018). Temporal dynamics of SO2 and 
NOx pollution and contributions of driving forces in 
urban areas in China. Environ. Pollut. 242: 239–248. 

Zheng, J., Zhang, L., Che, W., Zheng, Z. and Yin, S. 
(2009). A highly resolved temporal and spatial air 
pollutant emission inventory for the Pearl River Delta 
region, China and its uncertainty assessment. Atmos. 
Environ. 43: 5112–5122. 

 
 

Received for review, March 25, 2018 
Revised, July 19, 2019 

Accepted, July 19, 2019

 


