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Abstract: Ground-level ozone has become the primary air pollutant in many urban areas of China.
Oil vapor pollution from gasoline stations accelerates the generation of ground-level ozone, especially
in densely populated urban areas with high demands for transportation. An accurate spatiotemporal
distribution of ground-level ozone concentrations (GOCs) around gasoline stations is urgently needed.
However, urban GOCs vary sharply over short distances, increasing the need for GOCs at a high-
spatial resolution. Thus, a high-spatial resolution (i.e., 1 km) concentration retrieval model based on
the GLM and BME method was developed to obtain the daily spatiotemporal characteristics of GOCs.
The hourly ozone records provided by the national air quality monitoring stations and multiple
geospatial datasets were used as input data. The model exhibited satisfactory performance (R2 = 0.75,
RMSE = 10.86 µg/m3). The derived GOCs show that the ozone levels at gasoline stations and their
adjacent areas (1~3 km away from the gasoline stations) were significantly higher than the citywide
average level, and this phenomenon gradually eased with the increasing distance from the gasoline
stations. The findings indicate that special attention should be given to the prevention and control of
ground-level ozone exposure risks in human settlements and activity areas near gasoline stations.

Keywords: ground-level ozone; gasoline stations; urban area; spatiotemporal distribution; retrieval model

1. Introduction

According to the air quality report released by the Ministry of Ecology and Envi-
ronment of the People’s Republic of China, ground-level ozone has replaced PM2.5 as
the primary pollutant in many areas of China; this situation is particularly prevalent in
developed cities and their surrounding areas [1,2]. Repeated exposure to high levels of
ground-level ozone can cause symptoms such as coughing, breathing difficulties, decreased
lung function, chest tightness and pain, skin wrinkling, nausea and headache, rapid pulse,
memory loss, and vision loss [3]. Apart from the adverse effect on human health, ground-
level ozone exposure can affect the physiological activities of crops (i.e., photosynthesis
and respiration), resulting in reduced crop yields and thus endangering food security [4].
Ground-level ozone also affects air quality and causes climate change [5–7]. In recent years,
China has actively carried out ground-level ozone pollution prevention and control work
and achieved remarkable results [8].

Ground-level ozone is a secondary pollutant formed through photochemical reactions
between precursors such as nitrogen oxides (NOx) and atmospheric volatile organic com-
pounds (VOCs) [9,10]. Ground-level ozone concentrations (GOCs) are highly correlated
with precursor emissions, and their influencing mechanism varies greatly in different
regions [11]. The effect of NOx and VOCs on ozone formation can be described by NOx-
limited and VOC-limited regimes, respectively [12]. Compared with the effect of NOx or
VOCs, the formation of ground ozone is largely dependent on the VOC/NOx ratio [13].
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China has actively promoted management strategies for the emission of ground-level ozone
precursors [14]. Obvious results have been achieved for NOx control, but the emission
reduction in VOCs has just begun [15]. At present, the emission reduction in VOCs is an
important direction of ground-level ozone prevention and control in China [16,17]. The
main sources of VOCs are generally oil volatilization and leakage, motor vehicle emissions
and the use of liquefied petroleum gasoline [18]. Significantly, gasoline stations, which are
the primary source of fuel for cars and motor equipment, emit large amounts of VOCs in
the process of refueling and unloading [19,20]. The VOCs will promote the formation of
ground-level ozone, posing a potential health threat to people living nearby, especially in
densely populated urban areas where there is a high demand for transportation [20,21]. To
reduce the adverse effects of ground-level ozone exposure on the health of surrounding
residents, it is urgent to clarify the spatial and temporal distribution characteristics of GOCs
around gasoline stations.

The main methods for exploring the distribution characteristics of GOCs include
ground monitoring and model retrieval [8]. Ground monitoring is the most common
atmospheric environment monitoring method; ground monitoring data can provide timely
and accurate concentrations. However, the spatial distribution of air quality monitoring
stations in China is sparse and uneven; hence, providing concentrations with a continuous
spatial distribution is difficult [22]. Therefore, an increasing number of studies have begun
to use concentration retrieval models to analyze the spatial and temporal distribution
characteristics of GOCs. The retrieval models can not only effectively fill in the blank
areas of ground monitoring data, but also provide spatially continuous distribution and
long-term change characteristics for GOCs [23].

There are two main concentration retrieval models: the deterministic model and
the statistical model. The deterministic model is constructed by using the physical and
chemical principles of ground-level ozone formation. However, the spatial resolution of
its outputs is low, leading to much uncertainty in simulating complex terrain. In addition,
the calculation process of this model is complicated, and its calculation cost is high [20].
The statistical model is established using the statistical correlation between GOCs and
influencing factors. In comparison to the deterministic model, the statistical model is
more practical for GOC retrievals due to its low computational cost, easy development
and high precision [21,22]. Typically, retrieval concentrations at spatial resolutions down
to 10 km have been used to characterize the spatiotemporal distribution of GOCs [24].
However, urban GOCs vary sharply over short distances owing to unevenly distributed
emission sources, dilution, and physicochemical transformations [25]. To explore the
heterogeneity of human exposure and localized pollution hotspots around gasoline stations
in urban areas, GOCs with higher (i.e., 1 km) spatial resolution are needed. In our previous
study, we designed a hybrid model that combines a generalized linear model (GLM)
and a Bayesian maximum entropy (BME) model to retrieve the monthly GOCs at a 1 km
spatial resolution [26]. The GLMs are used to predict GOCs at unmonitored sites by
using a nonlinear regression framework [27]. The BME models are interpolation methods
that assign weights to monitoring values to derive GOCs at unmonitored sites [28]. The
combination of a GLM and a BME model exhibited superior performance [29]. On the
basis of the hybrid model, we established a retrieval model to obtain the 1 km daily GOCs
using hourly in situ ground-level ozone data and multiple geospatial datasets. Then,
the spatiotemporal distribution characteristics of GOCs around gasoline stations were
discussed to provide a scientific basis and data reference for reducing the health hazards
caused by ground-level ozone exposure to surrounding residents.

The remainder of the paper is organized as follows: Section 2 describes the study
area and the data preprocessing processes. Section 3 describes the retrieval models and
evaluation criteria. The major results are presented in Section 4. The discussions and
conclusions are illustrated in Sections 5 and 6, respectively.
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2. Study Area and Data Source
2.1. Study Area

Shenzhen is a megacity in China that has experienced rapid economic development
and urbanization, which have been accompanied by representative urban air pollution
problems [30,31]. It consists of nine districts with a total area of 1997.47 km2. The national
and local governments have adopted a series of measures to reduce air pollution, and the
air quality has subsequently improved significantly. However, the situation of ground-
level ozone pollution is not positive [15]. Ground-level ozone exposure poses a severe
threat to the health of residents [30]. According to the data released by the Municipal
Bureau of Ecology and Environment, VOC emissions from gasoline stations are one of
the important factors causing ground-level ozone formation, making ground-level ozone
become the primary air pollutant in summer in Shenzhen [32–34]. As shown in Figure 1,
the gasoline stations are mainly concentrated in the western part of Shenzhen, which is also
the most densely populated area of the city. In recent years, the number of motor vehicles
in Shenzhen has increased sharply. Car ownership in Shenzhen exceeded 3 million by
September 2021, leading to rapid growth in gasoline sales. Thus, the Shenzhen Municipal
Bureau of Ecology and Environment issued a notice encouraging gasoline stations to adopt
preferential economic policies to guide car owners to fuel at night to reduce VOC emissions.
The city also strengthened the special detection of oil vapor recovery at gasoline stations to
ensure that emissions meet standards.
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2.2. In Situ Ground-Level Ozone Data

Hourly ground-level ozone in situ observations from 13 May 2014 to 31 December
2020 were obtained from the China National Environmental Monitoring Center (CNEMC)
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and used as the input data to the retrieval model. The national monitoring network was set
up to monitor air quality in urban areas and their suburbs and became operational in 2013.
We used the maximum daily 8 h average ozone (MDA8) from 15 monitoring stations. These
stations are roughly evenly distributed throughout Shenzhen (Figure 1). The daily values
for each monitoring station were estimated only if at least 18 h of the hourly measurements
were available for that day [29,35].

2.3. Multisource Geospatial Datasets

Auxiliary data, such as meteorological variables and aerosols, are often collected for
GOC retrieval model establishment [36,37]. Meteorological conditions, including temper-
ature [38,39], relative humidity [40] and precipitation [41], are the main factors affecting
GOCs. The GOCs increase when favorable meteorological conditions are present for
ground-level ozone formation and accumulation [22,37]. Aerosols are included because
they affect the photochemical reaction rates associated with ground-level ozone forma-
tion [22,42]. Some human activities (such as transport emissions, coal burning, industrial
emissions, etc.) can affect the GOCs [43]. In addition, GOCs are often closely related to
economic and social development [44].

According to predictive abilities and data accessibility, multiple multisource geospa-
tial datasets were collected (for details, see Table 1) and resampled to a uniform grid cell
(i.e., 1 km × 1 km) by using ArcGIS 10.5, ENVI 4.7 and MATLAB R2014a. The temporal
range for these data is from 13 May 2014, to 31 December 2020. The variables numbered
1–10 were obtained from the Modern-Era Retrospective Analysis for Research and Applica-
tions, Version 2 (MERRA-2) and resampled by nearest-neighbor interpolation. MERRA-2
is a high-resolution global reanalysis dataset provided by the National Aeronautics and
Space Administration (NASA) [45]. This reanalysis dataset has been used in numerous
studies, and its quality has been well validated and described in previous studies [22,26,46].
We obtained the land surface temperature data (LST, spatial resolution: 1 km × 1 km) from
the Moderate Resolution Imaging Spectroradiometer (MODIS) product MYD11A1 [47].

Table 1. List of auxiliary variables.

Number Abbreviation Description Unit Spatial
Resolution

Temporal
Resolution

1 RH relative humidity after moisture 1 0.667◦ × 0.5◦ Day
2 BCTP bias corrected total precipitation kgm−2 s−1 0.667◦ × 0.5◦ Day
3 BCCMASS black carbon column mass density kgm−2 0.667◦ × 0.5◦ Day
4 OCSMASS organic carbon surface mass concentration kgm−2 0.667◦ × 0.5◦ Day
5 DUSMASS25 dust surface mass concentration-PM2.5 kgm−3 0.667◦ × 0.5◦ Day
6 SO2SMASS SO2 surface mass concentration kgm−3 0.667◦ × 0.5◦ Day
7 SO4SMASS SO4 surface mass concentration kgm−3 0.667◦ × 0.5◦ Day
8 SSSMASS25 sea salt column mass density-PM2.5 kgm−3 0.667◦ × 0.5◦ Day
9 PGENTOT total column production of precipitation kgm−2 s−1 0.667◦ × 0.5◦ Day
10 QV2M 2-m specific humidity kg kg−1 0.667◦ × 0.5◦ Day
11 LST land surface temperature ◦ C 1 km × 1 km Day
12 RD road density km/km2 Polyline Year
13 LON longitude ◦ NA NA
14 LAT latitude ◦ NA NA
15 DNS day number sequence NA NA NA

The road information was extracted from OpenStreetMap (OSM), and the road density
(RD) was calculated by using Equation (1).

RD = Len/Area (1)

where Len is the total length of the major roads within a circular area Area with a 1 km radius.
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In addition, geolocation information (i.e., longitude (LON) and latitude (LAT)) and
temporal information (i.e., day number sequence (DNS)) were also collected. In situ ground-
level data and auxiliary data were matched according to their grid cell ID and DNS in the
model building and validation process.

3. Methods

As described in Figure 2, a BME model incorporating the outputs of a GLM was
utilized to retrieve the daily GOCs at a 1 km spatial resolution (DGOCs). The method
consists of two main modules: a GLM analysis and a BME model. The DGOCss,t and Vars,t
represent the daily average concentrations and auxiliary variables of monitoring site s on
day t, respectively, and Varwall represents the high spatial resolution (i.e., 1 km) auxiliary
variables. The Vars,t, Varwall and DGOCss,t were used as a data source, and the daily GOCs
of each eligible grid point (DGOCsGLM) was the intermediate product.
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3.1. GLM Analysis

A GLM was developed based on the daily average GOCs and auxiliary variables of
the monitoring sites [26,27]:

g(µ(s)) = log
µ(s)

1− µ(s)
=

k

∑
j=0

Xj(s)β j (2)

where µ(s) is the expected value of daily average GOCs at site s, g(·) represents the non-
linear function, Xj(s)= (Xj(s1), · · · , Xj(sn))′ represents the auxiliary variables, k + 1 is the
number of regression coefficients β, and β0 is an intercept.

In total, 15 auxiliary variables were collected for model development (Table 1). The
best-fit model is the one that explains the greatest amount of information using the fewest
possible variables. Thus, a stepwise regression method based on the Akaike information
criterion (AIC) was utilized for variable selection. The smaller the AIC value is, the
better the model fit. Any variable whose p-value was higher than 0.05 was excluded.
On the basis of Varwall , the daily GOCs of each eligible grid point (DGOCsGLM) were
estimated by the GLM. The procedure of GLM establishment and variable selection were
carried out using Rstudio 3.5.1, an integrated development environment for R software
(https://www.rstudio.com/products/rstudio/).

https://www.rstudio.com/products/rstudio/
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3.2. BME Model

The BME model is a spatiotemporal random field (usually represents as R) model, as
described in Equation (3).

Z(R(p)) =
∫

p f (p)dp (3)

where Z is the GOCs at a spatiotemporal point p.
In the general equation of BME model, the posterior probability density function ( f (p))

is as follow [48]:

f (p) = fG(p|phard, pso f t) =
fG(p, phard, pso f t)

fG(phard, pso f t)
(4)

where fG represents the prior probability density function, phard and pso f t represent the
hard data and soft data, respectively.

Hard data refer to exact measurements without significant uncertainty, which are
usually obtained from real-time observation devices and numerical simulations. The hard
data we used were the measured daily average GOCs of all eligible site-days (DGOCss,t).
Soft data are measurements associated with some known uncertainty, such as imprecise
measurements, conclusions derived from empirical intuition judgment, data sequences
with missing values, etc. Usually, soft data are expressed in terms of interval values,
probability statements and empirical charts [35]. In this paper, the soft data were the daily
GOCs of each eligible grid point (DGOCsGLM) estimated by the GLM within the study
area. There was a total of 4050 possible grid points per day across the study area, and
approximately 2,980,800 spatiotemporal points overall. However, soft data were estimated
only when all auxiliary variables were available. It was impossible for all the points to
be estimated because of missing values. In this study, a total of 27,429 hard data and
130,882 soft data participated in the establishment of the BME model. The BME model was
carried out using MATLAB R2014a and the SKES-GUI program, version 1.0.3 [49].

3.3. Model Evaluation

We performed a 10-fold cross-validation to test the predictive ability of the concentra-
tion retrieval models. The monitoring datasets were randomly divided into 10 equal-sized
subsets. Each of the subsets served exactly once as the source of validation samples. The
models were constructed using the monitoring data from the remaining subsets. We
then used the trained models to make predictions for the validation samples. This proce-
dure was repeated until each measurement had the corresponding prediction value. The
coefficient of determination (R2) and root mean square error (RMSE) were used as the
assessment indices.

R2 = 1−

m
∑

i=1
[yi − ŷi]

2

(yi − 1
m

m
∑

i=1
yi)

2 (5)

RMSE =

√
1
m

m

∑
i=1

(yi − ŷi)
2 (6)

where yi and ŷi are the measured concentration and predicted concentration of validation
sample i, respectively, and m represents the number of validation samples.

4. Results
4.1. Model Fitting and Evaluation

According to the variable selection procedure described in Section 3.1, RH, BCTP,
BCCMASS, OCSMASS, DUSMASS25, SO2SMASS, SO4SMASS, SSSMASS25, LST, LON,
LAT and DNS were left in the final GLM (Table 2). The coefficients for BCTP, OCSMASS,
SO2SMASS, SO4SMASS and SSSMASS25 were negatively associated with GOCs, whereas
RH, BCCMASS, DUSMASS25, LST, LON, LAT and DNS were positively associated with
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ozone levels. Overall, all predictors had a significant association, except the coefficient of
LAT. We also analyzed the positive or negative correlation coefficients between different
variables and GOCs. As illustrated in Table 2, LST was the dominant variable and had
positive effect on GOCs. RH, BCTP, DUSMASS25, SO2SMASS, SO4SMASS and SSSMASS25
had negative effects on the GOCs, and the other variables had positive effects on the GOCs.

Table 2. Summary of the information for the GLM (confidence level = 95%).

Number Variable Coefficient Confidential
Interval

Correlation
Coefficient

1 Constant 3.49 [3.45, 3.52]
2 RH 0.12 [0.08, 0.16] −0.01
3 BCTP −1.68 [−1.90, −1.47] −0.05
4 BCCMASS 4.42 [4.18, 4.65] 0.02
5 OCSMASS −4.39 [−4.64, −4.13] 0.01
6 DUSMASS25 0.49 [0.43, 0.55] −0.02
7 SO2SMASS −0.45 [−0.51, −0.39] −0.16
8 SO4SMASS −0.18 [−0.22, −0.13] −0.12
9 SSSMASS25 −0.35 [−0.40, −0.30] −0.13

10 LST 1.30 [1.26, 1.35] 0.26
11 LON 0.10 [0.08, 0.13] 0.02
12 LAT 0.05 [0.03, 0.07] 0.02
13 DNS 0.11 [0.10, 0.13] 0.06

In the BME model, the final covariance model used to fit the measured spatiotemporal
covariance of the data consisted of two components. The first component (sill = 0.6)
described the majority of the variability; this component consisted of a spherical model
in space with a range of approximately 0.01 decimal degrees and an exponential model in
time with a range of 40 days. The second component (sill = 0.4) consisted of an exponential
model in space with a range of 1.3 decimal degrees and a spherical model in time with a
range of 4 days.

According to the 10-fold cross-validation results (Figure 3), the BME model performed
better and had a higher predictive performance (R2 = 0.75, RMSE = 10.86 µg/m3) than the
GLM (R2 = 0.52, RMSE = 15.48 µg/m3). We also evaluated the predictive performance of the
BME model for each station. The BME model performance exhibited spatial variations, with
R2 ranging from 0.54 to 0.80 and RMSE values ranging from 8.68 to 16.39 µg/m3. Given
the satisfactory predictive performance, the concentration retrieval model was utilized to
generate the daily GOCs at a 1 km spatial resolution.
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4.2. Distribution of GOCs in Shenzhen

Daily GOCs at a 1 km spatial resolution in Shenzhen during the summertime of 2014
to 2020 were then derived from the concentration retrieval method, and the range of the
daily GOCs for summertime of different years was calculated (Figure 4). The daily GOCs
from 2014 to 2020 initially increased and then fluctuated before decreasing again. From
2015 to 2019, the mean value of daily GOCs increased with fluctuations, with 35.78 µg/m3

being the highest in 2019. In 2020, the daily GOCs ranged from 21.94 to 49.89 µg/m3, with
a mean value of 28.54 µg/m3, which was the lowest of the seven years.
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Using the daily GOCs, we calculated the 1 km seasonal average GOCs in Shenzhen for
summertime during 2014–2020 (Figure 5). As shown in Figure 5, the summertime average
concentrations showed significant spatial heterogeneity and an overall trend of high values
in the middle and low values in the west. The areas with the highest summertime average
concentrations were mainly concentrated in mid-southern Shenzhen. The summertime
average concentration ranged from 28.54 to 35.78 µg/m3 during the study period. The
summertime average concentrations mainly showed an upward trend from 2014 to 2019,
followed by a downward trend in 2020. They were roughly the same in 2016 and 2017.
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4.3. Spatiotemporal Characteristics of GOCs at Gasoline Stations

We calculated the daily GOCs at gasoline stations in Shenzhen for the summertime
during 2014–2020. The weekly variation in daily GOCs at gasoline stations is illustrated in
Figure 6. There is an obvious weekly periodic variation in GOCs at gasoline stations [15].
From 2014 to 2020, the daily GOCs at gasoline stations were higher on Monday, Tuesday,
Friday and Saturday. Typically, people travel by car on weekends, driving longer distances
than they would normally travel to work. To prepare for the trip, they fill up their fuel tanks
(i.e., Friday or Saturday), contributing to high levels of GOCs at gasoline stations. To account
for weekend gasoline consumption and weekly commuting trips, people usually fill up on
Sunday or during the beginning of the week (i.e., Monday and Tuesday), depending on
their needs. These factors help to explain the periodic change in the weekly variation in the
daily GOCs [20,50]. In addition, gasoline stations in Shenzhen usually launch preferential
activities on Tuesday and Friday to entice drivers to fill up, which also contributes to
the relatively high GOCs of gasoline stations on these days. In 2020, Shenzhen launched
a special campaign to crack down on the illegal operation of refined oil products and
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comprehensively monitor the vapor recovery process, thereby improving the quality of
oil vapor products [51]. The demand for gasoline also decreased due to the COVID-19
pandemic. With the decrease in oil vapor pollution, the GOCs at gasoline stations also
decreased in 2020. In addition to reducing unnecessary outings, people chose to refuel in
the middle period of the week (i.e., Wednesday and Thursday) to support daily work and
life. These are some of the reasons for the high levels of GOCs at gasoline stations during
these days.
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The mean values of the daily GOCs at the citywide level and gasoline stations for
the study period are illustrated in Figure 7. As shown in Figure 7, the mean value at
the citywide level showed an upward trend from 2014 to 2016. It fell in 2017, and then
continued to rise until 2019. It reached the lowest value of 28.68 µg/m3 in 2020. According
to Figure 7, the mean value of GOCs at gasoline stations in Shenzhen is slightly higher than
the citywide average level for summertime 2014–2020, with the exceptions of 2017 and 2019.
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A t-test was performed to explore whether there exist significant differences between
the mean value of the daily average GOCs at gasoline stations and the citywide level
(Table 3). According to the significance tests, the daily average GOCs at gasoline stations
are significantly higher than the citywide level for the summertime of different years (except
for 2017 and 2019) at a significance level of 5%.
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Table 3. Differences between the mean values of the daily GOCs at the gasoline stations and the
citywide level for different years (*: significant at a level of 5%).

Year 2014 2015 2016 2017 2018 2019 2020

Difference 0.38 * 0.48 * 1.76 * −0.30 1.15 * −0.26 −0.63 *

We calculated the percentage of days when the daily average GOCs at the gasoline
stations exceeded the city’s average level for the summertime during 2014–2020 (Figure 8).
Figure 8 shows that the daily average GOCs at the gasoline stations are higher than the
citywide average level on more than half of the summer days for multiple years. Among
them, 2016 was the most pronounced, with the daily average GOCs at the gasoline stations
exceeding the city’s average level on nearly 80% of the days. In 2017, this phenomenon
eased, but the percentage of days when the daily average GOCs at gasoline stations
exceeded the city’s daily average level still reached approximately 40%. In 2020, although
the overall level of GOCs decreased for both the city overall and the gasoline stations
(Figure 7), the former was higher than the latter on nearly 70% of the days. In general,
the potential risk caused by ground-level ozone exposure at gasoline stations is more
pronounced than the citywide average level.
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4.4. Summertime Variations in GOCs around Gasoline Stations Based on Different Radii

To understand the distribution characteristics of GOCs in the vicinity of gasoline sta-
tions, we built buffer zones of different radii around each gasoline station and calculated the
summertime average GOCs of the corresponding area. As shown in Figure 1, the gasoline
stations in Shenzhen are densely distributed, with an average distance of approximately
2.6 km from each other. To reduce the interaction between various gasoline stations, the
radius of the buffer zone is set to 1 km, 2 km and 3 km in coordination with the spatial
resolution (i.e., 1 km× 1 km) of the derived GOCs. Then, the summertime average GOCs of
different buffer zones for different years were calculated (Table 4). As described in Table 4,
the summertime average GOCs of the area within 3 km away from the gasoline stations
were higher than the citywide level, except in 2017 and 2019. In general, the summertime
average GOCs of a buffer zone with a smaller radius was higher than that with a larger
radius; these results are basically the same as those in previous studies [20]. However,
the ozone formation process is complex, and different influencing factors interact with
each other. We cannot attribute the high GOCs to a single factor of oil vapor pollution at
gasoline stations.
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Table 4. Summertime average GOCs of buffer zones with different radii during 2014–2020 (µg/m3).

2014 2015 2016 2017 2018 2019 2020

Radius
1 km 30.24 32.35 36.88 32.12 33.98 35.68 29.31
2 km 30.23 32.34 36.80 32.10 33.93 35.65 29.33
3 km 30.18 32.31 36.72 32.09 33.88 35.63 29.35

Citywide level 29.81 31.84 35.18 32.42 32.89 35.83 28.69

A t-test was also performed to examine whether there were significant differences
between the mean values of the daily GOCs at buffer zones with different radii for multiple
years (Table 5). As shown in Table 5, overall, the mean values for buffer zones with smaller
radii were significantly higher than those with larger radii. Their differences are quite large
for 2016, although they become small in other years for most buffer zone pairs. In addition,
there were no significant differences between the values obtained in 2020 and some cases
in 2017. Their differences in summertime average concentrations are quite small.

Table 5. Summertime average concentration differences between alternative buffer zones with
different radii (*: significant at a level of 5%): (I) 1 km, (II) 2 km, and (III) 3 km.

Buffer Zone
Pairs

Year

2014 2015 2016 2017 2018 2019 2020

I versus II 0.01 * 0.01 * 0.08 * 0.02 * 0.05 * 0.03 * −0.02
I versus III 0.06 * 0.04 * 0.16 * 0.03 0.10 * 0.05 * −0.04
II versus III 0.05 * 0.03 * 0.08 * 0.01 0.05 * 0.02 −0.02

5. Discussion

In recent years, GOCs in many urban areas of China have gradually increased [15,31].
Unlike ozone in the stratosphere, which can absorb solar high-energy ultraviolet radiation,
GOCs have adverse effects on human health [1,2]. Repeated exposure to ground-level
ozone increases mortality from respiratory diseases [3]. Oil vapor pollution from gasoline
stations accelerates the generation of ground-level ozone, especially in densely populated
urban areas with a high demand for transportation [52,53]. The rapid increase in car
ownership has brought about the continuous growth of gasoline demand; the number of
gasoline stations has also increased sharply.

Some gasoline station activities release large amounts of VOCs and promote the
formation of ground-level ozone, which has a significant impact on the ambient air quality
of gasoline stations and their surrounding areas [19]. One factor is the unloading process
of gasoline from tanker trucks to underground storage tanks. The rising level of liquid
gasoline displaces the gasoline vapors present in the tank head space. These VOCs can
escape and pollute the atmosphere if not captured. The other factor is that when liquid
gasoline is pumped from an underground tank into a vehicle’s tank (empty or partially
empty), it displaces the vapor in its head space, releasing VOCs [51]. In addition, at gasoline
stations, VOCs can also be released from underground storage tanks by “vapor release” [18]
and “spillage” [20]. Thus, the temporal and spatial distribution characteristics of GOCs
around gasoline stations were studied.

Shenzhen is a large-scale international city with typical characteristics of urban air
pollution [30,31]. In this context, this paper has taken Shenzhen as an example to elaborate
on relevant scientific issues. The proposed algorithms and models are also applicable to
other areas. Empirical results indicated that the hazard of ground-level ozone exposure is
higher than the citywide average level from a distance of 1 to 3 km to gasoline stations, and
the farther the location from the gasoline stations, the lower the GOCs in general. That is,
gasoline stations bring people high quality, convenient, safe and efficient refueling services,
but also bring ground-level ozone pollution that cannot be ignored. Thus, special attention
should be given to the prevention of ground-level ozone pollution and the supervision of
gasoline station:
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(1) Attention should be given to studies on the effects of ground-level ozone pollution
on human health in local hot spots, such as gasoline stations. Neighboring residents
should reasonably arrange their travel time and activity sphere to reduce the adverse
effects caused by ground-level ozone exposure.

(2) Research on the measurement of VOCs and their effects on ground-level ozone for-
mation in the atmosphere should be strengthened. Future epidemiological studies
should focus more on the relationship between ground-level ozone and mortality,
such as chronic cardiovascular and respiratory diseases.

(3) Strict measures are required to control the emissions of ozone precursors (NOx and
VOCs), which are mainly from motor vehicle exhaust. In the short term, replacing
old cars with newer vehicles or eliminating old cars with subsidies are useful policy
strategies. In the long term, developing public transportation to help reduce the use
of private cars in major and populous cities is also needed.

6. Conclusions

To analyze the spatiotemporal characteristics of GOCs at gasoline stations and their
surrounding areas, a high-spatial resolution (i.e., 1 km) concentration retrieval model was
developed by using hourly in situ ground-level ozone data and multiple geospatial datasets.
The model exhibited satisfactory performance (R2 = 0.75 and RMSE = 10.86 µg/m3) in re-
trieving 1 km daily GOCs. The derived GOCs offer valuable information on the spatiotem-
poral variation characteristics in ground-level ozone at the citywide level and gasoline
stations. It finds that the GOCs at gasoline stations and their adjacent areas (1~3 km away
from gasoline stations) were significantly higher than the citywide average level, and
this phenomenon gradually eased with the increasing distance from the gasoline stations.
The findings reveal the potential risk of ground-level ozone exposure to residents’ health
around gasoline stations and offer valuable information for preventing ground-level ozone
pollution. The determination of the safe distance between gasoline stations and adjacent
buildings should consider not only the explosion prevention and fire protection ability
of gasoline stations, but also the influence of oil vapor pollution on the surrounding at-
mosphere. In future work, we will investigate the prediction of long-term GOCs with
finer spatial resolution (e.g., 0.1 km) to meet the requirement of assessing ozone pollution
hazards around hot spots, such as gasoline stations.
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