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Abstract: This study aims to explore the factors affecting variation in ozone concentration, using
ozone concentration monitoring data from the Beijing–Tianjin–Hebei (Jing–Jin–Ji) region from 2015 to
2022. The characteristics of the spatial and temporal variation in ozone concentration, as well as the
impact of meteorological and land-use types on this variation, were investigated. Seasonally, ozone
concentrations in the Jing–Jin–Ji region were highest in summer, followed by spring and autumn,
and were lowest in winter. Spatially, a characteristic trend of lower concentrations in urban centers
and higher concentrations in suburban areas was found. From the results of correlation analysis and
a stepwise regression model, temperature and solar radiation were found to be the primary factors
affecting seasonal variations in ozone concentration, explaining 67.9% of the variance. Additionally,
the results of geographically weighted regression models confirmed the spatial heterogeneity of
the impact of temperature and solar radiation on ozone concentration. In urban centers, such as
Beijing and Tianjin, temperature and solar radiation more strongly influenced ozone concentration.
To determine the factors driving this spatial heterogeneity, a geodetector was employed to analyze
the impact of various geographical factors on the spatial distribution of ozone concentration. In
winter, the impact of various factors of urbanization, such as lighting index, population density,
and construction land, as well as air quality factors (PM2.5 and NO2), on ozone concentration was
stronger, with q values greater than 0.2. However, in autumn, the influence of these factors on ozone
concentration weakened. Furthermore, the results of the two-factor interaction detection analysis
showed that the q values for the interaction between urban and air quality factors ranged between 0.40
and 0.47, which were substantially higher than those for other interactions. This further confirmed
the strong influence of urban activities on ozone concentration.

Keywords: ozone; stepwise regression analysis; geographically weighted regression; geodetector

1. Introduction

Despite serving a vital role in the atmosphere, surface ozone is causing increasingly
serious harm. In recent years, ozone has become the primary pollutant that affects air
quality in summer, with high ozone concentrations posing a threat not only to human
health but also to ecosystems. The irritation caused by ozone is 300 to 600 times higher
than that of chlorine gas, which is closely related to health problems such as respiratory
stimulation, asthma symptoms, and cardiovascular diseases [1–4]. As such, the impact
of ozone pollution on agricultural ecosystems cannot be ignored. Ozone pollution has
reduced wheat production by one-third in China and has considerably reduced the yield
of other crops. Understanding these effects has strengthened our deep understanding of
ozone pollution, for which targeted responses are urgently required [5].
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The impact of ozone pollution has been extensively studied by scholars in China and
abroad. Liu Jie et al. used ArcGIS to identify and analyze the characteristics of the temporal
variation in O3 concentration in Shandong province, as well as its key influencing factors [6].
They found that the O3 concentration was affected by a combination of meteorological and
socioeconomic factors; temperature, relative humidity, energy consumption, and nitrogen
oxides were the strongest contributors to changes in O3 concentration. Yao heng et al.
analyzed the cyclical changes in ozone levels in Wuhan using wavelet coherence and
found that PM2.5 and PM10 were significantly and positively correlated with ozone in the
short term, with significant negative correlations in the long term [7]. Ozone pollution
is not only affected by periodic changes in meteorological conditions but also related
to regional environmental factors. Yang Xianyu et al. studied the relationship between
regional weather patterns and O3 pollution in the Sichuan Basin from 2014 to 2019, and
they found that O3 formation was accelerated under high-ultraviolet-radiation and low-
relative-humidity conditions [8].

Ozone pollution is a complex and diverse process driven by the interaction of multiple
factors rather than just a single factor. Moreover, the level of ozone pollution differs widely
both temporally and spatially [9–12]. Previous studies have primarily focused on analyzing
ozone levels based on seasonal- or annual-scale data, often lacking a thorough exploration
and analysis of the spatial variations, especially the significant difference between urban
and suburban areas [13–18]. In this study, we focused on the key area experiencing ozone
pollution in China, Beijing–Tianjin–Hebei (Jing–Jin–Ji), and we employed various methods
such as correlation analysis, geographically weighted regression analysis, and a geodetector
to reveal the trend in the seasonal variation in ozone concentration, highlight the dominant
role of temperature and solar radiation in affecting ozone levels, and to understand the
spatial heterogeneity of the ozone concentration levels between urban centers and sub-
urbs [19,20]. In addition, we identified the impact of the light index, NO2 levels, and other
factors on the ozone concentration’s distribution using a geodetector, emphasizing the effect
of multifactor synergy on the spatial heterogeneity of ozone concentrations. Our results
explain the differences in ozone levels between urban and suburban areas, providing a
reference for regional ozone management and control.

2. Data and Methods
2.1. Data Sources

The data sources used for this study included air quality datasets, natural factor
datasets, and social factor datasets. The air quality datasets included monthly mean values
of PM2.5, NO2, O3, CO, etc., which were sourced from 752 automated monitoring stations in
the Jing–Jin–Ji region on China National Urban’s real-time air quality publishing platform,
as shown in Figure 1.

The natural factor datasets included data on temperature, precipitation, and solar
radiation. The data regarding temperature, precipitation, wind speed, and relative humidity
were obtained from 177 monitoring stations at the National Meteorological Science Data
Center; the solar radiation data and vegetation index (NDVI) data were obtained from
LAADS DAAC (Table 1).

The social factor datasets included data on population density, night light index,
and land-use type (Table 1). The population density data were sourced from the world
population density data released by WorldPop; the night light data were sourced from the
global NPP-VIIRS-like released by Harvard Dataverse. These data spanned 2015–2022,
and the spatial resolution was 1 km. The land-use type data were interpreted using the
Landsat-8 remote sensing images (30 m resolution) of the United States Landsat. Due
to the small annual changes in various land-use types in the study area, the Landsat-8
remote sensing images from 2022 were selected for this study, and we used the CNLUCC
method to calculate the area of various land-use types, including cultivated land, forest
land, grassland, construction land, water, and unused land.
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Figure 1. Distribution of air monitoring stations in Beijing–Tianjin–Hebei region from 2015 to 2022.

Table 1. All the source data.

Data Type Factor Source Time Range of Data

Air quality datasets
The natural factor

PM2.5, NO2, O3, CO

China National Urban air quality real-time
publishing platform:

“http://106.37.208.228:8082/ (accessed on
20 June 2023)”

2015–2022

Temperature, Precipitation,
Wind speed, Relative humidity

The National Meteorological Science Data
Center: “http://data.cma.cn/metadata/#/

(accessed on 20 June 2023)”
2015–2022

Solar radiation data and
vegetation index (NDVI)

LAADS DAAC:
“https://ladsweb.modaps.eosdis.nasa.gov

(accessed on 20 June 2023)”
2015–2022

The social factor

Population density
WorldPop: “https:

//www.worldpop.org/project/categories
(accessed on 20 June 2023)”

2015–2022

Night light index
Harvard Dataverse:

“https://dataverse.harvard.edu (accessed
on accessed on 20 June 2023)”

2015–2022

Land-use type

Due to the small annual changes in various
land-use types in the study area, the

Landsat-8 remote sensing images of 2022 is
selected for this research and used the

CNLUCC method to calculate land
use types.

2022

2.2. Methods
2.2.1. Data Preprocessing and Interpolation Analysis

In this study, the raw data were preprocessed. To ensure the spatial continuity of
the data (according to the data regarding known monitoring points, the regional ozone
concentration was deduced), we used the Kriging interpolation method to conduct an

http://106.37.208.228:8082/
http://data.cma.cn/metadata/#/
https://ladsweb.modaps.eosdis.nasa.gov
https://www.worldpop.org/project/categories
https://www.worldpop.org/project/categories
https://dataverse.harvard.edu


Atmosphere 2024, 15, 416 4 of 17

interpolation analysis of ozone data. Moreover, when using the geodetector, the Jenks
natural breaks method was used to transform continuous into categorical factors [21].

2.2.2. Stepwise Regression Analysis

The main advantage of stepwise regression analysis is that it can help to screen out
the most important independent variables to avoid overfitting [22–24]. By using SPSS for
stepwise regression analysis, we analyzed the main factors affecting the seasonal changes
in the ozone concentration, which was calculated as follows:

Y = β0 + β1X1 + β2X2 + . . . + βnXn + ε (1)

In the formula, Y denotes the ozone concentration, β0 denotes the intercept term,
Xi (i = 1, 2, 3 . . . n) denotes the explanatory variables, βi (i = 1, 2, 3 . . . n) denotes the
regression coefficient, and ε denotes the error term.

2.2.3. Geographically Weighted Regression Model

In geographically weighted regression models [25–28], each location has its unique
regression coefficient, reflecting the impact of geographical location on the results, thus
allowing the explanation and analysis of the spatial variation in data. In this study, we
applied the geographically weighted regression model to explore the spatial differences
in the explanatory power of the major factors affecting ozone concentration, which was
calculated as follows:

yi = β0(µi, νi) + ∑ρ

k=1 βk(µi, νi) χik + εi (2)

In the formula, y is argument and denotes the monitoring data of ozone concentration,
β0(µi,νi) denotes the regression coefficient at point i, indicating the influencing extent
of the independent variable on the dependent variable. (µi,νi) denotes the geographical
location of observation point i. βk(µi,νi) denotes the k-th regression coefficient at point i.
χik denotes the value of independent variable x at point i. p denotes the number of
independent variables. ε is a random error term and represents the normal distribution
function with constant variance.

2.2.4. Geographical Detector Analysis

The geographical detector model can be used to detect the spatial heterogeneity of
ozone concentration impact factors, thus revealing its underlying driving forces. The factor
detection calculation formula is [29]:

q = 1 − ∑L
h=1 Nhσ2

h
Nσ2 (3)

In the formula, q is the detection factor and represents the detection force value of the
factor on the dependent variable. q ranges from 0 to 1, with a larger q value indicating
stronger explanatory power of the factor, and vice versa. N and Nh denote the number of
elements in the whole area and layer, respectively. σ2

h and σ2 denote the variances of y values
in layer h and the whole area, respectively. L denotes the number of detection partitions.

3. Result and Analysis
3.1. Characteristics of Temporal and Spatial Variations in Ozone Concentration in Jing–Jin–Ji
3.1.1. Characteristics of Seasonal Variation

To ensure the spatial continuity of the data, we used the Kriging interpolation method
to conduct an interpolation analysis of ozone data from 2015 to 2022 in the Jing–Jin–Ji
region (Figure 2). As shown in Figures 3 and 4, large seasonal differences were found in
ozone concentration in the Jing–Jin–Ji region, specifically with levels, in descending order,
of summer > spring > autumn > winter. The ozone concentrations in summer and winter
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were 111.1 and 46.1 µg/m3, respectively. This seasonal trend may be related to various
factors. The higher ozone concentrations in summer may have been associated with high
temperatures and sufficient sunlight, which promote the formation of ozone. In contrast,
the lower ozone concentrations in winter may have been due to the combined effects of cold
and dry climate conditions, weakened vertical mixing, insufficient ultraviolet radiation,
and NO2 pollution.

3.1.2. Characteristics of Spatial Variation

In the spatial dimensions, the distribution of ozone concentration differed widely.
Specifically, urban central areas usually exhibit lower ozone concentrations, while relatively
remote suburban areas show higher ozone concentrations. As shown in Figure 4, the ozone
concentration varied from 56.2 to 88.9 µg/m3. In major cities in the Jing–Jin–Ji region, such
as Beijing, Tianjin, and Shijiazhuang, the ozone concentration was relatively low, with the
lowest value of 56.2 µg/m3 found in the central urban area of Beijing. However, levels of
ozone were higher in suburban areas, such as in the southeastern suburbs of Hebei province,
where the average ozone concentration was 85 µg/m3 or more. This distribution indicates
that ozone concentration showed strong spatial heterogeneity in the Jing–Jin–Ji region.
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Figure 3. Seasonal variation of ozone concentration in the Jing–Jin–Ji region from 2015 to 2022.
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Figure 4. The mean distribution of ozone in the Jing–Jin–Ji region from 2015 to 2022.

3.2. Analysis of Influencing Factors on Seasonal Variation of Ozone Concentration
3.2.1. Correlation Analysis

To investigate the effects of different factors on ozone concentration, we conducted a
multifactor Spearman correlation analysis of the temporal variation in ozone concentration.
We chose meteorological and air quality factors as the focus of our analysis, rather than
social factors. This is because social factors would have relatively changed minimally
within the time frame of our study, and their patterns affecting the variation in ozone
concentration would be different from those of other factors, so we excluded social fac-
tors [30]. As shown in Figure 5, the correlation coefficient between temperature and ozone
concentration was 0.84, indicating a strong positive correlation between temperature and
ozone concentration increases [31]. The correlation coefficient between precipitation and
ozone concentration was 0.56, indicating a correlation between precipitation events and
the increase in ozone concentration [32–34]. Solar radiation and ozone concentration were
strongly and positively correlated, with a coefficient of 0.83, suggesting a close association
between increased solar radiation and increased ozone concentration. Additionally, the
correlation coefficients of PM2.5 and NO2 were −0.32 and −0.44, respectively, indicating
a negative correlation with ozone concentration. The correlation coefficients between
CO levels, relative humidity, and ozone concentration were close to zero, with p-values
greater than 0.05, indicating no correlation among CO levels, relative humidity, and ozone
concentration [35–42].
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3.2.2. Factor Explanatory Power Analysis

To investigate the key factors influencing ozone concentration, a stepwise regression
model was employed. In the initial model, we considered the impact of correlated factors
on ozone concentration. The expression of this model was as follows: ozone = −1.936
+ 1.607 × temperature + 0.000 × solar radiation (F = 61.470, p = 0.000 < 0.05), with an
R-squared value of 0.730, indicating that these four factors explained 73.0% of the variation
in the ozone concentration. However, the VIF value for temperature was greater than five,
indicating a collinearity issue [43]. To optimize the model and address this issue, strongly
correlated independent variables were rescreened, resulting in a simplified model including
temperature and solar radiation. The specific results are presented in Table 2. The simplified
model expression was as follows: ozone = −1.936 + 1.607 × temperature + 0.000 × solar
radiation. The model’s R-squared value was 0.679, meaning that temperature and solar
radiation explained 67.9% of the variation in the ozone concentration. This suggests that
temperature and solar radiation were the dominant factors influencing seasonal changes
in ozone concentration. Through the optimization of the stepwise regression model, we
successfully identified the key factors affecting ozone levels.

Table 2. Results of stepwise regression analysis (temperature, precipitation, and solar radiation).

Items Regression Coefficient 95% CI
Collinearity Diagnosis

VIF Tolerance

Constant −1.936 −19.798~15.926 - -
Temperature 1.607 ** 0.933~2.281 2.635 0.379

Solar radiation 0.000 ** 0.000~0.000 2.635 0.379
R2 0.679

F-value F (2.93) = 98.221, p = 0.000

** p < 0.01; The F value of regression analysis, the larger the value, the more statistically significant the regression
analysis is.
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To explore the spatial effect of temperature and solar radiation on ozone concentration,
a geographically weighted regression model was applied to analyze the explanatory power
of these factors. The results are presented in Figure 6. From an annual average perspective,
the explanatory power of changes in temperature and solar radiation on ozone concentra-
tion exhibited a characteristic of being higher in urban centers and lower in suburban areas.
In Beijing and Tianjin, this explanatory power exceeded 89% in urban centers; in surround-
ing areas such as Chengde North and Handan Southeast, the explanatory power was less
than 51%. This indicated spatial variability in the explanatory power of temperature and
solar radiation on ozone concentration.

In terms of seasonal variation, the explanatory power of the factors in spring, summer,
autumn, and winter was 66%, 38%, 52%, and 50%, respectively. The explanatory power of
temperature and solar radiation was strong in spring and weak in summer, suggesting that
temperature and solar radiation strongly influence ozone concentration in spring, with a
weaker influence in summer.
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Figure 6. The explanation ratio of solar radiation and temperature on the variation of
ozone concentration.

3.3. Analysis of Factors Influencing Spatial Variation in Ozone Concentration
3.3.1. Monofactor Exploratory Analysis

The impact of temperature and solar radiation on ozone concentration exhibited
considerable spatial variability. To gain a deeper understanding of the underlying factors
driving this phenomenon, we employed a geographical detector to conduct a spatial factor
analysis of ozone concentration, considering the weights of various geographical factors
such as land-use type and precipitation distribution (Figure 7). By elucidating their relative
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contributions (q-values) in explaining the distribution of ozone concentration, we explored
their impact on ozone concentration. The results are presented in Figure 8.

Figure 7. Various factors in the Jing–Jin–Ji region.
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Ji region.

From a seasonal perspective, the relative contributions of factors explaining the distri-
bution of ozone concentration were higher in winter, particularly for urban factors (light
index, population density, and construction land) and air quality factors (PM2.5 and NO2),
which had q-values greater than 0.2. This suggests their strong impact on the spatial
variation in ozone concentration, which is consistent with previous research findings [44].
This phenomenon is primarily due to the increased concentration of urban air pollutants
in winter. Under unfavorable meteorological conditions, the diffusion of pollutants is
limited, and the increased demand for heating promotes higher industrial and residential
emissions, leading to a substantial rise in the concentration of pollutants such as NO2 in
cities. These pollutants not only directly affect air quality but also influence the formation
and distribution of ozone through photochemical reactions and other pathways. In contrast,
the contributions of various factors to the spatial distribution of ozone concentration are
relatively lower in autumn, with q-values generally below 0.2. This may be due to the favor-
able autumn climate and atmospheric diffusion conditions, which hinder the accumulation
of pollutants. Consequently, the impact of these factors on ozone concentration during
autumn is weaker.

Overall, PM2.5 levels most strongly impacted the spatial variations in ozone concen-
tration, with an average q-value of 0.32. This finding is generally consistent with the
conclusion of Li et al., based on GEOS-Chem simulations, who primarily attributed the
intensification of O3 pollution in the North China Plain to the decrease in PM2.5 levels [45].
Additionally, NO2, as a precursor to ozone formation, also strongly contributed to the
spatial distribution of ozone (q = 0.23).

Among the different land-use types, construction land exhibited a relatively high
weight (q ≥ 0.1) in the distribution of ozone concentration, highlighting its impact on ozone
levels. Construction land is typically located in urban centers, which are more affected
by emissions from transportation, industry, and other sources, thereby influencing ozone
concentration. The strong impact of urbanization factors on the spatial variation in ozone
concentration further corroborates this conclusion.

3.3.2. Two-Factor Interactive Detection Analysis

We analyzed the interactions of 12 influencing factors, and the results (Figure 9)
showed that the interaction between any two factors produced bifactor or nonlinear en-
hancement, with no independent or weakened relationship between them. In other words,
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the interaction between any two factors created a stronger effect than that created by a
single factor, which means that the spatial distribution of ozone in the Jing–Jin–Ji region
was influenced by the synergy of multiple factors.
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The average interaction q-values for the top three combinations of factors that influ-
enced the spatial variations in ozone concentration in the Jing–Jin–Ji urban agglomeration
from 2015 to 2022 were light index ∩ PM2.5 (0.47), population density∩NO2 (0.46), and
NO2 ∩ PM2.5 (0.46). Additionally, the q-values for the interaction between urban factors
(light index, population density, and construction land) and air quality factors (PM2.5 and
NO2 levels) ranged from 0.40 to 0.47, indicating a substantially higher impact than the
interaction between other influencing factors. This further confirmed their joint impact on
ozone concentration. The tight relationship between the light index and population density,
which are representative indicators of urban development, and the levels of air pollutants
such as PM2.5 and NO2, reflects the impact of urban activities on air quality. This impact
may be exerted through various pathways, such as increased emissions sources and the
urban heat island effect, which jointly affect the spatial distribution of ozone.

4. Discussion

This study delved into the relationship between various factors influencing seasonal
changes in ozone concentration. From the analysis of the results of a stepwise regression
model, we identified temperature and solar radiation as the primary factors influencing
ozone concentration, which together explained 67.9% of the variance in ozone concentration.
This finding is consistent with those of existing studies on the impact of meteorological
conditions on ozone formation, further emphasizing the crucial role of meteorological
factors in the formation of ozone pollution.

However, analyzing influencing factors solely using a global model may lead to spatial
heterogeneity being overlooked. Therefore, we employed a geographically weighted
regression model to analyze the spatial impacts of temperature and solar radiation on
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ozone concentration. The results revealed wide differences in the explanatory power of
influencing factors between urban and suburban areas. The dense human activities and
numerous emission sources in urban centers led to a stronger impact of temperature and
solar radiation on ozone concentration, which could have been related to the urban heat
island effect and increased photochemical reactions. In contrast, in the suburbs, with fewer
emission sources and a stronger influence from natural conditions, temperature and solar
radiation exhibited relatively lower explanatory power.

Additionally, this study found that the explanatory power of the considered influenc-
ing factors was substantially affected by the season. In spring, the impact of temperature
and solar radiation on ozone concentration was particularly strong, which may have been
associated with the rise in temperature, increased solar radiation, and more emission
sources. However, in summer, although temperature and solar radiation remained impor-
tant, their impact was relatively weaker. This may have been related to summer climatic
conditions, such as increased precipitation, which helps to clear air pollutants, including
ozone precursors.

From the results of geographic detector analysis, we further explored the impact of
different seasons and geographic factors on ozone concentration. The results showed
that urbanization and air quality factors considerably impacted the ozone concentration
in winter, which may have been related to coal-fired heating and an increased number
of emission sources. In contrast, the impact of various factors on ozone concentration
was relatively weaker in autumn, possibly due to favorable climatic conditions and better
atmospheric diffusion, hindering the accumulation of pollutants.

The results of the analysis of the interaction among factors revealed a strong impact
of the interaction between urban and air factors on ozone concentration. This finding
emphasizes the important role of urban activities in the formation of ozone pollution and the
close relationship between air quality factors and urban activities. This provides important
insights for developing effective ozone pollution prevention and control strategies. The
same pattern has also been observed in other parts of the world. In the United States, the
concentration of ozone in urban environments is lower than that in rural areas, which has
been attributed to increased ozone titration or sinks in urban areas [46].

In summary, this study emphasizes the crucial role of meteorological, urbanization,
and air quality factors in the formation of ozone pollution and reveals the spatial and
temporal heterogeneity of these influencing factors. These findings provide an important
basis for deeply understanding the mechanism through which ozone pollution is formed
and developing effective prevention and control measures. Although important results
were obtained in this study, the two following important points need to be addressed in
future research:

(1) When analyzing the influencing factors, due to a shortage of data for VOCs and
vehicle inventories, we could not explore the magnitude of the influence of these factors on
ozone pollution or their relationships. Based on current research, these elements appear to
be important factors influencing the formation of ozone pollution.

(2) Although we found that urban areas strongly impacted the ozone concentration,
the complex mechanisms of this effect remain unclear. Some urban effects may indirectly
affect ozone concentration, such as the heat island effect. The impact of urban factors on
the ozone concentration needs to be studied in the future.

5. Conclusions

The ozone concentration in the Jing–Jin–Ji region exhibited substantial temporal and
spatial variations. In terms of seasonal changes, the ozone concentration was highest in
summer, followed by in spring, autumn, and winter. The maximum was 111.1 µg/m3 in
summer and the minimum was 46.1 µg/m3 in winter. In terms of spatial distribution, the
ozone concentration was generally lower in urban centers and higher in suburban areas,
with a distribution ranging from 56.2 to 88.9 µg/m3.
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Regarding the factors influencing seasonal changes, temperature, precipitation, solar
radiation, PM2.5 levels, and NO2 levels correlated with ozone concentration. From the
results of a stepwise regression model, we determined that temperature and solar radiation
were the dominant factors affecting ozone concentration, which together explained 67.9%
of the variation. To explore the spatial scale of the effects of these two factors on ozone
concentration, we employed a geographically weighted regression model. The results
demonstrated spatial variations in the explanatory power of temperature and solar radia-
tion, with higher explanatory rates in urban centers and lower rates in suburban regions.
Furthermore, the impact was stronger in spring and weaker in summer.

Utilizing a geographic detector for analysis of the influencing factors, substantial
differences in the contribution of various seasonal and geographical factors to ozone
concentration were observed. Specifically, in winter, the impact of urbanization and
air quality factors on ozone concentration was particularly pronounced, with q-values
exceeding 0.2. In contrast, the influence of these factors on ozone concentration was
relatively weaker in autumn. Additionally, the q-values for the interaction between urban
factors (light index, population density, and construction land) and air quality factors
(PM2.5 and NO2 levels) ranged from 0.40 to 0.47, indicating a substantially higher impact
than the interaction between other influencing factors, further confirming the important
role of urban activities in determining ozone levels.
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