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Abstract: This study analyzed factors influencing near-surface ozone (O3) in Henan Province
from 2015 to 2022 using real-time pollutant data from the China National Environmental
Monitoring Centre and daily meteorological data from the Henan Provincial Ecological
Environment Monitoring and Safety Center. Regression and machine learning models (including
multiple linear regression (MLR), support vector machine (SVM), random forest (RF), ridge
regression (RR), BP neural network, and extreme gradient boosting (XGBoost)) were used to
predict O3 concentrations. The results showed that among the major pollutants (CO, NO2, SO,
PMazs, and PMig), there was a consistent negative correlation with Os. Notably, NO; had the
strongest negative correlation (r = -0.825), while PMo showed the weakest (r = -0.687). From the
perspective of meteorological factors, temperature showed a strong positive correlation with Os,
while wind speed, relative humidity, and precipitation showed weak negative correlations,
influencing regional variations in O3 concentrations. Among the six prediction models constructed
to predict O3 concentrations, the most accurate model for predicting concentrations for the next

day was the extreme gradient boosting (XGBoost) model (R? = 0.883). For the next 3 days, the
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34 random forest (RF) model demonstrated the highest accuracy (R? = 0.704). Similarly, the random
35  forest model (RF) also exhibited the highest accuracy for predicting the next 7 days (R?> = 0.651).
36  In summary, over the past 7 years, there has been a strong correlation observed between O;
37  concentration and other major pollutants, as well as meteorological factors in Henan Province.
38  Therefore, it is essential to implement targeted measures for O3 pollution prevention and control
39  based on specific weather conditions.

40

41 Keywords: Ozone (O3); Henan Province; Relevance; Prediction model

42

43

44 1 Introduction

45 Near-surface ozone (03) in cities is a secondary pollutant generated by complex
46  photochemical reactions of precursors such as NOx and volatile organic compounds
47 (VOCs), emitted by human activities under specific atmospheric conditions (Liang et
48 al.,, 2019; Wang et al., 2012). It is one of the major pollutants in the atmosphere. As a
49  strong oxidant, O; can enhance atmospheric oxidation capacity, promote the
50  degradation of primary pollutants, and increase the generation rate of secondary
51  pollutants (Feng et al., 2019), thus severely damaging regional and urban air quality
52 (Wang et al., 2017). High concentrations of ground-level O; can harm the health of
53  humans, animals, and plants (Ruan et al., 2019). Increased environmental O3
54  concentrations lead to changes in biodiversity, decreased productivity, reduced carbon
55  sequestration capacity, and decreased water resources (Feng et al., 2015). These
56  changes have direct negative impacts on human health (Han et al., 2018; Lu et al,,
57  2020), ecosystems (Huang et al., 2019), and economic development (Jakovljevié et al.,
58  2021). Therefore, near-surface O; pollution has become a highly concerning topic in
59  atmospheric environmental science.

60 In recent years, with the acceleration of urbanization, photochemical pollution,
61  particularly with Os as the main indicator, has become increasingly severe in urban

62  areas of China (Wu et al., 2017). Near-surface O3 characterized by its reactivity and a
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63  wide range of sources, experiences concentration changes that are easily affected by
64  natural conditions and changes in the concentration levels of other pollutants (Jaén et
65 al., 2021). Current studies suggest that the spatiotemporal variation of O3
66  concentration is influenced by a combination of meteorological conditions, precursor
67  emissions, and chemical reactions (Lin et al., 2022). In terms of meteorological
68  factors, studies have documented the effects of temperature (Yang et al., 2021), wind
69  speed (Li et al., 2018), relative humidity (Ma et al., 2021), and precipitation (Su et al.,
70 2015) on Os levels. For instance, Wang et al. (2015) analyzed the impact of
71  meteorological conditions on Oz concentration in Shenyang’s ambient air and found
72 that O; levels are influenced by multiple factors, including temperature, wind speed,
73 humidity, visibility, and general weather conditions. Similarly, Wang et al. (2011)
74  analyzed the impact of weather conditions on the distribution of near-surface Os in
75  Fuzhou, revealing that O; concentration is closely related to meteorological factors,
76  significantly positively correlated with temperature, and significantly negatively
77  correlated with relative humidity. Additionally, higher average wind speeds are
78  associated with increased Os concentrations. An et al. (2009) analyzed the impact of
79  meteorological factors on O; in Beijing and found that O; concentration is inversely
80  proportional to air pressure, humidity, and visibility, but directly proportional to wind
81  speed and temperature. Studies on precursors such as NOx (Li et al., 2021; Gu et al.,
82 2020) and volatile organic compounds (VOCs) (Wu et al., 2017, Liu et al., 2021),
83  have also been conducted. For instance, Chang et al. (2021) analyzed the driving
84  forces behind O; pollution in Shanghai and discovered that reducing VOC emissions
85 can effectively improve O; pollution in the city. In terms of O; concentration
86  prediction, numerous studies have used the atmospheric chemical transport model and
87  empirical statistical model to estimate near-surface Os concentration (Wang et al.,
88  2013). Recently, machine learning technology has shown promising results in
89  predicting Os; concentrations. Zhao et al. (2022) estimated near-surface O;
90  concentration in mainland China using the XGBoost algorithm. The model was
91  validated using cross-validation and self-modeling validation, achieving R? values of
92 0.871 and 0.955, and RMSE values of 12.8 pg/m? and 7.514 pg/m?, respectively,

3
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93  effectively simulating near-surface Os; concentration. Prybutok et al. (Victor, 2000)
94  confirmed that artificial neural networks predict O; concentrations more accurately
95  than conventional statistical models. The inputs for the developed model included
96  pollutants such as CO, NO2, and NO, as well as meteorological variables. Studies
97  have shown that artificial neural networks outperform the regression models and the
98  autoregressive integrated moving average (ARIMA) model, achieving the lowest
99  scores in mean absolute deviation (MAD) and root mean square error (RMSE). Sheta
100 et al. (2018) used a different type of artificial neural network called hybrid cycle
101 reservoir with jumps (HCRJ) to predict Os; concentration in eastern Croatia,
102 specifically in the cities of Osijek and Kopacki. The system inputs include
103 meteorological variables, PMio levels, and Oz concentration from the previous day,
104  showing promising application prospects. Faced with the increasingly severe O;
105  pollution, it is necessary to identify the factors contributing to O3 pollution and make
106  accurate predictions of future O3 concentrations. This is an important prerequisite for
107  the effective prevention and control of O3 pollution.

108 Since 2015, atmospheric O3 pollution in certain regions of China has shown a
109  consistent upward trend, with regional O3 pollution intensifying annually (Li et al.,
110 2022; Chen et al., 2022; Wu et al., 2022). The northern region of Henan Province,
111 located in northern China, has particularly experienced severe air pollution in recent
112 years (Ke et al., 2022), attracting considerable domestic and international research
113 attention (Xue et al., 2013). In addition, Henan Province has a dense population and
114 extensive transportation industry (Qi et al., 2020), resulting in significant emissions of
115  pollutants. Despite the problem of O3 pollution being alleviated through initiatives
116  like the Three-Year Action Plan for Pollution Prevention and Control in Henan
117 Province (2018-2020) issued by the Department of Ecology and Environment of
118  Henan Province (Notice, 2018), the overall pollution situation remains severe. Qi et al.
119 (2020) used the Pearson correlation coefficient to describe the influencing factors of
120 O3 pollution trends in Henan Province in 2017. They found that hourly O3
121 concentrations exhibit negative correlations with CO and NO: levels. Moreover,
122 correlations between O3 MDAS8 and meteorological factors (such as sunshine duration,

4
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123 temperature, rainfall, visibility, relative humidity, and wind speed) vary across
124  different seasons and cities. However, there has been a notable absence of modeling
125 and prediction of O3 pollution in Henan Province. In addition, existing studies (Ge et
126  al., 2022; Yan et al., 2022; Qi et al., 2020; Gao et al., 2021; Guo et al., 2015) have
127  relatively little focus on O3 pollution in Henan Province, lacking comprehensive
128  multi-year analysis of its influencing factors. There is also a lack of future O;
129  concentration predictions for the region. Therefore, conducting research on O;
130 pollution in Henan Province holds great significance for the prevention and control of
131 air pollution across the entire Central Plains. This study used real-time monitoring
132 data of environmental air quality in Henan Province from 2015 to 2022 to analyze
133 spatiotemporal changes in O3 and other pollutants (CO, PMas, PM1o, SO2, and NO>).
134 It systematically analyzed correlations between O; pollution and meteorological
135  factors and other pollutants over the past eight years. Multiple prediction models were
136 used to predict O3 concentrations, in order to provide valuable insights for future O3
137 pollution governance in Henan Province and improve the effectiveness of pollution

138 control measures.

139 2 Data and Methods

140 2.1 Study area

141 Due to data availability, the study focused on 17 cities in Henan Province
142 (excluding Jiyuan), situated between 31°23' to 36°22'N latitude and 110°21' to
143 116°39'E longitude. Henan Province, located in central China, exhibits diverse terrain
144 with higher elevations in the west and lower in the east. Some parts of the province
145 are located in the warm temperate zone, while the southern part transitions through
146  the subtropical zone, characterized by a continental monsoon climate. It has complex
147  and diverse characteristics such as four distinct seasons, simultaneous rainfall and
148  heat, and frequent meteorological disasters (Qi et al., 2020). For the convenience of
149 description, Henan Province is divided into five major regions: East Henan, South

150  Henan, West Henan, North Henan, and Central Henan, as detailed in Figure 1.
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152 Figure 1. Regional division of Henan Province

153

154 2.2 Data source

155  2.2.1 Pollutant concentration data

156 Pollutant data (O3, NO2, CO, SOz, PMz2s, and PMig) were obtained from the
157  real-time release platform of the China National Environmental Monitoring Centre for
158  national urban air quality (https://quotsoft.net/air/). These data comprise real-time
159  hourly measurements from monitoring stations across 17 prefecture-level cities in
160  Henan Province (excluding Jiyuan). According to the Ambient Air Quality Standards
161  (GB 3095-2012) and the Technical Regulations on Ambient Air Quality Index (on
162  Trial) (HJ633-2012), when analyzing annual changes in air pollutant levels, p(Os)
163 represents the 90th percentile of the daily maximum 8-hour moving average. p(CO),
164  p(PMas), and p(PMio) represent the 95th percentile of the 24-hour average and are
165  denoted as CO-24h-95%, PM25-24h-95%, and PM10-24h-95%, respectively. p(NO>)
166  and p(SO2) represent the 98th percentile of the 24-hour average and are denoted as
167  NO2-24h-98% and SO2-24h-98%, respectively.

168  2.2.2 Meteorological data
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The daily meteorological data used in this study, covering the period from

January 1, 2015, to December 31, 2021, were sourced from the Henan Provincial

Ecological Environment Monitoring and Safety Center. The meteorological data

acquired include temperature (TEM, °C), relative humidity (RH, %), average wind

speed (WS, m/s), and precipitation (PRE, mm). The obtained data are detailed in

Table 1.

Table 1. Experimental data

Temporal
Data types Data Unit Performance form
resolution
O3 1h pg / m? p (03-8h-90%)
CO 1h pg / m? p (CO-24h-95%)
Pollution PM, s 1h ug / m? p (PM25-24h-95%)
Data PMio 1h ug / m? p (PM0-24h-95%)
NO; 1h pg / m? p (NO2-24h-98%)
SO, 1h pg / m? p (S02-24h-98%)
Temperature 1d °C TEM
Mean Wind
1d m/s WS
Meteorological Speed
Data Relative
1d % RH
Humidity
Precipitation 1d mm PRE

2.3 Research methods

2.3.1 Pearson correlation analysis

In data analysis, correlation analysis is a common method used to assess the

correlation between two sets of data. The Pearson correlation coefficient, denoted as r

and ranging from -1 to 1, is typically used to measure the strength and direction of

correlation between two continuous variables. A value of r

[-1,1], indicates the
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183 following: r > 0 indicates a positive correlation, r < 0 indicates a negative correlation,
184  and a larger |r| indicates a stronger correlation, implying a closer correlation between
185  two variables. A value of r = 0 indicates no correlation. The calculation equation is as

186 follows:
2 (Xi-X)(¥i-Y)
i=1

"= — [ — )
\/Z(X—X)Z\/Z(E—Y)z

i=l i=l
187 where » denotes the correlation coefficient, n represents the number of
188  measurement indicators, JX; indicates the influencing factor, Y: signifies the O;
189  concentration, X stands for the average value of influencing factors, and Y denotes the
190  average O3 concentration.
191  2.3.2 Multiple linear regression (MLR) model
192 The multiple linear regression (MLR) model explores the linear relationship
193 between a dependent variable (dependent variable) and multiple independent
194  variables (explanatory variable). One of its key advantages is its ability to consider the
195  collective impact of independent variables on the dependent variable, thereby
196  revealing comprehensive relationships and improving prediction accuracy. This study
197  organized the obtained data and inputted them into the model. The calculation
198  equation is as follows:

p(0s_MDAS)=ap(CO-24h)+bp(PMas - 24h )+ cp(PMio - 24h)

+dp(SO2-24h)+ep(NO2-24h)+ [TEM + gWS @)
+hRH +iPRE+ j+¢
199 where a, b, ¢, d, e, f, g, h, and i denote the regression coefficients for CO, PMa 3,

200 PMig, SO2, NO2, temperature, wind speed, relative humidity, and precipitation,
201  respectively. p(Os_MDAS), p(CO_24h), p(PM2s_24h), p(PMio_24h), p(SO2_24h),
202 and p(NO,_24h) represent the daily maximum 8-hour average concentration of O3 and
203 24-hour average concentrations of CO, PMz.s, PMio, SO2, and NO», respectively. TEM,
204 WS, RH, and PRE indicate temperature, wind speed, relative humidity, and
205  precipitation, respectively. j and ¢ signify the constant term and residual, respectively.
206  2.3.3 Support vector machine (SVM) model

8
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207 Support vector machine (SVM) is a binary classification model designed to
208  separate samples by finding hyperplane, so that samples from different categories are
209 located on opposite sides of the hyperplane, while maximizing the distance (i.e.
210 interval) to the nearest samples on either side (Cortes et al., 1995). SVM incorporates
211 kernel techniques, enabling it to handle nonlinear classification tasks effectively.
212 Conceptually, SVM solves convex quadratic programming problems by maximizing
213 intervals as a learning strategy. Recognized for its efficacy in classification, SVM
214  excels in solving both linear and nonlinear classification problems, demonstrating
215  good performance across various applications.

216  2.3.4 Random forest (RF) model

217 Random forest (RF) is a widely recognized Bagging model based on the decision
218  tree algorithm, which constructs multiple datasets through random sampling and
219  establishes multiple independent decision tree models. The final prediction is obtained
220 by averaging or voting on the predictions from these models (Breiman et al., 2020).
221  RF is versatile, applicable to both classification and regression tasks, known for
222 strong noise resistance and robustness against overfitting "1, In addition, RF can also
223 perform feature selection and demonstrate high algorithmic efficiency. Therefore, as a
224  machine learning algorithm, RF is widely used in addressing classification and
225  regression problems, with various advantages that can effectively solve many
226  practical problems.

227 This study used all influencing factors as explanatory variables, with the daily
228  maximum 8-hour average Os concentration serving as the dependent variable for
229  constructing an RF regression model. The dataset was divided into training and
230  testing sets, comprising 70% and 30% of the total data respectively, to measure the
231  impact of these factors on O3 concentration.

232 2.3.5 Ridge regression (RR) model

233 Ridge regression (RR) adds a regularization term into the loss function of the
234  least squares method to limit the size of the regression coefficients, thereby
235  preventing overfitting and improving the model’s ability to generalize. The
236  regularization parameter, also referred to as the ridge parameter, adjusts the strength

9
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237  of the regularization term in the model. RR is particularly effective in handling
238  high-dimensional and collinear datasets, reducing the impact of multicollinearity and
239  improving the model’s stability and prediction ability.

240  2.3.6 BP neural network model

241 The BP neural network, proposed by Rumelhart et al. (1986), comprises an input
242 layer, a hidden layer, and an output layer. The hidden layer plays a crucial role in
243 extracting feature information through nonlinear transformations. In different
244  application scenarios, the number of nodes in the hidden layer needs to be carefully
245  chosen and adjusted to match specific data characteristics. In addition, by stacking
246  multiple hidden layers, neural networks can effectively learn complex features,
247  thereby achieving efficient feature representation and classification in diverse
248  scenarios.

249  2.3.7 Extreme gradient boosting (XGBoost) algorithm

250 XGBoost is a highly efficient gradient-boosting decision tree algorithm that
251  builds upon GBDT to enhance model performance (Li., 2020). It leverages boosting
252 principles to integrate multiple weak learners into a strong learner, improving model
253 performance through collaborative decision-making across multiple trees and
254  cumulative results accumulation. Widely adopted in practice, XGBoost demonstrated
255  an effective machine learning algorithm.

256 This study used the gradient boosting algorithm, with nine important parameters
257  set during the model construction process: CO, PMzs5, PMio, SO2, NO2, temperature,
258  wind speed, relative humidity, and precipitation. Multiple parameters were combined
259  to prevent overfitting during the estimation process and improve the estimation
260  accuracy effectively.

261 2.4 Experimental setup

262 For prediction purposes, significant pollutant impact factors and meteorological
263  variables (CO, NO2, SOz, PMa2s, PMio, temperature, wind speed, relative humidity,
264 and precipitation) were integrated into various statistical regression and machine
265  learning models. Seven years of data from January 1, 2015, to December 31, 2021,
266  were used for training and validation, while data from January 1, 2022, to December

10
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267 31,2022, were used for testing O3 concentration predictions in Henan Province over 1,
268 3, and 7 days. These factors were used as input variables across different models,
269  which were divided into training and testing sets in different proportions. After data
270  cleaning, invalid data were removed, and missing values were filled. Model outputs
271  were compared with real-time O3 concentration data from monitoring stations to
272 evaluate the performance of the model.

273 Six regression models were constructed: MLR, SVM, RF, RR, BP neural
274  network, and XGBoost. Their accuracies were evaluated and compared based on their
275  predictive performance.

276 2.5 Evaluation indicator

277 In order to test the prediction accuracy of each model, four indicators—root
278  mean square error (RMSE), coefficient of determination (R?), mean absolute error
279  (MAE), and mean absolute percentage error (MAPE)—were used to evaluate the

280  prediction results on the test set. The calculation equations are as follows:

[1& .
RMSE = |[—>" (yi— 1) ®)
m -

R —1— ()A’f_yf)z

w 4
D (y-w) @
i=1
] m n

MAE == |pi—yi 5)
m i
0, mo[ 5. L.

mapg =100% VoY ©)

m. o Yi

281  where denotes the predicted value output by each prediction model, y; represents
282 the true value input for each model, Y indicates the average of the true values, and m

283  signifies the number of samples evaluated.
284 3 Results and discussion

285 3.1 The interannual variation trend of major pollutants

11
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The trend of main pollutants in Henan Province is shown in Figure 2. From 2015

12

to 2022, the 95th percentile of the 24-hour average p(CO), p(PMzs), and the 98th

percentile of the 24-hour average p(NO2), p(SOz2), and p(PMi¢), showed an overall
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297  decrease, with deceleration rates of 0.18 pg/(m?-a), 6.14 pg/(m3-a), 3.51
208 pg/(m?-a),10.24 pg/(m3-a), and 11.08 pg/(m?-a), respectively. The long-term trend of
299  the 90th percentile of p(O3-MDAS) was negatively correlated with the long-term
300 trends of p(CO-24h-95%), p(PM2.5-24h-95%), p(PMi0-24h-95%), p(NO2-24h-98%),
301  and p(SO2-24h-98%). This is because a decrease in p(PM2s) leads to a decrease in the
302  atmospheric deposition of peroxides (HOz) (Li et al., 2020), thereby promoting the
303  generation of Os. Additionally, a decrease in NO; emissions can lead to a decrease in
304  Os consumption (Xing et al., 2010). Compared with the concentration data of six
305  pollutants in China from 2013 to 2018 provided by the China Air Quality reanalysis
306  dataset, the concentration of O3 pollutants in the central region of China showed an
307  overall upward trend (Kong et al., 2021), ranging from 2.3pug/(m?3-a) to 5.4pug/(m3-a).
308 It indirectly reflects that photochemical pollution in China has increased, while other
309  pollutants show a trend of decreasing year by year. Since this data set can accurately
310  reflect the changing trend of gaseous air pollutants on the surface of China, and this
311  study is consistent with this data set, it also proves that the increase of O3
312 concentration is related to the decrease of concentration of other pollutants to a certain
313 extent.Therefore, it is necessary to consider the impact of particulate matter emissions
314  on O3 concentration and aim to reduce Oz levels while controlling other major
315  pollutants to improve environmental quality.

316 Figure 3 illustrates that the high-value area of O3 concentration is located in
317  central Henan in 2015, namely Pingdingshan City and Luohe City, where the
318  concentrations are 117ug / m3 and 121pg / m? respectively, while the low-value area
319 is located in Anyang City, where the concentrations are 83pug / m?. In 2018, the O3
320  concentration in the province generally increased, and the concentration in the
321  province was between 118.1-129.2pg / m’. The eastern, southern and northern areas
322 of Henan Province, where the original concentration was low, became high
323 concentration areas, among which the northern area had the highest O3 concentration.
324  The Os concentrations in Anyang City, Jiaozuo City, Hebi City, Xinxiang City and
325  Puyang City were 126pg / m3, 128ug / m?, 127ug / m3, 129ug / m? and 128pg / m’,
326  respectively. In 2019-2021, the concentration of O; in all cities decreased slightly, and

13
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327  in 2022, the concentration of O3 in all cities showed a trend of recovery. On the whole,
328 the distribution area of high Os concentration gradually expands, and the O3
329  concentration in all cities tends to be the same, rising first and then decreasing, and
330  then rising again. Combined with the HrSOD data set, the overall trend of Os
331  concentration in central Henan Province from 2015 to 2020 was selected from the
332 detailed and accurate plot of hourly surface ozone data in China from 2005 to 2020
333  (Zhang et al., 2022). The results of this study were consistent with this trend. It also
334 shows an overall trend of first rising and then falling, and then rising again, which not
335  only proves the effectiveness of this experiment, but also reflects the seriousness of
336 O3 pollution in Henan Province. In the next ozone pollution prevention and control,
337 more efforts should be made to improve the quality of atmospheric environment.
338  Therefore, taking prefecture-level cities in Henan Province as the research object, not
339  only the Os pollution situation of prefecture-level cities was studied, but also the
340  ozone concentration in recent 8 years was analyzed in time and space to clarify the
341  correlation degree of O3 concentration among cities and accurately analyze the current
342 problems faced by Os pollution in Henan Province.

343 3.2 The impact of other major pollutants on O3
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344

345  Figure 4. Heat map of correlation coefficients between other major pollutants and O3 from 2015 to

346 2022
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347

348 The Pearson correlation coefficient heatmap between O; and other major
349  pollutants from 2015 to 2022 is shown in Figure 4. The figure reveals a significant
350  negative correlation between O3 and other major pollutants, with CO, NO, and SO»
351 having the largest impact coefficients (-0.791 and -0.825, respectively). Near-surface
352 03, which does not have a direct emission source, is categorized as a secondary
353  atmospheric pollutant (Lin et al., 2007). It mainly originates from photochemical
354  reactions and the contribution of precursors such as CO, NO», and SO; (Li et al.,
355  2019). At high temperatures, atmospheric instability increases, enhancing pollutant
356  diffusion and atmospheric visibility, which in turn increases radiation levels. With the
357  enhancement of solar radiation, photochemical reactions intensify, and O3 precursors,
358  especially CO, NO», and SO, are more likely to react and generate O3, under these
359  conditions (Yang et al., 2016). Consequently, CO, NOz, and SO concentrations
360  decrease while Os levels rise. The correlation coefficients between O3 and PMzs and
361  PMio were -0.8 and -0.687, respectively. The secondary components in Oz, PMz s, and
362 PMio are all produced through atmospheric chemical reactions, with similar
363  precursors such as NOx and VOCs. Os generated by photochemical reactions is
364  affected by the light flux. However, the increase in optical thickness caused by PMz s
365 and PMio obstructs sunlight, reducing the amount of light reaching the ground and
366  thereby decreasing the rate of photolysis reactions, which leads to a reduction in the
367  generation of O3;.Kong et al. made an important analysis of China's air quality
368  reanalysis data set, and after excluding the disturbance factors of outliers, they
369  concluded that O3 and other pollutants showed a negative correlation trend in general
370 (Kong et al., 2021).Therefore, as PM2s and PMio pollution intensifies, sunlight
371  obstruction increases, leading to relatively lower Os concentrations (Wang et al.,
372 2019). Therefore, effective atmospheric pollution control measures should focus on
373 reducing precursor substances, which will not only help reduce particulate matter, but
374  also control the formation of near-surface O3 pollution.

375 The influence of other pollutants, meteorological conditions and other factors on
376  Os pollution in Henan Province was comprehensively explored, and then the ozone
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concentration was predicted, in order to provide a scientific basis for future ozone

concentration pollution in Henan Province, so as to provide a better reference for the

prevention and control policy of Henan Province.

3.3 The influence of meteorological factors on O;
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Figure 5. Spatial distribution of correlation coefficients between meteorological factors and O3 in

Henan Province from 2015 to 2022. Meteorological factors represented by (a) - (d) denote

temperature, wind speed, relative humidity, and precipitation, respectively.

Table 2. Correlation coefficients between meteorological factors and O3 in Henan Province from

2015 to 2021

Concentration
Year Correlation of meteorological factors
/ Cpg/ m)
TEM WS RH PRE
2015 102 0.836%* -0.185%* -0.214%* -0.339%*
2016 111 0.832%* -0.162* -0.233%* -0.326**
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2017 120 0.845%* -0.198* -0.226%* -0.295%*
2018 124 0.816%* -0.149* -0.248** -0.304%*
2019 120 0.864** -0.191* -0.281%* -0.246%*
2020 114 0.833** -0.201%* -0.320%* -0.305%*
2021 112 0.776** -0.202* -0.212%* -0.311%*
2022 119 0.852%* -0.199* -0.293%* -0.329%*

388 Note: ** =P <001, *=P<0.05.

389 Meteorological factors significantly affect the photochemical environment,
390  precursor diffusion, and atmospheric circulation, all of which play a crucial role in the
391  formation and transformation of Os. The relationship between O3 concentration and
392 meteorological factors in Henan Province from 2015 to 2022 is illustrated in Figure 5
393 and Table 2. The data shows a significant positive correlation between O3
394  concentration and temperature, while the correlations between O3 concentration and
395  wind speed, relative humidity, and precipitation are weak.

396 The change in temperature reflects the changes in solar radiation intensity. In
397 2019, the correlation coefficient between temperature and Os was at its peak, reaching
398 r = 0.864. Conversely, by 2021, the correlation coefficient decreased to its lowest
399  point of r = 0.776. Temperature is an important factor affecting O3 concentration,
400 showing a significant increase as temperatures rise. O3 is generated through
401  photochemical reactions involving primary pollutants under solar radiation. As solar
402  radiation increases and temperatures rise, the rate of these atmospheric photochemical
403  reactions accelerates, leading to higher Oz concentrations (Yang et al., 2016). In
404  Henan Province from 2015 to 2022, the highest correlation coefficient between
405  temperature and O3 was observed in Luoyang, at r = 0.926, while the lowest was in
406  Xinyang, at r = 0.762. Cities in West Henan, North Henan, and Central Henan
407  generally exhibited higher correlations compared to those in East Henan. In particular,
408  cities in North Henan consistently showed correlation coefficients above 0.9. North
409  Henan stands out as a significant area of concern for O3 pollution within Henan

410  Province, requiring focused attention on managing the problem of excessive O;
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411  pollution levels in high-temperature environments.

412 The influence of wind speed on O3 concentration is multifaceted: higher wind
413 speed elevates the atmospheric boundary layer, facilitating the mixing of upper-level
414 Oz downwards. At the same time, increased horizontal diffusion due to higher wind
415  speed dilutes O3 to a certain extent. These dual effects occur simultaneously. When
416  wind speed is low, the downward mixing effect of Os is stronger than the diffusion,
417  leading to a buildup in O; concentration. However, as the wind speed increases, the
418  diffusion effect gradually strengthens, balancing out the mixing effect. Therefore, as
419  the wind speed continues to increase, O3 concentrations continuously decrease (An et
420  al., 2009). In 2021, the correlation coefficient between wind speed and O3 was at its
421  peak, with r =-0.202. Conversely, in 2018, this correlation was at its lowest, with r =
422 -0.149. Across Henan Province from 2015 to 2022, the highest correlation coefficient
423 between wind speed and O3 was observed in Xinyang, with r = -0.256, while Puyang
424 had the lowest correlation at r = -0.113. Overall, South Henan exhibited a strong
425  correlation, while other regions showed weaker correlations. Therefore, addressing O3
426  pollution during periods of low wind speed in South Henan warrants particular
427  attention.

428 Relative humidity impacts Oz concentration by affecting solar ultraviolet (UV)
429  radiation and promoting chemical reactions, one of the main driving forces for O
430  generation. High relative humidity causes water vapor in the air to scatter and absorb
431 UV radiation, reducing UV light reaching the ground, a critical factor for O;
432 production. Consequently, reduced UV radiation can lead to a decrease in the rate of
433 O3 generation. Under high relative humidity conditions, water vapor in the air
434  containing active free radicals like H and OH promotes their generation and activity.
435  These radicals react with O3, decomposing it into oxygen molecules and accelerating
436  the decomposition process of Os. A large amount of water vapor in the air consumes
437 Os through chemical reactions, thereby reducing its concentration. Conversely, rising
438  ground temperatures elevate water vapor, forming clouds that reduce the intensity of
439 solar radiation, which is unfavorable for photochemical reactions and O3 generation
440  (Cheng et al.,, 2016). Therefore, high humidity conditions are generally unfavorable
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441  for the accumulation of Os. The correlation coefficient between relative humidity and
442 Os was highest in 2021 at r = -0.320, and lowest in 2021 at r = -0.212. From 2015 to
443 2022, the correlation coefficient between relative humidity and O; was highest in
444  Xinyang at r = -0.34, and lowest in Puyang at r = -0.129. Overall, West Henan and
445  Central Henan exhibit a strong correlation, while other regions show a weaker
446  correlation, indicating a spatial gradient from northwest to southeast Henan. Therefore,
447  West Henan and Central Henan may experience higher O3 concentrations in a dry
448  environment.

449 During rainfall, phenomena such as increased cloud cover, heightened wind
450  speed, and decreased temperatures often occur, which are unfavorable for O;
451  generation and accumulation. Additionally, pollutants are prone to wet deposition and
452 elimination from the atmosphere, thereby reducing O; concentrations (Yang et al.,
453 2018). The correlation coefficient between precipitation and O3 was highest in 2015,
454  with r =-0.339, and lowest in 2019, at r = -0.246. The correlation coefficient between
455  precipitation and Os in various cities in Henan Province from 2015 to 2022 was
456  highest in Jiaozuo at r = -0.385, and lowest in Shangqiu at r = -0.242. Overall, West
457  Henan and North Henan exhibited a strong correlation, while East Henan and South
458  Henan demonstrated a weaker correlation, indicating a spatial gradient from
459  northwest to southeast Henan. Precipitation in Henan Province mostly occurs in
460  summer and autumn, with higher amounts in East Henan and South Henan compared
461 to West Henan and North Henan, especially in Xinyang, South Henan. This
462  phenomenon also explains the occurrence of high relative humidity and lighter O;
463  pollution in Xinyang.

464 From the perspective of meteorological conditions influencing Oz pollution,
465  temperature, wind speed, relative humidity, and precipitation emerge as pivotal factors.
466  They can serve as preliminarily meteorological indicators for predicting high O;
467  concentrations. During high temperatures, low wind speeds, low humidity, and
468  minimal rainfall, the probability of photochemical pollution events characterized by
469  high Os concentration is heightened, demanding sufficient attention. Under such
470  weather conditions, specific measures to prevent O3z pollution should be implemented.
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471 3.4 Evaluation of model prediction performance

472 3.4.1 Multiple linear regression (MLR) prediction performance

473 The prediction results of the MLR model are shown in Figure 6. As the forecast
474 period increased, the MAE for 1 day, 3 days, and 7 days increased from 15.553 pg/m?
475  to 24.506 ug/m?, marking an increase of 57.56%. Similarly, the RMSE increased from
476  17.093 pg/m’ to 28.817 pg/m?, reflecting an increase of 68.59%. MAPE also
477  increased from 16.931% to 27.292%, representing a 10.361% increase. In contrast, R?
478  decreased from 0.824 to 0.535, indicating a decrease of 35.07%. These results
479  indicate that while the MLR model demonstrates strong performance in short-term O;
480  concentration prediction, its long-term predictive performance is less effective.
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482 Figure 6. Prediction results of the MLR model. (a) - (c) represent the prediction for the next 1 day,

483 3 days, and 7 days, respectively.

484  3.4.2 Support vector machine (SVM) prediction performance

485 The prediction results of SVM regression are depicted in Figure 7. As the
486  forecast period increased, the MAE for 1 day, 3 days, and 7 days increased from
487  14.156 pg/m’ to 21.381 pg/m?, marking an increase of 51.04%. Similarly, the RMSE
488  increased from 15.894 pg/m? to 22.596 pg/m3, reflecting a 42.17% increase. MAPE
489  also saw an increase from 15.059% to 21.902%, indicating an increase of 6.843%.
490  Meanwhile, R? decreased from 0.859 to 0.598, signifying a decrease of 30.38%.
491  These results indicate that while the SVR model performs well in short-term O3

492 concentration prediction, its long-term prediction performance is limited.
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494 Figure 7. Prediction results of the SVR model. (a) - (c) represent the prediction for the next 1 day,

495 3 days, and 7 days, respectively.

496  3.4.3 Random forest (RF) prediction performance

497 The prediction results of RF regression are shown in Figure 8. As the forecast
498  period increased, the MAE for 1 day, 3 days, and 7 days increased from 12.338 pug/m?
499  to 20.378 pg/m’, representing an increase of 65.16%. Similarly, the RMSE increased
500  from 14.037 pg/m? to 23.297 pug/m3, marking an increase of 65.97%. MAPE also saw
501  an increase from 13.204% to 22.411%, indicating an increase of 9.207%. Meanwhile,
502  R? decreased from 0.877 to 0.651, signifying a decrease of 25.77%. These results
503  indicate that the RF model performs well overall in predicting O3 concentration in

504  both the short and long term.
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506 Figure 8. Prediction results of the RF Model. (a) - (c) represent the prediction for the next 1 day, 3

507 days, and 7 days, respectively.

508  3.4.4 Ridge regression (RR) prediction performance

509 The prediction results of RR are shown in Figure 9. As the forecast period
510  increased, the MAE for 1 day, 3 days, and 7 days increased from 16.691 pg/m? to
511 27.001 pg/m’, representing an increase of 61.77%. Similarly, the RMSE increased
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512 from 17.894 pg/m? to 31.138 pg/m?, marking an increase of 74.01%. MAPE also
513 increased from 13.204% to 22.411%, indicating an increase of 11.408%. Meanwhile,
514 R? decreased from 0.812 to 0.467, signifying a decrease of 42.49%. These results
515  indicate that the RR model performs poorly overall in predicting O° concentration in

516  both the short and long term.
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518 Figure 9. Prediction results of the RR model. (a) - (c) represent the prediction for the next 1 day, 3

519 days, and 7 days, respectively.

520  3.4.5 BP neural network prediction performance

521 The prediction results of the BP neural network model are shown in Figure 10.
522 As the forecast period increased, the MAE for 1 day, 3 days, and 7 days increased
523 from 14.452 pg/m?® to 24.163 pg/m?, marking an increase of 67.19%. Similarly, the
524  RMSE increased from 15.894 pg/m3 to 28.043 pg/m3, indicating an increase of
525 76.44%. MAPE also increased from 15.139% to 26.684%, representing an increase of
526 11.545%. Meanwhile, R? decreased from 0.846 to 0.541, signifying a decrease of
527  36.05%. These results indicate that while the BP neural network model performs well

528  in predicting O3 concentration in the short term, its long-term prediction performance

529 18 poor.
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531 Figure 10. Prediction results of the BP neural network model. (a) - (c) represent predictions for the
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532 next 1 day, 3 days, and 7 days, respectively.

533 3.4.6 Extreme gradient boosting (XGBoost) prediction performance

534 The prediction results of the XGBoost model are shown in Figure 11. As the
535  forecasting period extended, the MAE for 1 day, 3 days, and 7 days increased from
536 11.944 pg/m? to 20.287 pg/m?, marking an increase of 69.85%. Similarly, the RMSE
537  increased from 13.579 ug/m® to 23.019 pg/m3, indicating an increase of 69.52%.
538  MAPE also increased from 12.519% to 21.929%, reflecting an increase of 9.41%.
539  Meanwhile, R? decreased from 0.883 to 0.621, representing a decrease of 29.67%.
540  These results indicate that the XGBoost model performs well overall in predicting O3

541  concentration in both the short and long term.

250 250 250

@
1501 MAE=19.852
MAPE=19.398%

150f MAE=20287 . .
MAPE=21.929% "~

1501 MAE=11.944

(a) (b) (c)
= N=110 N N=110 N=110
Z 2001 p2-g 883 / 2200 Raagg34 001 p2g 60
u, RMSE=13.579 RMSE=20.007 . RMSE=23.019

MAPE=12.519%

100 100

Predicted Value/ (p
Predicted Value/ (pg / m*)

50 50

0 0 o

1] 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
542 Actual Value/ (pg / m') Actual Value/ (pg / m*) Actual Value/ (pg / m*)
543 Figure 11. Prediction results of the XGBoost model. (a) - (c) represent predictions for the next 1
544 day, 3 days, and 7 days, respectively.

545 3.5 Comparison of accuracy of different prediction models

546 Table 3a shows a comparison of prediction indicators across various models for
547  the next 1 day, 3 days, and 7 days. Following multiple experiments, optimal
548  parameters were selected for each model, resulting in relatively high accuracy in
549  short-term O3 concentration prediction. However, over time, the R? of each model
550  decreased to varying degrees, with RR exhibiting the largest decline, decreasing by
551 0.345 from 1 day to 7 days, while RF showed the smallest decline, decreasing by
552 0.226 over the same period. In prediction for the next day, model accuracy ranked
553 from highest to lowest as XGBoost > RF > SVR > BP neural network > MLR > RR.
554  Specifically, the XGBoost model has the highest accuracy, with metrics of 11.944
555 (MAE), 13.579 (RMSE), 12.519% (MAPE), and 0.883 (R?). In the predictions for the
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next 3 days accuracy ranked RF > XGBoost > SVR > BP neural network > MLR >
RR. The RF model achieved the highest accuracy, with metrics of 17.575 (MAE),
19.894 (RMSE), 17.871% (MAPE), and 0.704 (R?). Similarly, in predictions for the
next 7 days, accuracy ranked RF > XGBoost > SVR > BP neural network > MLR >
RR. Here, the RF model also exhibited the highest accuracy, with metrics of 20.378
(MAE), 23.297 (RMSE), 22.411% (MAPE), and 0.704 (R?). In conclusion, both the
RF and XGBoost models demonstrated superior accuracy, indicating their capability
to effectively simulate O; concentration and their practical applicability. Conversely,
the RR model showed poorer model accuracy in these predictions.In summary, when
predicting short-term O3 concentration, other models show the limitation of high error,
and XGBoost model and RF model should be given priority.

Table 3. Indicator comparison of prediction for the next 1, 3, and 7 days by each model

Future days Model MAE RMSE MAPE(%) R?

MLR 15.553 17.093 16.931 0.824

SVR 14.156 15.894 15.059 0.859

RF 12.338 14.037 13.204 0.877

1d RR 16.691 17.894 17.698 0.812
BP Neural

14.452 15.894 15.139 0.846
Network

XGBoost 11.944 13.579 12.519 0.883

MLR 21.280 21.064 20.932 0.601

SVR 20.791 20.368 20.267 0.629

RF 17.575 19.894 17.871 0.704

3d RR 22.982 29.679 23.428 0.553
BP Neural

21.184 21.796 20.918 0.615
Network

XGBoost 19.852 20.007 19.398 0.634

d MLR 24.506 28.817 27.292 0.535

SVR 21.381 22.596 21.902 0.598
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RF 20.378 23.297 22.411 0.651
RR 27.001 31.138 29.106 0.467
BP Neural
24.163 28.043 26.684 0.541
Network
XGBoost 20.287 23.019 21.929 0.621
568 3.6 Discussion
569 Based on previous studies, this study analyzed the temporal and spatial

570  distribution characteristics of ozone pollution and the characteristics of ozone
571  influencing factors in Henan Province from 2015 to 2022, and made short-term
572 predictions of ozone concentration in the future, and obtained some conclusions about
573 ozone pollution in Henan Province, but there are still some limitations, which need to
574  be further improved and discussed in future studies.

575 (1) From the perspective of pollutant concentration and meteorology, this paper
576 comprehensively analyzed the spatio-temporal distribution pattern of ozone pollution
577  in Henan Province from 2015 to 2022 and the response of influencing factors, and
578  summarized the ozone pollution situation in Henan Province in the past eight years.
579 (2) Multiple prediction models such as time series analysis and machine learning
580  were used to make short-term prediction of ozone concentration in Henan Province.
581  The effectiveness of different prediction models was comprehensively evaluated and
582  the optimal model was selected to provide scientific basis for the prevention and
583  control of ozone pollution in Henan Province.

584 (3) Establish a complete ozone pollution research process from the study of
585  space-time characteristics of ozone, to the analysis of ozone-related factors, to the
586  prediction of ozone concentration, so as to provide a reference for the prevention and
587  control of ozone and other atmospheric pollutants in Henan Province.

588 (4) This study only analyzed the temporal and spatial distribution characteristics
589  of ozone pollution and the characteristics of ozone influencing factors in Henan
590  Province from the perspective of each city station. The influencing factors were other

591  pollutant factors and meteorological factors, etc. However, ozone pollution may also
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592 be affected by other aspects. In the future research, we can analyze the ozone
593  pollution in Henan Province from the aspects of anthropogenic source and biological
594  source according to the station information of each city.

595 (5) In this study, only some machine learning models were used to predict
596  short-term ozone concentration in the future. In subsequent studies, machine learning
597 models can be trained, new models can be tried, and model parameters can be
598  continuously optimized to achieve accurate prediction of long-term ozone
599  concentration in Henan Province in the future, which is an important direction for
600  future research.

601 Ozone is related to the secondary transformation of atmospheric pollutants,
602  which is also the theoretical basis for ozone monitoring and management. In order to
603  better reduce ozone pollution, the monitoring technology system should be improved
604  to realize the transformation from quantitative model to high-quality monitoring based
605  on quality and efficiency. In the background of the known serious ozone pollution
606  problem in Henan Province, appropriate methods should be selected to make
607  predictions, and the whole people should participate in protecting the atmospheric

608  environment.
609 4 Conclusions

610 In recent years, O3 pollution in certain regions of China has been increasing
611  annually, exacerbating regional air quality challenges. The problem of O3
612 concentration in Henan Province has also become increasingly prominent. In response
613  to national directives, efforts to prevent and control air pollution are continuously
614  promoted, focusing on strengthening emission reduction measures and effectively
615  managing pollutant sources. Conducting research on O3 pollution in Henan Province
616 is of great significance for addressing atmospheric pollution in the entire Central
617  Plains region. This study used real-time monitoring data of pollutants and daily
618  meteorological data from Henan Province spanning 2015 to 2022. The Pearson
619  correlation analysis method was used to analyze the correlation between various

620  influencing factors and O3z concentration in the region. The results indicate that other
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621  major pollutants exhibit a negative correlation with Os, while meteorological factors
622  generally show a weak negative correlation, except for temperature, which exhibits a
623  strong positive correlation. Through the construction of six regression models,
624  adjustment model parameters, and comparison of prediction accuracies, the optimal
625  model for predicting O3 concentrations was identified. The main contributions of this
626  study are outlined as follows:

627 (1) The concentrations of other major pollutants in Henan Province, including CO,
628  NO, SO,, PM2s, and PM 1o, showed an overall downward trend from 2015 to 2021,
629  with decrease rates of 0.18 pg/(m3-a), 6.14 pug/(m3-a), 3.51 pg/(m*-a), 10.24 ug/(m?-a),
630  and 11.08 pg/(m?-a), respectively. However, from 2015 to 2022, the annual average
631 O3 concentration in Henan Province showed a fluctuating pattern: an initial increase,

632 followed by a decrease, and then another increase. There was a notable peak in 2018,
633 with subsequent slight declines from 2019 to 2021 and a slight decrease observed in
634 2022. It is necessary to strive to reduce emissions of other major pollutants while
635  concurrently achieving a reduction in O3 concentration to improve environmental
636  quality.

637 (2) O;, as a secondary atmospheric pollutant, is mainly affected by precursor
638  emissions of NOx, VOCs, and other particulate matter components. From 2015 to
639 2022, a significant negative correlation was observed between Oz and other major
640  pollutants in Henan Province. Among these, NO: exhibited the strongest correlation,
641  with a coefficient r = -0.825, while PMio showed the weakest correlation, with a
642 coefficient r = -0.687. Due to the unique characteristics of Os, prevention and control
643 should focus on reducing precursor substances and particulate matter.

644  (3) The concentration of O3, a regional pollutant, is heavily affected by meteorological
645  conditions. Factors such as temperature, wind speed, relative humidity, and
646  precipitation play pivotal roles. In Henan Province from 2015 to 2022, there was a
647  significant positive correlation between O; concentration and temperature, while
648  correlations with wind speed, relative humidity, and precipitation were weak.
649  Temperature exhibited stronger correlations in cities located in West Henan, North
650  Henan, and Central Henan compared to those in East Henan. Wind speed correlations
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651  were notably stronger in South Henan but weaker in other regions. Relative humidity
652  showed a spatially decreasing correlation pattern from northwest to southeast of
653  Henan, while precipitation showed a similar gradual transition. O; pollution
654  prevention and control plans should be regulated based on local and special weather
655  conditions.

656  (4) Data from January 1, 2022, to December 31, 2022, were analyzed, and six
657  regression models were developed to predict short-term O3 concentrations in Henan
658  Province for the next 1 day, 3 days, and 7 days. The results indicated that for
659  predictions of the next day, the models are ranked from highest to lowest as:
660  XGBoost > RF > SVR > BP neural network > MLR > RR. In prediction for the next 3
661  days, the ranking was RF > XGBoost > SVR > BP neural network > MLR > RR. In
662  prediction for the next 7 days, the models ranked similarly, with RF performing the
663  best, followed by XGBoost, SVR, BP, neural network, MLR, and RR.When
664  predicting short-term O3 concentration, XGBoost model and RF model are given
665  priority.
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