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A B S T R A C T   

The pursuit of enhanced scientific, refined, and precise ozone and air quality control continues to 
pose significant challenges. Using data visualization techniques and random forest (RF) algo-
rithms, the temporal distribution of atmospheric pollutants and the interrelationship between O3 
concentration and its influential factors were investigated with one-year monitoring data in 
Deqing county in 2021. The local atmospheric conditions predominantly belonged to NOx- 
sensitive and transition zone. Extremely high O3 concentration were primarily observed when 
temperatures (T) exceeded 30 ◦C, with relative humidity (RH) ranging between 30 and 60 %. 
NO2, RH and T were identified as the top 3 important factors, and O3 concentration have stronger 
linearly relationship to RH and T, while stronger nonlinearly relationship to NO2. By employing 
an optimized RF model, controlling consistent mild and high reaction atmospheric conditions, the 
O3 concentration response to the change of individual influencing factors was acquired. The O3 
concentration increased and then decreased in response to the increasing NO2 concentration, 
displaying a characteristic inflection point at 10 μg m− 3. More reactive radicals produced at 
higher VOCs concentration and continuing NOx cycle at lower NO2 concentration, resulting in the 
acceleration in the direction of producing more O3. Therefore, the significant different O3 
response to variation of VOCs and NOx concentration between mild and high reaction atmo-
spheric conditions, as well as the existing of oxidant elevation should be considered in local air 
quality control. This study demonstrates the efficacy of ML methods in simulating nonlinear 
response of O3, supports the understanding of local O3 formation and quick guidance for precise 
local O3 pollution control and the related strategies.   

1. Introduction 

Air pollution stands as a pivotal concern deeply impacting our daily lives [1–3]. Remarkable strides have been made in enhancing 
air quality in China, evidenced by the significantly decrease in particles concentration [1,4–6] due to a series of policies and actions, 
notably the campaign of Winning the Blue Sky War and the action plan of Air Pollution Prevention and Control. However, the severity 
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of ozone pollution has been increasing, surpassing PM2.5 as the predominant pollutant, particularly during the summer and autumn 
seasons. The understanding of O3 formation regulations remains inadequate due to the variations in atmospheric conditions and the 
emission of O3 precursors are different across regions [3,7]. The pursuit of achieving more scientific, refined, precise ozone and air 
quality control continues to present significant challenges. 

The implementation of Ambient air quality standards (GB 3095–2012) in China has led to the continuous refinement of the 
monitoring network, including 6 general pollutants of SO2, NO2, CO, PM2.5, PM10 and O3, as well as meteorological elements con-
taining temperature (T), pressure (P), relative humidity (RH), wind direction (WD) and wind speed (WS) [8–10]. A significant disparity 
was observed in the spatiotemporal distribution of air pollutants based on long-term monitoring data from national monitoring sta-
tions [11,12]. The mounting evidence has unequivocally demonstrated that the formation of O3 is governed by the concentrations of 
VOCs and NOx [13–15], while the O3 response to the changes in those precursors is complex, and formulating universal regulations 
proves challenging [16,17]. Meanwhile, an increasing number of monitoring sites have implemented VOC detection equipment to 
measure the concentration of various VOC species [18,19], which help understanding the response of O3 formation from the intricate 
temporal variation regulations between O3 and its precursors [20]. Based on 1-year continuous observations, a comprehensive analysis 
was conducted to examine the diurnal and seasonal characteristics of regional O3 concentration, as well as the potential for O3 
generation associated with different VOC species [21]. Additionally, certain research efforts were dedicated to identifying influential 
factors and investigating specific episodes of elevated ozone levels [22,23]. 

Chemical transport models (CTMs), incorporating the latest advancements in atmospheric science, serve as widely utilized tools to 
simulate the complex chemical and physical processes involved in ozone formation in large-scale areas. While the EKMA (Empirical 
Kinetic Modeling Approach) curve generated by box models, including the MCM (Master Chemical Mechanism) or OZIPR (Ozone 
Isopleth Plotting Program) models, is extensively employed to depict the in-situ correlation between ozone, NOx, and VOCs con-
centrations in local regions [15]. These models offer practicality in assessing the relative contributions and sensitivity of emission 
sources; however, their inability in predicting the responses to the changes in emission oriented from policy-relevant scenarios limit 
their applicability, as well as their computational complexity [24]. 

With the advancement of data science and machine learning (ML) techniques, there has been a growing emphasis on their 
application in air quality assessment and prediction of ozone formation [25], which have even been observed satisfactory prediction 
performance in both individually application and supporting to enhance the simulation of CTMs [24]. For example, regression al-
gorithms [26], random forest (RF) [27], artificial neural network (ANN) [20,28], convolutional neural network (CNN) [29], as well as 
hybrid deep learning modes [30–32] have different applications and expressed great visualization ability and high simulation per-
formance, verifying the validation of ML techniques in prediction ozone formation. In current reported studies, ML techniques are 

Fig. 1. The study area is situated in Deqing, Zhejiang Province.  
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mostly applied to improve the simulation performance of air quality models, to enhance the forecast accuracy of ozone concentrations 
in the upcoming days, to discover the emission characteristics of VOCs source profiles. However, the majority of these optimized 
models have primarily been employed for future O3 concentration prediction, although some studies on ozone formation regulation 
were carried out applying multiple linear regression method, with limited application in elucidating the interrelationship of formation 
response in O3 concentrations with the changes in VOCs and NOx concentrations [20]. RF is an ensemble supervised learning method, 
in comparisons with other modeling method, RF models demonstrated superiorities in minimizing error [33–35]. Besides, the 
importance evaluation of RF provides some explanation on the contribution of variables to ozone formation. 

Therefore, this study conducted a comprehensive 1-year analysis applying the monitoring data from a standard continuous air 
quality monitoring station in Deqing county. Applying different data analysis approaches and RF simulation, statistical analysis was 
conducted to determine the key variables and their impact on O3 formation, considering the influence of other pollutants and 
meteorological factors. The findings demonstrate the efficacy of ML approaches in capturing the nonlinearity response of ozone to 
influential pollutants and meteorological factors, highlighting the potential of this novel method to complement and enhance our 
understanding of local O3 formation mechanisms in complex environments. Moreover, it provides a scientific and effective framework 
for guiding rapid, comprehensive, and precise air pollution control strategies during significant events. 

2. Materials and methods 

2.1. Study area 

The study selects Deqing county, which serves as the permanent site for the United Nations Geographic Information Congress and a 
sub-venue for volleyball during the 2022 Hangzhou Asian Games, as depicted in Fig. 1. Located within Huzhou city and situated in the 
heartland of the Yangtze River Delta, Deqing county experiences a north subtropical monsoon climate characterized by four distinct 
seasons, abundant rainfall, ample sunlight, and warm humidity. The average annual temperature ranges from approximately 13-16 ◦C 
with January being the coldest month and July being the hottest. 

Deqing county takes pride in its robust industrial sector, which encompasses diverse fields such as biotechnology and pharma-
ceuticals, manufacturing enterprises, innovative building materials, as well as machinery industries. Moreover, it owns robust 
transportation infrastructure as a tourist city and the possession of the Deqing Port International Logistics Park, which further enhances 
its connectivity. Conversely, it also faces significant air pollution resulting from industrial and transportation emissions, particularly 
high O3 pollution, ranged from 150 to 171 μg m− 3 in 2019–2022 with the annual average concentration. 

2.2. Data source 

In order to predict O3 concentration through general Monitoring factors, as only basic meteorological parameters are hourly 
monitored in most local monitoring stations [36], air pollutants factors of SO2, NO2, CO, PM2.5, PM10, O3, VOCs, and meteorological 
elements of T, P, RH, WD, WS in 2021 were extracted from the Dixin site in Deqing county. The monitoring data was measured 
following the technical specifications of Automated methods for ambient air quality monitoring (HJ/T 193), Technical specifications for 
operation and quality control of ambient air quality continuous automated monitoring system for SO2, NO2, O3 and CO (HJ 818), Specifi-
cations and Test Procedures for Ambient Air Quality Continuous Monitoring System with Gas Chromatography for Volatile Organic Compounds 
(HJ 1010) and Specifications and test procedures for ambient air quality continuous automated monitoring system for PM10 and PM2.5 (HJ 
653) [37,38]. Though PM2.5, PM10, and SO2 are not O3 precursors and not strongly related to O3, they are included in the ML model to 
enhance the prediction performance [24,39]. The temporal distribution of those factors was shown in Fig. S1. Totally, 8760 samples 
were acquired setting each monitoring hour as an individual sample, with some missing data recorded as null, due to devices 
maintenance. Meanwhile, the hourly observation data of general air pollutants and meteorological elements were also expressed in 
Fig. S2. 

2.3. Random forest (RF) 

RF is an ensemble learning method that operates by constructing a multitude of decision trees [33]. In this study, a RF model was 
developed with the influencing factors as input and the O3 concentrations as output as the followed equation (3): 

Yi(O3)=

f(Timei, ci(VOCs), ci(SO2), ci(NO2), ci(CO), ci(PM2.5), ci(PM10),Ti,Pi,RHi,WDi,WSi) (3)  

Where, Yi(O3) referred to the ith output of O3 concentrations in simulation; i referred to each observation sample; ci referred to the ith 
concentrations of each influencing pollutants. 

The sample set was pre-divided into a simulation set and a validation set by extracting 1 sample out of every 15 samples, ensuring 
coverage across the entire observation period. Only the simulation set was utilized for RF training, which was further divided into a 
training set and a test set based on a 5-fold cross-validation. The trees were set 100 firstly, and the best leaves were searched by setting 
leaf number from 3 to 10. The simulation results showed convergent earlier than 100 trees, considering good stability, the number of 
trees was finally set 100. As to the number of leaves, the errors of each leaf setting was extracted and the best leaves was 7. Hence, the 
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final parameters of trees and leaves were set 100 and 7 after optimization, when R2 and Error were applied to evaluate the simulation 
performance. After optimization, 200 times repeat simulation was executed with the optimized trees and leaves to minimize the impact 
of randomness. 

Additionally, in RF, feature importance analysis has been proven as an effective approach to quantitatively assess the predictive 
capability of input features on model outputs [40]. The importance of each variable was extracted from the optimized RF model for 
further analysis. 

3. Results and discussions 

3.1. Temporal distribution 

Hourly observation data and daily average values were monthly statistically analyzed, as shown in Fig. 2. The VOCs concentration 
mainly distributed within 102–103, of 420.25 μg m− 3 annually averagely, with a happened high value of 142299.83 μg m− 3, as shown 
in Fig. 2(a). VOCs pollution conditions mostly occurred in Apr. and Nov., due to the moderate temperatures for facilitate volatilization 
and atmospheric oxidation. Relatively higher concentrations were observed for SO2, NO2, CO, PM2.5 and PM10 in winter, as shown in 

Fig. 2. Monthly distribution air pollutants and meteorological elements in each month. (a) VOCs, (b) SO2, (c) NO2, (d) CO, (e) PM2.5, (f) PM10, (g) 
O3, (h) MDA8, (i) Maximum and MDA8 concentration of O3 and (j) Statistical values. 
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Fig. 2(b)–(f), besides the low NO2 concentration in Feb. because of the lower traffic during Spring Festival, as shown in Fig. S2. The 
daily average concentrations of SO2, NO2 and CO have met the national air quality standard, while still some hours exceeding the daily 
PM2.5 and PM10 standards of 75 μg m− 3 and 150 μg m− 3. As shown in Fig. 2(g)–(i), the O3 pollution was commonly expressed by the 
maximum daily 8-h average concentration (MDA8) of 160 μg m− 3 as the national standard. High MDA8 concentration mostly occurred 
in Jun. and Sep., with the highest MDA8 value reached 225.9 μg m− 3 in 2021. Therefore, O3 should be given primary consideration in 
local air quality control. In terms of meteorological elements, typically subtropical monsoon climate was observed, with the highest 
temperature of 38.1 ◦C in Jul., stable wind speed of mostly slower than 2 m s− 1, as shown in Fig. 2(j). 

The average concentration of pollutants was computed on an hourly basis for further analysis in Fig. S3. The distribution of CO, 
SO2, PM2.5 and PM10 were relatively stable within each day. While that of NO2 exhibited a slight trough at 2 p.m., attributed to reduced 
vehicular emissions during non-peak hours and enhanced elimination due to intensified solar radiation [21,41]. Additionally, the 
distribution of VOCs expressed two peaks of an extremely high peak at 11 a.m. and another at 5 p.m. partially resulting from sufficient 
plant activity and industrial emission. Similar with other typical distributions [15,21], the O3 concentration reached its maximum, 
which peaked at 15:00 and recorded at 93 μg m− 3 averagely in Dixin site in 2021, due to photochemical reactions, and subsequently 
declined. 

3.2. Simulation and importance identification 

The formation of O3 can be influenced by numerous factors, such as coexisting ambient pollutants and meteorological elements. RF 
model was trained to predict the concentration of O3, which is driven by observation data of its influencing factors. The model was 
optimized by parameters of trees and leaves. Due to the refined monitoring data and the strong adaptability of RF algorithm, 
comparing to other studies [26,42], the built model demonstrated exceptional performance and generalization ability, as shown in 
Fig. S4, with R2 values of 0.975, 0.945, and 0.946 for the training set, test set, and verification set respectively. 

Based on the optimized parameters, 200 times of RF training were conducted, and the importance evaluation of each training was 
extracted, as shown in Fig. 3. The distribution of importance evaluation exhibited a relatively consistent pattern. By sorting the average 
importance of the 200 times training, NO2, RH and T were identified as the top 3 important factors, while interestingly, the importance 
of VOCs on O3 prediction was weak. In comparison with other studies, notably high contributions of RH and T were observed in the 
Yangtze River Delta and North China Plain regions in China, respectively [43]. 

3.3. O3 formation sensitive factors 

In order to ascertain the importance on predicting O3 concentration, the Pearson correlations among the monitored factors were 
computed, as depicted in Fig. 4(a). Similar to the importance evaluation, the top 3 highest correlations with O3 concentration observed 
for NO2, RH and T; however, they exhibited different sort of − 0.55, 0.44 and − 0.42 for RH, T and NO2. Similar important factors were 
also observed in other areas [20,44]. 

Fig. 3. Importance identification distribution of 200 times of RF training.  
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Less correlation was revealed in VOCs to both other factors and O3 concentration. The lack of correlation of VOCs can be attributed 
to the diverse of VOCs sources, the variational concentration distribution of VOC species and the discrepant chemical reactivity of 
individual VOC species. Incidentally, SO2 revealed a negative correlation of − 0.41 to RH, due to its characteristic of solubility and 
reactivity with H2O. NO2 had positive correlations to PM2.5 and PM10, since NO2 also acts as one of the precursors of secondary 
particles. 

Additionally, the scatter distribution of O3 to the top 3 factors and VOCs were further analyzed, as shown in Fig. 4(b). The 
occurrence of high O3 pollution is predominantly associated with meteorological conditions characterized by elevated temperatures 
above 15 ◦C and RH ranging from 20 % to 70 %. Furthermore, extremely high O3 are primarily observed under more stringent 
conditions, with high temperatures exceeding 30 ◦C and RH levels ranging from 30 % to 60 %. 

The correlation between O3 and VOCs was found to be negligible, whereas a strong correlation was observed between O3 and NO2, 
indicating that the concentration of O3 is more sensitive to changes in atmospheric NO2 concentration than VOCs. As the concentration 
of NO2 decreases, the O3 concentration is more likely to increase. Furthermore, high concentrations of O3 were predominantly 
observed when the NO2 under a concentration within 10 μg m− 3 and 30 μg m− 3. Besides, the O3 concentration effected by T and RH 
was further investigated by setting other variables at average values in RF model. As shown in Fig. 4(c), the O3 concentration revealed 
obviously changes to RH and T. The concentration of O3 increased with the increase of T. Meanwhile, when RH is lower than about 40 
%, the change in O3 concentrations shows limited. The O3 concentration decreases with the increase in RH, at moderate RH between 
40 % and 70 %. Interestingly, the O3 concentration remains relatively low and appears to be less influenced by RH and T when the RH 
exceeds 70 %. 

The dominant influence of VOCs and NO2 on O3 formation among ambient pollutants has been consistently demonstrated in 
numerous studies [45–47], but the results in Figs. 3 and 4 showed that VOCs expressed less importance and correlation to O3. Ac-
cording to the basic photochemical reactions, the change in O3 concentration is not only controlled by the absolute concentrations, but 
also the relative reactivity of the precursors [48]. Different ratios can be indicator to infer the sensitive of O3 concentration on pre-
cursors, such as NOy, HCHO/NOy, HCHO/NO2, VOCs/NO2 [49–51]. When the VOCs/NO2 ratio is low, the reaction between OH 
radical and NO2 is predominant, while O3 generation is highly influenced by VOCs that belongs to VOCs-sensitive region. Conversely, 
O3 is more sensitive to NO2 as the NO2-sensitive region, with the O3 contour ridge of 5–11 for volume fraction [41,52,53], or about 
8–22 for mass fraction [54]. However, the judgement of the transition from different sensitive zones varies across regions because of 
the different background atmospheric conditions [47,55]. Overall, the sensitivity is determined by the extent of changes in O3 con-
centration induced by the precursors. Thus, considering the significant affection of the ratio of VOCs and NO2 on O3 concentrations, 
this ratio was calculated and visualized in probability density figure, as shown in Fig. 5(a). The ratio of VOCs/NO2 is predominantly 

Fig. 4. Distribution of O3 to sensitive factors by (a) Pearson correlation, (b) Scatter distribution and (c) Contour distribution.  

Fig. 5. The distribution of the ratio of VOCs and NO2 by (a) the probability distribution and (b) the scatter distribution related to O3 and NO2 
concentration. 
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centered around 13.0 and averagely of 28.3, indicating the local atmospheric condition most likely belonged to transition zone [41,53, 
56], together with some extremely high VOCs conditions. 

As to the relation among the ratio, NO2 and O3, as shown in Fig. 5(b), when the concentration of NO2 reached a sufficiently low 
level under about 20 μg m− 3, as shown in Fig. S4, the ratios exhibited a higher trend compared to conditions with higher level of NO2 
concentration. The ratio exhibited a clear decreasing trend with increasing NO2 concentration. Moreover, severer O3 pollution, 
exceeding 200 μg m− 3 for instance, were often observed within two distinct ratio ranges of 9.5–26.3 and 99.8–251.6. 

3.4. O3 response to precursors 

Considering the complex interaction between O3 and precursors, as well as the different meteorological affection. The individual 
affection influence of precursor on O3 concentration was simulated by the optimized RF model controlling other factors under a fixed 
atmospheric condition. 

In order to elucidate the regulatory mechanisms behind elevated O3 concentrations during daytime and enhance the accuracy of 
prediction simulations, investigations into O3 formation mechanisms were conducted specifically at 15:00, which represents the daily 
average peak time according to the analysis on the distribution of daily O3 concentration. Therefore, the concentrations of O3 were 
simulated at different levels of NO2 and VOCs with the optimized RF model, controlling consistent mild atmospheric conditions at 
average levels of meteorological elements and other pollutants concentration, that is, 2 μg m− 3, 0.5 mg m− 3, 13 μg m− 3 and 20 μg m− 3 

for the concentration of SO2, CO, PM2.5 and PM10, at T of 26 ◦C, P of 1007 Pa, RH of 50 %, WD of 225◦ and WS of 0.7 at time of 15, as 
shown in Fig. 6(a). The concentrations of O3 were generally at a moderate degree under average atmospheric conditions and exhibited 
relatively stability at a certain NO2 concentration while showing slight fluctuations with VOCs concentrations. The fluctuations caused 
by the variation in VOCs were higher compared to those caused by changes in NO2, thereby elucidating the observed correlation 
between VOCs and O3 at low NO2 concentration levels. However, when NO2 concentration was higher, the O3 concentration decreased 
despite the change in VOCs concentration, resulting the weak correlation between VOCs and O3. Interestingly, there were another 
stability O3 concentration with the NO2 concentration between 18 μg m− 3 and 27 μg m− 3. When NO2 concentration was higher than 27 
μg m− 3, significant decrease was observed, exhibiting the strong affection of titration by NO2. Furthermore, the whole range of O3 was 
investigated by contour curves, different from the comprehensive expression of the EKMA curves, the contour curves exhibited the O3 
response to the variation of VOCs and NO2 under a certain atmospheric condition. Under mild atmospheric condition, as shown in 

Fig. 6. O3 simulation at different levels of NO2 and VOCs under (a) mild atmospheric condition and (b) high reaction atmospheric conditions.  
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Fig. S5(a), the concentration contour was almost parallel to the axe of VOCs, indicating the weak influence on O3 formation of VOCs. As 
to NO2, a negative correlation to O3 concentration was observed, and the O3 concentration remained relatively low at 20 μg m− 3 when 
NO2 concentration exceeded 60 μg m− 3. 

Then, when controlling the atmospheric under high reaction atmospheric conditions of relatively low RH at 50 % and high T at 
35 ◦C, the concentrations of O3 were simulated at different levels of NO2 and VOCs with the optimized RF model. The O3 concentration 
exhibited stronger fluctuation with both the variation of VOCs and NO2 concentrations, as shown in Fig. 6(b). The O3 concentration 
revealed an obvious elevation when VOCs concentration exceeding 110 μg m− 3 under each level of NO2 concentration. When VOCs 
concentration continually increase to 350 μg m− 3 and higher, the O3 concentration elevated slightly, indicating the oversaturation on 
VOCs concentration. Different from the monotone increasing affection of NO2 concentration under mild atmospheric conditions, the 
O3 concentration increased and then decreased in response to the increasing NO2 concentration, displaying a characteristic inflection 
point at 10 μg m− 3 under high reaction atmospheric conditions. Indicating the O3 formation and titration affection dominates the 
reactions under low and high level of NO2 concentration, respectively. 

In addition, as shown in Fig. S5(b), the contour curves revealed more complex. When VOCs concentration was low, O3 concen-
tration was controlled by NO2 due to the unsaturated VOCs, thus the O3 concentration was hardly affected by VOCs. With the 
increasing in VOCs concentration, higher O3 concentration was observed under a certain level of NO2 concentration. As to NO2, a 
significant transfer in the affection on O3 concentration was observed at NO2 concentration at 10 μg m− 3. In the view of chemical 
reaction process of the cycle among O3 and NOx [57], under high reaction atmospheric conditions, more reactive radicals produced at 
higher VOCs concentration and continuing NOx cycle at lower NO2 concentration, resulting in the acceleration in the direction of 
producing more O3. Other study also indicate a less impact of VOCs concentration on O3 compared to NOx concentrations, as well as 
different intensity of changes was observed at different NOx concentrations [35]. 

Furthermore, the atmospheric oxidant (Ox = O3 + NO2) was investigated under both the mild and high reaction atmospheric 
conditions, as shown in Fig. 7. The oxidant exhibited consistent response to the increasing in VOCs concentration of slight fluctuations 
and some elevation under the mild and high reaction atmospheric conditions, respectively, as shown in Fig. 7(a)and(b). However, the 
atmospheric oxidant acted different from O3 concentrations with the variation of NO2. The average concentrations of oxidant were 
calculated in the whole range of VOCs concentration, two peaks were observed at the NO2 concentration of 16 μg m− 3 and 27 μg m− 3. 

According to the photochemical reaction cycle of NOx (NO2 + O2̅→←̅
hv O3 + NO), the oxidant should be directly controlled by the 

emission of NOx, however, the oxidant levels were significantly higher under high reaction atmospheric conditions compared to mild 
conditions, where only RH and T varied, as shown in Fig. 7(c). Therefore, it is inferred that other oxidizing components existed, and the 
oxidizing power can be enhanced under high reaction atmospheric conditions. The affection on oxidant enhance can also be verified by 
the distribution of oxidant with variation of RH and T applying the monitoring data, as shown in Fig. S6. The oxidizing elevation 
increased 54 μg m− 3 to 77 μg m− 3 with the increasing in NO2 concentration, owning an average elevation of 68 μg m− 3 from mild to 

Fig. 7. Oxidant concentrations at different levels of NO2 and VOCs of (a) mild atmospheric condition; (b) high atmospheric condition; (c) Oxidant 
concentrations under mild and high reaction atmospheric conditions. 
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high reaction atmospheric conditions. 

4. Conclusion 

This study conducted a comprehensive 1-year analysis applying the monitoring data from a standard continuous air quality 
monitoring station in Deqing county. The O3 concentration peaked at 3 p.m., extremely high O3 concentration were primarily observed 
when T exceeded 30 ◦C, and RH between 30 and 60 %. Similar high O3 concentration conditions were reported in other systems [44]. 
Then, an optimized RF model was developed with exceptional performance in comparison to other O3 prediction studies conducted in 
Tianjin and Zhejiang [35,44]. The importance analysis on O3 prediction showed NO2, RH and T were the top 3 important factors. 
Compared to the Pearson correlations results that the same top 3 highest correlations with O3 concentration, but sorted differently of 
− 0.55, 0.44 and − 0.42 for RH, T and NO2. Indicating O3 concentration have better linearly relationship to RH and T, while stronger 
nonlinearly relationship to NO2. Besides, VOCs with weak importance also revealed almost no correlation to both other factors and O3 
concentration. Another study carried out in Hangzhou also observed relatively low importance of VOCs concentration, as well as ozone 
formation potential and propene equivalent concentration [58]. 

The superiority and the efficacy of ML approaches in capturing the nonlinearity response of ozone to influential pollutants and 
meteorological factors have been demonstrated. By constraining the variable of time at 15:00 to figure out the formation mechanism 
under daily peak conditions of O3 concentration, and setting the meteorological parameters under relatively stable conditions to 
weaken the influence from regional transport and diffusion, the response regulations were then examined using RF prediction under 
different precursor conditions. Under mild atmospheric conditions, at low NO2 concentration levels, the fluctuations caused by the 
variation in VOCs were higher compared to those caused by changes in NO2, thereby elucidating the observed correlation between 
VOCs and O3. When NO2 concentration exceeded 27 μg m− 3, significant decrease of O3 concentration was observed, exhibiting the 
strong affection of titration by NO2. Under controlled and consistent high reaction atmospheric conditions, the O3 concentration 
revealed an obvious elevation when VOCs concentration exceeded 110 μg m− 3, and subsequently remained at relatively high level 
beyond 350 μg m− 3. The O3 concentration displayed a characteristic inflection point at NO2 concentration of 10 μg m− 3, indicating the 
O3 formation and titration affection dominates the reactions under low and high level of NO2 concentration, respectively. More 
reactive radicals produced at higher VOCs concentration and continuing NOx cycle at lower NO2 concentration, resulting in the ac-
celeration in the direction of producing more O3. In addition, the oxidant levels were significantly higher under high reaction at-
mospheric conditions compared to mild conditions, suggesting the presence of other oxidizing components and an enhanced oxidizing 
power. Besides, the oxidizing elevation exhibited an average elevation of 68 μg m− 3 from mild to high reaction atmospheric conditions. 
In conclusion, the local atmospheric conditions mostly belonged to NOx-sensitive and transition zone; the significant different O3 
response to variation of VOCs and NOx concentration between mild and high reaction atmospheric conditions, as well as the existing of 
oxidant elevation should be considered in local air quality control. 

Moreover, given the escalating volume of data on pollutants and meteorological elements monitoring, efficient data analysis as-
sumes increasing significance in uncovering profound patterns. The ML techniques applied in this study presents significant advan-
tages in the realm of monitoring data visualization and the exploration of interrelationships during O3 formation process. The 
formation of daily O3 concentration peak varies with atmospheric conditions, but thanks to the comprehensive atmospheric moni-
toring network, and the utilization of only basic hourly monitored variables, this technique can be effectively implemented across 
different scales. Then, the findings can contribute to supplementing and enhancing the understanding of the local O3 formation 
mechanism in a complex environment, as well as supporting an intuitional, rapid, and precise understanding on O3 response for 
pollutants emission control. 
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