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ARTICLE INFO ABSTRACT
Keywords: Industrial parks have more complex O3 formation mechanisms due to a higher concentration and
Ozone formation rules more dense emission of precursors. This study establishes an artificial neural network (ANN)

Sensitivity and response analysis
Maximum incremental reactivity
Artificial neural network

model with good performance by expanding the moment and concentration changes of pollutants
into general variables of meteorological factors and concentrations of pollutants. Finally, the O3
formation rules and concentration response to the changes of volatile organic compounds (VOCs)
and nitrogen oxides (NOx) was explored. The results showed that the studied area belonged to the
NOx-sensitive regime and the sensitivity was strongly affected by relative humidity (RH) and
pressure (P). The concentration of O3 tends to decrease with a higher P, lower temperature
(Temp), and medium to low RH when nitric oxide (NO) is added. Conversely, at medium P, high
Temp, and high RH, the addition of nitrogen dioxide (NO,) leads to a larger decrease capacity in
O3 concentration. More importantly, there is a local reachable maximum incremental reactivity
(MIRy) at each certain VOCs concentration level which linearly increased with VOCs. The general
maximum incremental reactivity (MIR) may lead to a significant overestimation of the attainable
O3 concentration in NOx-sensitive regimes. The results can significantly support the local man-
agement strategies for O3 and the precursors control.

1. Introduction

The implementation of strong policies and harsh measures has significantly improved the total ambient air quality in China.
However, ambient ozone (O3) pollution is still increasingly severer [1,2], exerting significant impacts on human health and the at-
mospheric environment [3]. It is generally recognized that volatile organic compounds (VOCs) and nitrogen oxides (NOx) are the two
dominant precursors [4]. However, the secondary photochemical conversion of VOCs and NOx are nonlinear and influenced by several
spatial-temporal heterogeneity factors [1,5], as well as complex affection from meteorological factors [6,7]. Consequently, the
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underlying mechanisms governing O3 pollution remain unclear. Therefore, in recent years, the focus has shifted from particle control
to cooperative control for air quality improvement. Moreover, the efficient cooperative control of the pollution of VOCs, NOx, and Os is
an important challenge to serve “ecological civilization construction” and achieve a “beautiful China”.

Meanwhile, the State Council requires governments at all levels to promote the action of withdrawing from the city and entering the
park, resulting in enhanced production concentration within these parks alongside intensified pollutant emissions [8-11]. The at-
mospheric condition in industrial parks is different with that in relatively low polluted areas, due to the characterization of small-scale,
dense enterprises and various chemical and complex production processes [12-14], as well as the intermittent and fugitive emissions
of VOCs [15,16] and the inevitable emissions of NOx [17,18], resulting in more complex in O3 formation rules [19].

Previously, many studies have been carried out to explore the mechanism of O3 photochemical conversion, particularly focusing on
the ozone formation potential (OFP) and Empirical Kinetic Modeling Approach (EKMA) curve theory, which are widely applied in
macro control of Og precursors [20]. Additionally, the observation-based model (OBM) utilized relative incremental reactivity (RIR) to
simulate the O3 response to the change of individual precursors [21]. Many interesting phenomena were found. Reducing anthro-
pogenic VOCs is the most efficient way to mitigate O3 pollution; additionally, the missing peroxy radical source will further extend
NOx-limited conditions to the earlier time in a day [22,23]. With a comprehensive 1-D model of the Master Chemical Mechanism
(MCM), the photolysis of the oxygenated volatile organic compounds (OVOC) was found to be the largest free-radical source in the
boundary layer [19]. However, the macro control mechanisms encounter challenges in supporting atmospheric pollution prevention in
industrial parks, as the application of the maximum incremental reactivity (MIR) theory may lead to an overestimation of O3 pollution
since the atmospheric conditions are mostly not the best for O3 incremental reactivity. Keding Lu [24] reviewed that the chemistry for
high VOCs and low NOx conditions are still insufficient. Hence, the actual atmospheric environmental conditions should be considered
for studying O3 formation rules and a quick response of control strategies to O3 pollution in industrial parks [25]. Therefore, the impact
of precursors on the O3 formation process and the sensitive response of the precursors concentration change to O3 formation in industry
parks with high pollutant concentrations are still eager to discover.

Machine learning, which has the advantages of fast convergence speed, strong adaptability of prediction fragments, high precision,
and low cost, is increasingly applied for processing large amounts of atmospheric monitoring data [26-28]. Deep learning networks,
random forest (RF), support vector machines, and ensemble approaches have shown high performance, especially for air quality and
PM concentration prediction [29-34]. Input variables, are one of the key problems in machine learning, directly affecting the
complexity and generalization ability of prediction models. The conventional meteorological parameters and air pollution monitoring
species are generally used for O3 concentration prediction. Furthermore, some studies added other relative variables such as OFP, dew
point, and direct solar radiation time, with algorithms like RF, minimum optimization variables, and recurrent neural network (RNN)
to predict O3 concentration [35,36]. However, other important information, such as sunlight and industrial production intensities, is
still excluded. The moment carries some information related to diurnal-varied factors related to sunlight and industrial production
intensity to a certain extent. Additionally, the pollutant concentration variation carries the information in the change of time series,
especially in the record of the sudden exhaust from industrial sources [30].

In this study, one-year monitoring data of meteorological parameters and pollutants, in 2018, in a typical chemical industrial park
were applied. The variables of the moment and concentration changes of pollutants were added to build an expanded dataset. An
optimized Artificial Neural Network (ANN) model was built to explore the mechanism by controlling variables and interpolating target
variables within the simulation space. Furthermore, O3 formation rules and its response to the concentration change of VOCs and NOx
were explored individually. The results strongly support the rapid, comprehensive, and accurate control of air pollution in industrial
parks.

2. Methods
2.1. Datasets

The ZhaPu chemical industrial park (ZP Park) is a provincial-level economic development zone, which located in the southern
Yangtze River Delta with four distinct seasons. ZP Park is dominated by bulk chemical materials, metal products, warehousing, and
logistics with sound industry chain and large industrial scale, selected as the top 10 chemical parks in China. The park exhibits a typical
industrial pollution characteristic due to the presence of densely distributed industrial emission sources and their high intensity
emissions. Therefore, this park suffers from O3 pollution due to the high VOCs and NOx concentration by industrial and transportation
emissions.

In 2018, continuous automatic monitoring data of meteorological parameters and pollutants were collected from the monitoring
site. The monitoring data was extracted from the Automatic Ambient Air Monitoring Site located in ZP Park, which serves as a local
atmospheric management facility. The testing equipment is subject to routine maintenance and monitoring in accordance with na-
tional guidelines. The meteorological parameters included temperature (Temp), pressure (P), relative humidity (RH), wind speed
(WS), and wind direction (WD), monitored by the WS500-UMB weather system. As to the pollutants, VOCs were monitored by gas
chromatography—mass spectrometry with flame ionization detection, 70 species was monitored with the detecting limit of 0.15 ppb
[37]; nitric oxide (NO) and nitrogen dioxide (NO3) were monitored by NO-NO,-NOx gas chemiluminescence analyzer method limited
by 0.4 ppb; PMy 5 was monitored by p-ray particle concentration tester applying gas filter correlation analysis method with the
detecting limit of 0.004 mg m~>; CO was monitored by CO gas analyzer limited by 0.04 ppm, and O3 was monitored by ultraviolet
absorption spectrophotometry limited by 0.05 ppb. PM; 5 was included since most studies have explicitly pointed out its negative
correlation to O3. CO was also discovered to participate in atmospheric oxidation-reduction reactions. The moment of 0-23 was also
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compiled as a feature for the extension of the initial dataset. Furthermore, all concentration changes of pollutants, also as the extension,
were calculated by the concentration difference at the next and the current hour, as shown in Eq. (1).

AC[J =Lir1 — C[,t (1)

where C; .1 and C; refer to the concentrations of pollutant i at moments t+1 and t, respectively. AC; . refers to the concentration change
of pollutant i at the moment ¢.
Thus, an expanded dataset D, was compiled in Eq. (2) as follows:

De:{(xnvyn)}wxn:(xnlyanv"'s-xnd) 2)

where, x, refers to a d-dimensional vector containing variables of the moment, Temp, P, RH, WS, WD, concentrations, and the change
of concentrations of VOCs, NO, NO5, PM3 5, and CO. d = 16 in this study. n refers to the 8651 samples in this study. y, refers to the
corresponding value of O3 concentration.

Simultaneously, the general dataset Dy was also compiled with the variables of concentrations of VOCs, NO, NO,, PM; 5, CO, and
meteorological parameters of Temp, P, RH, WS, and WD in Eq. (3) as follows:

DL’:{(‘x;ﬂy“)}7x’y,:(xnl>xn27""7xn1) (3)

where, x;l refers to an I-dimensional vector containing the variables of Temp, P, RH, WS, WD, and concentrations of VOCs, NO, NO,,
PMjy 5, and CO. [ = 10 in this study.

2.2. ANN model

The ANN model is particularly well suited to dealing with nonlinear problems [38,39]. It is an extensive, parallel, interconnected
network composed of simple adaptive units whose organization can simulate the interaction of the biological nervous system in the
real world. In the past ten years, ANN has made significant progress and solved many practical problems, including pattern recog-
nition, intelligent robot, automatic control, and forecast estimates. In this study, Bayesian regularization back propagation was applied
for training, which updates the weight and bias values according to Levenberg-Marquardt optimization. Additionally, it modifies the
linear combination of squared errors and weights to enhance generalization capabilities.

The training was executed by dividing the expanded and general datasets D, and Dy, respectively, into three parts of 0.7 training set,
0.15 test set, and 0.15 validation set. The 3-layer networks of x, and x,, served as the input layer and y, served as the output layer. After
optimizing the parameters, the number of neural units in the hidden layer was adjusted. The simulation performances [3,18] of the
finally optimized ANNs were evaluated by R-square (R2), mean squared error (MSE), mean absolute error (MAE), and the sum of
squares due to error (SSE), as shown in Egs. (4)-(7). A good simulation performance implies that R? and the rest evaluation parameters
are close to 1 and 0, respectively.

n

-5
R=1- @
> (0,-0)°
j=1
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where, O; and S; refer to the observed and simulated concentrations of O3, respectively. O refers to the average observed concentration
of 03.

2.3. Reactivity and sensitive analysis
Incremental reactivity (IR) is used for investigating the influence of the change of the concentrations of VOCs and NOx on O3

formation [40]. The IR of O3 concentration for unit concentration changes of NOx and VOCs were calculated to normalize the in-
crements of the concentrations of VOCs and NOy, according to Eq. (8) and (9).
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where IRyox and IRyocs refer to the IR of O3 concentration for unit concentration changes of NOx and VOCs, respectively.

3. Results and discussion
3.1. Distribution characteristics of variables

Due to the complicated rules of O3 formation, there is significant uncertainty in the prediction of the conditions that are out of the
feature space but are of high performance within the prediction fragment. Meanwhile, the samples collected from the local monitoring
site contained the most locally occurring conditions. Therefore, initially, a comprehensive distribution analysis was conducted to
determine the feature boundary for exploring the O3 formation rules within an appropriate simulation space with high accuracy.

The simulation data characterization was systematically analyzed through various forms of visualization. As shown in Fig. 1(a), the
distributions for Temp, RH, and P ranged from —4.30 °C — 36.25 °C, 21.77%-100%, and 98.51 kPa-103.49 kPa, respectively, with the
most frequent values of 28.14 °C, 100%, and 101.845 kPa. Additionally, considering a particular RH condition of 100%, another peak
of 85.92% was applied as another frequent condition in this study. Additionally, the dominant WD and average WS were east and 2.83
ms L, respectively, as shown in Fig. 1(b). As shown in Fig. 1(c), a relatively strong negative correlation of —0.86 was identified
between Temp and P. Additionally, the distributions of Temp, P, and RH were color-coded based on O3 concentration levels. The
analysis revealed higher concentrations of O3 occurred more frequently at elevated Temp, lower P, and moderate to low RH.

For atmospheric pollutants, as shown in Fig. 2(a). The probability density distributions of VOCs and NO exhibit a high frequency at
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Fig. 1. The distribution of meteorological parameters. (a) The distributions of probability density for Temp, RH, and P; (b) Windrose of WS and WD;
(c) Scatter distributions among Temp, P and RH to O3 concentration.
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low concentrations with a long-range tail, indicating that the general concentrations of VOCs and NO are not high. However,
instantaneous spikes in concentration may occur due to industrial emissions. The most frequent concentrations occurred at 0.0117,
0.0547, 0.0203, and 0.595 mg m~2 of NO,, O3, PMs 5, and CO, respectively.

Additionally, the distributions were analyzed in pairs. The general distributions of VOCs to NO, NO, and NOx revealed a typical “L”
style with dominant distribution in two areas: low VOCs with a large range of NOx and low NOyx with a large range of VOCs. The
concentrations of VOCs were handled by natural logarithm operation for better visuality, as shown in Fig. 2(b) a relatively high O3
concentration most frequently occurred at the atmospheric condition of low NOx with a large range of VOCs. Thus, it was inferred that
the O3 pollution was more sensitive to NOx, and the ZP Park could be qualitatively termed as a NOx-sensitive area.

The impact of meteorological parameters on pollutant concentrations necessitated an examination of the spatial distribution
patterns of key O3 precursors based on these parameters, as shown in Fig. S1. According to the given analysis, the distributions of those
variables are listed in Table 1. The base values were set on the basis of high frequency and average orderly. Finally, the base values of
VOCs, NO, NO3, PM; 5, and CO were set at 1.00 mg m~3,0.010 mg m~3,0.012 mg m~3,0.020 mg m~3, and 0.600 mg m~3, respectively.
In consideration to the formation conditions of Os, the base value of the moment was set to 12 o’clock. The meteorological parameters,
WD, Temp, RH, and P, were set at the highly frequent 90°, 28 °C, 100/86%, and 101.85 kPa, respectively. In order to mitigate wind-
induced dispersion and ensure compliance with the simulation boundary, the WS was set at 0.10 m s~ L. Furthermore, for the change of
concentration of each pollutant, the base values were uniformly set as 0.001 mg m ™ to preserve the metastable state. Consequently,
diverse simulation scenarios were established by manipulating the target variables while keeping the remaining factors at their
respective base values.

3.2. ANN models

The performance was compared by simultaneously training two ANN models with datasets of D, and Dg. The evaluation
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Fig. 2. The distribution of pollutants. (a) The distributions of probability density; (b) Scatter distributions among VOCs and NOx to Os
concentration.
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Table 1

The range and base value of main variables.
Variables Unit Average Min Max High frequency Base value
t h - - - - 12
VOCs mg-m’3 1.14 0.01 141.70 - 1.00
NO mg-m~> 0.006 0.001 0.474 - 0.010
NO, mg-n‘f3 0.027 0.001 0.154 0.012 0.012
PM mg-m’3 0.036 0.002 0.231 0.020 0.020
Cco mg-m~> 0.689 0.077 2.234 0.595 0.600
WS m/s 2.83 0.09 11.27 - 0.10
WD ° 152.811 35.518 315.561 90.000 90
Temp °C 17.757 —4.299 36.247 28.138 28
RH % 83.107 21.770 100.000 100.000; 85.919 100; 86
P kPa 101.302 98.513 103.486 101.845 101.85

parameters, RZ, MSE, MAE, and SSE, were calculated by simulating the two ANN models for 200 times, as shown in Fig. S2. The strong
model revealed better performance, with higher R?, lower MSE, MAE, and SSE than the general one. On average, R? increased from
0.901 to 0.922, with the best simulation of 0.926-0.946, respectively. Additionally, the decrease in MSE and MAE was 11.8% and
12.6%, respectively. The average decrease of SSE was from 3.06 to 2.70. Therefore, the addition of moment and the change of con-
centration of the key pollutants is related to the O3 formation to a certain extent.

A strong model with relatively good performance was applied for further simulation which was validated by 5-fold cross-validation
simulation, as shown in Table S1 and Fig. S3. The evaluation parameters, R2, MSE, MAE, and SSE, were 0.944, 2.74E-4, 0.0124, and
1.898, respectively. However, for a certain O3 concentration, when the concentration is relatively low, a slight absolute bias may result
in a larger relative error, compared to high concentration. The R? values of the simulated O3 concentrations lower and higher than
0.06 mg m > were 0.900 and 0.972, respectively. The predicted concentrations of O that were lower than the 0.06 mg m > were out of
the prediction fragment and not discussed which are not the most urgent to be studied. Finally, the change of O3 concentration was
simulated and compared to the observed values. The evaluation parameters, R, MSE, MAE, and SSE, were 0.899, 6.33E-5, 5.20E-3,
and 0.438, respectively.

3.3. O3 formation rules

3.3.1. NO and NO3 to O3 formation with meteorological parameters

The O3 concentrations were predicted by the ANN model with different NO and NO, concentrations at different meteorological
levels. The values of meteorological parameters, WD and WS, were set at 90° and 0.10 m s_l, respectively, which act only on the
dispersion of pollutants. The WS was set 0.1 m s~! considering simulation space with enough samples for good prediction and low WS
to keep in a relative stable atmospheric condition. The set of 90° was according to the distribution of WD and the high frequency value
was chosen, as listed in Table 1. The detailed discussion of the remaining meteorological parameters, Temp, P, and RH, are as follows.
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Fig. 3. The O3 concentrations and concentration change for different Temp. (a) The O3 concentrations with increasing NO; (b) The O3 concen-
trations with increasing NOy; (c) The O3 concentrations change with increasing NO; (d) The O3 concentrations change with increasing NOa.
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3.3.1.1. The effects of temp. The O3 concentrations and their changes were predicted by the ANN model with different NO and NO,
concentrations at different Temp. When the Temp increased from 30 °C to 35 °C, the Os concentrations increased sharply indicating the
significant impact of Temp on photochemical reactions. As shown in Fig. 3 and S4(a), the variation of O3 concentration for different
NO and NO; concentrations at different Temp levels was relatively consistent and increased with Temp, which is consistent with the
common phenomenon [41,42]. The turning point for O3 production from elimination due to NO concentration increasing lies within a
narrow range around 32 °C. The consistent results of O3 simulation concentration changes can be attributed to the rapid chemical
reaction between NOy and Os, as well as the challenge of capturing the reaction process within the 1-h interval of original data for ANN
training. Therefore, the atmospheric condition is predominantly lie in transition zones of the positive and negative effect of NO for
Temp levels around 32 °C, respectively.

While higher NO; concentrations tend to lower the O3 concentrations across the entire Temp range. The higher Temp tends to
increase the capacity for NOy-mediated O3 elimination. However, a higher concentration of NO; results in weaker O3 elimination
capacity. Besides, Temp has a greater influence on NO, than on NO and exhibits a higher absolute incremental reactivity towards Os
elimination. The high concentration of NOy should be considered as being in chemical equilibrium.

3.3.1.2. The effects of P. The O3 concentrations and changes were also predicted by the ANN model with different NO and NO,
concentrations and P. According to Fig. 1(c), P is negatively correlated with T basically, while there are diverse pressure ranges at
specific temperatures with varying distributions of O3 concentration. Therefore, the O3 concentration was simulated at various
pressure levels under controlled temperature. Additionally, the NO concentration range was set at 0.001 mg m > — 0.02 mg m™ with
an interval of 0.001 mg m 3, The NO, concentration range was set at 0.001 mg m > — 0.154 mg m > with an interval of 0.002 mg m >,
and the range of P was set at 99.5 kPa-103 kPa to cover nearly the whole range of the original data. As shown in Fig. 4, the influence of
P on O3 concentrations is complicated, showing inconsistency for different NO concentrations. Overall, the peak of O3 concentration is
reached at 101.0 kPa, within the entire NO concentration range. Interestingly, the change in O3 concentration appeared relatively
constant with different levels of NO concentration. When P exceeds 100 kPa, the decrease in O3 concentration becomes more pro-
nounced, and this effect is further amplified at a pressure of 103.0 kPa, indicating the O3 concentration tends to decrease and exhibits a
greater capacity for reduction at high P when NO is introduced into the atmosphere. The capacity of higher pressure to decrease O3
concentrations is enhanced due to its association with improved diffusion.

The peaks of O3 concentration appear at 101.5 kPa and 99.5 kPa in the regions of low and high NO, concentrations. Additionally,
the O3 concentration decreases sharply with the increase in NO, concentration when P is larger than 101.0 kPa, resulting in high O3
concentration appearing at low NO, concentration. When a NO, concentration of 0.002 mg m > is added to each system, the O
concentration shows an overall decrease, and the capacity of decrease tends to get smaller with the increase in NO, concentration. The
impact of P on O3 concentration can be attributed in the different diffusion conditions of atmospheric and air boundary layers. Besides,
compared to the influence from Temp, that of pressure were relatively weak.

3.3.1.3. The effects of RH. The influence of RH on O3 concentrations also shows inconsistency for different NO concentrations, as
shown in Fig. 5. The O3 concentration reaches the peak at 40% within the entire range of NO concentration, while the decrease of O3
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concentration appears to be smaller for different NO concentrations when RH is higher than 60%. The O3 concentration appears to
decrease linearly with the increase in NO concentration when RH is 60%. Additionally, when the RH reaches saturation, the Os
concentration distribution turns gently inconsistent. The O3 concentration tends to decrease and has a larger decrease capacity at
medium to low RH by adding NO into the atmosphere. Furthermore, a smaller interval of RH in the range of 32%-50% was inves-
tigated, as shown in Fig. S5. The O3 concentration shows a very small decrease with the increase in NO concentration with the peak
appears at 40% and 32% for lower and higher NO concentration, respectively. The O3 concentration also decreases with the increase in
NO; concentration, and the decrease is sharper for higher RH. When NO; concentration is lower than 0.11 mg m~3, the decrease
becomes larger with RH. However, it is the opposite for NO, concentration higher than 0.11 mg m™°.

3.3.1.4. The combined effects of RH and P. Since the O3 formation rules by RH and P [43] are complex, the precursors with different
concentration levels showed different affection on O3 concentration under different RH and P conditions, the joint analysis of RH and P
was conducted. The combined effects on O3 concentrations were further analyzed by fixing other variables at general levels, as shown
in Fig. S6(a). The contour chart is a convenient visual method for quickly estimating O3 concentration based on real-time conditions.
The high O3 concentrations centers at the lower left area, which show a certain extent of skewing at different NOx concentrations.
Therefore, lower P and lower or median RH result in higher O3 concentrations. The contour curves show fluctuation to a certain extent
which may be due to factors that have not been considered in this study, like solar radiation intensity and cloud age [44-46].

Additionally, the combined effects between RH and Temp were also calculated, as shown in Fig. S6(b). The O3 concentrations
reveal consistently located at top right corner of high RH and high Temp, and the increase in O3 concentrations become sharper at
higher Temp. For the combined effects between P and Temp, RH at 100% and 86% were both evaluated, as shown in Fig. S6(c) and (d).
When Temp is higher than 30 °C, the O3 concentrations increase sharply which effect little by P.

3.3.2. VOCs-NO; to Oz formation with meteorological parameters

The O3 concentrations reflected with the concentration changes of VOCs and NO;, at different atmospheric conditions is a complex
process [47]. Although the concentration of VOCs is a complex variable, containing many species with different chemical reactivity,
the applied model showed good simulation performances with VOCs due to the relatively stable industrial structure in a mature in-
dustrial park. The contour curves of O3 concentration at each condition were plotted within the local concentration ranges of VOCs and
NO,. Unlike the EKMA curve [48], which expresses the O3 isopleth corresponding to different concentrations of VOCs and NOx based
on photochemical reaction and meteorological diffusion on a certain day [22], the contour curves express the general performance at a
certain Temp, RH, P, and relatively stable atmospheric conditions. Significantly, since the concentration range of VOCs is much larger
than that of NOy, the O3 isopleths are almost intuitive and may be more suitable for controlling local Os. Furthermore, the O3 isopleths
are intuitively relatively consistent for different concentrations of VOCs and NOy, indicating that the local O3 concentration in the area
was controlled mainly by NOx concentration in the simulation space. Furthermore, each contour figure was converted to an arrow
directing to the increase in Og concentration. As shown in Fig. S7, the contour curves of O3 concentration at different Temp levels with
100% RH and 103 kPa P were also integrated below the arrows. There is a relatively strong influence of RH and P on the sensitivities of
VOCs and NOy, with limited impact from Temp. Under lower RH conditions of 20% and 50%, the O3 concentration exhibited
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sensitivity to NOy, decreasing as NOx concentration increased.

The nonlinear and inter-effected relationships of VOCs and NOx on Og pollution are complicated [4,49]. The influence of VOCs and
NOx on O3 pollution was investigated at high-frequency meteorology and high O3 concentration conditions. The high-frequency
meteorological conditions refer to the meteorological conditions that mostly likely to occur, which were built with high-frequency
meteorological elements of Temp, P, and RH, setting at 28 °C, 101.85 kPa, and 100%, according to the distribution of each vari-
able and the high frequency value. However, the Temp, P, and RH are set at 34 °C, 103.00 kPa, and 100%, respectively, for high O3
concentration conditions based on O3 concentration analysis above. The O3 concentration is strongly sensitive to NO5 for both con-
ditions, as shown in Fig. 6(a) and Fig. 6(b), which increased with the decrease in the concentration of NOy, as the vertical coordinate of
the concentration of NOx was smaller than the horizontal coordinate of the concentration of VOCs with orders of magnitude. A more
detailed analysis has been discussed further with the contour curves at high-frequency meteorology and high O3 concentration con-
ditions based on the simulation results of the ANN models for further exploration.

IRNox and IRyocs were calculated based on simulation results. Though the IRyo, and IRypcs were calculated with the predicted
concentrations of pollutants, considering the enough samples and distribution analysis of each variable, the ANN model revealed high
performance in both the train set and test set. Thus, the predicted concentrations of pollutants were under control, so were the
calculation of IRyox and IRyocs. Since the variables were controlled for O3 concentration prediction, the IRyox and IRyoc;s reflect the Og
increasing capacity of NOx and VOCs individually.

3.3.2.1. High-frequency meteorology conditions. Further analysis found that the changes of IRyo, and IRyocs were relatively consistent
for different concentrations of VOCs at high-frequency meteorology conditions. Therefore, IRyox and IRyocs were plotted for different
concentrations of VOCs. As shown in Fig. 7(a), IRyox of different concentrations of NOx, in the range of 0.001 mg m >3- 0.147 mgm 3
at different concentrations of VOCs, were calculated. The IRyox values were consistently negative, ranging from —4.42 to —0.41,
indicating that even a slight reduction in NOx could lead to an increase in O3 concentration. These findings suggest that the atmo-
spheric conditions fall within the NOx-titration region [50]. Additionally, IRyox increased with the increase in the concentration of
NOx and showed little difference at different concentrations of VOCs. The range of IRyox became slightly larger with the increase in
concentrations of VOCs from (—4.1 ~ —0.41) to (—4.42 ~ —0.51). Hence, IRyNox Was almost controlled by the concentration of NOx,
corresponding to the total reaction, NO3 + O3 hv, RNO + Os.
<

Meanwhile, IRyocs also showed a relatively constant trend for different concentrations of VOCs and a weak positive effect on O3
concentrations in the range of 4.32E-4 — 2.33E-3. However, the change in the range of IRyocs was narrower with the increase in the
concentrations of VOCs. Moreover, for each concentration of VOCs, the results showed a minimum IRyoc;s, located in the range of
concentrations of NOx between 0.041 mg m > to 0.049 mg m 3. Though the peak of IRyoc; increased with the increase in the con-
centrations of VOCs, the maximum IRyoc;s was still limited at a lower level. Interestingly, the minimum IRyoc; expressed a strong linear
relationship with the concentrations of VOCs for R?, reaching 0.99995, as shown in Fig. 7(b) and 8(a). Therefore, a minimum in-
cremental reactivity (MinIR) exists at certain concentrations of VOCs for different concentrations of NOx. MinlIR linearly increases with
the increase in the concentrations of VOCs.

Furthermore, comparing IRyocs and IRyoy can explore the sensitivities of VOCs and NOx on Os formation. The trends between
IRyocs and IRnoy are also relatively constant at different concentrations of VOCs. Therefore, the curves were shown at intervals of
concentrations of VOCs for better visibility, as shown in Fig. 7(c). Since the absolute value of IRyoy is much larger than IRy, the ratio
of IRyocs to IRNox Was in the range of —5.17E-3 — (—1.28E-4). Therefore, the studied area belongs to a NOx-sensitive region at high-
frequency conditions, which is consistent with the previous analysis of distribution characteristics.

However, the concentrations of VOCs and NOx do not imply that the emission control of NOx should be prioritized over the
emission control of VOCs. On the contrary, the concentrations of VOCs are at a relatively high oversaturation level, so more effort
should be focused on their control. Additionally, higher concentrations of VOCs resulted in higher IRyo¢s. IRyocs had a relatively lower
effect on O3 concentration when IRyo, was located between 0.033 mg m~3-0.037 mg m~3. The higher concentrations of NOx revealed
a higher absolute ratio of IRyocs to IRyox for certain concentrations of VOCs, as shown in Fig. 8(b).

3.3.2.2. High O3 concentration condition. The changes of IRyo, and IRyocs were relatively consistent for different concentrations of
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Fig. 6. The isopleths of O3 concentration. (a) at high frequent meteorology condition; (b) at high O3 concentration condition.
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VOCs at high O3 concentration conditions. As shown in Fig. 7(d), IRyox is smaller than 0, in the range of —8.61 — (—1.44), which is
relatively higher than that in high-frequency meteorology conditions. Therefore, this implies that despite the presence of a high O3
concentration, NOx exhibits a relatively stronger titration effect on O3 levels. Moreover, unlike the high-frequency meteorology
conditions, the increase in IRyo, Was not simple, but a peak and a valley existed in each curve. At different concentrations of VOCs, the
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peaks occurred for the concentrations of NOx in the range of 0.017 mg m ™~ — 0.021 mg m™°. Additionally, the occurrence point shifted
slightly to the higher concentrations of NOx, and IRyoy increased with the increase in the concentration of VOCs. Meanwhile, a valley
was observed in the concentration of NOx ranging from 0.039 to 0.063 mg m 2. Hence, it can be inferred that the reactions under high
O3 concentration conditions were more complex than at the high-frequency meteorology conditions, which may process different
photochemical reactions.

IRyoc;s also showed a relatively constant trend for different concentrations of VOCs and a weak positive effect on O3 concentrations
in the range of 3.06E-3 - 9.33E-3. However, the change in the range of IRyo¢s; was larger with the increase in the concentrations of
VOCs. Interestingly, for each concentration of VOCs, the results showed a maximum IRyc;, located in the concentration range of NOx
between 0.065 mg m~3-0.081 mg m~3. Moreover, the maximum IRyocs expressed a straight linear relationship with R? equal to 0.979
and a strong linear relationship with the concentration of VOCs as R? reached 0.99998, as shown in Fig. 7(e) and 8(c). Therefore, it can
be inferred that high concentrations of O3 lead to the existence of a local maximum incremental reactivity (MIRy) for different levels of
NOx at specific concentrations of VOCs. Furthermore, MIR|, exhibits a linear increase with rising VOC concentrations. The MIR|, has a
range of 8.40E-3 — 9.33E-3, significantly smaller than the general applied MIR [15,16] of each VOC species. Therefore, due to the
limited capacity of O3 formation under atmospheric conditions characterized by high VOCs concentrations, the application of MIR for
evaluating OFP may lead to a significant overestimation of O3 formation. Consequently, it is more appropriate to utilize statistically
simulated local-reachable MIRy, for a specific geographical area.

Furthermore, the comparison between IRyocs and IRyox Was analyzed. The trends between IRyocs and IRyo, Were relatively
consistent for different concentrations of VOCs. Thus, the curves were shown at the intervals of the concentrations of VOCs for better
visibility, as shown in Fig. 7(d). Since the absolute value of IRy, is much larger than IRy, the ratio of IRyocs to IRNoy is in the range
of —3.22E-3 — (—3.80E-4). Therefore, the studied area also belonged to a NOx-sensitive region at high O3 concentrations. The rela-
tionship between IRyo¢s and IRyoy is complicated for certain concentrations of VOCs, as shown in Fig. 7(f). Additionally, the ratio of
IRyocs to IRyox showed a consistent decrease with the increase in the concentrations of NOx, as shown in Fig. 8(d).

4. Uncertainty discussion and conclusion
4.1. Uncertainty discussion

The O3 pollution formation is influenced by many factors, with the VOCs and NOx as the dominant precursors and the warm
weather and low WS as major meteorological factors [51,52]. The ANN model showed a good simulation performance in many data
disposal fields and prediction of O3 formation [53,54]. However, in comparison to the ground-based monitoring of pollutant con-
centrations, the simulated O3 concentration from ANN still exhibits some disparities, partly attributable to uncertainties in observa-
tions, simulation parameter settings, assumed factors influencing O3 formation, and simulation ranges. Another portion was derived
from the primary dataset, though most affection factors were taken into consideration. There were still other factors out of the primary
dataset, such as solar radiation intensity, cloud cover, and also the chemical reactions of different VOC species.

There are many approaches to keep the uncertainties under control, which are as follows.

(1) For better simulation performance: The data from local hourly monitoring for a year were applied to afford enough samples for
training the ANN model. The input variables were expended with the moment and the concentration changes of pollutants in
each sample. Additionally, the evaluation parameters, R%, MSE, MAE, and SSE, were calculated to control the performance of
the trained model.

(2) For the accuracy of simulation results: The distribution characteristics were analyzed before application in mechanism
exploration, to ensure that the simulation was within the variable space of enough original samples due to the complexity of the
O3 formation process. Additionally, the meteorological factors were set relatively stable atmospheric conditions and consistent
within the variable space.

4.2. Conclusion
Based on the controllable uncertainty simulation, some credible conclusions that can be drawn are as follows.

(1) The ANN model demonstrated superior simulation performance for all evaluation parameters of R%, MSE, MAE, and SSE by
incorporating the variations in moment and concentration of pollutants with respect to general meteorological factors and
pollutant concentrations. R? value increased from 0.901 to 0.922, MSE and MAE decreased by 11.8% and 12.6%, respectively,
and SSE decreased from 3.06 to 2.70, averagely.

(2) The local atmospheric conditions were characteristic of a NOx-titration region, where elevated Temp levels enhanced the
photochemical reactions. These reactions exhibited an increasing trend with the increase in Temp and became significant when
the Temp exceeded 30 °C. Furthermore, higher Temp tended to enhance the capacity of NO, for O3 elimination, while elevated
concentrations of NO5 lead to a reduction in the capacity of eliminating Os. Therefore, the concentration of O3 tends to decrease
and exhibits a greater capacity for reduction at high P, low Temp, and medium to low RH when NO is introduced into the
atmosphere. However, the O3 concentration also tends to decrease and demonstrates a larger potential for reduction at medium
P, high Temp, and high RH when NO, is added to the atmospheric mixture. The sensitivities of VOCs and NOx on O3 formation
were significantly influenced by RH and P.
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(3) The IRyqc;s exhibited significantly lower levels compared to the IRyoy in this highly VOCs-polluted region. Under high-frequency
meteorology conditions, elevated concentrations of VOCs led to increased levels of both IRyo¢s and IRyox. The MinIR exhibited a
robust linear correlation with increasing concentrations of VOCs at each NOx concentration. At high Og concentrations, despite
the presence of elevated O3 levels, NOx exhibits a relatively stronger titration effect on O3 concentration. The reactions under
high O3 concentration conditions are characterized by increased complexity compared to those occurring during high-
frequency meteorological events, potentially involving distinct photochemical pathways. The MIR;, exhibited a linear in-
crease with the concentration of VOCs at specific levels, corresponding to different concentrations of NOx. Moreover,
considering the limited O3 formation capacity of VOGs, it is noteworthy that the MIR would lead to a significant overestimation
of attainable O3 levels in NOx-sensitive regions. Therefore, the statistically simulated local-reachable MIR;, may be more
suitable and practical for NOx-sensitive regions than direct application of MIR.

According to the quantified response to the changes in meteorological elements and precursors concentrations, the established O3
formation rules can significantly support local management strategies for controlling VOCs and NOx emissions, effectively guiding
rapid responses to Os pollution and ensuring air quality.

In this study, the concentrations of VOCs were set as a singular feature, comprehensive and intuitive representations were
employed to derive relative rules by variable-controlled ANN simulation on O3 concentration. Therefore, future studies can further
employ machine learning approaches to investigate the response to continuous changes in controlled variables, aiming to effectively
control local Oz pollution and improve air quality. Additionally, it is recommended that future research extends this method to
simulate the local MIRy, of each VOC species, enabling more precise and targeted management strategies.
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