
Introduction

With the deepening of urbanization, the highly 
artificial nature of urban underlying surfaces (such 

as dense buildings and impervious pavements) and 
the concentration of human activities (such as traffic 
flow and restaurant emissions) collectively shape  
a microscale meteorological environment with 
significant heterogeneity [1, 2]. It encompasses both 
specific physical elements like streets, green spaces, and 
buildings, as well as social behavioral characteristics 
such as communities and traffic, and fluctuates rapidly 
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Abstract

Urban street microenvironments exhibit pronounced heterogeneity in both physical morphology and 
anthropogenic activity, but ozone pollution and heat stress during non-typical meteorological periods 
remain poorly understood in these microenvironments. To address this research gap, this study focused 
on the representativeness of thermal environment and pollution effects, for which two contrasting 
microenvironments were selected: (Ⅰ) an “urban desertification” area dominated by impervious 
surfaces, and (Ⅱ) a “traffic-dining” composite pollution belt. Using KZ filtering, regression, and GAM, 
we found that short-term fluctuations account for over 77% of total O₃ variance in both areas, with wind 
speed emerging as a key suppressor of O₃ at sub-hourly scales. At longer timescales, solar radiation 
and temperature positively correlate with O₃, while humidity exerts a negative influence ‒ effects more 
pronounced in the traffic-dining zone. GAM analysis reveals strong nonlinear relationships between 
meteorological factors and O₃. The meteorological factors exhibit varying degrees of correlation and 
jointly regulate both O₃ and Wet Bulb Globe Temperature (WBGT), thereby revealing for the first time 
a compensatory mechanism between the two indices. This study highlights the need for fine-scale, high-
frequency monitoring to improve microenvironment management and urban livability.
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with time (season, day) [3]. These microenvironments 
are much smaller in scale than the urban environments 
or even neighborhood environments studied in general 
research, yet they can form anomalous “microclimates” 
within a small range [4]. They not only alter the 
spatiotemporal distribution characteristics of local 
temperature, humidity, solar radiation, and wind 
speed [5], but also play a critical regulatory role in the 
formation and evolution of ground-level ozone (O3). 
Furthermore, ozone can interact with heat stress to form 
compound extreme weather events [6, 7], which further 
amplifies potential risks to human health, making this 
a significant bottleneck constraining the quality of the 
urban living environment. Currently, the academic 
community has accumulated a substantial body of 
research on the relationships among meteorological 
factors, ozone, and thermal environment indicators, but 
there are four main shortcomings. First, research has 
predominantly focused on large scales while neglecting 
the microenvironment scale. However, the coarse 
resolution of large-scale climate data does not align with 
the microclimate actually experienced by organisms, 
such as temperature buffering for montane forests [8], 
especially since the link between microclimate and 
the microenvironment is inherently tight [9]. In this 
context, urban street canyons represent a critical type 
of microenvironment, serving as key hotspots for both 
heat stress and traffic-related pollutants [10]. Second, 
there is an emphasis on analyzing the driving effects 
of large-scale meteorological fields (such as monsoon 
circulation and subtropical highs) on ozone during 
hot and humid periods, while overlooking the distinct 
characteristics of microenvironments in non-hot, non-
humid seasons. Although these periods do not meet the 
traditional “hot and humid” conditions associated with 
high ozone occurrence, they may still exhibit atypical 
patterns of ozone concentration due to intensified local 
emissions (e.g., favorable weather leading to increased 
traffic-related NOx and cooking-related VOC emissions), 
coupled with non-negligible meteorological conditions. 
Third, fluctuations in ozone concentration may be 
influenced by factors at annual, seasonal, and diurnal 
scales [11, 12], but they may also be driven by more 
refined, minute-level meteorological perturbations (such 
as gusts) or hourly variations in traffic, commuting 
patterns, and meteorological trends (like gradual 
temperature increases). These fine temporal scales often 
align with the duration of time people spend outdoors 
in microenvironments; however, existing research 
has not yet addressed this aspect. Fourth, thermal 
comfort is also influenced by changes in meteorological 
conditions. For instance, since the radiative effects differ 
significantly between daytime and nighttime, they need 
to be considered separately to improve thermal comfort 
[13]. In fact, even daytime meteorological conditions 
can change abruptly, affecting thermal comfort. 
Therefore, thermal environment indicators and ozone 
pollution share common influencing factors. However, 
research on the relationship between the two remains 

fragmented, with few studies exploring their intrinsic 
connections or the compensatory mechanisms that could 
yield mutual benefits. This gap hinders the development 
of microenvironment management strategies that 
synergistically address both “pollution control and 
thermal comfort optimization.” While this study cannot 
fully address the aforementioned research gaps, it strives 
to target these shortcomings for focused and innovative 
exploration.

Therefore, this study proposes two core 
hypotheses. First, even during non-typical hot and 
humid meteorological periods, meteorological factors 
(temperature, humidity, radiation, wind speed) exert 
differentiated impacts on ozone concentrations within 
urban street micro-morphologies and microenvironments 
characterized by varying socioeconomic backgrounds, 
and these influences exhibit multi-temporal scale 
characteristics. Second, although the thermal 
environment indicator (WBGT) and ozone concentration 
belong to different environmental assessment categories, 
they are potentially linked because they are both 
regulated by meteorological factors. Utilizing this 
linkage allows for the identification of compensatory 
mechanisms that can simultaneously meet the 
requirements of both indicators.

Field monitoring for this study was conducted in 
Zhongshan City, located in the southern subtropical 
monsoon climate zone. The climate of this region is 
characterized by high temperatures, high humidity, 
abundant rainfall, and strong solar radiation during 
summer, which constitute typical meteorological 
conditions for the formation and accumulation of 
ground-level ozone (O3). In contrast, the monitoring 
period selected for this study featured clear and 
stagnant weather, with significantly lower temperatures, 
humidity, and solar radiation compared to summer 
conditions. Additionally, traffic and dining-related 
emissions during this period differed from those in the 
typical ozone season. These conditions define the “non-
typical weather” as delineated in our work. Impervious 
surface area is a critical parameter for characterizing 
the thermal environment [14], and VOCs emitted from 
cooking activities contribute significantly to urban ozone 
(O3) formation from a chemical perspective [15]. Kazemi 
et al. also found that the proportion of impervious 
surfaces and traffic emissions are key factors driving the 
patterns of the thermal environment and pollution [16], 
respectively, with their spatial distributions exhibiting 
both independence and interaction. Therefore,  
this study selects two typical urban microenvironments 
as representative case studies. The first is characterized 
by a high proportion of impervious surfaces, creating  
an “urban desertification” thermal environment 
with intense surface longwave radiation reflection 
(Monitoring Area Ⅰ). The second is a “traffic-dining” 
composite pollution zone affected by the combined 
influence of traffic emissions and cooking fumes 
(Monitoring Area Ⅱ). The study conducted field 
monitoring during a non-hot, non-humid meteorological 
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period, simultaneously collecting data on ozone 
concentration, meteorological factors (air temperature, 
relative humidity, solar radiation intensity, wind 
speed), and thermal environment indicators (Wet-Bulb 
Globe Temperature, WBGT). This approach aimed to 
decompose the ozone concentration time series, analyze 
the relationships between meteorological factors and 
ozone, and identify compensatory regulatory patterns 
of meteorological factors under consistent indicator 
conditions.

Materials and Methods

Instrument

The instruments used in the present study are 
detailed in Table 1.

Experiment

Selection of Monitoring Areas

Monitoring was conducted on clear afternoons 
(14:00-17:00, a period of active solar radiation and 
ozone photochemical reactions) from December 20 to 
30, 2024. The typical meteorological conditions during 
this period differed from the hot and humid conditions 
of summer and autumn, with an average temperature of 
21°C, northeast winds at speeds <2 m/s, and an average 
relative humidity of 65%. Monitoring included two areas 
(as shown in Fig. 1). Monitoring Area Ⅰ is adjacent to 
a major traffic artery, representing a typical high-density 
built-up area with intense surface longwave radiation 
reflection, constituting a classic “urban desertification” 
thermal environment. Monitoring Area Ⅱ is a zone 
where dining commerce and traffic pollution converge, 

Table 1. Instruments.

Instrument Model Manufacturer

Pump-suction ozone detector uSafe 3000-O3-M Shandun Technology (Shenzhen) Co., Ltd.

Thermal anemometer DT-3880 Qingdao Lubo Jianye Environmental Technology Co., Ltd.

Radiant heat meter MR-5 Qingdao Xiecheng Chuangxin Environmental Technology Co., Ltd.

Digital illuminance meter TES-1332A Qingdao Jingcheng Instrument Co., Ltd.

Wet Bulb Globe Temperature (WBGT) meter AZ8778 Shidexin Technology (Shenzhen) Co., Ltd.

Fig. 1. Monitoring areas.
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characterized by a linear layout that forms a “road-
dining” composite pollution belt.

Monitoring

Data were recorded at 3-minute intervals in 
accordance with the instrument operating procedures. 
During monitoring, instruments were positioned at 
breathing-zone height and placed in direct sunlight. 
The fundamental environmental parameters monitored 
included ozone concentration, solar radiation intensity, 
ambient air temperature, relative humidity, globe 
temperature, and the WBGT index. 

Relationship Analysis

(1) KZ Filtering
KZ filtering is a method that decomposes a time 

series into components at different scales by utilizing 
the frequency-domain characteristics of data variation. 
It involves performing p iterative operations using a 
moving average window of length m data points until 
the components at the desired frequency are separated. 
The calculation formula is as follows:

	

 

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = 1
𝑚𝑚𝑚𝑚
∑ 𝑋𝑋𝑋𝑋𝑌𝑌𝑌𝑌 + 𝑗𝑗𝑗𝑗𝑘𝑘𝑘𝑘
𝑗𝑗𝑗𝑗=−𝑘𝑘𝑘𝑘    

 

μi=β0+s1(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖)+s2(rh𝑖𝑖𝑖𝑖)+s3(rad𝑖𝑖𝑖𝑖)+s4(wind𝑖𝑖𝑖𝑖)         

	 (1)

Where Ys represents the time series after the s-th 
filtering calculation, m is the total length of the sliding 
window, k is the length of the sliding window on both 
ends during filtering, Xs+j is the filtered time series, and 
s is the time interval of the series. The result of each 
filtering calculation serves as the input for the next 
filtering step. After p iterative calculations, the final 
filtering result is obtained. Based on references [17, 18], 
since the sample data have been arithmetically averaged 
to reduce “noise” interference to some extent, and to 
minimize boundary loss (with only 61 sample groups 
after averaging), a narrow-window KZ filtering method 
was adopted. The original time series was decomposed 
as follows:

	 X(t) = B(t)+W(t)	 (2)

where  B(t) is the baseline component, with a window 
length  m = 7 and iteration count  p = 1, representing 
cyclical changes over approximately 21 minutes;  
W(t) is the short-term component, representing random 
or irregular fluctuations.

(2) Multiple Linear and Ridge Regression 
Conventional multiple linear regression analysis 

essentially expresses the ordinal relationship 
between dependent and independent variables. It can 
simultaneously account for the influence of multiple 
independent variables on the dependent variable, 
enabling a comprehensive assessment of the relative 
importance and independence of each factor. This 
method has been applied to study ozone trends 

[19] and the relationship between ozone and other 
environmental variables [20]. Therefore, this study first 
employs multiple linear regression analysis to model the 
relationships among factors, capturing the influence of 
each variable from a holistic and systematic perspective. 
However, conventional ordinary least squares (OLS) 
regression is prone to coefficient inflation and distorted 
significance estimation when strong multicollinearity 
exists among the independent variables. To address 
this issue, this study further employs ridge regression 
to model the relationship between meteorological 
factors and ozone concentration, following the approach 
of Omara [21]. By introducing an L2 regularization 
term into the loss function, this approach shrinks 
the regression coefficients to mitigate the effects of 
collinearity, with the optimal ridge parameter λ 
selected via 10-fold cross-validation.

(3) Least Absolute Deviations (LAD) Regression
To evaluate whether the estimated directions of 

meteorological driving effects are robust to potential 
outliers, this study further applies least absolute 
deviations (LAD) regression, following the approach 
described in [22]. This method is equivalent to median 
regression (quantile regression at τ = 0.5). Unlike 
OLS, which minimizes the sum of squared residuals, 
LAD minimizes the sum of absolute residuals, thereby 
reducing the influence of extreme ozone observations. 
Model performance is summarized using pseudo R², 
MAE, and RMSE, rather than the conventional OLS R². 

(4) GAM Model Analysis
The GAM is a data-driven, nonparametric regression 

model. Its primary advantage lies in not requiring 
predefined assumptions about the parametric relationship 
between the response and explanatory variables. Instead, 
it fits smooth functions to the explanatory variables, 
automatically selecting appropriate polynomial 
parameters based on the data’s own characteristics. 
This allows it to capture both nonlinear and linear 
relationships within the data. This study applies the 
GAM to further explore nonlinear patterns in the data, 
following the methodology proposed by Boleti et al. [23, 
24], as shown in Equation (3):

	

 

𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = 1
𝑚𝑚𝑚𝑚
∑ 𝑋𝑋𝑋𝑋𝑌𝑌𝑌𝑌 + 𝑗𝑗𝑗𝑗𝑘𝑘𝑘𝑘
𝑗𝑗𝑗𝑗=−𝑘𝑘𝑘𝑘    

 

μi=β0+s1(𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖)+s2(rh𝑖𝑖𝑖𝑖)+s3(rad𝑖𝑖𝑖𝑖)+s4(wind𝑖𝑖𝑖𝑖)         	
(3)

Where β0 is the intercept, i represents the  i-th 
observation, and sⱼ(.) are thin-plate regression spline 
smooth functions for the independent variables temp, rh, 
rad, and wind, respectively. 

In this study, all smooth terms were fitted using thin-
plate regression splines, a widely adopted basis function 
in air quality and environmental statistics, which offers 
good numerical stability and avoids arbitrary knot 
selection. The smoothing parameter λ for each spline 
term, which governs the wiggliness of the smooth 
curve and determines the effective degrees of freedom 
(EDF), was automatically optimized via generalized 
cross-validation (GCV). This criterion balances  
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15:30, the ozone concentrations in both areas fluctuate. 
After 15:30, the concentration in Area Ⅱ drops sharply 
and then continues to fluctuate at a low level, whereas in 
Area Ⅰ, it continues to fluctuate with a very slight upward 
trend. Within the measurement period of this study, 
some studies have reported continuously increasing 
ozone concentrations [11] that peak and then decline 
[26], or have shown significant differences between 
urban and rural areas [27]. However, these trends were 
not observed in the present study. The reason for this 
discrepancy is that such trends are typically identified 
in large-scale studies, which clearly differ from the 
small-scale microenvironment examined here. This 
finding underscores that even within larger spatial and 
temporal contexts, ozone pollution at a finer scale can 
still exhibit distinct variations, warranting more detailed 
investigation.

Influence of Different Time Scales on Ozone

The original O3 concentration time series from 
both areas were decomposed into baseline and short-
term components using the KZ filter method. Fig. 3 
shows that the fluctuations of the baseline component 
are substantially lower than those of the short-
term component, revealing that the variation in O3 
concentration is primarily attributable to the short-term 
component. In other words, it is driven by the short-term 
variations of the influencing factors. Further analysis, 
as presented in Table 4, confirms that the variance 
contribution of the short-term component is the largest 
in both areas, at 80.2% and 77.7%, respectively. This 
indicates that the fluctuations in the O3 concentration 
time series are primarily caused by the short-term 
component, meaning they result from short-term 
perturbations with periods of less than 21 minutes. 
Comparing the two areas, the short-term component in 
area Ⅱ exhibits relatively greater variation, fluctuating 
within a range of -22.78 to 14.26 μg m-3. This indicates 
that O3 levels in this area are the most significantly 
affected by short-term perturbations. The baseline 
component, obtained after noise removal, shows 
that although the peak O3 concentrations in the two 
areas are quite similar, the peak occurs later in area Ⅰ,  

in-sample fitting accuracy and model complexity to 
prevent overfitting and ensure robust generalization 
performance.

Results and Discussion

Apparent Variation of Ozone

From Table 2, it can be seen that although the average 
O3 concentrations in the two areas are at similar levels 
overall, an analysis of the standard deviation reveals 
that the fluctuation range and degree of dispersion are 
greater in Monitoring Area Ⅱ. This indicates a difference 
in the micro-environmental conditions between the two 
areas, with anthropogenic activities likely constituting  
a significant cause for the more pronounced interference 
observed in Monitoring Area Ⅱ.

From the standard deviation results in Table 3, 
it is evident that ozone is the most unstable indicator, 
whereas the related meteorological factors are relatively 
stable. This suggests that even though the variation in 
meteorological factors during the experimental process 
was minimal, other influencing factors must be affecting 
ozone levels, leading to its sharp fluctuations. As ozone 
is both a prominent pollutant and perceptible to humans 
[25], its pollution cannot be overlooked, even in this 
atypical ozone-forming environment.

As shown in Fig. 2, the ozone concentration in Area 
Ⅱ shows an increasing trend between 14:00 and 14:30, 
while it fluctuates sharply in Area Ⅰ. Between 15:00 and 

Table 2. Comparison of ozone concentrations across the 
monitoring areas.

Statistical 
parameters

 Monitoring Area Ⅰ  Monitoring Area Ⅱ

The average O3 concentration (μg m-³)

mean 184.67 185.28

std 8.58 13.45

min 163.35 163.18

25% 181.52 172.88

Table 3. Standard deviation of indicators.

Monitoring Area Ⅰ Monitoring Area Ⅱ

Indicator Standard deviation Indicator Standard deviation

O3 10.935 O3 11.752

temp 1.061 temp 0.834

rh 1.612 rh 0.745

rad 0.084 rad 0.094

wind 0.201 wind 0.134

WBGT 1.057 WBGT 0.991
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and the baseline component itself also shows 
considerable fluctuation there. These differences may be 
related to variations in pedestrian traffic, transportation, 
and food service emissions, as well as environmental 
conditions between the two areas, combined with 
meteorological factors. This also provides initial 
confirmation of the first hypothesis: Monitoring Areas 
Ⅰ and Ⅱ differ in terms of morphology and socio-
economic characteristics, and disturbances at different 
time scales have varying impacts on ozone levels. 
However, these disturbances are likely not caused 
solely by meteorological factors; they also include 
high-frequency anthropogenic emission shocks that are 
synchronized with sub‑hourly time scales—for example, 
intermittent vehicle emissions triggered by traffic signal 
cycles and instantaneous releases of volatile organic 
compounds (VOCs) during peak dining hours. Such 
anthropogenic perturbations can induce rapid ozone 
concentration fluctuations and cannot be separated 
from meteorological variations by the KZ filtering 
method alone. In particular, Monitoring Area Ⅱ, as a 
traffic‑dining composite zone, is more significantly 
affected by these high‑frequency anthropogenic shocks, 
which is also an important reason for the greater 
dispersion of ozone concentrations observed in this area. 

Pearson correlation analysis was also used to 
examine the meteorological factors influencing O3 
concentration changes, with the results shown in Table 5. 
In Area Ⅰ, only half of the correlation coefficients passed 
the significance test at the 95% confidence level, whereas 
the vast majority of coefficients in area Ⅱ passed. This 
indicates that O3 concentrations in Area Ⅱ are more 
strongly influenced by meteorological factors. To 

further analyze the degree of linear correlation between 
the two variables, and with reference to the classification 
criteria for correlation coefficients established by Zheng 
et al. [17], the strength of correlation was categorized as 
follows: strong correlation (absolute value of correlation 
coefficient > 0.6), moderate correlation (absolute value 
between 0.4 and 0.6), and weak correlation (absolute 
value < 0.4). As can be seen from Table 5, meteorological 
factors have varying effects on O3 concentrations 
across different time scales and monitoring areas. For 
the baseline component (i.e., periods greater than 21 
minutes), the direction of correlation for temperature, 
humidity, and radiation with O3 concentration is 
consistent in both areas. Temperature and radiation 
show a strong correlation, while humidity exhibits a 
moderate correlation. This suggests that these three 
meteorological factors are significant contributors to 
O3 concentration fluctuations. The correlations are 
more reliable in Area Ⅱ, as most are significant at the 
p<0.001 level (indicated by ***). In contrast, wind speed 
shows no significant effect in Area Ⅰ, but a significant, 
moderate negative correlation in area Ⅱ. For the short-
term component (i.e., variations within a period of less 
than 21 minutes), only wind speed showed a significant, 
moderate negative correlation in both areas (significant 
at  p<0.05 for area Ⅰ and  p<0.001 for Area Ⅱ). Solar 
radiation exhibited a significant, albeit weak, positive 
correlation, but only in Area Ⅱ. The short-term effects 
of other factors were not significant. Therefore, it can be 
concluded that wind speed and solar radiation are also 
significant contributors to short-term O3 concentration 
fluctuations. Thus, even under identical meteorological 
backgrounds, the effects of meteorological factors on O₃ 

Fig. 2. The relationship between ozone concentration and time.
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concentration fluctuations are not entirely consistent, 
whether examined over long‑term or short‑term scales. 
While meteorological factors exert significant regulatory 
effects on O₃ variability, the confounding influence of 
high‑frequency anthropogenic emissions cannot be ruled 
out. It is reasonable to infer that this inconsistency also 
includes other, non-meteorological factors not mentioned 
in the study, such as traffic and food service emissions. 
Consequently, the first hypothesis is fully confirmed: 
socio-economic factors, together with meteorological 
factors (temperature, humidity, solar radiation, and wind 
speed), exert a significantly different impact on area 
concentrations across different microenvironments, and 
this impact is also dependent on the time scale.

Regression Analysis of Ozone Variations

Multiple Linear Regression Analysis

To investigate the O₃ variation processes in Area Ⅰ and 
Area Ⅱ, an ordinary least squares (OLS) multiple linear 
regression model was first established as the benchmark 
model, and the results are presented in Table 6. 
The adjusted R² of the model is 0.3859 for Area Ⅰ and 
0.4725 for Area Ⅱ, indicating that meteorological factors 
have moderate explanatory power for O₃ variations, 
and the explanatory power in Area Ⅱ is stronger 
than that in Area Ⅰ. In Area Ⅱ, solar radiation shows  
a highly significant positive driving effect (p<0.001), 

Fig. 3. Decomposition results of O3 concentrations.
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and temperature shows a significant negative effect, 
which is consistent with the conventional understanding 
of ozone photochemical generation and accumulation. 
In Area Ⅰ, temperature and relative humidity show 
significant positive correlations, while the independent 
effect of solar radiation is not significant in the presence 
of multicollinearity. Fig. 4 presents the OLS predictions 
as a straight line alongside the measured values (shown 
as scatter points) aligned along the same horizontal 

level. The predicted values increase with the observed 
values in both areas, indicating that the models capture 
the general variation in O₃ concentrations. However, 
the predicted values show narrower ranges than the 
observed values, indicating a regression-toward-the-
mean effect, with high concentrations tending to be 
underestimated and low concentrations tending to be 
overestimated. The considerable dispersion around the 
fitted lines also suggests that additional explanatory 

Table 4. Variance contributions for the two zones.

Table 5. Correlation coefficients between O3 concentrations and meteorological factors.

Monitoring Area Ⅰ Monitoring Area Ⅱ

Component  Variation (μg-² m-⁶) Composition Component  Variation (μg-² m-⁶) Composition

Baseline, B(t) 83.9 19.8 % Baseline, B(t) 85.4 22.3

Short-term, W(t) 339.7 80.2 % Short-term, W(t) 297.8 77.7

Monitoring Area Ⅰ Monitoring Area Ⅱ

Meteorological 
factors 

Baseline 
component, B(t)

Short-term 
component, W(t)

Meteorological 
factors 

Baseline 
component, B(t)

Short-term 
component, W(t)

Temperature +0.71* 0.15 Temperature +0.68*** 0.12

Humidity, 
Radiation -0.49* -0.05 Humidity, 

Radiation -0.45*** -0.09

Wind +0.66* 0.11 Wind +0.71*** +0.18*

Speed -0.18 -0.55* Speed -0.23* -0.52***

Significance: *** p<0.001; * p<0.05 Significance: * p<0.05, *** p<0.001

Table 6. Multiple linear regression results for ozone.

Monitoring Area Ⅰ

Variable Coefficient Std. Error T Value p Value

Intercept 82.0158 32.9008 2.4928 0.0157

temp 2.3851 0.9914 2.4058 0.0195

rh 0.6814 0.1501 4.5399 <0.001

rad 26.5187 16.8801 1.571 0.1218

wind 5.8528 6.7403 0.8683 0.3889

Note: Model R² = 0.4268, Adjusted R² = 0.3859, F = 10.43(p<0.001)

Monitoring Area Ⅱ

Variable Coefficient Std. Error T Value p Value

Intercept 527.6173 153.4232 3.439 0.0011

temp -10.5712 3.4242 -3.0872 0.0031

rh -4.5007 2.9238 -1.5394 0.1293

rad 119.7525 26.9479 4.4439 <0.001

wind -4.208 9.8109 -0.4289 0.6696

Note: Model R² = 0.5077, Adjusted R² = 0.4725, F = 14.44(p<0.001)



9Ozone and Thermal Comfort Responses...

variables or nonlinear approaches may be required to 
improve prediction accuracy.

Due to the strong coupling among temperature, 
relative humidity, and solar radiation in the afternoon 
monitoring period, severe multicollinearity may exist 
in the independent variables, which leads to coefficient 
inflation and unstable significance estimation in the 

OLS model, and reduces the reliability of quantitative 
inference. Therefore, multicollinearity diagnostics 
were carried out. The results in Table 7 show that the 
unstandardized condition numbers are indeed quite high, 
initially suggesting a serious multicollinearity issue. 
However, given that the raw condition numbers may be 
dominated by the large differences in units and scales 

Fig. 4. Comparison of observed vs. predicted values using multiple linear regression.

Table 7. Multicollinearity diagnostics.

Metric Area I Area II

Condition Number 1882.7 (Unstandardized), 4.08 (Standardized) 4811.6 (Unstandardized), 4.44(Standardized)

VIF (temp/rh/rad/wind) 1.19/3.98/3.47/2.13 3.45/4.88/3.51/1.06
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among the variables, all predictors were standardized to 
zero mean and unit variance to eliminate the influence 
of these scale disparities. The resulting standardized 
values dropped sharply (well below the conventional 
threshold of 30). Meanwhile, considering that some 
VIF values approached 5, it can be concluded that 
while the multicollinearity is not exceptionally severe, 
it should not be ignored. Therefore, it is necessary to 
proceed with ridge regression analysis to address the 
collinearity issue while providing reliable estimates of 
the independent effects of individual factors.

Ridge Regression Analysis

To correct multicollinearity bias, ridge regression 
with L2 regularization was further applied, and the 
optimal ridge parameter λ was determined by 10-fold 
cross-validation. The corrected results are shown in 
Table 8. After ridge regression correction, the coefficient 
inflation caused by multicollinearity was effectively 
alleviated. In Area Ⅱ, the coefficient of solar radiation 
shrinks from 119.75 to 82.72, and all core driving 
factors maintain stable significance, which verifies  
the robustness of solar radiation as the core driving 
factor. In Area Ⅰ, the coefficients of all variables shrink 
to a reasonable range as a whole. The independent effect 
of solar radiation is still not significant after controlling 
for collinearity, and the direction is slightly reversed, 
which reflects that under conditions of strong multi-
factor coupling over short time scales, the patterns 
of ozone formation differ from those observed over 
long time periods and large spatial scales [28, 29], 
and the linear model cannot accurately characterize 

the independent effect of each factor. While ridge 
regression has corroborated the robustness of the key 
driving conclusions by mitigating multicollinearity, it 
does not account for the potential influence of extreme 
observations on the estimates. Accordingly, further 
verification from the standpoint of outlier resistance is 
warranted. 

Least Absolute Deviations (LAD) Regression

To verify that the linear relationship between 
meteorological factors and ozone concentration 
is not biased by individual extreme samples, we 
introduced least absolute deviations (LAD) regression 
as a robustness check. The LAD regression results are 
presented in Table 9. The pseudo R² values are 0.2739 
for Monitoring Area I and 0.3787 for Monitoring Area 
II, with MAE values of 4.8021 and 7.4629, respectively. 
In Monitoring Area I, temperature and relative humidity 
retain significant positive effects (p = 0.0073 and 
p<0.001, respectively), whereas solar radiation and wind 
speed are not statistically significant. In Monitoring 
Area II, temperature shows a significant negative effect 
(p = 0.0484), solar radiation retains a highly significant 
positive effect (p<0.001), and the effects of relative 
humidity and wind speed remain non-significant. These 
results indicate that the principal conclusions regarding 
the key meteorological drivers are generally robust to 
potential outliers. Fig. 5 shows that LAD-predicted 
values increase with observed values in both areas; 
however, the predicted ranges remain narrower than 
the observed ranges, indicating residual dispersion and 
regression toward the mean. The above analyses indicate 

Table 8. Ridge regression results for ozone.

Monitoring Area I

Variable Coefficient Std. Error T Value p Value

Intercept 171.2645 11.0257 15.5332 <0.001

temp 0.6908 0.4847 1.4251 0.1592

rh 0.1633 0.0734 2.2254 0.0298

rad -7.8863 8.2269 -0.9586 0.3414

wind -3.2365 3.3046 -0.9794 0.3311

Note: Optimal ridge parameter λ= 68.8138 (determined by 10-fold cross-validation); Model R² = 0.2910, Adjusted R² = 0.2404

Monitoring Area II

Variable Coefficient Std. Error T Value p Value

Intercept 380.2376 51.3729 7.4015 <0.001

temp -4.9188 1.4651 -3.3574 0.0013

rh -3.3716 1.0677 -3.1578 0.0024

rad 82.7245 12.8724 6.4265 <0.001

wind -4.8677 6.1749 -0.7883 0.4333

Note: Optimal ridge parameter λ= 10.1394 (determined by 10-fold cross-validation); Model R² = 0.4709，Adjusted R² = 0.4331
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that while some studies have shown that improved linear 
models often outperform traditional ones in terms of 
prediction accuracy [30, 31], the meteorological-factor-

based linear regression analyses, with OLS as the 
benchmark, still do not perform satisfactorily in terms 
of explanatory power and goodness-of-fit. This further 

Table 9. LAD regression results for ozone.

Monitoring Area Ⅰ

Variable Coefficient Std. Error t Value p Value

const 57.1671 40.1071 1.4254 0.1596

temp 3.3633 1.2085 2.7829 0.0073

rh 0.6884 0.1830 3.7627 <0.001

rad 27.0109 20.5774 1.3127 0.1947

wind 8.0182 8.2166 0.9759 0.3333

Note: Pseudo R² = 0.2739; MAE = 4.8021; RMSE = 6.5181

Monitoring Area Ⅱ

Variable Coefficient Std. Error t Value p Value

const 401.6054 208.7194 1.9241 0.0594

temp -9.4002 4.6583 -2.0180 0.0484

rh -1.8865 3.9775 -0.4743 0.6371

rad 157.8122 36.6603 4.3047 <0.001

wind 1.0500 13.3470 0.0787 0.9376

Note: Pseudo R² = 0.3787; MAE = 7.4629; RMSE = 9.6021

Fig. 5. Comparison of observed vs. predicted values using LAD regression.
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Table 10. GAM fitting results.

Monitoring area Ⅰ

Smooth Term EDF p-value

s(temp)

19.99 < 0.001
s(rh)

s(rad)

s(wind)

Pseudo R² = 0.58; AIC =  620.29; AICc = 643.96;GCV  =  104.04; σ²  =  45.33

Monitoring area Ⅱ

Smooth Term EDF p-value

s(temp)

19.77 < 0.001
s(rh)

s(rad)

s(wind)

Pseudo R²  =  0.794;AIC  =  641.70; AICc  =  664.61; GCV  =  122.67; σ²  =  54.33.

confirms the limitations of the linear hypothesis in 
characterizing ozone dynamics in micro-environmental 
settings and reinforces the necessity of conducting 
subsequent nonlinear analyses using GAM.

GAM Model Analysis

The model results (shown in Table 10) indicate that 
the explanatory power (pseudo R²) of the model for O3 
concentrations reached 0.580 and 0.794 for monitoring 
Area Ⅰ and area Ⅱ, respectively. This shows that the four 
meteorological variables alone can explain approximately 
58% and 79% of the O3 variation in Area Ⅰ and Area 
Ⅱ, respectively. This explanatory power is significantly 
higher than that of both the multiple linear regression 
and the minimum-area regression analyses. These 
findings are largely consistent with previous studies 
that applied multivariate GAM analysis to urban ozone 
in similar settings [32, 33]. However, the relationship 
between O3 variation and the four meteorological 
factors appears to be even stronger in Area Ⅱ. The 
AIC, AICc, and GCV values for both zones indicate 
that the models have a good fit and good generalization 
performance. All smooth terms (s(temp), s(rh), s(rad), 
s(wind)) were significant at the p<0.001 level, indicating 
that temperature, relative humidity, solar radiation, 
and wind speed all exert significant nonlinear effects 
on O3 concentrations. The effective degrees of freedom 
(EDF) for all smooth terms are approximately 20, which 
is significantly greater than 1, suggesting that a linear 
assumption cannot capture the ozone response driven 
by meteorological factors, confirming the complex 
nonlinear effects of these factors. The scale parameter 
(σ²) increased from 45.33 in area Ⅰ to 54.33 in Area Ⅱ, 
which implies that, in addition to meteorology, other 
localized source and sink processes not included in the 
model (such as emissions from traffic and food service) 
are having an effect in Area Ⅱ. This finding, in turn, 
provides further confirmation of a key aspect of the first 

hypothesis: that socio-economic factors, together with 
meteorological factors, influence ozone concentrations.

To visualize the nonlinear effects of meteorological 
factors on O3 more intuitively, Fig. 6 presents the partial 
dependence curves for the four meteorological variables 
from the GAM for Monitoring Area Ⅰ. The curves show 
that the deviation in O₃ concentration from the model 
intercept, caused by changes in each meteorological 
factor, is not uniform, indicating significant nonlinearity, 
which is consistent with the previous findings. Among 
these, the fluctuations caused by the meteorological 
factors are more pronounced in Area Ⅱ. However, the 
influence of low humidity and high solar radiation is 
more significant in Area Ⅰ.

To ensure the quality and reliability of the developed 
GAM, the model fit was further validated using multiple 
methods, as shown in Fig. 7. In Area Ⅰ, the histogram of 
residuals is slightly right-skewed but still approximately 
normal. In Area Ⅱ, the residual values most frequently 
occur near zero. Both findings are generally consistent 
with the GAM’s assumption of normality. The residual-
versus-fitted value plot shows no clear funnel shape 
or curved pattern, indicating that the assumption of 
homoscedasticity is largely met. In the Q-Q plot, the tails 
of area Ⅰ deviate slightly from the diagonal, while the 
deviation is even smaller for Area Ⅱ. These deviations 
are acceptable, and the normality assumption is deemed 
satisfactory. In summary, the model demonstrates good 
statistical reliability and is suitable for analyzing the 
influence of meteorological factors on ozone.

Correlation of Meteorological Factors

Although the WBGT index in this study was 
obtained through instrumental measurements, the 
relationship between ambient temperature, humidity, 
solar radiation intensity, and WBGT can generally 
be examined using the calculation method. However, 
the relationship between wind speed and WBGT 
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Fig. 7. GAM residual diagnostics. a) Histogram of residuals; b) Residuals vs. fitted values; c) Q-Q plot.

Fig. 6. Partial dependence curves for the meteorological variables in the GAM (the shaded areas represent the 95% confidence intervals).



Yuping Jiang, et al.14

remains unclear, necessitating a targeted analysis. 
The correlation analysis results show that in Area Ⅰ, 
the correlation coefficient between the two was 0.07, 
indicating an almost negligible linear relationship. In 
Area Ⅱ, the coefficient was -0.2, showing a very weak 
negative correlation. This suggests that wind speed did 
not have a significant impact on temperature, humidity, 
or irradiance. This is likely closely related to the fact 
that the wind speed during this study was not high and 
exhibited little variation. 

A correlation analysis of the four meteorological 
factors was then conducted to further elucidate their 
roles. As shown in Table 11, temperature, relative 
humidity, and solar radiation exhibited strong 
correlations with each other in both areas, whereas wind 
speed showed relatively weak correlations with the other 
three factors. In both Areas Ⅰ and Ⅱ, temperature and 
humidity demonstrated a strong negative correlation. 
In Area Ⅱ, temperature and radiation intensity showed 
a strong positive correlation, while relative humidity 
and radiation intensity exhibited a very strong negative 
correlation. Therefore, the presence of collinearity 
among the aforementioned four factors was once again 
confirmed.

Compensatory Relationship

Maintaining atmospheric environmental quality 
requires appropriate WBGT levels and stable, compliant 
ozone concentrations. Therefore, the compensatory 
mechanism can be inferred from the apparent relationship 
between the two indicators, or it can be deduced from a 
more intrinsic or detailed perspective. An examination 
of the apparent correlation between the two indicators 
reveals a very weak relationship, which indicates that 
ozone pollution and the thermal environment indicator 
indeed belong to different categories, making it 
infeasible to directly extract a compensatory mechanism 
based solely on their apparent relationship. However, 
from an intrinsic or detailed perspective, since both of 
these indicators are closely related to meteorological 

factors, the relationship between them should, in 
fact, be significant. Consequently, by adjusting the 
meteorological factors, both indicators will change 
accordingly, allowing the regulatory patterns needed to 
meet the different indicator requirements to be derived 
from this relationship. To ensure that the compensation 
framework aligns with regulatory requirements and 
practical microenvironmental management needs, the 
tiered classification of O3 concentrations is established 
based on the Chinese National Ambient Air Quality 
Standard (GB 3095-2026). According to this standard, 
the hourly average O3 concentration limits are 160 
μg·m⁻³ for Grade I and 200 μg·m⁻³ for Grade II 
(applicable to urban residential, commercial, and traffic 
zones, including the study area). To achieve refined 
regulation under compliance conditions, and given that 
the majority of O₃ observations in this study fall within 
the transition range between Grade I and Grade II, the 
O₃ concentrations not exceeding the hourly standard 
(200 μg·m⁻³) were divided into five tiers. For each tier, 
WBGT was linearly regressed against the corresponding 
temperature, relative humidity, solar radiation, and wind 
speed. The results are shown in Fig. 8. These two figures 
illustrate the adjustment strategies for temperature, 
humidity, solar radiation intensity, and wind speed 
required to maintain the five tiers of sub-standard ozone 
concentrations and their corresponding WBGT levels 
(all WBGT values obtained in this study were within 
the relevant standard limits), within the range of factor 
values covered by this research. For example, in area Ⅰ, 
if the O3 concentration is between 163.087 and 171.247 
μg m-³, it falls under Tier 1 in Fig. 8. According to the 
linear regression equation for Tier 1 in the figure, for 
every one-unit increase in WBGT, the temperature must 
increase by approximately 1.4℃, relative humidity must 
decrease by 4.1%, solar radiation must decrease by 0.28, 
and wind speed must decrease by 0.24. Conversely,  
a decrease in temperature of 1.4℃, along with increases 
of 4.1% in humidity, 0.28 in solar radiation, and 0.24 
in wind speed, would maintain a stable WBGT. These 
adjustments can be implemented through measures 

Table 11. Correlation of meteorological factors.

Monitoring Area Ⅰ

Temp rh rad wind

temp 1.00 -0.77 -0.23 -0.24

rh -0.77 1.00 0.75 0.60

rad -0.23 0.75 1.00 0.64

wind -0.24 0.60 0.64 1.00

 Temp  rh  rad wind

Monitoring Area Ⅱ

temp 1.00 -0.84 0.76 -0.18

rh -0.84 1.00 -0.84 0.16

rad 0.76 -0.84 1.00 -0.22

wind -0.18 0.16 -0.22 1.00
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Fig. 8. Patterns of meteorological factor variations for maintaining ozone concentration and WBGT. 
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aimed at improving microenvironmental conditions, 
such as enhancing ventilation, optimizing vegetation 
coverage, and introducing air humidification. Although 
this method is not highly precise, it can generally meet 
the requirements for outdoor work. Consequently, the 
second hypothesis is successfully validated. Namely, a 
potential connection, linked via meteorological factors, 
exists between WBGT and ozone concentration, and 
this connection allows a compensatory mechanism 
to be identified through zoned regression analysis 
under specific scenarios. Moreover, from a macro 
viewpoint that incorporates environmental regulations 
and socioeconomic factors, prior research has shown 
that environmental policies should not be driven solely 
by pollution reduction, but must also weigh multiple 
competing goals, including ecological security, social 
equity, and economic sustainability [34]. This study 
serves as a technical complement to that perspective. 
While existing work on the co‑control of heat stress 
and pollutants – such as the effects of streets and 
vegetation [35, 36] – has been largely static, our study 
provides a distinctive technical angle by examining 
the compensatory interplay among microscale 
meteorological variables.

Conclusions

In summary, this research not only deepens the 
understanding of the factors influencing O3 and 
WBGT in two typical urban street microenvironments 
under non-typical meteorological conditions, but 
also, for the first time from a multiscale perspective, 
reveals the synergistic regulatory logic between air 
pollution and thermal comfort, and validates two core 
hypotheses. First, the study confirms that even outside 
the typical hot and humid ozone-forming seasons, 
meteorological factors exert a significant multiscale 
and microenvironment-heterogeneous impact on O3. 
KZ decomposition results indicate that short-term 
fluctuations dominate the total O3 variance, with wind 
speed emerging as a key suppressor of O3 at sub-
hourly scales. At baseline scales, solar radiation and 
temperature positively drive O3, while humidity exhibits 
a negative influence – effects that are more pronounced 
in the “traffic-dining” zone. In both types of urban 
microenvironments, certain coupling relationships exist 
among meteorological factors. After ridge regression 
correction, the coefficient directions and significance 
levels remained broadly stable, confirming that solar 
radiation (positively driving Area II) and temperature 
(positively in Area I, negatively in Area II) serve as 
the core driving factors. The LAD regression further 
corroborated that these key conclusions are not biased 
by extreme samples, demonstrating good robustness. 
However, the explanatory power of the linear models 
remains limited, and they struggle to accurately 
capture extreme concentration values. GAM analysis 
further reveals strong nonlinear relationships between 

all meteorological factors and O₃, indicating that 
linear models are insufficient to capture their complex 
interactions. Moreover, the higher residual variance 
in the model for Monitoring Area II suggests that 
anthropogenic emissions, such as vehicle exhaust and 
cooking-related VOCs, play an important role in local 
O3 dynamics, highlighting how socioeconomic context 
and micro-morphology jointly shape pollution patterns. 
Second, the study successfully verifies that although 
O3 and WBGT belong to different environmental 
dimensions, they are intrinsically coupled through 
shared meteorological drivers, offering potential  
for co-optimization. Zoned regression analysis 
demonstrates that within different below-standard 
O₃ concentration ranges, targeted adjustment of 
temperature, humidity, solar radiation, and wind speed 
can regulate WBGT levels accordingly. This finding 
provides an actionable compensatory pathway for 
fine-grained microenvironment management aimed at 
the dual objectives of “pollution control and thermal 
comfort enhancement”. Future urban climate adaptation 
planning urgently needs to incorporate high-frequency, 
fine-resolution microenvironment monitoring systems 
and develop integrated intervention strategies that 
combine meteorological regulation, spatial design, and 
emission management, so as to tangibly enhance the 
resilience and livability of urban habitats. It should 
be noted, however, that the findings of this study are 
primarily applicable to microenvironmental conditions 
during clear-sky afternoons. Future work should 
expand to include all-weather, multi-day monitoring 
and contributions from high-frequency anthropogenic 
emissions.
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