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Abstract. The spatial heterogeneity characteristic of mountainous regions poses substantial challenges to 

the accurate prediction of air quality. While machine learning has been widely applied in air quality 

prediction, there is a notable lack of research focusing on interpretable models in highland mountainous 

regions. This study proposes an interpretable machine learning-based approach to predict key air pollutants, 

focusing on air quality indicators—Fine Particulate Matter (PM2.5) and Ozone (O3)—in Yunnan Province, 

China. The main findings are as follows: (1) Air quality indicators in mountainous areas generally exhibit 

strong temporal autocorrelation. (2) The machine learning model exhibited reliable short- to medium-term 

forecasting ability, as evidenced by R2 values above 0.5 and MAPE values below 32% for 5-day-ahead 

predictions of PM2.5 and O₃. (3) Air quality in most areas shows higher sensitivity to meteorological factors, 

reflecting complex coupling relationships. In particular, low humidity during March and April emerged as 

a major factor contributing to air pollution. These findings provide valuable insights and practical tools for 

environmental management authorities, supporting the development and implementation of more effective 

environmental monitoring and early warning systems. 
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Introduction 

The accurate prediction of air quality indicators is essential for informed decision-

making in environmental management. Prediction models are generally classified as 

mechanistic and non-mechanistic approaches. Mechanistic simulation models such as the 

Community Multiscale Air Quality (CMAQ) model and the Weather Research and 

Forecasting model coupled with Chemistry (WRF-Chem) are commonly used (Gao and 

Zhou, 2024; Ryan, 2016). However, the implementation of mechanistic models for 

comprehensive air quality simulations remains challenging due to their complex 

structures and the large number of parameters involved. These models often require 

significant time and computational resources, which can hinder their practical application. 

Machine learning models have been widely adopted for air quality simulation and 

prediction in recent years. For example: Ravindiran et al. (2025) employed various 

machine learning models—such as Extreme Gradient Boosting (XGBoost), Least Angle 

Regression with Cross-Validation (LarsCV), Bayesian Ridge, Adaptive Boosting 

(AdaBoost), and ensemble stacking techniques—for AQI prediction in India. Liao et al. 

(2023) integrated mechanistic modeling and machine learning by proposing a novel air 

quality prediction (AQP) method based on a Dynamic Multi-granularity Spatio-temporal 
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Graph Neural Network (DM_STGNN), which was applied to the Yangtze River Delta 

urban agglomeration. Xu et al. (2025) used Baidu search data from 290 cities across China 

(2011–2022) to investigate the spatiotemporal patterns of public concern over air 

pollution and their mismatch with observed pollution levels. Zeng et al. (2024b) utilized 

a data-driven two-step approach to assess the short- and long-term impacts of COVID-19 

lockdowns on air pollution in China. Wei et al. (2025) developed a novel hybrid model 

combining the whale optimization algorithm (WOA), CNN, LSTM, and an attention 

mechanism (AM) to predict daily PM2.5 concentrations in Beijing. Furthermore, Wang et 

al. constructed two models—a nonlinear autoregressive model with exogenous inputs 

(NARX) and a temporal convolutional network (TCN)—to forecast O3 concentrations in 

the plateau region of Kunming (Wang et al., 2024). The extreme heterogeneity of 

highland mountainous environments has hindered the development of interpretable 

machine learning frameworks for air quality studies. Consequently, research integrating 

simulation with mechanistic insight in such regions remains notably limited. 

Mountains, hills, and rugged highlands are collectively referred to as mountainous 

regions, which account for approximately two-thirds of China’s total land area. Predicting 

air quality in these regions presents significant challenges due to the complex and 

spatially heterogeneous characteristics of meteorological, hydrological, topographic, and 

geomorphological conditions. This study focuses on Yunnan Province, China, and 

employs interpretable machine learning methods to develop predictive models for air 

environmental quality (PM2.5 and O₃). The main contributions of this study are twofold: 

(1) evaluating the applicability of interpretable machine learning models in predicting 

comprehensive air quality indicators in mountainous areas, and (2) conducting an in-

depth analysis of the mechanisms and spatial variability by which different 

meteorological factors influence future air quality in such regions using the PDP method. 

Our approach provides new insights into air quality forecasting and early warning in 

highland mountainous areas. Furthermore, it offers practical guidance for local 

environmental management authorities in pollution prevention and in the development of 

effective forecasting and early warning systems. 

Materials and methods 

Study area 

Yunnan Province, located in southwest China, was selected as the case study area for 

several compelling reasons: (1) Typical topographical features. Yunnan is characterized 

by a highly diverse terrain that descends from the northwest to the southeast, classifying 

it as a mountainous plateau. Approximately 88.6% of the province’s land area is 

mountainous (https://www.yn.gov.cn/). The elevation ranges from 77 to 5963 m, and the 

slope varies between 0 and 85.25 degrees. (2) Typical spatial heterogeneity of 

meteorology. Yunnan experiences a subtropical plateau monsoon climate with 

pronounced three-dimensional climatic characteristics. The region is susceptible to 

compound extreme weather events, such as concurrent heatwaves and droughts, 

particularly in its southwestern parts (Zeng et al., 2024a). Climatic variations in eastern 

China, including potential influences on Yunnan, are also modulated by large-scale 

atmospheric patterns and oceanic anomalies (Zhang et al., 2024b). Over the past five 

years, meteorological station data show an annual average temperature of 16.4 °C, with 

maximum and minimum values of 23.9 °C and 5.8 °C, respectively. Monthly 

temperatures range between 9.3 °C and 21.6 °C. The province receives an average annual 
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rainfall of 1148.4 mm, with recorded extremes ranging from 563.9 mm to 2323.5 mm. 

Monthly rainfall varies between 14.07 mm and 223.9 mm. The geographic location of the 

study area is illustrated schematically in Figure 1. 

 

 

Figure 1. Schematic map of the study area. The base map illustrates the topography of Yunnan 

Province, China. The red triangles represent the 34 air quality monitoring stations used in this 

study (see Table A1 for details) 

 

 

Data sources 

Air quality data for O3 and PM2.5 were collected from 34 air monitoring stations 

(https://quotsoft.net/air/). All data, except for O3, were averaged on a daily basis; O3 

concentrations were averaged over 8-h intervals. The dataset spans the period from 2021 

to 2023, providing comprehensive day-by-day records for each pollutant. Meteorological 

data were sourced from the National Oceanic and Atmospheric Administration (NOAA) 

and include daily observations of rainfall, temperature, humidity, cloud cover, and wind 

speed for the same period (2021–2023). These meteorological data were preprocessed by 

the Wheat A team (https://wheata.cn/). To adequately reflect the spatial heterogeneity of 

meteorological conditions, data were extracted at a spatial resolution of 0.1° × 0.1°. Given 

the spatial heterogeneity of meteorological conditions in highland mountainous areas, we 

represented these conditions using the average values of all meteorological variables 

within a 50 km radius of each air quality monitoring site. The air monitoring stations are 

widely distributed across all municipal regions of Yunnan Province, ensuring 

representative coverage of the region’s diverse geographical and climatic conditions. 
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Method construction 

(1) Impact factor assumptions 

It is well established that air quality indicators also exhibit strong temporal patterns, 

which reflect both historical pollution levels and the emission dynamics of major point 

sources. These time-dependent characteristics are critical for enhancing prediction 

accuracy and must be integrated into any modeling framework. Additionally, the key 

factors influencing PM2.5 include O3, NO2, CO, temperature, rainfall, wind speed, 

humidity, and cloud cover (Chen et al., 2020). Due to the physicochemical interactions 

between PM2.5 and O3, NO2, and CO, the concentrations of these air pollutants from the 

previous day were included in the model. Furthermore, to account for the lagged effects 

of meteorological conditions (temperature, rainfall, wind speed, humidity, and cloud 

cover), data from the preceding five days were considered. A schematic overview of the 

technical methodology is presented in Figure 2. 

 

 

Figure 2. Schematic diagram of the technical route of the study 
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(2) Screening for impact factors 

Given the large number of variables influencing air quality, partial correlation analysis 

was employed to identify the most significant factors. This method enables the evaluation 

of the correlation between two variables while controlling for the influence of a third 

variable, thereby isolating the direct relationship between the remaining two. Using this 

approach, we identified key meteorological variables and their respective lag periods that 

significantly impact air quality indicators. 

(3) Machine learning models 

However, given the interactions among factors and the nonlinear relationships between 

driving factors and target variables (PM2.5 and O3), this study intends to employ machine 

learning to construct a nonlinear mapping model between them. This approach will be 

used to assess the prediction accuracy for the next five days and to quantify the nonlinear 

processes linking driving factors and target pollutants. To predict each air quality 

indicator—PM2.5 and O3—we applied three machine learning models: Extreme Gradient 

Boosting (XGBoost), Random Forest, and Decision Tree. The selection of these models 

was based on their complementary strengths: strong predictive performance (XGBoost), 

robustness and feature importance assessment (Random Forest), and high interpretability 

(Decision Tree). XGBoost is a scalable tree boosting algorithm that is widely adopted for 

its high efficiency and fast training capabilities (Bentejac et al., 2021). Random Forest, 

an ensemble learning algorithm based on the Bagging (Bootstrap Aggregating) strategy, 

is effective in addressing nonlinear problems, handling large datasets with numerous 

features, and has been widely used in fields such as genomic data analysis for uncovering 

complex relationships (Kolisnik et al., 2024). The Decision Tree method is a widely used 

rule-based approach in machine learning and stochastic decision-making, known for its 

interpretability and simplicity (Blockeel et al., 2023). Bayesian optimization has been 

extensively applied across various research domains to optimize model parameters by 

maximizing predictive performance (Kulshrestha et al., 2020; Mirzaee and Kamrava 

2023; Tao et al., 2022; Zhang et al., 2023, 2021; Zhou et al., 2021). In our study, we 

developed a customized program to perform Bayesian optimization, using model fitting 

accuracy as the objective function to determine the optimal parameter configuration. To 

ensure robustness and mitigate the impact of a single random split, we employed a 10-

fold cross-validation strategy during the model tuning phase. The final reported 

performance metrics are based on the held-out validation set (15% of data). 

 

(4) Model interpretable analysis 

To investigate the influence mechanisms of individual factors on air quality, we 

employed partial dependence plots (PDPs) based on the best-performing machine 

learning model. PDP is a global interpretability technique that illustrates the marginal 

effect of a single input variable on the predicted outcome, while averaging out the 

influence of all other variables (Greenwell, 2017; Szepannek and Luebke, 2023). For 

feature 𝑥𝑠 the partial dependency function is: 

 

 𝑓𝑠(𝑥𝑠) =
1

𝑛
∑ 𝑓(𝑛

𝑖=1 𝑥𝑠, 𝑥𝑐
(𝑖)

) (Eq.1) 

 

where: 𝑥𝑠 denotes the target feature; 𝑥𝑐 denotes other features; 𝑛 denotes the sample size; 

𝑓 denotes the prediction model we constructed. 
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(5) Model performance evaluation 

We assessed the training and validation performance of the machine learning model 

using two key evaluation metrics: the coefficient of determination (R2) and the mean 

absolute percentage error (MAPE). R2 quantifies how well the model captures the 

variability in the observed data, while MAPE reflects the relative prediction error of the 

model. The mathematical definitions of these metrics are given as follows: 

 𝑅2 = 1 −
∑ (𝑦𝑖−𝑦̂𝑖)2𝑛

𝑖=1

∑ (𝑦𝑖−𝑦̅)2𝑛
𝑖=1

 (2) (Eq.2) 

 

 𝑀𝐴𝑃𝐸 =
1

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|𝑛

𝑖=1 × 100% (Eq.3) 

 

 𝑦 ̅ =
1

𝑛
∑ 𝑦𝑖

𝑛
𝑖=1  (Eq.4) 

 

where 𝑦𝑖 is the true value, 𝑦̂𝑖 indicates the predicted value, and n signifies the number of 

samples. 

Results and discussion 

Spatial and temporal distribution of air quality 

Spatially, the concentrations of PM2.5 and O3 ranged from 8.51-27.17 µg/m³ and 

38.95-80.27 µg/m³, respectively (see Fig. 3a and b). Elevated levels of PM2.5 and O3 

were observed primarily during the March–April period each year. During these 

months, the average concentrations of PM2.5 and O3 were 2.04 and 1.68 times higher, 

respectively, compared to the period outside March–April (see Fig. 3c and d). In 

summary, the selected air quality monitoring stations exhibited significant spatial and 

temporal variability. This heterogeneity improves the generalizability of the developed 

prediction models, ensuring their applicability under diverse environmental conditions 

and across various locations. 

 

Screening of impact factors for environmental quality 

Through partial correlation analysis, it was found that PM2.5 and O3 exhibit strong 

autocorrelation within a 5-day time lag, with correlation coefficients gradually decaying 

as the lag increases. Within a 5-day lag period, the partial correlation coefficients of PM2.5 

ranged from 0.27 to 0.59, while those of O₃ ranged from 0.25 to 0.63. Notably, a strong 

correlation coefficient of 0.472 was also observed between PM2.5 and O₃ over the same 

5-day lag period. Furthermore, both also show certain correlations with other pollution 

factors (CO, NO2) and meteorological condition variables (temperature, precipitation, 

relative humidity, wind speed, cloud cover) within the same time window. Therefore, this 

study contends that historical pollutant concentrations along with meteorological 

conditions can be used to predict target pollutant concentrations over the next five days. 

Details are shown in Figure 4. 

 

Predictive performance of air quality 

As shown in Figures 5 and 6, the predictive performance (R2) of the two machine 

learning models—Random Forest and XGBoost—was satisfactory, with no substantial 
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differences observed among them. Based on the validation set, the mean R2 values and 

standard deviations for the first-day-ahead prediction of O3 and PM2.5 were 0.74 ± 0.08 

and 0.74 ± 0.08, respectively. Corresponding MAPE values were 14.95 ± 2.11% and 

22.86 ± 4.54%, respectively. Of particular note is that the 5-day-ahead forecasts for PM2.5 

and O3 consistently achieved R² > 0.5 and MAPE < 32%. These results suggest that the 

developed machine learning model is competent for short- to medium-term forecasting 

tasks. 

 

 

 

 

Figure 3. Schematic diagram of pollutant concentrations (PM2.5 and O3) statistics. In (c) and 

(d): the series numbers represent the different stations, with a total of 34 for air quality 

 

 

When compared with existing studies, our results show competitive predictive 

accuracy. In the domain of air quality, Yang et al. (2020) proposed a hybrid model 

combining BPANN and SVR algorithms to predict PM2.5 concentrations in Yunnan, 

obtaining an R2 of 0.8101 and a MAPE of 19.73%. Similarly, Zhao et al. (2019) 

employed the NARX model in Kunming, Yunnan Province, achieving MAPE values of 

15.64% for PM2.5 and 36.33% for O3, significantly outperforming the CMAQ model 

(MAPE: 90% for PM2.5 and 13.67% for O3) and the NAQPMS numerical model 

(MAPE: 74% and 41%, respectively) (Zhao et al., 2019). Our models achieved 
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comparable or superior MAPE for O3 compared to Zhao et al. (14.95% vs. 36.33%), 

while for PM2.5, our MAPE (22.86%) was higher than that reported by Zhao et al. 

(15.64%) but significantly lower than their CMAQ results (90%). This suggests that 

while our interpretable machine learning approach offers substantial advantages in 

understanding O3 dynamics in complex terrain, there is room for improvement in PM2.5 

prediction, potentially by incorporating more localized emission sources or refining the 

spatial representation of meteorological fields. 

 

 

Figure 4. Partial correlation coefficients between air environmental quality indicators O3, 

PM2.5, and influencing factors. In the map, the mean partial correlation coefficient was 

calculated by averaging the values from all 34 stations, with a range spanning the minimum to 

maximum values observed across these stations. “PRE” represents rainfall, “TMP” represents 

temperature, ‘HUM’ represents relative humidity, ‘WIND’ stands for wind speed, ‘CLOUD’ 

represents the amount of cloud 

 

 

 

Figure 5. Schematic diagram of the predicted performance of PM2.5 for the validation period 
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Interpretability analysis of impact factors 

Previous concentrations of air pollutants (PM2.5 and O3) exert a strong influence on 

current air quality conditions, indicating a high degree of temporal autocorrelation. 

Meteorological conditions have a more pronounced and complex effect on air quality, 

and the influencing mechanisms are more intricate. Notably, air quality indicators also 

exhibit complex interdependencies among themselves. 

 

Figure 6. Schematic diagram of the predicted performance of O3 for the validation period 

 

 

(1) Impact of meteorological conditions 

At several air quality monitoring sites, preceding meteorological variables—such as 

relative humidity, rainfall, air temperature, and wind speed—exerted significant negative 

effects on current PM2.5 concentrations. For O3, previous relative humidity generally 

exhibited a negative correlation, while temperature and wind speed tended to have a 

positive effect at most stations. Detailed patterns can be found in Figures A1–S9. 

Relative humidity and precipitation. The dominant components of PM2.5 in Yunnan 

are water-soluble inorganic ions, including 𝑆𝑂4
2−, 𝑁𝑂3

−, 𝑎𝑛𝑑 𝑁𝐻4
+ (Deng et al., 2020; Zhu 

et al., 2024). The observed negative correlation between prior relative humidity and 

current O3 and PM2.5 concentrations is primarily attributed to two mechanisms: wet 

deposition scavenging and photochemical inhibition. Wet deposition can directly reduce 

pollutant concentrations by removing PM2.5 particles—particularly water-soluble 

components like sulfates and nitrates—as well as precursors of O3, such as NOx. During 

March-April, the average relative humidity in Yunnan is approximately 59.00%. Under 

these conditions, low humidity may not facilitate effective dry or wet deposition of PM2.5. 

Instead, it may enhance particle hygroscopic growth and accumulation, potentially 

worsening air quality (Chen et al., 2020). As evidenced by case studies conducted in Xi’an 

and Shenyang, China (Hong et al., 2024; Yang et al., 2025), higher relative humidity is 

generally associated with lower ozone concentrations. For PM2.5, very high humidity 

promotes wet removal, leading to lower concentrations (e.g., in the Pearl River Delta; 

Weng et al., 2025). 

Temperature. Elevated temperatures on preceding days create a more reactive 

atmospheric environment conducive to O3 formation on the following day. Higher 

temperatures significantly accelerate key photochemical reactions involved in O3 

generation, such as the photolysis of NO₂ and the oxidative chain reactions between 

volatile organic compounds (VOCs) and hydroxyl (OH) radicals. Additionally, high 
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temperatures enhance the biogenic emission of VOCs from vegetation in Yunnan (Wu et 

al., 2020), thereby increasing the availability of O3 precursors. Moreover, while elevated 

temperatures facilitate O3 formation, they also consume atmospheric oxidants such as OH 

radicals, potentially suppressing the oxidation of SO2 and NOx into secondary PM2.5 

components like sulfate and nitrate. Since VOCs and NOx are the primary precursors for 

photochemical O3 pollution, higher emissions of these compounds—especially under 

high-temperature conditions—increase both the likelihood and severity of O3 episodes. 

VOC emissions, largely from natural sources, are typically concentrated in low-latitude 

regions and are most active from April to September. This temperature-driven mechanism 

is consistent with observations in other regions (e.g., Zhang et al., 2022; Ni et al., 2024). 

However, the partial dependence plots in our study suggest that in Yunnan’s mountainous 

terrain, the positive effect of temperature on O3 may plateau or even slightly decrease 

beyond a certain threshold (~25°C), possibly due to enhanced convective mixing or 

changes in dominant VOC speciation, a nuance not commonly reported in studies focused 

on plains or urban agglomerations. 

Wind. Higher wind speeds can promote the transport of O3 or its precursors (e.g., 

VOCs, NOx) from upwind regions. At the same time, increased wind speeds enhance the 

horizontal dispersion of PM2.5, thereby reducing the accumulation of locally emitted 

pollutants such as vehicle exhaust and industrial particulate emissions. 

 

(2) Interactions between air quality indicators 

At certain monitoring sites, prior concentrations of CO and NO2 were found to have 

a positive influence on current PM2.5 levels (see Figs. A10 and A11). However, their 

impact on current O3 concentrations was relatively limited. In contrast, the interaction 

between PM2.5 and O3 was more pronounced. Elevated O3 levels on the previous day 

can enhance the oxidation of VOCs, resulting in the formation of low-volatility products 

such as carbonyl compounds and organic acids. These compounds subsequently 

condense to form secondary organic aerosols (SOAs), thereby contributing directly to 

current PM2.5 concentrations. Liao et al. (2019) illustrated the spatial distribution of 

aerosols in Yunnan Province using aerosol optical thickness data. Additionally, air 

masses previously enriched in PM2.5 may carry O3 precursors, such as NOx and VOCs. 

These precursors can undergo regional transport and participate in local photochemical 

reactions on the following day, leading to elevated O3 concentrations. This observed 

PM2.5 and O3 coupling in Yunnan’s pre-monsoon season (March-April) is particularly 

strong. While Chen et al. (2023) reported widespread PM2.5 and O3 correlations across 

China, they noted positive correlations were dominant along the southern coast and in 

summer. Our study extends this understanding by demonstrating a significant positive 

coupling in the southwestern plateau during spring, potentially driven by shared 

meteorological drivers (low humidity, high temperature) and active photochemistry, 

rather than just co-transport. This insight is crucial for developing coordinated control 

strategies in similar mountainous environments. A schematic representation of the 

inferred interactions among meteorological variables, PM2.5, and O3 is provided in 

Figure 7. 

During the March–April period, increased temperatures, low relative humidity, and 

prolonged sunshine duration contribute to the intensification of O3 pollution (Zhang et 

al., 2022). Ni et al. (2024) identified temperature, relative humidity, and wind speed as 

the dominant meteorological drivers of O3 variability, with significant spatial 

heterogeneity across regions. In Southeast Asia, temperature and humidity were shown 
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to be the two most critical factors (Ni et al., 2024). In Hangzhou, China, Zhang et al. 

(2024a) reported that when relative humidity drops below 70%, the positive contribution 

rate of temperature to O3 pollution increases by 89%. Furthermore, Chen et al. (2023) 

revealed that since 2017, over 90% of monitoring sites have shown significant PM2.5–O3 

correlations across all seasons, with positive correlations predominantly observed along 

the southern coast and during summer months. 

 

 

Figure 7. Schematic diagram of the inferred relationship between meteorological factors, PM2.5 

and O3 in Yunnan 

 

 

Further research 

This study primarily focuses on the influence of meteorological conditions on future 

air quality in an effort to enhance prediction accuracy. During model development, we 

reduced the dimensionality of influencing factors to promote the practical applicability of 

the proposed method. The effects of solar radiation intensity and atmospheric boundary 

layer dynamics (e.g., mixed layer thickness) were not considered. Additionally, the 

potential impacts of exogenous pollution sources—particularly biomass burning in 

Southeast Asia—were not incorporated. These omissions may affect the accuracy of 

medium- to long-term air quality projections. Future studies should give greater attention 

to the transboundary effects of biomass burning and incorporate relevant parameters to 

improve forecast robustness. 
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Conclusions 

(1) The proposed interpretable framework, integrating time series features with 

meteorological variables, enables reliable 5-day-ahead air quality prediction, 

demonstrating its applicability in spatially complex mountainous regions. The two 

machine learning models (Random Forest, and XGBoost) effectively captured the 

nonlinear relationships between influencing factors and air quality indicators. 

(2) The strong interdependence between PM2.5 and O3 emphasizes the importance of 

integrated air pollution control. Among meteorological factors, relative humidity plays a 

particularly important role from March to April. Low humidity conditions are not 

conducive to pollutant removal and tend to exacerbate PM2.5 and O3 pollution levels. 
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APPENDIX 

Table A1. List of air quality monitoring points 

Serial number Geographic name Name City Longitude Latitude 

1 Chenggongxinqu 1450A Kunming 102.8204 24.8886 

2 Xishansenlingognyuan 1451A Kunming 102.6251 24.9608 

3 Longquanzhen 1452A Kunming 102.7252 25.0902 

4 Dongfengdonglu 1453A Kunming 102.7266 25.0375 

5 Jindingshan 1454A Kunming 102.6742 25.0669 

6 Bijiguangchang 1455A Kunming 102.6644 25.0401 

7 Shihuanjingjiancezhan 2594A Baoshan 99.1678 25.1081 

8 Shihuanbaoju 2595A Baoshan 99.1711 25.1328 

9 Jiancezhan 2596A Zhaotong 103.7667 27.3736 

10 Huanbaoju 2597A Zhaotong 103.7225 27.3361 

11 Lijianggucheng 2599A Lijiang 100.2497 26.8802 

12 Shizhongxin 2600A Lijiang 100.2203 26.8906 

13 Shihuanbaoju 2601A Puer 100.98 22.7633 

14 Puerdierzhongxue 2602A Puer 100.9817 22.8322 

15 Shihuanbaoju 2603A Lincang 100.0781 23.8982 

16 Shiqixiangju 2604A Lincang 100.0894 23.8822 

17 Zhouhuanjingjiancezhan 2605A Chuxiong 101.5482 25.0441 

18 Shijingjikaifaqu 2606A Chuxiong 101.538 25.0492 

19 Wushuichulichang 2608A Honghe 103.3772 23.3993 

20 Jiancezhan 2609A Honghe 103.3861 23.35 

21 Zhoushuiwuju 2610A Wenshan 104.2533 23.3594 

22 Shibianminfuwuzhognxin 2611A Wenshan 104.2319 23.3892 

23 Jinghongshijiangnan 2612A Xishuangbanna 100.7939 22.0019 

24 Jinghongshijiangbei 2613A Xishuangbanna 100.8017 22.0225 

25 Dalishihuanjingjiancezhan 2614A Dali 100.1542 25.7054 

26 Daligucheng 2615A Dali 100.2171 25.5811 

27 Dehongzhoujiancezhan 2616A Dehong 98.5842 24.428 

28 Zhoujiancezhan 2618A Nujianng 98.8601 25.8567 

29 Lushuiyizhong 2619A Nujianng 98.8546 25.8417 

30 Diqingzhouzhan 2621A Diqing 99.7056 27.8317 

31 Huanjingjiancezhan 1916A Qujing 103.7897 25.5035 

32 Yanchangbangongqu 1917A Qujing 103.8 25.5364 

33 Yuxiyizhong 2882A Yuxi 102.5389 24.3703 

34 Wentizhongxin 2883A Yuxi 102.5381 24.3389 
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Figure A1. Effect of HUM-0 on current PM2.5 concentration 

 

 

(a) 1450A (b) 1451A (c) 1453A 

(d) 1454A (e) 1455A (f) 1916A 

(g) 2605A (h) 2608A (i) 2609A 

(j) 2614A 
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Figure A2. Effect of PCP-0 on current PM2.5 concentration 

 

 

(a) 1451A (b) 2599A (c) 2605A 

(d) 2611A (e) 2612A (f) 2883A 
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Figure A3. Effect of TEM-0 on current PM2.5 concentration 

 

 

(a) 1450A (b) 1451A (c) 1453A 

(d) 1454A (e) 1455A (f) 1916A 

(g) 1917A (h) 2596A (i) 2597A 

(j) 2599A (k) 2609A (l) 2882A 

(m) 2883A 
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Figure A4. Effect of WIND-0 on current PM2.5 concentration 

 

 

(a) 1916A (b) 1917A (c) 2596A 

(d) 2597A (e) 2599A 
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Figure A5. Effect of HUM-0 on current O3 concentration 

(a) 1450A (b) 1452A (c) 1454A 

(d) 1916A (e) 1917A (f) 2594A 

(g) 2595A (h) 2597A (i) 2599A 

(j) 2600A (k) 2601A (l) 2602A 

(m) 2603A (n) 2605A (o) 2611A 

(p) 2612A (q) 2613A (r) 2619A 

(s) 2882A (t) 2883A 
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Figure A6. Effect of TEM-0 on current O3 concentration 

 

 

(a) 1452A (b) 1454A (c) 1916A 

(d) 1917A (e) 2597A (f) 2602A 

(g) 2605A (h) 2612A 
(i) 2619A 

(j) 2882A (k) 2883A 
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Figure A7. Effect of WIND-0 on current O3 concentration 

 

 

(a) 1450A (b) 1452A (c) 1454A 

(d) 1916A (e) 1917A (f) 2599A 

(g) 2600A (h) 2603A (i) 2605A 

(j) 2613A 
(k) 2619A (l) 2882A 

(m) 2883A 
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Figure A8. Effect of NO2-0 on current PM2.5 concentration 

 

 

 

Figure A9. Effect of CO-0 on current PM2.5 concentration 

 

 

(a) 2612A (b) 2614A (c) 2882A 

(a) 2608A (b) 2612A 
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Figure A10. Effect of O3-0 on current PM2.5 concentration 

 

 

(a) 1450A (b) 1451A (c) 1453A 

(d) 1454A (e) 1455A (f) 1917A 

(g) 2605A (h) 2608A (i) 2609A 

(j) 2611A (k) 2614A (l) 2882A 

(m) 2883A 
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Figure A11. Effect of PM25-0 on current O3 concentration 

(a) 1450A (b) 2601A (c) 2602A 

(d) 2611A (e) 2612A (f) 2613A 


