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ABSTRACT  

Urban air pollution has been a critical issue worldwide. It is indicated that PM2.5 poses many adverse health effects. Since 

the PM2.5 level during rush hours significantly contributes to overall exposure, it is crucial to investigate the effects during 

commutes. This study aimed to propose a geospatial artificial intelligence (Geo-AI) prediction model to estimate the 

spatiotemporal variation of PM2.5 concentrations during morning and evening rush hours in Taiwan. Hourly PM2.5 

measurements from 2006 to 2020 were collected from 74 air quality monitoring stations established by the Taiwan 

Environmental Protection Administration. Total of 0.35 million observations were involved in analysis. We further 

aggregated hourly PM2.5 into morning (7:00-9:00) and evening (16:00-18:00) averages. Potential predictor variables 

included co-pollutants (NO2 and SO2), land-use/land cover information, landmarks, satellite images. Totally, around 400 

potential variables were included in the modelling process. For feature selection, we adopted SHapley Additive 

exPlanations (SHAP) index as a reference to remove the redundant features. To develop the Geo-AI prediction model, 

Kriging interpolation, land-use regression, machine learning, and ensemble stacking approach were utilized. For model 

validation, 10-fold cross validation (CV) and temporal external data were included to test overfitting issue and the model 

extrapolation capability. The Geo-AI model captured 90% and 95% of PM2.5 variability, and the root mean square error 

(RMSE) was 4.85 and 3.75 μg/m3 for morning and evening periods, respectively. Similar results were obtained from 10-

fold CV and external data validation with R2 of 0.90 and 0.83 for morning, 0.94 and 0.77 for evening periods. The selected 

variables showed that Kriged PM2.5, distance to industrial parks, and the density of roads explained most of PM2.5 

variation for morning rush hour. It’s also discovered that Kriged PM2.5, distance to industrial parks, and the density of 

temples affected PM2.5 variation in evening rush hour. The developed Geo-AI could estimate the spatiotemporal variation 

of PM2.5 concentrations with a high prediction accuracy for morning and evening rush hours. Important features were 

identified by the explainable SHAP index through machine learning process. The spatial distribution of estimated PM2.5 

could provide information for the government to manage urban air pollution controlling strategies.  
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1. INTRODUCTION  

PM2.5 has evidenced many adverse health effects on human health. Exposure to short-term PM2.5 might lead to the 

increasing risk of cardiovascular disease, respiratory diseases, asthma exacerbation, and mortality (Chen et al., 2018, 2017; 

Liu et al., 2021). It is inevitable to tackle the challenge in controlling air pollution exposures. In addition, PM2.5 levels 

during commuting periods were indicated a two to three times higher compared than the background situations (Correia 

et al., 2020; de Nazelle et al., 2017). Although people spend less time in commuting, the exposure might attribute higher 

health risk. A study assessing the health risk from dynamic PM2.5 exposure in a metropolitan indicated that high-level 

PM2.5 was often underestimated in morning rush hours, which make a severe situation for commuters (Li et al., 2021). An 

accurate air pollution exposure assessment for rush hours is in an urgent need for the population.  

To address this issue, air pollution modelling strategies have been used to depict air pollution variations in a large 

surface based on geospatial technologies, including Kriging interpolation, Land-use Regression (LUR), satellite-derived 
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data, and machine learning models (de Hoogh et al., 2016; Eeftens et al., 2012; Wong et 

al., 2021). With the ability of capturing nonlinear relationship between potential emission sources and target air pollution, 

machine learning provides a great prediction accuracy in air pollution spatial modelling. Furthermore, studies integrate 

the advantages in considering spatial variance of geospatial information and assembling the predictions from different 

modelling procedures to bring in geospatial-artificial intelligencebased (Geo-AI-based) machine learning models (Babaan 

et al., 2023; Wong et al., 2023). For example, the Geo-AI models explained 90% of variation in daily PM2.5 concentration 

and improve 38% than traditional LUR model (Wong et al., 2023).   

The aim of this study was to develop Geo-AI prediction models to estimate the spatial variation of PM2.5 

concentration during morning and evening commuting rush hours.   

  

2. MATERIALS AND MEHODS  

2.1 Air pollution  

Hourly PM2.5 measurements from 2006 to 2020 were collected from the monitoring stations established by the Taiwan 

Environmental Protection Administration (Taiwan EPA). Total of 0.35 million observations were involved in analysis. We 

further aggregated hourly PM2.5 into morning (7:00-9:00) and evening (16:00-18:00) averages. The categorized rush hours 

were adopted to better reflect the commuting periods of elementary school children, who were a representative of 

vulnerable group.  In addition, Kriged PM2.5 level from a leave-one-out Ordinary Kriging approach was used as a predictor 

to consider the impact of surrounding sites on the target monitoring station (Wu et al., 2018).  

  

2.2 Potential predictor variables  

Potential predictor variables included co-pollutants (NO2 and SO2), land-use/land cover information, landmarks, 

roads, and satellite images. All the potential spatial predictors were calculated the density surrounding each monitoring 

station within the circular buffer range from 50-m, 150-m, 250-m, 500-m, 750-m, 1000-m, 1250m, 1500-m, 1750-m, 

2000-m, 2500-m, 3000-m, 4000-m, and 5000-m. Totally, around 400 potential variables were included in the modelling 

process. For feature selection, we adopted SHapley Additive exPlanations (SHAP) index as a reference to remove the 

redundant features. All predictors were fitted in XGBoost to generate SHAP values. The absolute SHAP index of each 

predictor was sorted, and only the important features with an R2 change greater than 0.001 were retained as key influential 

factors (Hsu et al., 2023).  

  

2.3 Development of Geo-AI prediction models  

To develop the Geo-AI prediction models, Kriging interpolation, land-use regression, machine learning, and 

ensemble stacking approach were utilized. The dataset was split 80% into training set for model building and the remaining 

20% for model testing. This study utilized five machine learning algorithms including XGBoost, LightGBM, CatBoost, 

gradient boosting machine, and random forest. These algorithms were trained at first, and the predictions were used to fit 

the stacking ensemble model. For model validation, 10-fold cross validation (CV) and temporal external data were 

included to test overfitting issue and the model extrapolation capability. R2 and root mean square error (RMSE) were 

applied as indicators for performance evaluation. The final Geo-AI prediction model was selected based on the indicators 

that outperformed the other models.  

  

2.4 Spatial modelling of PM2.5 during morning and evening rush hours  

The spatial distribution of PM2.5 concentrations was further investigated using the finalized Geo-AI prediction model. 

Seasonal variations during morning and evening rush hours were depicted for the period from 2006 to 2020. The spatial 

differences between morning and evening were further investigated.   

  

3. RESULTS AND DISCUSSION  

3.1 Key influential factors  

The results showed that Kriged PM2.5, the distance to industrial parks, and road density within a 150-m circular buffer 

explained most of PM2.5 variations during morning rush hours in Taipei metropolises. It’s also discovered that Kriged 

PM2.5, the distance to industrial parks, and temple density within a 150-m circular buffer affected PM2.5 variations in 

evening rush hours. It was illustrated that surrounding PM2.5 levels would have a certain association with concentration 

from the target monitoring site (Wu et al., 2018). Taking this into account, we incorporated Kriging interpolated PM2.5 as 

a predictor and it indeed contributed a large effect on the Geo-AI models. On the other hand, the worshipping events and 

incense burning in temples were reported to be associated with the increment of PM2.5 levels (Lung and Kao, 2003; Wang 
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et al., 2021; Xu et al., 2020). PM2.5 levels would also be contributed form traffic related 

emissions (Hassanpour Matikolaei et al., 2019). Hence, the density of roads and temples were included as key influential 

factors.  

  

3.2 Performance of Geo-AI prediction model   

The Geo-AI prediction model captured 90% and  

95% of PM2.5 variability, and the root mean square error (RMSE) was 4.85 and 3.75 μg/m3 during morning and evening 

periods, respectively. The testing model also showed a high prediction accuracy with a R2 value of 0.87 during both 

morning and evening rush hours. The results from 10-fold CV and external data validation were consistent with that of 

training models with R2 values of 0.90 and 0.83 for the morning models, 0.94 and 0.77 for the evening models.  

  

3.3 Spatial distribution of estimated PM2.5  

Estimation maps were made to show the spatial and seasonal variations of PM2.5 concentrations during morning and 

evening rush hours (Figure 1 and 2). For the seasonal variations, it was observed that PM2.5 level was highest in winter, 

followed by spring, fall, and summer in both morning and evening rush hours. This phenomenon was consistent with that 

of measurements from the monitoring stations. The spatial distribution showed that PM2.5 was concentrated in the central 

and western parts of Taipei metropolises in the morning. Conversely, PM2.5 diffused to surrounding areas in the evening. 

The difference of PM2.5 spatial distribution between morning and evening might be due to the difference of population 

mobility and the lag effects of air pollution (Lu, 2023; Yang et al., 2021).  

  

 
Figure 1. Spatial distribution of seasonal PM2.5 estimation during morning rush hours 

  

 
Figure 2. Spatial distribution of seasonal PM2.5 estimation during evening rush hours 

  

4. CONCLUSIONS  

The developed Geo-AI prediction models capture the spatiotemporal variation of PM2.5 concentrations with a high 

prediction accuracy of 0.90 and 0.95 for morning and evening rush hours, respectively. Kriged PM2.5, density of roads and 



 

2023 Asian Conference on Remote Sensing (ACRS2023) 

temples are the main factors affecting PM2.5 levels during both morning and evening rush 

hours in Taipei metropolises. The prediction maps could be applied to investigate the transport of PM2.5 in large areas.  
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