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Abstract  This study evaluated regional short-term PM,s prediction performance using ground
observation data in South Korea. Hourly meteorological and air quality observations from 2018 to 2024
were aggregated for 17 administrative regions. The meteorological variables, temporal cycle variables,
regional dummy variables, and lagged PM,s concentrations were used as inputs. Compared to the
persistence baseline, Random Forest, XGBoost, and LightGBM all performed better. Although the three
models perform similarly, LightGBM showed the best validation performance and was selected as the
representative model. The prediction errors vary substantially across regions, suggesting that prediction
difficulty differs according to the regional concentration variability and the representativeness of
observation data, even when the same model was applied. Although linear correlations between
meteorological variables and PM,s are generally weak, feature importance analysis identified lagged
PM, 5 concentration, seasonality, relative humidity, and temperature as major predictors. The prediction
errors also tended to increase at high concentrations, suggesting the need for complementary strategies,
including additional variables and weighted learning for high-concentration cases. These results
highlight the importance of evaluating performance according to the region and concentration range as
well as overall accuracy. By presenting the predictive performance achievable using only ground
observations, this study provides a baseline for evaluating the improvements achieved by integrating
external data sources.
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Table 1. Comparison of model performance on the
validation dataset

Model MAE RMSE R®
LightGBM 1.757 3.111 0.901
XGBoost 1.761 3.123 0.900

Random Forest 1.758 3.174 0.897
Persistence 1.843 3.431 0.880
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Fig. 1. Comparison between observed and predicted

PM,s concentrations using the LightGBM
model. The color scale indicates point density.

Table 2. Model performance by PM;s concentration

range.
PM;5 range Data size MAE RMSE R?
Low 55,775 1.363 2.468 0.425
Moderate 31,444 2.071 3.234 0.596
High 4,182 4.642 7.183 0.526
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Fig. 2. Regional PM;s prediction errors (RMSE) using
the LightGBM model.
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Fig. 3. Feature importance of the LightGBM model
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