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[Abstract]

Due to the increasing health impacts of fine dust, this study aimed to predict fine particulate matter concentrations in areas
lacking measurement stations. We employed seven machine learning techniques: Multiple Linear Regression, Neural Networks,
Support Vector Machines, Decision Trees, Random Forests, XGBoost, and TabNet. As actual values are unavailable in regions
without measurement stations, observed concentrations from existing stations were used for comparison with predicted values.
PM2.5 and PM10 were the dependent variables, while measurements from nearby stations of PM2.5, PM10, SO2, CO, NO2, O3,
and meteorological data, such as average temperature, daily precipitation, and average wind speed, were the independent variables.
Six models were developed to predict fine dust concentrations by combining these independent variables. The study found that for
both PM2.5 and PM10 forecasts, the XGBoost technique performed best, with the lowest RMSE values when Model 3 was used
for PM2.5 forecasts and Model 12 was used for PM10 forecasts.
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Fig. 1. Number of articles on particular matter by year
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Kyung-Gi area
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Table 1. Model with PM2.5 as dependent variable
ID Independent Variables

V1_pm25Value, V2_pm25Value, V3_pm25Value,
V4_pm25Value, V5_pm25Value

Dep. Var. in Modell + V1_so2Value, V1_coValue,

1

V1_no2Value, V1_o3Value, V2_so2Value,
V2_coValue, V2_no2Value, V2_o3Value,

2 V3_so2Value, V3_coValue, V3_no2Value,
V3_o3Value, V4_so2Value, V4_coValue,
V4_no2Value, V4_o3Value, V5_so2Value,
V5_coValue, V5_no2Value, V5_o3Value

3 Dep. Var. in Model2 + Mean_Temerature,
Daily_Rainfall, Mean_Wind_Speed

Modell  +
V3_pm10Value,

V1_pm10Value,
V4_pm10Value,

Dep. Var. in
4 V2_pm10Value,
V5_pm10Value

Dep. Var. in Model4 + V1_so2Value, V1_coValue,

V1_no2Value, V1_o3Value, V2_so2Value,
V2_coValue, V2_no2Value, V2_o3Value,
5 V3_so2Value, V3_coValue, V3_no2Value,
V3_o3Value, V4_so2Value, V4_coValue,
V4_no2Value, V4_o3Value, V5_so2Value,

V5_coValue, V5_no2Value, V5_o3Value

Dep. Var. in Model5 + Mean_Temerature,
Daily_Rainfall, Mean_Wind_Speed
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Table 2. Model with PM10 as dependent variable
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ID Independent Variables

7 V1_pm10Value, V2_pm10Value, V3_pm10Value,
V4_pm10Value, V5_pm10Value
Dep. Var. in Model7 + V1_so2Value, V1_coValue,
V1_no2Value, V1_o3Value, V2_so2Value,
V2_coValue, V2_no2Value, V2_o3Value,

8 V3_so2Value, V3_coValue, V3_no2Value,
V3_o3Value, V4_so2Value, V4_coValue,
V4_no2Value, V4_o3Value, V5_so2Value,
V5_coValue, V5_no2Value, V5_o3Value

9 Dep. Var. in Model8 + Mean_Temerature,
Daily_Rainfall, Mean_Wind_Speed
Vi_pm25Value, V1_pm10Value, V2_pm25Value,

10 V2_pm10Value, V3_pm25Value, V3_pm10Value,
V4_pm25Value, V4_pm10Value, V5_pm25Value,
V5_pm10Value
Dep. Var. in Model10 + V1_so2Value, V1_coValue,
V1_no2Value, V1_o8Value, V2_so2Value,
V2_coValue, V2_no2Value, V2_o3Value,

11 V3_so2Value, V3_coValue, V3_no2Value,
V3_o3Value, V4_so2Value, V4_coValue,
V4_no2Value, V4_o3Value, V5_so2Value,
V5_coValue, V5_no2Value, V5_o3Value

12 Dep. Var. in Model11 + Mean_Temerature,
Daily_Rainfall, Mean_Wind_Speed
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