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Machine Learning Ensemble Models and Kalman Filter Based on
Air Quality Research Center

ST ASR* 1 AMH! ol
o|4Y", o|EE, £5F*, HEY ), usd ), ojx&" A0l 2025 29 42
= = = = = = 2™ 20254 5¢€ 21
L o1a) O] To= (Ll =] =
QA Bl A B, DRI o7 9 QT F3u 2 g 21

Received 4 February 2025
Seong-il Leef, Dong Hun Lee’, Hyo-Jong Song*, Joon-Young Ahn?, Revised 21 May 2025

Seung-Myung Park", Jaeyun Lee" Accepted 23 May 2025

Department of Environmetal Engineering, Myongji University, Yongin, Republic of Korea "These two authors contributed
UClimate and Air Quality Research Division, National Institute of Environmental Research, equally to this work as co-first authors.
Incheon, Republic of Korea *Corresponding author

Tel: +82-(0)31-330-6693
E-mail : hjsong@mju.ac.kr

Abstract  This study aims to improve the prediction accuracy of PM, 5 concentrations by applying ensemble machine
learning techniques and the Kalman Filter (KF), using detailed air pollutant data collected from the Air Quality Research Center,
which are not available through general monitoring networks. The study evaluates the contribution of high-resolution
chemical species data to PM, 5 prediction and the effectiveness of post-processing techniques in enhancing model
performance. Three individual models—Linear Regression, Random Forest (RF), and XGBoost—were trained, evaluated, and
combined to construct an ensemble model. To capture both linear and nonlinear data characteristics, Linear Regression was
used alongside RF and XGBoost. Model training, validation, and testing were conducted using air quality data collected between
2019 and 2022 from both a general monitoring site and the Air Quality Research Center in Bulgwang-dong, Seoul. Permutation
Feature Importance was applied to identify and remove variables that negatively affected prediction accuracy, thereby
improving model efficiency. Seasonal performance was also evaluated to reflect Korea'’s climate characteristics. Additionally, the
KF was employed as a post-processing method to further enhance predictive performance. The final ensemble model, built from
the most optimal individual models, demonstrated more stable and accurate predictions than any single model. After applying
the KEF, all performance metrics improved. RMSE and MAE decreased, and positively biased NMB values were slightly corrected.
In 12-hour forecasts, the baseline model’s R? dropped below 0.6 after 7 hours and reached 0.46, while the KF-applied model
maintained R? above 0.6 until 10 hours and reached 0.56. Similar improvements were seen in 48-hour forecasts. This study
demonstrates the value of combining machine learning and data assimilation using high-resolution atmospheric data and
provides a foundation for future air pollution forecasting and policy planning.
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Table 1. Measurement items of general air quality monitoring stations and air pollution intensive monitoring stations.

Monitoring station

Measurement

General SO,, CO, NO,, O3, PM;, PM, 5, etc.

Intensive

SO,, CO, NO,, PM; 4, PM, 5, O3, Wind direction, Wind speed, Temperature, Humidity, Carbonaceous composition,
lonic composition, Metallic composition, Absorption coefficients, Scattering coefficients, Particle size distribution
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Table 2. Measurement items of air pollution intensive moni-
toring stations.

Composition Species
Carbonaceouc OC, EC
. 50,2, NO;~, CI7, Nat, NH,*, K*,
lonic Mg?*, Ca?*
Metallic S, K, Ca,Ti,V, Pb, Cr, Cu, Mn, Fe,

Ni, As, Zn, Se, Br

Absorption coefficients 370,470, 520, 590, 660, 880, 950 nm

Scattering coefficients 450, 550, 700 nm

Particle size distribution 10~20,000 nm
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Fig. 1. The basic form of Random Forest.
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Fig. 3. The ensemble model proposed in the study.
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Table 3. Statistical evaluation metrics.
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Fig. 4. PM, 5 grade classification criteria.

Table 4. Statistical evaluation metrics.

Metric Formula
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Table 5. Data used for each model.
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Ensemble V2 Ensemble V1 + Absorption coefficients, Scattering coefficients
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Apply permutation importance to Ensemble V3

The representation of each component is shown in Table 3.
‘Aikorea’is a component available from the Air Korea website.
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Fig. 5. Comparison of 12-hour PM, 5 forecasting performance: model accuracy based on input data composition (including
FI). This figure compares the 12-hour PM, 5 forecasting performance of several models developed using different input data
compositions, with and without feature importance (Fl) integration. Performance metrics including RMSE, R%, MAE, and NMB
are used to assess the accuracy for each forecast hour. The results visually demonstrate the impact of input data selection and
Fl application on model performance, with certain models showing improved accuracy when Fl is incorporated.
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Fig. 6. Comparison of 12-hour PM, 5 grade classification performance: model accuracy based on input data composition
(including FI). This figure presents a comparison of PM, 5 grade classification performance across various models using ACC,
FAR, POD, and F1-score over 12 forecast hours. The models were developed with different input data compositions, with and
without feature importance (Fl). The figure highlights the effect of Fl and input features on classification accuracy.
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Fig. 7. Forecasting performance of Ensemble V2_FI and its base models for 12-hour PM, s prediction. RMSE, MAE, R?, and
NMB are used to evaluate and compare the accuracy of Ensemble V2_FI with its constituent models (LR, Ridge, Lasso,

ElasticNet, RF, XGBoost).
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Fig. 9. Performance comparison before (gold) and after (red) applying Kalman Filter to the ensemble model. Kalman Filter
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and reliability.
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Fig. 10. Seasonal model results (2022). Seasonal PM, 5 prediction results in 2022 using the ensemble model excluding
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