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. Introduction

Thailand has faced severe PM,s pollution for over a decade, mainly due to Biomass Burning (BB)
emissions from agricultural burning and forest fires. Long-term exposure to PM,s5 is linked to
health risks, such as respiratory and cardiovascular diseases. To effectively study the health
impacts, researchers need complete-coverage PM,s data. However, Thailand’ s air quality moni-
toring (AQM) network is limited, and expanding it is costly, making modeling a more feasible
solution. The Chemical Transport Model (CTM) and Machine Learning (ML) models are common models
for PM, 5 predictions. Tree-based ML models, such as Light Gradient Boosting Machine (LightGBM),
are preferred for training speed and efficiency over deep learning models, such as Neural
Networks. However, CTMs require complex atmospheric settings and high—quality inputs, while ML
models lack atmospheric process integration. Thus, researchers have integrated both models to
enhance the performance, but no study has yet decoupled single emissions from CTMs for ML
applications. This research aims to develop a LightGBM model incorporating BB-decoupled CTM
predictors to improve daily PM,s predictions in Central Thailand during 2019 (see Figure I).
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Figure | The study area (red dots are AQM stations)
all emission sources (baseline CTM predictor),
and the second excludes BB emissions (BB-excluded CTM predictor). The difference between these
scenarios yields a BB-contributed CTM predictor. BB-excluded and BB-contributed collectively
form the BB-decoupled CTM predictors (see Figure 2). (b) Control predictors: They include

population density, elevation, land use, and meteorological variables simulated from the weather

model.
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Figure 2 Daily average of observed and CTM-simulated PMys concentrations across all AGM stations
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2.2 The LightGBM model development: Two LightGBM models were developed (baseline and decoupled
model). The baseline model used the baseline CTM predictor, and the decoupled model used BB-
decoupled CTM predictors. Both used identical control predictors. The model hyperparameters
were adopted directly from Thongthammachart et al. [1], who studied the some area and dataset.
The model evaluation employed five-fold cross-validation (CV) across three aspects: overall,
spatial, and temporal, splitting the data by samples, monitoring sites, and dates, respectively.
Finally, o one-tailed paired t-test was used to compare the model performance.

3. Results and discussion

Table | The baseline and decoupled models’ performance Table | presents the performance scores
oV Annual Wet season Dry season of the baseline and decoupled models
Mode |
aspects R RMSE* R RWSE* R ruser  evaluated across three CV aspects. The
Overall  0.82 6.68 0.% 471 077 7.8 incorporation of decoupled predictors
Basel ine . . .
Spatial  0.70 8.6 0.5 68 0.65 9.7 has been statistically proven to improve
mode | .
Temporal ~ 0.71 846 0.6 541 0.62 10.14 the performance scores of the LightGBM
Overall 0.8 592 0.7 44 0.8 68 model across all CV aspects (p-value <
Decoupled . .
Seatial  0.73 818 0.5 669 069 913 0.01). The largest improvement is ob-
model . . .
Temoral  0.75 783 0.70 530 0.8 9.27 served in the dry season, which is the
* The unit of RNSE is pg/i period with the intense BB activities.
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Figure 2). This could help the Light model to better learn the relationship between source-

specific PM, s and other predictors, enabling it to correct CTM biases more effectively.

4, Conclusion

Applying the BB-decoupled predictors significantly improves the LightGBM model performance in
all CV aspects, demonstrating the effectiveness of the decoupling process in refining the PM, s
predictions. However, other ML models, such as deep learning algorithms, may yield different
results. Further exploration is needed to determine whether the decoupling process enhances

performance in other types of ML models.
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