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Abstract

Accurate prediction of the Air Quality Index (AQI) is of great importance for air pollution prevention,
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environmental management, and public health protection. Taking Fuzhou as the study area, this
study collected daily AQI data, concentrations of six major air pollutants, and meteorological data
from January 2021 to March 2025. XGBoost and Pearson correlation analysis were employed for
feature selection. Four individual prediction models, including XGBoost, Back Propagation Neural
Network (BPNN), Bidirectional Long Short-Term Memory (BiLSTM), and Prophet, as well as several
multi-model fusion frameworks, including STL-XGBoost, BiLSTM-STL-XGBoost, and BP-BiLSTM-
Stacking, were developed and evaluated. In addition, a Support Vector Machine (SVM) was applied
to classify air quality levels. The results indicate that the BPNN achieved the best performance
among the individual models, while the BP-BiLSTM-Stacking model demonstrated the highest over-
all prediction accuracy for AQI forecasting. Moreover, the optimized SVM significantly improved the
classification performance of air quality levels, particularly in identifying the minority class of
lightly polluted days. The findings suggest that multi-model fusion can effectively exploit the com-
plementary strengths of different models, thereby improving the accuracy and robustness of AQI
prediction and providing a useful reference for air quality forecasting and environmental manage-
ment.
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Figure 1. Prediction results of the XGBoost model
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Figure 2. Prediction results of the BP neural network model
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Figure 3. Prediction results of the BILSTM network model
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Figure 4. Prediction results and confidence intervals of the prophet model
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Figure 5. Main components of AQI time series decomposition
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Figure 6. Prediction results and confidence intervals of the prophet model (Test Set)
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Figure 7. Prediction results of the STL-XGBoost model
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Figure 8. Prediction Results of the Enhanced STL-XGBoost Model
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Figure 9. Prediction Results of the BILSTM-STL-XGBoost Model
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Figure 10. Prediction results of the BP-BiLSTM-Stacking model
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P 3 NARSCHE R HIPUA2H A BN A B I G BEVP Al FE AR (MAE, RMSE, R?). 2£F BP 5 BiLSTM
()2 kAL Stacking fili & 17 L MAE =2.13. RMSE =2.78 fll R=0.9906 14 &34 Ja T & hr, W Him
o BB A AR RS TR AQL I R ARFAE VR A2 9 . G 9RA STL-XGBoost #2418 R A T+ STL-
XGBoost A A B R 5EF, F HH Gl G5 R 5 RRIE S5 /M AR 2Rl A, U4 XGBoost (1) RMSE F
fiX 3.0% (7.62—7.39), il 7 B 7 A5 SRS 4040 @ 6 M . BILSTM-STL-XGBoost #5278 B K g i ik
BiLSTM #8Y, {H 4% fr B b [ A4 4 1 mr47 2%

Table 3. Comparison of prediction results of ensemble models

5 3. AEERITINLE R R

BEHY 2 FR MAE RMSE R2
STL-XGBoost 6.71 8.21 0.9182
BEERR STL-XGBoost 3.42 7.39 0.9337
BiLSTM-STL-XGBoost 3.66 7.73 0.9275
BP-BiLSTM-Stacking 2.13 2.78 0.9906
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Figure 11. Confusion matrix of the SVM model before optimization
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Figure 12. Confusion matrix of the SVM model after optimization
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