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A Hybrid Prediction Model for PM,; Concentration Based on Seasonal Trend
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Abstract: To improve the accuracy of PM,; concentration prediction, this paper introduces a hybrid time series forecasting model
with seasonal-trend decomposition (Hybrid-X12). Firstly, the seasonal-trend decomposition algorithm performs the task of decom-
posing PM, s time series into trend-cycle, seasonal and irregular sub-series; Then, ARIMA (Autoregressive Integrated Moving Aver-
age Model), LSTM (Long Short Term Memory), and SVM (Support Vector Machine) are applied to the above sub-series prediction
tasks respectively; Finally, the final prediction result comes from the integration of the predicted results of sub-series. The simulation
experiment selected PM, s monthly concentration from six major cities in North China and used MAE (Mean Absolute Error), RMSE
(Root Mean Square Error), and IA (Index of Agreement) as model evaluation indicators. The experimental results demonstrated that
the hybrid prediction system can significantly enhance prediction accuracy. Compared with the traditional single model ARIMA,
LSTM and SVM, the MAE of the proposed model in Beijing is reduced by 18.72%, 60.14% and 43.15%, respectively. This verifies

that the seasonal-trend decomposition algorithm is helpful for mining seasonal-trend information in time series. It can be concluded
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that selecting appropriate algorithms for sub-series with different characteristics ensures the full utilization of the advantages of dif-

ferent models, providing new ideas for PM, s concentration prediction.

Key words: PM,; concentration prediction; seasonal trend decomposition; autoregressive integrated moving average model; long

short term memory; support vector machine
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Fig. 1 PM,; monthly concentration time series from January
2014 to December 2021
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Fig. 2 Structure of the LSTM
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Fig. 4 Seasonal-trend decomposition results of PM, s concentration time series
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Table 1 The mutual information values between seasonal-trend decomposition subseries and PM, 5 concentration
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Table 2 Fitting accuracy (MAE) of training and testing sets for seasonal-trend decomposition subseries
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Table 3 Evaluation index values of model prediction results
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