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Abstract: In order to further improve the accuracy of PM,s concentration prediction, a variable weight combination short-term
1-hour PM,s concentration prediction model based on LSTM network and XGBoost model was proposed. First, analyze the
predictive factors, explore the influence of air pollutant factors and meteorological factors on the PM, 5 concentration, to determine
the best PM,s concentration predictive factors and analysis the variable importance. Then, after data pretreatment the LSTM
prediction model and the XGBoost prediction model was built respectively, and adopt the adaptive variable weight combination
method based on residual improvement to obtain the final prediction result. The results show that: The relative importance of
pollutant variables is higher than the importance of meteorological factors, among which the relative importance of current PM; 5
concentration and CO concentration is higher, while the importance of average wind speed and relative humidity is lower. The values
of RMSE, MAE and MAPE of the variable weight combined XGBoost-LSTM (Variable) model proposed in this study are 1.75, 1.12
and 6.06, which are better than LSTM, XGBoost, SVR, XGBoost-LSTM (Equal) and XGBoost-LSTM (Residual) model. The
combined model predicts performance best in spring but the forecast accuracy is poor in summer. The variable weight method
combination model proposed in this study effectively combines the advantages of the two models, not only considers the time series
information of the data but also takes into account the nonlinear relationship between the features, and has higher prediction accuracy
compared with other models.
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Table 1 Statistical description of air quality data and
meteorological data in Shanghai
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PMas( 1 g/m®) 36.9 169.9 3.67 24.49
SO,( 1 g/m?) 1.2 437 48 4.47
NO,( 1 g/m®) 39.9 146.1 6.1 20.96
CO(u g/m?) 0.74 2.22 0.34 0.23
SR (m/s) 4,63 11.62 0.16 1.93
F7K (mm) 1.78 95.7 0.00 6.38
SEHR(C) 19.9 34.9 0.6 8.32
Y3551 (hPa) 1014.5 1036.3 997.1 8.29
125 v P (km) 488.5 1908.8 16.8 303.41
A (%) 79.1 98.4 30.8 10.7
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Fig.3 XGBoost-LSTM(Variable) model prediction process
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