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PM2. 5 concentration prediction model based on CNN-SA-LSTM
HAN Feilong, FENG Qimeng, ZHOU Xiaozheng, HUANG Yuan
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Abstract: PM2.5 is a harmful environmental pollutant that destroys the natural environment and harms human health. Accurate
forecasting of PM2. 5 concentration is of great significance to controlling air pollution and improving people’s quality of life. In order
to improve the prediction accuracy of PM2. 5 concentration, this paper proposes a deep learning model composed of a convolutional
neural network, a self—attention mechanism, and a long—short—term memory network. The convolutional neural network can extract
the hidden meanings in time series data. The deep features and self—attention mechanism can capture long—term dependencies, and
the long short—term memory network can capture short—term dependencies, thereby improving the prediction accuracy of PM2. 5
concentration. Experimental analysis shows that the combined prediction model proposed in this article has high prediction accuracy.
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Fig. 1 Calculation process of self-attention mechanism
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Fig. 2 LSTM calculation diagram
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Fig. 3 Flow chart of the combined prediction model
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Fig. 4 PMZ2.5 concentration prediction results of different models
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Table 2 Error results of each prediction model

B MAE RMSE MAPE R
LSTM 10.74 16.52 0.87 0.78
CNN 14. 80 18.63 1.13 0.73
CNN-LSTM 8.91 15.79 0.56 0.80
Transformer 12.36 19. 89 0.81 0. 69
SA-LSTM 10.98 16.95 0.56 0.77
CNN-SA-LSTM 5.75 9.08 0.39 0.93
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