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Abstract Most of the previous PM,; s prediction models present unsatisfactory performance in several aspects,
including predicting accuracy and generalization ability, especially in case of the sudden change in the value of
PM, 5 situation. Therefore, we propose a method based on the U-net neural network to predict the hourly PM, s
concentration value on the research area, attempting to improve the prediction performance. The proposed model
includes two major steps. First, based on the inverse distance interpolation of historical wind field data, discrete
station PM, 5 values are interpolated into a PM, 5 grid map; second, the U-net neural network is applied to train the
prepared spatiotemporal grid data and make predictions. The model can use the PM, s concentration values of the
grid map extracted at different time stamps for the PM, 5 prediction. The PM, 5 concentration values at all locations
in the research region can be achieved. Specifically, the prediction accuracy and the generalization ability of the
model in case of sudden changes are revealed. Experimental results indicate that the proposed method has a 10%
improvement in the prediction accuracy of PM, 5 concentration values in the case of sudden change.

Key words PM, ;5 prediction; abrupt scenarios; interpolation of historical wind speed; grid graph; neural network
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Tablel Prediction results of different methods in the test sets
e Jik RMSE MAE
ARIMA 18.8122 18.3714
TAE 1 LSTM 14.3935 13.6171
CESY U-net (nearest) 12.2778 11.3251
U-net (based on wind field) 10.5568 10.4123
- ARMA 21728 118917
PiRAE 2 LSTM 11.2653 11.1746
(ERE)  ynet (nearest) 11.0385 10.9535
U-net (based on wind field) 9.6332 9.3172
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