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Abstract At present,the air quality prediction is mainly based on the time series of a single station, without considering the in-
fluence of the spatial characteristics on the air quality. To solve this problem,a multi-scale neural network (MSCNN-GALSTM)
model based on spatiotemporal optimization is proposed for air quality prediction. one-dimensional multi-scale convolution kernel
(MSCNN) is used to extract the local temporal and spatial characteristic relations in air quality data,the LINEAR SPLICING and
fusion are carried out to obtain the space-time characteristic relation of multi-sites and multi-features, combine the advantage of
long-short memory network (LSTM) to process time series,and introduce genetic algorithm (Ga) to optimize the parameter set
of LSTM network globally, the time-space relationship of multi-site and multi-feature is input into the LSTM network,and then
the long-term feature dependence of multi-site and multi-feature is output. Finally, the MSCNN-GALSTM model was compared
with the single LSTM reference model and the single scale convolutional neural network model. The root mean square error
(RMSE) decreased by about 11% and the average prediction accuracy increased by about 20 %. The results show that the MSC-
NN-GALSTM model has more comprehensive feature extraction, deeper level, higher prediction accuracy and better generalization
ability.
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Fig. 1 Multi-site single feature diagram(PM10)
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Fig. 2 Feature extraction process of one-dimensional multi-scale

convolution kernel
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Fig. 3 MSCNN-LSTM prediction model flow diagram
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hidden layers
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