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Prediction of Air Pollutant PM2. 5 Based on Time-space
Feature Extraction

LING Desen, WANG Xiaokai
(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: In order to fully mine the spatiotemporal feature information between multi-factor data, and solve the problem that
PM2. 5 value cannot be accurately predicted under the influence of multiple factors, a PM2. 5 prediction method is proposed to com-
bine with a seasonal-trend decomposition procedure based on Loess (STL) algorithm, convolutional long short-term memory network
(ConvLSTM) and gated recurrent unit (GRU). Firstly, the STL algorithm is used to decompose the PM2. 5 data and fuse the decom-
posed sequence with other factors; The ConvLSTM-GRU model is built, and the Bayesian optimization algorithm is used to search for
super parameters; The fused data is transferred to extract the ConvLSTM network for time-space feature, and then the extracted fea-
ture sequence is transferred to the GRU network for the prediction. Compared with the prediction results of the ConvL.STM-GRU
model, CNN-GRU model and GRU model, the results show that the proposed model has the characteristics of small error and good
prediction effect.
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