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Abstract

Air pollution forecasting is a complex system engineering that is a hot spot in environmental science
research, and there have been studies on the use of long and short neural networks (LSTM) for the
prediction of different projects at home and abroad. It is a research hotspot in the field of artificial
intelligence that has emerged since the 80s of the 20th century. It is an upgrade on the basis of a
neural network, which extends the data range and is temporal. The purpose of this paper is to re-
view the research progress of LSTM in air pollution forecasting and discuss its future prospects in
the field of air pollution forecasting.
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Figure 1. LSMT network structure
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