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Abstract

Air Pollution Forecast is a complicated systems engineering, and it is a hotspot of environmental
science research. The neural network method has been applied to air pollution forecast at home and
abroad. Artificial Neural Network (ANN) is a research hotspot in the field of Artificial intelligence
since 1980s. It abstracts the neural network of human brain from the angle of information processing,
builds some simple model, and forms different networks according to different connection ways. In
engineering and academic circles, it is often referred to as neural network or neural-like network.
The purpose of this paper is to summarize the research progress of neural network in air pollution
forecasting and discuss its future prospect in the field of air pollution forecasting.
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Figure 1. Typical neural network structure
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Table 1. The results of neural networks in research progress
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Table 2. Neural networks vs. Traditional analysis methods
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