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Abstract: The random foreat regression algorithm was introduced to solve the shortcomings of neural network in
predicting the PM2.5 concentration, such as over-fitting, complex network structure, low learning efficiency. A novel
PM2.5 concentration prediction model named RFRP was designed by analyzing the 22 characteristic factors includ-
ing the meteorological conditions, the concentration of air pollutants and the season. The historical meteorological
data of Xi’an in 2013—2016 were collected to verify the effectiveness of the model. The experimental results show
that the proposed model can not only predict the PM2.5 concentration effectively, but also improve the operating effi-
ciency of the model without affecting the prediction accuracy. The average run time of the proposed model is 0.281 s,
which is about 5.58% of the neural network prediction model.
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