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Prediction of PM, ; Concentration in Forest Based on BP Artificial Neural Network
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Abstract

established with meteorological data, atmospheric PM, 5 concentration outside the forest and forest structure as the input factors, and PM,
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[()b'eclive} BP neural network was used to predict PM2 5 concentration in forest. [Method]An artificial neural network model was
) p .5

hourly average concentration inside the forest as the output factors. Its prediction accuracy was also evaluated in this paper. [ Result ]| BP artifi-
cial neural network model can be trained to model the highly non-linear relationships between meteorological parameters, forest structure and
PM, , concentration. Mean relative error( E,;, ) ,root mean square error( Ky ) and goodness of fit( R*) between BP simulated PM, ; concentra-
tions in the forest and observed ones were 1.71x107* 6. 77 and 0. 98, respectively. The mean relative error,root mean square error and good-
ness of fit of traditional MLR model were 0.27,22.92 and 0. 93, respectively. [ Conclusion ]It can be concluded that BP artificial neural net-

work model is a promising approach in predicting PM, 5 concentration inside a forest.
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Fig.1 Structure of three-layer BP neural network
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Table 1 Input variables of prediction model
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Table 2 Description and comparative analysis of monitoring data in-
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Fig.2 Prediction results
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Table 3 Prediction accuracy of different prediction models

771 Method R? Eyr Epys
BP #1224 BP neural network 0.982  1.71x107* 6.77
MLR 0.931 0.27 22.92
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