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Dynamic prediction of gas concentration based on MADF-DE-GRU
ZHAO Ruixiao, FU Xuelong, LIU Huan

(Intelligent Manufacturing Training Center, Jiangsu Polytechnic of Finance and Economics,
Huaian 223003, Jiangsu, China)

Abstract: In order to ensure the safe production of coal mine back face and improve the accuracy of gas concentration prediction,
a dynamic prediction model of gas concentration based on gated recurrent unit ( GRU) neural network is proposed. Firstly, a moving
average filter ( MAF) improved by difference method is used to remove the noise and trend in the original data; then the
hyperparameters such as the number of hidden layers, the number of neurons in the hidden layer, the time step and the number of
iterations of the GRU neural network are used to find the optimal ones by using the differential evolution ( DE) algorithm; and
finally, a gas concentration prediction model ( MADF — DE -~ GRU) is constructed by optimized hyperparameters, and the
experimental results comparing with many kinds of prediction models, the MADF-DE—-GRU model has higher prediction accuracy
and better prediction effect, and can be applied to practical production.
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Table 2 Comparison of variant prediction models
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Table 3 Comparison of traditional prediction models

3 MAE RMSE MAPE  RMSPE
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