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Prediction of mine dust concentration based on GA-BP Neural Network

ZHOU Changwei, XIE Xianping, DU Xidong
(Faculty of Land Resources Engineering, Kunming University of Science and Technology, Kunming 650093 ,China)

Abstract; In order to accurately predict the mine dust concentration and effectively prevent and control the mine
dust hazard,the BP neural network prediction model(GA-BP model) optimized by the genetic algorithm was used to
predict the dust concentration in a mine working face time series. The prediction accuracy of the model was evaluated
by the relative error and the average absolute percentage error of the prediction results. By using the BP neural
network prediction model, the prediction results of the convolutional neural network prediction model (CNN model)
and the GA-BP prediction model were compared and verified, and the root-mean-square error was used to evaluate
the prediction effect of the three models. The results show that the maximum relative error of the GA-BP prediction
model is 4. 27 % ,the minimum is 0. 14 % , the relative error is less than 10% , the average absolute percentage error
(MAPE) of the predicted sample is less than 10% , which meets the requirement of high precision prediction. The
RMSE values of CNN,BP,and GA-BP are 1. 100 7,1. 000 8,and 0. 935 4, respectively. The GA-BP prediction model
has the best effect on the dust concentration prediction of the mine working face. The use of the GA-BP neural
network prediction model to predict mine dust concentration under the condition of only a single time influencing
factor and a small sample size is realized.
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Table 1 Main structural parameters of GA-BP prediction model
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Table 2 Raw data

9.31 19. 61 9:43 31. 37 9.:55 15. 69 10:07 43.14

9.32 17. 65 9.:44 34.32 9:56 23.53 10:08 34. 31

9.33 15. 69 9.:45 19. 61 9.57 27. 45 10:09 35. 29

9.34 24.02 9.:46 22.55 9:58 23.04 10:10 36. 27

9.35 23.53 9.:47 23.53 9:59 27. 45 10:11 35. 29

9.36 33.82 9.:48 21.57 10.:00 27.94 10:12 33. 33

9.37 37. 26 9.49 15. 69 10.01 21.57 10.13 31. 37

9.38 45.59 9.:50 22.55 10.02 26. 96 10.14 31. 37

9.39 58. 82 9.51 27.45 10.03 35. 29 10.15 31. 37

9.40 47.55 9.52 20.59 10.04 30. 88 10.16 29.41

9.41 62.75 9.53 23.53 10.05 23.53 10.17 27. 45

9.42 43. 14 9.54 23.53 10:06 34.31
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Fig. 2 Time sequence diagram of dust concentration
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Table 5 Model prediction results
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10:11 35. 29 34. 88 35.12 35. 35 0.41 0.17 0. 06 1. 16 0.48 0.17
10:12 33.33 34.19 33.22 33.67 0. 86 0.11 0. 34 2.58 0. 33 1.02
10:13 31. 37 31. 85 29. 81 33.41 0. 48 1. 56 2.04 1.53 4.97 6. 50
10:14 31.37 32.49 30. 83 29. 82 1.12 0. 54 1.55 3. 57 1.72 4. 94
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Fig. 4 Error bars of prediction results of each model
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