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Coal mine floor water inrush prediction based on
CNN neural network

CHEN Jianping, WANG Chunlei, WANG Xuedong
(College of Mining ,Liaoning Technical University, Fuxin, Liaoning 123000, China)

Abstract: With a view to improving the accuracy of water bursting prediction in coal seam floor, a model based on
Convolutional Neural Network (CNN) was established. Through comprehensive analysis of water bursting in coal seam floor,
15 factors affecting water bursting prediction were determined and these factors were combined to stimulate the partial
correlation among these factors. These factors and their interrelation on water bursting prediction in coal seam floor were
simulated by using the structure model established for depth calculation. Training and prediction were performed by using the
known 115 sets of data. To verify the model efficiency, the BP neural network model and the LeNet-5 model were trained by
using the same data, and then the established BP neural network model was compared with the LeNet-5 model. The result
indicates that the interrelation between factors affecting water bursting prediction is considered comprehensively by deepening
the calculation depth of the model, and the accuracy of water bursting prediction is improved. The prediction model of water
bursting prediction in coal seam floor based on Convolutional Neural Network (CNN) has high accuracy and small standard
error, which improves the accuracy of prediction effectively.
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Table 1 Factors affecting water inrush from coal floor
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Fig.1 Schematic diagram of connection mode between BP neural

network and convolutional neural network
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Fig. 2 Structure diagram of convolutional neural network
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Table 2 Prediction results of different convolution layers
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i BRUZECR/A HERIH /% FRifEiR 2
1 1 67 0.492
2 2 93 0.268
3 3 80 0.385
4 4 73 0.436
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Fig.3 Schematic diagram of model structure
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Table 3 Part of the sample data
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Fig. 4 Comparative experimental results of contact probability setting
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Fig. 6 The accuracy of CNN model on the training set and test set
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Table 5 Accuracy of the predicted results
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Table 6 Testresults of the forecast model
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