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Research on the identification method of mine water inrush

source based on PCA-ELM

LIANG Gelong', LI Jisheng®, FENG Laihong”, DU Song” ", LI Tangyueqi’

(1. Huaneng Qing Yang Coal & Eleciricity Co., Lid., Hetaoyu Coal Mine, Qingyang 745306, China;
2. Huaneng Coal Technology Research Corporation Limited, Beijing 101100, China; 3. General Prospecting
Institute China National Adminisiration of Coal Geology, Beijing 100039, China)
Abstract; A method for identifying coal mine water inrush source based on PCA-ELM model was pro-
posed to improve the identification accuracy of mine water inrush source. The basic control variables
were obtained through dimension reduction. Principal component analysis ( PCA) was applied to the
training set, validation set and test set of the ELM model, and the data samples were used to verify the
model. The results show that by simulating the classification process within 10 seconds by the PCA -
ELM model, the accuracy of PCA-ELM simulation exercise reaches 100%. The accuracy of the BP
neural network simulation only shows 83%, which is far lower than the accuracy of the PCA-ELM

model.
Key Words: Coal mine water inrush; Prediction model; Prediction method; Extreme learning

machine ; Principal component analysis method
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Fig.1 Prediction process of coal mine water inrush
based on PCA-ELM
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Fig.2 Test precision corresponding to the excitation function
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Fig.3 Comparison of test accuracies between
ELM and PCA-ELM
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Table 1 Comparison of experimental results between ELM and PCA-ELM
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Table 2 Explanatory variance rate for each component
BT FHIE(E TUHRA/ % TR/ %

Na* 3.121 53.590 53.590

Ca®* 1.531 25.410 79.000

Mg?* 0.780 12.936 91.936

Cl” 0.450 7.470 99.406

S0y 0.031 0.446 99.852
HCOj3 0.016 0.148 100.000
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Table 4 BP network identification results
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