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Mine water inrush prediction based on fractal-and support vector machines

HUANG Cun-han' FENG Tao® WANG Wei-un® LIU Hui’

(1. School of Resources and Safety Engineering Central South University Changsha 410083 China;2. School of Mining and Safety Engineering Hunan Uni—
versity of Science and Technology Xiangtan 411201 China)

Abstract: A new nonlinear method was proposed for predicting the mine water inrush. According to the fractal theory
the phase space of time series obtained from the mine water inrush was reconstructed. And the minimum embedding di—
mension was determined by autocorrelation coefficient then the minimum embedding dimension was used for the input
node of the support vector machines. Thesprediction model of time series was established based on the support vector
machines. The mine water inrush of the 4th Minein Hebi in the years from 1982 to 1997 were taken as training samples
of time series under the Matlab environment the mine water inrush in 2000 and 2001 years were forecasted with the
established model in different dimensions. The results show that when the embedding dimension is four the errors of
predicted values of shaft water inrush are the minimum and their precisions are the highest. For testing the prediction
reliability of this method in different dimensions the prediction values were compared with the observed ones of three
kinds of water inrush from 1988 to 2001 respectively it shows that they coincide with each other better.

Key words:fractal ; support vector machines ; mine water inrush ;state space reconstruction
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Table 2 Training samples of SVM of shaft water inrush ® . . . . : .
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