27 4 Vol.27 No.4
2011 7 WATER RESOURCES PROTECTION Jul. 2011

DOI 10.3969/j.1ssn.1004-6933.2011.04.004

GA e-SVR
R+ BEE, T4

100875
e-SVR C V4
€
GA e-SVR 0.0022 0.9933
1.28%
GA e-SVR
P641.2 A 1004-6933 2011 04-0015-04

Method for prediction of groundwater level based on epsilon-support vector
regression machine with parameters optimized by genetic algorithm

CHEN Hai-yang TENG Yan-guo WANG Jin-sheng
College of Water Sciences  Beijing Normal University — Beijing 100875  China

Abstract Taking the radial basis function RBF as a kernel function a prediction model of groundwater level was
developed based on the epsilon-support vector regression &-SVR . The optimization of the model parameters including
punishment factor € kernel function parameter ¥ and non-sensitivity loss function parameter ¢ was realized by genetic
algorithm. The model was applied to predict the groundwater level for a riverside test well. The results show that the sum
of error square of the model for training is only 0.0022 with regression coefficient of 0.9933 and the average relative
error is 1.28% for prediction. Compared with the artificial neural network model the model improves both fitting
capacity for the training sample and generalization capacity for the test sample. Therefore it can be used to better predict

the groundwater level.
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