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A parameter selection method of a least squares support vector machine
based on gene expression programming

QIAN Xiaoshan'*, YANG Chunhua'

(1. School of Information Science and Engineering, Central South University, Changsha 410083, China; 2. Physical Science and
Technology College, Yichun University, Yichun 336000, China)

Abstract ;: To solve the multi-parameter optimization problem of least squares support vector machines (1L.SSVM) , a
parameter optimization method based on gene expression programming ( GEP) was proposed. The parameter ( C,
o) samples of LSSVM were selected to be genes for GEP according to the mechanism of the dynamic change of the
mutation operator with the gene number of the genome and the number of evolutionary generations. As a result, the
convergence rate and accuracy were greatly increased. The new method was compared with other parameter optimi-
zation methods based on particle swarm optimization (PSO) and a genetic algorithm ( GA) by several standard test
functions, and the results show that the proposed method obtains the minimum fitting error. Finally, a parameter
prediction model of the evaporation process of alumina production was established ; the verification results using the
industrial production data show that the method is effective and the result is satisfactory.

Keywords: gene expression programming ( GEP) ; least squares support vector machine (1.SSVM) ; parameter se-
lection; particle swarm optimization (PSO) ; genetic algorithm (GA)
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Fig.2 Comparison of model simulation results

£ 1 Sinc BHR L RILE

Table 1 Comparison of sinc function test results

FMREE 4 o Wikig#E/10~"
GA 800. 16 3.87 6.010 8
PSO 756. 36 3.95 3.696 0
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Table 2 Comparison of Rosenbrock function test results
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Fig.3 Comparison of model generalization results
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