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Parameters Optimization for SVM Based on Particle Swarm Algorithm
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Abstract Support vector machine has high dependence for Hyper-parameters,so parameter setting determines the clas-
sification of SVM such as the parameters of RBF kernel function. In order to select proper parameters corresponding to
the classification problem,the data set is mapped to the high-dimensional feature space to calculate average distance be-
tween classes and the distance between two centers. The difference between results is taken as the fitness value of pa-
rameter assessment. Through global optimization ability of particle swarm algorithm, population representing different
parameters are generated in the defined domain. The optimal parameter search is performed by random walk of parti-

cles,and the results are taken into SVM for training. Compared with grid algorithm,the parameters setting of the pro-

posed algorithm is more accurate, the classification accuracy is significantly improved.and the complexity of the algo-

rithm doesn’t increase.
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Table 1  Analysis of six datasets
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Table 3 Comparison of experimental results with other traditional classification algorithms
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Fig. 6 Portrait comparison results of Ionosphere dataset
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