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Fig. 3 Classification results on D1 by different ways
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A SVM Kernel Selection Approach Based on
the Characteristics of Data Distribution
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The kernel selection has no unified rules for support vector machine (SVM). Based on the characteristics of

dataset distribution, a new way to select the kernel function was presented. First dimension reduction of the high dimen-

sional dataset was processed with multidimensional scaling (MDS) method. Then an algorithm was put forward, it was

judged whether dataset is sphericity distribution. On the basis of determining sphericity distribution, how to select the

kernel function was discussed, to achieve the purpose of selecting SVM kernel function with data distribution characteris-

tics. The experimental results illustrate that the classification recognition rate of sphericity datasets reaches 100% with

sphere kernel and the training time is the shortest. The classification effect is better than that of using gaussian kernel

SVM and polynomial kernel SVM.
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