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Abstract: Based on analysis of data distribution rules, piecewise combination support vector machine is put forward
in this paper. First, statistical analysis is adopted for the original data. Then, k-means cluster algorithm is
introduced to compute cluster centers for the data. For three cases of data distribution, which is, sphere-
distribution, linearly binary separable distribution, and locally linearly separable distribution, minimum enclosing
and maximum excluding support vector machine, common support vector machine and local linear support vector
machine are defined to solve the objective problems. Different support vector machines for different data distribution
will improve classification performance.
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