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Abstract: In practical engineering,small-scale data sets are usually sparse and contaminated by noise. Analyze some new methods and
their problem. Furthermore , discuss the Chebyshev kernel functions which were proposed recently. Because of the orthogonality of Cheby-
shev polynomials,the new kernels can find the best hyperplane in the feature space. To evaluate the performance of the new kernels, ap-
plied it to learn some benchmark data sets,and compared them with other conventional SVM kernels. The experiment results show that the

Chebyshev kernels have excellent generalization performance and prediction accuracy,and do not cost much less support vectors compared

with other kemnels. Point out the problem of the new kernels and the research direction.
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