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Abgtract : A class of kernel functions, hyper-ellipsoid coordinate transform kernels with n dimensons, is proposed by
usng nmdimensona hyper-ellipsoid coordinate tranformation formula. The performance of support vector machine
(SVM) with rnrdimensional hyper-ellipsoid kernels is enhanced, which is due to the same dimensional mapping
between input space and the feature gpace, and the enlarged spatial resolution. Compared with the conventional SV M
with Gaussan kernels, much less support vectors is required, which results in faster learning speed and better
generalization capability. Experimental results show the effectiveness of the proposed hyper-ellipsoid support vector
classfier.
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