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Abstract: We propose a new kernel based method for pattern recognition. Support vector machine,

PCA, and Fisher discriminant are extended to kernel based methods and they achieve better per-

formance. Sample vectors for each category mapped to a high dimensional feature space span a

non-dense subspace. Thus, an unknown input vector mapped to the feature space can be discrimi-

nated by comparing the norms of vectors projected onto the subspaces.

Different from the kernel PCA which also uses subspaces in the feature space, our method does not

need the calculation of an eigenvalue problem. Then, the computational complexity for learning of

our method is lower than those of other methods.

In this paper, we provide a closed form of our method and show experimental results of the hand-

written digit database “MNIST” and compare it with other methods from several points of view.
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