—0 O

oooboooobgooobgad

00 0 tita)

OO oottt

Cone-Restricted Subspace Method for Pattern Classification
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Fig.1 Subspace and cone
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Algorithm 1 Extraction of basis vectors
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Fig.3 PCA applied to spherical samples
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Algorithm 2 vMF Mean Shift
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Abstract In pattern recognition, feature vectors are occasionally subject to non-negative constraints.
This characteristic can be expressed by a cone in feature vector space. In this paper, we propose cone-re-
stricted subspace methods. The proposed methods admit the scaling and additivity of vectors as well as
ordinary subspace methods; in addition, vectors can be strictly classified at the boundary of the cone.
Moreover, unlike the subspace methods, the dimensionality can be easily determined. To cope with the
multi-modality of the sample distribution, we also propose a novel clustering method utilizing von Mises—
Fisher distribution. Some experimental results for face and person detection demonstrate the effectiveness

of the proposed methods.

Key words pattern classifier, cone, subspace method, von Mises-Fisher distribution, Mean Shift



