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Abstract: Classification of nonlinear high-dimensional data is usually not amenable to standard pattern
recognition techniques because of an underlying small sample size condition. To address this problem, a
novel supervised locality preserving projection (SLPP) learning algorithm based on the anti-symmetric
transformation is developed. Firstly, according to the problem that SLPP has the over-learning problem
and does not preserve the diversity information of data which is also useful for data recognition, a con-
cise transformation of feature extraction criterion is raised by minimizing the local scatter, which effi-
ciently preserves the local structure and simultaneously maximizes the diversity scatter. Furthurmore, a
special equivalent form of direct linear discriminant analysis (D - LDA) is obtained. Secondly, anti-sym-
metric matrix is a kind of specific matrix in matrix theory, and skew symmetric transformation is the
basic linear transformation in Euclidean space. By this special equivalent form of D - LDA and anti-sym-
metric transformation, two solution spaces derived from the local scatter matrix and its corresponding

anti-symmetric subspace are respectively utilized to obtain the efficient discriminatory information of the
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samples. Therefore, the shortcoming of nonlinear small sample sizes problem in the traditional subspace

learning algorithms is overcome. Experimental results on the NUST603 and ORL face databases demon-

strate the effectiveness of the proposed method.

Key words: feature extraction; locality preserving projection; small sample size problem; anti-symmetric

transformation
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