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Abstract

For high-dimensional pattern recognition, such as face classification, the small number of training samples leads
to the Small Sample Size problem when the number of pattern samples is smaller than the number of
dimensionality. Recently, various LDA-extensions have been developed, including LDA, PCA+LDA, and Direct-LDA,
to address the problem. This paper proposes a method of improving the classification efficiency by increasing the
number of (sub)-classes through pre-clustering a training set prior to the execution of Direct-LDA. In LDA (or
Direct-LDA), since the number of classes of the training set puts a limit to the dimensionality to be reduced, it is
increased to the number of sub-classes that is obtained through clustering so that the classification performance of
LDA-extensions can be improved. In other words, the eigen space of the training set consists of the range space
and the null space, and the dimensionality of the range space increases as the number of classes increases.
Therefore, when constructing the transformation matrix, through minimizing the null space, the loss of
discriminatve information resulted from this space can be minimized. Experimental results for the artificial data of
X-OR samples as well as the bench mark face databases of AT&T and Yale demonstrate that the classification
efficiency of the proposed method could be improved.
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Table 2. Classification rates(%) for experimental data sets. Table 3. Comparison of processing CPU-time (sec).
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