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Generalized Discriminant Local Median Preserving Projections and Face Recognition
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Abstract To solve the problem of the singularity of the within-class scatter matrix in discriminant local median preser-
ving projections (DLMPP) in the case of small sample problem,an algorithm named generalized local median preserving
projection (GDLMPP) was proposed. To solve the small sample problem, GDLMPP firstly transforms the samples into

a lower dimensional space equivalently,and then solves the optimal projection matrix. The theoretical analysis shows

that GDLMPP is equivalent to DLMPP when the within-class scatter matrix is non-singular. At last, the experimental

results validate the effectiveness of the proposed algorithm on the ORL and AR face databases.
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Fig. 1 10 images of someone in ORL database
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with the number of projection axes
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Table 1  Comparison recognition rates of algorithms and the number

of corresponding projection axes (in brackets)

PCA LPP LDA DLMPP GDLMPP
ORL 86.71%(40) 87.5%(33) 90.0%(27) 91.0%(23) 94.5%(24)
AR 58.6%(110) 64.1%(119) 68.0%(99) 68.5%(109) 69.6% (109)
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