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An Improved Subspace Method for
Recognizing Imprecisely Fragmentary Faces

PU Xiao-rong, ZHENG Zi-ming, ZHOU Wei
(School of Computer Science and Engineering, UEST of China Chengdu 610054)

Abstract An improved subspace method is proposed for recognizing imprecisely fragmentary faces.This
method integrates non-negative matrix factorization with sparseness constraints and fisher’s linear discriminant
analysis subspace. Comparative experiments show that our novel subspace has recognition performance better than
PCA subspace in recognizing imprecisely fragmentary faces.
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