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Discriminant dimensionality reduction based on QR
decomposition and itsapplication in face recognition

YAN GJingyu,ZHEN G Yujie
(Department of Computer Science, Nanjing University of Science & Technology , Nanjing 210094 ,China)

Abgtract :Dimendonality reduction isanimportant research topic in pattern recognition. At present , partial
dimensionality reduction methods lack an effective discriminant information preservation mechanism. And
the small sample sze problem often occurs when the Fisher discriminant criterion is used. In this paper ,
discriminant information preservationis briefly presented and a new direct Inear discriminant analysis (DL-
DA) method, the DLDA/ QR algorithm, is suggested. With thisalgorithm, the objective function is opti-
mized through QR decomposition, and then the &fective discriminant information is extracted from a smal-
ler space. Experimental resultsfrom the ORL face database demonstrate the eff ectiveness of the proposed
met hod.
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