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The Improved Method for Face Recognition Based On Rough Set

PENG Chunhua LIU Gang*

( College of Physics and Communication Electronics Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: Face recognition has been widely used in the field of public information security due to it’s high efficien—
cy safety and non-contact. The problems of traditional methods principal component analysis( PCA) and Random
principal component analysis( Random PCA) is lack of anti-interference and low recognition rate otherwise the prob—
lem of in fusion of PCA and Random PCA is the calculate time is too long. In order to solve these problems a meth-
od based on Random PCA plus rough set is proposed for face recognition. The method first exploit PCA and Random
PCA extract the global feature and local feature respectively. And then cascade the global feature and the local fea—
ture to construct the feature subspace. At last exploit rough set to extract the most distinguish feature from the fea—
ture subspace therefore the method can improve the ability of anti-interference and recognition rate. Compared with
the traditional method PCA the results show that the recognition rate and recognition time improved 7. 09% and
6.06% respectively.
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