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Abstract An uncowehted kernel extension of graph enbedd ng which provides a unified m ethod for can puting all k nds of
uncorrelated kemel dmensobnality reduction algoritms is proposed Canpared with kemel dmensionality reducton
methods the proposed method is better in tems of reducing or elin nating the statistical correlatbon between feaures and
mpoving the recogniton rate The expermental results on ORL, YALE and FERET fice databases shov that the proposed
uncorrelated kemel extenson of graph an bedd ngm ethod is better than otherm ethods in tem s of recogn ition rate Besiles
the relaton between uncorrelated kemel extension of graph enbedd ng and kernel extension of graph en bedd ing is revealed
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