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Abstract: The computation of Discriminant Loeality Preserving Pri JQ})H (DLPP) d%ym involves dense matrices eigen—de-

composition which can be computationally ‘expensive both in time andihemory. Spectral ‘Regression Discriminant Analysis (SRDA)

Yol . y . .
algorithm can save both time and memory efficiently. lnsplred%S A, we pmpnsp/a novel improvement algorithm for LPP: called

Spectral Regression Discriminant Loeality Preserving Projecti RDLPP). E{p,frm}enlal results on face recognition demonstrate that
it can improve recognition rate and meanwhile save lime% memory. g 4
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