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PALM PRINT RECOGNITION BASED OND ISCRETE CURVHA-ET
TRANSFORM AND SUPPORT VECTORM ACH INE

XU XueBin', ZHANGDeYun, ZHANG XinMan',CAO YangJie"
(1 Shool of Electronic and Infomation Engineering, X i'an Jiaotong U niversity, Xi’ an  710049;
2 School of Camputer Engineering, Nanyang Technological University, Singgpore  639798)

Abstract: A multiscale pamprint recognition method based on discrete curvelet trandom and support vector machine was
proposed First, all pamprint mageswere decomposed by using discrete curvelet trandom viawrapping A sa result, cur-
velet coefficients in different scales and various angelswere obtained The important feature information of paimprintwas in-
cluded in the low frequency coefficients of curvelet trandom decomposition coefficients After the decomposition coeffi-
cientswere trandomed into feature vectors, theywere regarded as feature paraneters and snt into S/M for training Final-
ly, S/M wasused for classification of paimprint The expermentswere perfomed in the PolyJ Paimprint database The re-
alts indicate that the proposed method has better perfomance than wavelet-based method and other classical methods
Key words curvelet trandom; support vector machine(S/M) ; palmprint recognition
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Fig. 1 ROI region of palmprint images
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Fig.2 Palmprint images formed by low frequency coefficients
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Tablel Expermental resultsfor polyU paimpr nt database
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Fig 3 Recognition rates for polyJ pamprint database
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