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Abstract

In this paper, we proposed an algorithm for personal identification of dorsal surface
pattern of hand vein pattern using graph theory. Using dense range data images of the hand
vein pattern, we used matching algorithm within the frame work of graph theory for the
determination of the desired correspondence. Through preprocessing, the captured images
are more sharp, clear and thinning. After thinning, the images are normalized and make
graph with node and edge set. This normalized graph can make adjacent matrix. Each
adjacent matrix from individual vein pattern are different. From examining the performance
of individual vein patterns, we can approach performances well kind biometric technique.
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