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Abstract This paper addressed the problem about dense correspondence between two 3D deformable shapes, It pro-
posed a new algorithm by combining heat kernel and geodesic distance, It can effectively improve the aceuracy of corre-
spondence by taking pose insensitive character of the kernel signature, The whole algorithm mainly consists of three
steps, Firstly,it extracts multi-scale heat kernel for each feature point., Secondly,it finds the triple matching by consider-
ing two factors since it builds a triple matching by combining similarity that the algorithm detects the external feature
points from input 3D meshes, Secondly, the algorithm uses HKS to define the local feature for external points, Finally,
the algorithm searches the best threepoint matching by combining local feature descriptor and geodesic distance of ex-

ternal points. In experiment. the proposed algorithm is proven to be very robust in sparse matching for 3D deformable
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shapes.
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