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Shape Image Retrieval Based on Integrating Weighted Skeleton Segments Features
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Abstract This paper presented an approach on shape image retrieval based on integrating weighted skeleton segments
features. Firstly, the skeleton of the object in the image was extracted. Secondly, the skeleton was partitioned into sever-
al segments according to the feature points (such as end points and junction points) which were characterized using mo-
ments, Finally, the distance between two images could be obtained based on the principle of MSHP (Most Similar High-
est Priority) to measure the similarity between pairs of the segments from two images respectively. Experiments indi-

cate that this approach can acquire better retrieval results than that of the traditional approach based on the whole skel-

eton features.
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