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Unsupervised Image Segmentation Based on Saliency Detection

ZHOU Jing-bo REN Yong-feng YAN Yun-yang
(Faculty of Computer Engineering, Huaiyin Institute of Technology, Huai’an 223003, China)

Abstract Interactive image segmentation needs the user interactions which increases the time complexity and the user’s
burden. We proposed an unsupervised image segmentation algorithm based on visual saliency. First, mean shift (MS) al-
gorithm is used to obtain initial segmentation without overlapping. The regions generated by MS are represented by a
region adjacency graph (RAG) and an edge exists only if two regions are adjacent, Second, the color dissimilarity and
texture consistency between the regions are computed, which are adjacent,as the weight of the edge in our RAG. Then,
the proposed algorithm defines the saliency index (SI) according to the color and spatial information of each region gene-
rated by MS algorithm. The region with maximal SI is defined as the seed of object,and the region with minimal SI in
the boundary is defined as the seed of background. Finally, region merging is performed according to the strategy of
maximize similarity around the seed of object and background. The results show that the proposed algorithm obtains

better segment results without any interactive information and avoids oversegmentation compared with other unsuper-
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vised image segmentation,
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