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Salient region detection based on element contrast and boundary prior

Dou Yan™ ™, Chen Meihuan ", Duan Liangliang ™ ™
( " College of Information Science and Engineering, Yanshan University, Qinhuangdao 066004 )
( ™ The Key Laboratory for Computer Virtual Technology and System Integration
of Hebei Province, Qinhuangdao 066004 )
Abstract

The visual saliency detection, which plays an important role in completing computer vision tasks, was studies,
and it was found that the detection relying on contrast calculation simply has its limitations, so a salient region de-
tection algorithm based on the information of element contrast and boundary prior was proposed. Based on the ele-
ment obtained by the Mean-Shift partition, the algorithm uses two kinds of characteristics of image color and lumi-
nance to get the contrast saliency map. Then receives the boundary saliency map by taking advantage of the image
boundary prior condition. It uses a new fusion method to fuse the above results. Lastly, the final saliency map with
high quality is got by fusing the preliminary saliency maps of different scales. The results of the experiment on one
of the largest publicly available data sets show that this algorithm can quickly extract salient regions consistent with
human visual perception, and obtain the higher precision and better recall rate.

Key words: salient region, element contrast, boundary prior, feature fusion, multi-level
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