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Salient region detection for social images
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(1. College of Robotics, Beijing Union University, Beijing 100101, China; 2. School of Computer and Information Technology,
Beijing Jiaotong University, Beijing 100044, China)

Abstract: The development of network technology and social website has brought about the rapid growth of social im-
ages. Massive social images have become a very important image type. This paper focuses on the detection problem of
salient region for social images, a method for detecting salient region and based on depth features was proposed. By con-
sidering the feature that the social image is attached with tag, in the framework of the system, the paper used two extrac-
tion lines: the saliency computing based on CNN features and the semantic computing based on tag, the results of both
parts were fused. Finally, saliency maps were optimized by a fully connected conditional random field model for the
spatial consistency. In addition, for verifying the performances of the saliency region detection method orienting social
image, in view of the lack of saliency dataset with tags for social images, on basis of NUS-WIDE dataset, the paper con-
structed a social image dataset with rich image structures. Extensive experiments demonstrated the effectiveness of the

proposed method.
Keywords: saliency; salient region; social images; deep learning; tag
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