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Automatic Image Annotation Using Social Group Latent Topic Mining
and Multi-group Information Fusion

CHEN Ye, SHAO Jian, ZHU Ke
( College of Computer Science and Technology, Zhejiang University, Hangzhou 310027 )

Abstract At photo sharing websites like Flickr, a lot of images can not be effectively used and retrieved due to lack of
tags. In order to retrieve images effectively, this paper presents a novel social group latent topic mining and multi-group
information fusion based automatic image annotation algorithm by exploiting the property that users in Flickr often
recommend their uploaded pictures to associated social groups according to the hidden topics in each picture. Different from
traditional automatic image annotation methods, this algorithm first adopts the latent Dirichlet allocation model to mine the
latent topics in single social group and makes use of the hidden topics to filter initial noisy tags generated by tag propagation
among similar images, then utilizes multi-group information fusion to generate the final annotations for images
simultaneously belonging to multiple social groups. Experimental results show the effectiveness of this algorithm.
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Fig.1 Social group latent topic mining and multi-group information fusion based automatic image annotation framework
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Fig.3 LDA based latent topic mining experiment results
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