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Image annotation method based on visual attention
mechanism and conditional random field

SUN Qingmei, JIN Cong
(School of Computer, Central China Normal University, Wuhan 430079, China)

Abstract ; Traditional image annotation methods interpret all image regions equally, neglecting any understanding of
the image. Therefore, an image annotation method based on the visual attention mechanism and conditional random
field, called VAMCRF, is proposed. Firstly, people pay more attention to image salient regions during the process
of image recognition; this can be achieved through the visual attention mechanism and the support vector machine is
then used to assign semantic labels. It then labels the non-salient regions using a k-NN clustering algorithm. Final-
ly, as the annotations of salient and non-salient regions are logically related, the ultimate label vector of the image
can be corrected and determined by a conditional random field ( CRF) model and inter-word correlation. From the
values of average precision, average recall, and F1, the experimental results on CorelSk, IAPR TC-12, and ESP
Game confirm that the proposed method is efficient compared with traditional annotation methods.
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CCD(SVRMKL+KPCA) 0.41 0.36 0.383
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