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Abstract Saliency detection is one of the most fundamental challenges in computer vision. Although the rapid development of
deep learning has greatly improved the accuracy of saliency-detection results, the extraction of details of salient object is still un-
satisfactory. Therefore, this paper proposes an edge refinement network based on eye-fixation prediction priori for salient object
detection. Firstly,eye-fixation extraction is carried out on the original image and the extracted feature image is used as the visual
priori of subsequent saliency detection. Secondly, the multi-attention mechanism of VGG16 network is used for feature extraction,
and finally the feature image is refined to improve the quality of the saliency image. Experimental results show that, compared
with other 6 state-of-the-art methods,the proposed method achieves better results in 3 open-accessed data sets(i. e. DUTS, EC-
SSD, HKU-1S).
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Fig. 1 Eye-fixation prediction network
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Fig. 2 Saliency feature extraction network structure diagram
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