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Significant visual attention method guided by object-level features
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Abstract: Concerning the defects of fusing object information by existing visual attention models, a new visual attention
method combining high-level object features and low-level pixel features was proposed. Firstly, high-level feature maps were
obtained by using Convolutional Neural Network (CNN) which has strong understanding of multi-class targets. Then all object
feature maps were combined by training the weights with eye fixation data. Then the saliency map was obtained by fusing pixel-
level conspicuity map and object-level conspicuity map. Finally, the proposed method was compared with many popular visual
attention methods on OSIE and MIT datasets. Compared with the contrast methods, the Area Under Curve ( AUC) result of the
proposed method is increased. Experimental results show that the proposed method can make full use of the object information

in the image, and increases the saliency prediction accuracy.
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