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Saliency detection model based on the union of Object Proposals
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Abstract: In saliency detection, current existing models usually produce results containing many background regions.
To improve the performance, a novel saliency detection model is proposed based on the union of object proposals. The
model first generates a series of object proposals from the input pictures, and then gets the background map by comput-
ing the union, and then obtains the initial saliency map by combining the texture and global contrast. Finally, the final
saliency map is derived by restraining the initial saliency map with the obtained background map. Experimental results
on the general MSRA 1000 dataset demonstrate that the proposed saliency model performs well compared to the other
five existing methods.
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