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Abstract

The aim of saliency detection is to find out significant regions of an image. Traditional salient ob-
ject detection methods often use various prior knowledge and hand-crafted features to formulate
contrast to get the saliency object, which have poor adaptability. Recently, deep learning is more
and more popular in saliency detection. With a comprehensive learning set, the result will be
much better than the traditional methods, especially for complex scenes. In this paper, a new deep
learning model is proposed with a coarse-extracting process and fine-refining process. The
coarse-extracting process contains two subnetworks. The first subnetwork’s output feature map
with the local context of superpixels cascade to the second subnetwork’s high feature map ex-
tracted by VGG, then generating a coarse saliency prediction map. The fine-refining process com-
posed of a series of recurrent convolution layers refining the coarse prediction map from coarse
scales to fine scales, finally generating a fine saliency map.
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Figure 1. Model structure
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Figure 4. The experimental results
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Figure 5. Our model compares the recall rate and accuracy with other algorithms in four data sets
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