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Multi-path recurrent enhanced salient object detection method

Zhang Xiaoning Wang Yuqing Chen Xiaolin
(Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Sciences,
Changchun 130033, China)

Abstract: Recently, salient object detection has been widely concerned in computer vision field. Benefiting by the develop-
ment of deep learning technology, more and more advanced methods are proposed. At the present, most deep learning
based salient object detection methods use classical backbone networks such as VGG, ResNet and the FCN-based varia—
tions of these backbone networks as the baseline networks. These methods learn features by adding complex structure on
the baseline, which leads to difficulties in training stage and more dependencies on data. To address these problems, in
this paper, we design a multi-path recurrent enhanced salient object detection method. This method introduces multi-path
recurrent connections to enhance the baseline networks and it transfers the high-level information learned by the deep lay-
er of the previous time to the shallow layers of the current time in a recurrent way. By this way, the shallow layers of the
network can also attain the semantic information. Without adding too many layers and parameters, the overall learning a-
bility of the baseline networks can be improved effectively. Experiments on benchmark datasets demonstrates that our
method have a significant enhancing impact on the baseline networks(F-measure value of VGG-FCN increases 9. 1% on
DUT-OMRON dataset after enhancement)and can achieve the state-of-the-art salient object detection performance.
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