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Deep Learning Based Salient Object Detection: A Survey

SUN Han, LIU Yishan, LIN Yuhan

(College of Computer Science and Technology/College of Artificial Intelligence/College of Software, Nanjing University of
Aeronautics &. Astronautics, Nanjing 211106, China)

Abstract: Salient object detection has been widely used in computer vision tasks such as image
understanding, semantic segmentation, and object tracking by simulating the human visual system to find
the most attractive targets for visual attention. With the rapid development of deep learning technology,
salient object detection research has made great breakthroughs. This paper presents a comprehensive and
systematic survey of salient object detection based on RGB images, RGB-D/T (Depth/Thermal) images,
and light field images in the past five years. Firstly, the task characteristics and research difficulties of the
three research branches are analyzed. Then the research technical route of each branch is expounded and the
advantages and disadvantages are analyzed. At the same time, the mainstream datasets and common
performance evaluation indexes of three kinds of research branches are introduced. Finally, possible future
research trends are prospected.
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MINet™ DUTS-TR ResNet-50 0.037 2020 CVPR
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TR I HLH §
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UpL"Y DUTS-TR LDF 0.050 2022 AAAIL
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Fig.12 Three strategies for cross-modal feature fusion
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Table 2 Comparison of different RGB-D salient object detection methods
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Table 3 Comparison of different RGB-T salient object detection methods
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Fig.13 Three light field salient object detection methods
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Table 4 Comparison of different light field salient object detection methods
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Table 5 Mainstream datasets for RGB salient object detection
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