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Feature Enhancement Based RGB-D Salient Object Detection

LIU Yi-shan,SUN Han
(School of Computer Science and Technology, School of Artificial Intelligence ,
School of Software, NUAA ,Nanjing 211100, China)

Abstract; The addition of depth information to salient object detection can fill in the spatial information that RGB images lack, enabling
the accurate detection of a salient object in the complex background. But how to fuse cross—modal features and obtain distinct boundaries
is the challenge in RGB-D salient object detection. We design a feature—enhanced RGB-D salient object detection network ( FENet).
Firstly , high—level semantics are extracted using the feature fusion enhancement module (FFEM) ,which fully exploits the correlation and
complementarity of RGB and depth information through cross—fusion and spatial/channel attention. The boundary feature enhancement
module (BFEM) is then employed to enrich the shallow details information,and the saliency map depurator unit is used to prevent the
entry of poor data sources. Finally,the learning of the salient regions and edges of the model is completed by the hybrid enhancement loss
function. The FENet model proposed effectively improves the detection performance compared with the current advanced models on four
public datasets, particularly in edge refinement and integrity of the predicted salient regions.
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