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Abstract: In order to solve the problem that the existing algorithms pay less attention to the interactive
selection between features from different sources and the extraction of cross modal features is insuffi-
cient,a RGB-D visual saliency detection network based on extracting bi-directional selection dense fea-
tures is proposed. First,in order to filter out the features that can enhance the saliency areas of RGB im-
ages and depth images at the same time,a bi-directional selection module (BSM) is introduced. In order
to solve the problem of insufficient cross modal feature extraction, which leads to redundant calculation
and low accuracy,a dense extraction module (DEM) is introduced. Finally, the dense features are casca-
ded and fused through the feature aggregation module (FAM) ,and the recurrent residual refinement ag-
gregating module (RAM) is combined with the deep supervision to achieve the continuous optimization
of the coarse saliency maps,and finally the accurate saliency maps are obtained. Comprehensive experi-
ments on four widely used datasets show that the proposed algorithm is superior to seven existing meth-
ods in four key indicators.
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Fig.1 The overall structure of RGB-D visual saliency detection network based on extracting bi-directional selection dense features
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Fig. 2 The structure and execution process of BSM module
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Fig.3 The structure and execution process of DEM module
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Tab.5 Evaluation criteria of comparison algorithms on SIP dataset
Evaluation Algorithms
criteria ) . , ,
CPFPM#] D3Net?) CMWNet  A2dele DMRAPMY  MobileSal'** CFIDNet-?! Ours
SA 0. 850 0. 860 0. 867 0.575 0. 846 0. 866 0. 881 0. 888
FA 0. 870 0. 861 0.874 0.537 0. 879 0.893 0. 900 0.910
MAE vy 0. 064 0.063 0.062 0.173 0. 065 0. 057 0.051 0.049
&R 6 NLPR BUEEX L EZRITM ISR
Tab. 6 Evaluation criteria of comparison algorithms on NLPR dataset
Evaluation Algorithms
criteria ) . . . ) . .y
CPFP] D3Net?  CMWNet™®!  A2dele! DMRAP'Y  MobileSal'?®!  CFIDNetH? Ours
SA 0. 888 0.912 0.917 0.723 0.892 0.919 0.922 0.926
FA 0. 888 0. 897 0.903 0. 660 0. 896 0.917 0.914 0.919
MAE ¥ 0.036 0. 030 0.029 0.079 0.034 0.024 0.026 0.025
%7 DES HUEER L EERIT N R
Tab.7 Evaluation criteria of comparison algorithms on DES dataset
Evaluation Algorithms
criteria ) . . . ) .y
CPFP] D3Net?  CMWNet™®!  A2dele! DMRAPY  MobileSal’?®!  CFIDNett? Ours
SA 0.872 0. 898 0.934 0.761 0.892 0.910 0.917 0.937
FA 0. 882 0. 885 0. 930 0.726 0.913 0.921 0.934 0.943
MAE ¥ 0.038 0.031 0.022 0. 069 0.032 0.025 0.023 0.021
& 8 STEREO ¥UREN L EEMITM IR
Tab.8 Evaluation criteria of comparison algorithms on STEREQO dataset
Evaluation Algorithms
criteria . . .
D3Net!?! A2dele"] DMRAE! CFIDNett? Ours
SA 0. 857 0.741 0. 877 0.904 0.904
F# 0. 863 0.752 0.898 0.910 0.914
MAE vy 0. 062 0.105 0.051 0.042 0.042
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