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[ Abstract] Existing fusion-based RGB-D saliency object detection methods ignore the differences between RGB and
depth map features when fusing cross-modal features.The problems from fusing unbalanced cross-modal features makes
the model insufficiently leverage cross-modal complementary features. Moreover, low-quality depth maps can hurt
model performance.This paper proposes an RGB-D salient'object detection algorithm based on depth quality perception
and hierarchical feature guidance. The algorithmwis divided into two stages: depth quality perception stage and
hierarchical feature guidance stage.In the first stage, depth quality perception is used to mine high-quality depth maps
from the existing mainstream RGB-D salient object detection training data sets to enhance the training sets.This process
significantly improves the quality .of low=quality depth maps and reduces the damage of noise data on model
performance.In the second stage ,the feature-guidance network is used to perform hierarchical adaptive weight dynamic
fusion of the RGB and depth<map, which effectively increases the fusion efficiency and enhances the cross-modality
fusion perception. The experimental results on five benchmark datasets (NJUD, NLPR, SSD, STEREO, and SIP) show
that the proposed algorithm significantly improves the depth map quality compared to methods such as SSF, CDNet,
D3Net,and DASNet.Moreover, on the NLPR dataset, the F-Measure value is 0.934, whereas the MAE is only 0.020.The
comprehensive performance is better than other related SOTA methods, proving the effectiveness of the proposed
algorithm in first mining high-quality depth maps and then performing cross-modal adaptive dynamic fusion.
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Fig.4 Saliency visualization results of different methods
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Table 2~ Comparison results of different depth enhancement methods

. NJUD NLPR SSD SIp STEREO
ik F-measure MAE F-measure MAE F-measure MAE F-measure MAE F-measure MAE
CDNet 0919 0.036 0.920 0.025 0.871 0.045 0.885 0.047 0.898 0.040
CDNet+ 0.922 0.034 0.921 0.023 0.875 0.042 0.887 0.044 0.901 0.038
DFM 0.913 0.039 0.912 0.024 0.875 0.047 0.890 0.049 0.904 0.040
DFM+ 0.915 0.034 0.920 0.023 0.878 0.045 0.894 0.046 0.909 0.035
DASNet 0.911 0.042 0.929 0.021 0.881 0.042 0.892 0.047 0.915 0.037
DASNet+ 0.917 0.040 0.932 0.021 0.882 0.041 0.894 0.043 0.918 0.035
ATk 0.925 0.031 0.934 0:020 0.883 0.040 0.897 0.041 0.919 0.034
3.5 HEEOHT WO B KGR 7 . Hoh o, 7E NJUD 4R % b
3.5 1 R ERHT I A AU F-measure ¥& #5 43 51 34 i1 0.8% . 1.0% . 0.3% , MAE $§

T 5 E AT AR R BT TR B A AL ki 4 AR 0.8% . 1.1% . 0.7% . 5256 45 S F B, X

PR A SCT7 vk S 3 P TR B PR STk (25 8] U R
J1 I R AR A T E 1) B AT R, S0 4
RANE 3Fr7n o AT LA 8 Tl AR SCTR R it
AN T5 1 R PR e A 5 4 tedE B XA T 5 A 3 A

i o L — B R G A AL X R A iR ) K
AT BR A U a2 d e A R R I e
TR BT 08 A8 Jo &k 4% L 4] 9 47 96 5 A1) %8 JBE o JRUAT
Jiik o
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Table 3 Ablation analysis results of depth quality perception
. NJUD NLPR SSD SIP STEREO

ik F-measure MAE F-measure MAE F-measure MAE F-measure MAE F-measure MAE

23 [ ) 0.915 0.042 0.907 0.035 0.866 0.048 0.885 0.047 0.898 0.042
SR REN= Wi 0.913 0.045 0.914 0.031 0.870 0.050 0.880 0.049 0.893 0.043
REEZN 0.920 0.037 0.925 0.022 0.880 0.043 0.894 0.045 0.913 0.038
ATk 0.925 0.031 0.934 0.020 0.883 0.040 0.897 0.041 0.919 0.034
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Table 4 Comparison results of different feature fusion modes

- , NJUD NLPR SSD SIP STEREO
fil Jr =X
F-measure MAE F-measure MAE F-measure MAE F-measure MAE F-measure MAE
0k 0.901 0.046 0.901 0.033 0.828 0.053 0.875 0.057 0.870 0.049
il (N 0.903 0.045 0.902 0.031 0.832 0.052 0.878 0.055 0.875 0.043
A7 0.925 0.031 0.934 0.020 0.883 0.040 0.897 0.041 0.919 0.034
4 ZEHRIE [ 8 ) CHENH,LIY F. Progressively complementarity-aware
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