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Abstract: Salient object detection is an important research direction in computer vision, aiming to extract the regions
that the human eye pays the most attention to from complex backgrounds. Traditional RGB salient detection methods relied
only on the image’ s color information and had difficulty dealing with the diversity and interference in complex scenes.
Therefore, RGB-D salient object detection, based on traditional RGB images, additionally introduced depth information,
thereby enabling the perception of the spatial structure of the image better and further improving the performance of salient
object detection. However, most existing RGB-D salient object detection methods are based on convolutional neural
networks or vision Transformers, mainly relying on discriminative learning for salient object detection, that is, achieving
prediction by hard classification of pixel-level saliency probabilities. There is often the problem of model overconfidence,
which limits the detection performance of existing methods in complex scenes. To address the above problems, this paper
proposes an attention-driven RGB-D salient object detection method based on the diffusion model. By using the progressive
noise addition and stepwise denoising processes of the diffusion model, the prediction results were effectively optimized in
a generative manner, reducing the risk of incorrect estimation caused by the overconfidence of the model and improving
the detection performance of the network in complex scenarios. Firstly, this paper adopted the Pyramid Vision Transformer
to achieve four-level feature extraction for RGB images and depth maps. Then, the proposed dual-stream attention fusion
module was used to fully fuse the features of the two modes corresponding to the feature level. Subsequently, the fusion
features at four different levels were fused through the progressive fusion module to achieve feature fusion. Finally, they
were injected into the denoising network as conditional information to impose conditional constraints on the output of the
diffusion model and generate the predicted saliency map. The experimental results show that the proposed method
outperforms existing mainstream methods in multiple metrics on seven public benchmark datasets, namely DUT, LFSD,
NJU2K, NLPR, SIP, SSD, and STERE, which proves the effectiveness of the proposed method.
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Fig. 1 Framework of attention-driven RGB-D salient object detection based on diffusion model
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Tab.1 Metric comparison of different methods under the datasets DUT, LFSD and NJU2K
ik KFEFY B BE(M) FLOPS(G)  FPS | but
S, F; M F, E.
DSNet TIP 2021 - - 21.7 0.841 0.774 0.079 0.807 0.857
DCFNet CVPR 2021 108.5 107.8 57.0 0.836 0.766 0.071 0.812 0.888
CIRNet TIP 2022 103.1 22.5 42.4 0.932 0.904 0.031 0.923 0.949
C2DFNet TMM 2022 47.5 22.1 52.0 0.933 0.918 0.026 0.932 0.958
DIGRNet TMM 2022 201.8 68.2 33.0 0.926 0.898 0.033 0.920 0.946
CFIDNet NCA 2022 53.9 42.9 21.7 0.916 0.887 0.039 0.903 0.940
HINet PR 2023 98.9 389.7 16.3 0.884 0.826 0.054 0.854 0.903
CAVER TIP 2023 55.5 44.3 67.0 0.903 0.874 0.042 0.892 0.932
PICRNet ACM MM 2023 106.8 121.3 25.5 0.943 0.933 0.021 0.943 0.967
RD3D+ TNNLS 2024 28.9 433 20.1 0.936 0.908 0.031 0.923 0.952
LAFB TCSVT 2024 451.8 137.6 50.0 0.926 0.906 0.032 0.920 0.953
MAGNet KBS 2024 16.1 9.9 313 0.943 0.935 0.021 0.944 0.967
Ours 2025 178.7 61.0 8.9 0.950 0.949 0.018 0.955 0.973
Wik RERM R BEOD FLORG)  FPS —— e -
DSNet TIP 2021 - - 21.7 0.868 0.823 0.068 0.848 0.889
DCFNet CVPR 2021 108.5 107.8 57.0 0.842 0.801 0.075 0.835 0.877
CIRNet TIP 2022 103.1 22.5 424 0.875 0.836 0.068 0.867 0.891
C2DFNet TMM 2022 47.5 22.1 52.0 0.864 0.831 0.065 0.859 0.896
DIGRNet TMM 2022 201.8 68.2 33.0 0.873 0.825 0.067 0.851 0.892
CFIDNet NCA 2022 53.9 42.9 21.7 0.870 0.825 0.070 0.849 0.895
HINet PR 2023 98.9 389.7 16.3 0.852 0.800 0.076 0.830 0.877
CAVER TIP 2023 55.5 443 67.0 0.873 0.842 0.063 0.864 0.907
PICRNet ACM MM 2023 106.8 121.3 25.5 0.888 0.862 0.052 0.885 0.918
RD3D+ TNNLS 2024 28.9 433 20.1 0.861 0.805 0.076 0.832 0.876
LAFB TCSVT 2024 451.8 137.6 50.0 0.864 0.828 0.065 0.856 0.898
MAGNet KBS 2024 16.1 9.9 31.3 0.889 0.859 0.054 0.878 0.917
Ours 2025 178.7 61.0 8.9 0.887 0.865 0.051 0.880 0.918
FHE RE L B FLOPKG)  FPS S LLL
S, Fy M F, E.
DSNet TIP 2021 - - 21.7 0.921 0.898 0.034 0.907 0.943
DCFNet CVPR 2021 108.5 107.8 57.0 0911 0.893 0.035 0.903 0.944
CIRNet TIP 2022 103.1 22.5 424 0.925 0.895 0.035 0.908 0.940
C2DFNet TMM 2022 47.5 22.1 52.0 0.907 0.885 0.038 0.898 0.936
DIGRNet TMM 2022 201.8 68.2 33.0 0.933 0.909 0.028 0.918 0.952
CFIDNet NCA 2022 53.9 42.9 21.7 0914 0.886 0.038 0.898 0.937
HINet PR 2023 98.9 389.7 16.3 0.915 0.881 0.039 0.895 0.933
CAVER TIP 2023 55.5 44.3 67.0 0.920 0.906 0.031 0914 0.950
PICRNet ACM MM 2023 106.8 121.3 25.5 0.927 0.912 0.029 0.919 0.952
RD3D+ TNNLS 2024 28.9 433 20.1 0.927 0.898 0.034 0.909 0.943
LAFB TCSVT 2024 451.8 137.6 50.0 0.916 0.897 0.033 0.906 0.945
MAGNet KBS 2024 16.1 9.9 31.3 0.928 0.917 0.027 0.923 0.956
Ours 2025 178.7 61.0 8.9 0.931 0.923 0.024 0.932 0.958
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Tab.2 Metric comparison of different methods under the datasets NLPR, SIP, SSD and STERE
LP
ik S, Fy NMR F, E. s, Fy ﬂ? F, E.
DSNet 0.926 0.881 0.024 0.897 0.950 0.876 0.832 0.052 0.863 0910
DCFNet 0.924 0.883 0.022 0.897 0.957 0.876 0.838 0.052 0.874 0.915
CIRNet 0.933 0.884 0.023 0.901 0.952 0.888 0.840 0.052 0.875 0.911
C2DFNet 0.928 0.888 0.022 0.903 0.955 0.872 0.830 0.053 0.864 0912
DIGRNet 0.935 0.889 0.023 0.905 0.955 0.885 0.841 0.052 0.879 0.913
CFIDNet 0.922 0.876 0.026 0.892 0.948 0.864 0.816 0.060 0.856 0.899
HINet 0.922 0.871 0.026 0.888 0.945 0.856 0.796 0.066 0.840 0.886
CAVER 0.928 0.895 0.020 0.906 0.961 0.893 0.864 0.042 0.889 0.930
PICRNet 0.935 0.906 0.019 0.917 0.965 0.899 0.874 0.041 0.899 0.933
RD3D+ 0.933 0.883 0.022 0.899 0.953 0.892 0.850 0.046 0.881 0.917
LAFB 0.925 0.886 0.024 0.899 0.954 0.877 0.840 0.052 0.876 0.917
MAGNet 0.939 0.908 0.018 0.916 0.964 0.908 0.888 0.037 0.911 0.942
Ours 0.933 0.913 0.018 0.920 0.963 0.904 0.895 0.035 0.915 0.942
ik SSD STERE
S, F} M F, E. s, F} M F, E.
DSNet 0.885 0.829 0.045 0.859 0.907 0.915 0.876 0.036 0.894 0.940
DCFNet 0.865 0.804 0.050 0.835 0.902 0.902 0.867 0.039 0.886 0.939
CIRNet 0.878 0.807 0.049 0.840 0.897 0916 0.866 0.039 0.890 0.932
C2DFNet 0.872 0.816 0.048 0.846 0.910 0.902 0.862 0.038 0.881 0.936
DIGRNet 0.866 0.797 0.052 0.830 0.889 0.916 0.870 0.037 0.891 0.940
CFIDNet 0.879 0.819 0.050 0.850 0914 0.901 0.861 0.043 0.882 0.933
HINet 0.865 0.799 0.049 0.836 0.900 0.892 0.831 0.049 0.859 0.918
CAVER 0.878 0.824 0.041 0.849 0.919 0.913 0.882 0.033 0.896 0.947
PICRNet 0.874 0.822 0.048 0.845 0916 0.920 0.892 0.031 0.906 0.951
RD3D+ 0.882 0.812 0.044 0.841 0.900 0914 0.860 0.039 0.881 0.932
LAFB 0.882 0.833 0.042 0.862 0.915 0.899 0.862 0.040 0.885 0.935
MAGNet 0.885 0.836 0.043 0.856 0.923 0.922 0.892 0.031 0.903 0.951
Ours 0.895 0.865 0.032 0.882 0.941 0.927 0.909 0.026 0.920 0.957
T B 25 R AL B
Hb B

L5 8,911 AR

A AN F bR 5

JEE AR I 5 91K DU A 2 0 B Rl 5 45 R AR EE A

SRl pRI ]

Bl 0] LLE A SRS RS A il i (2 3 1 A ARG
B Wik B2 A MRS R N ERSES ST
PRI RAFpyR i rEge . b 6 7478 245
Pl Hp AR SRR RS A= ol 1) 5 5 M RO T T A X B
L B2 UE I T Y EOR AR &2 2 5 N LT R
AR RIEE ) o 275 RFE A SCIERL AR 1
H YRR T EAE AL P T HA e A
3.5 HRRSCLE

ARICLLPVT AW F 1, R RGB EI& 5%

https://www.cnki.net

25 W O 245 ) A AR SRy 3 2 A RL | DL DA BT R M Y
GCA MSA BLH I PEM (A4 55k o Bir A B4 (45
R PTHEAH R A I SR8 A0 b S 80T 3471 2%, IR 7
DUT . SIP . SSD %44 L i 45r .

(1)GCA FI MSA FRH iy A3 %0

AR S 3 U X B S 2 R S B A 0 T AR
H Y GCA AT MSA BEEUEAT T R Ge b (9 52 56 7F A
Scu et R R TR 3, Hop Base+ CA, . Base +
CA, J i /R 7E FELR AR SRl 1 39 hin 3 38 VE 7 1 00



SRl pRI ]

29

244 =

Jo

542 5

K3 5 AU RGB-D ST HL 5 Xt 1L
Fig. 3 Visual comparison with state-of-the-art RGB-D models
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Tab.3 Ablation results of GCA and MSA modules
Hom » DUT » SIP » SSD
S, Fy M E. S, Fy M E. S, Fy M E.
Base+CA, 0.941 0.939 0.023 0969 0902 0.890 0.036 0942 0.881 0.850 0.042 0.928
Base+CA, 0.946 0943 0.021 0972 0901 0.890 0.036 0943 0.882 0.845 0.044 0.923
Base + GCA 0.947 0.946 0.021 0973 0906 0.894 0.035 0945 0.890 0.853 0.040 0.937
Base+SA, 0945 0944 0.019 0.973 0.893 0.877 0.041 0.935 0.872 0.832 0.043 0.925
Base + SA, 0945 0943 0.019 0973 0.892 0.876 0.039 0.936 0.873 0.830 0.044 0.925
Base + SA; 0.943 0941 0.020 0972 0.891 0.877 0.040 0.934 0.874 0.835 0.041 0.923
Base + MSA 0.947 0.946 0.019 0.973 0.893 0.883 0.039 0.937 0.881 0.847 0.041 0.931
Ours—GCA+RSCAM 0942 0.940 0.023 0.968 0.903 0.901 0.036 0.943 0.876 0.850 0.037 0.926
Ours—MSA +SWSAM  0.945 0.944 0.021 0.971 0.902 0.898 0.036 0.943 0.876 0.839 0.044 0919
Ours 0.950 0.949 0.018 0.976 0.904 0.895 0.035 0945 0.895 0.865 0.032 0.943
*4 PFMHERER
Tab. 4 Ablation results of PFM
o » DUT STP » SSD
S, Fy M E. S, Fy M E. S, Fy M E.
Base 0.930 0.925 0.027 0.959 0.886 0.870 0.046 0.928 0.860 0.820 0.050 0.922
Base + PFM 0.932  0.925 0.025 0.962 0.890 0.874 0.042 0.932 0.871 0.828 0.049 0.922
Base+ DAFM+MF  0.948 0.944 0.019 0.973 0.900 0.888 0.036 0.944 0.894 0.865 0.031 0.942
Base+ DAFM+CF 0941 0939 0.023 0969 0902 0.890 0.036 0.942 0.881 0.850 0.042 0.928
Base+ DAFM+AF 0938 0.936 0.022 0.968 0.899 0.887 0.037 0.942 0.880 0.839 0.039 0.930
Ours 0.950 0.949 0.018 0.976 0.904 0.895 0.035 0945 0.895 0.865 0.032 0.943
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