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RGB-D salient object detection with asymmetric cross-modal fusion

YU Ming"?, XING Zhang-hao', LIU Yi*t

(1. School of Electronic and Information Engineering, Hebei University of Technology, Tianjin 300401, China;
2. School of Artificial Intelligence, Hebei University of Technology, Tianjin 300401, China)

Abstract: Most RGB-D salient object detection methods use a symmetric structure during the fusion process to perform
the same operation on the RGB features and Depth features. This fusion method ignores the difference between the RGB
image and the Depth image, which is likely to cause false detection results. In order to solve it, this paper proposes a
cross-modal fusion RGB-D salient object detection method based on an asymmetric structure. In this paper, a global
perception module (GPM) is designed to extract the global features of RGB images, and a deep denoising module (DDM)
is designed to filter out a large amount of noise in low-quality depth images. Then through the asymmetric fusion module
designed, we make full use of the difference between the two features differences, use the depth feature to locate salient
objects, so as to guide RGB feature fusion and complement the detailed information of salient objects, and use the
respective advantages of the two features to form a complement. A large number of experiments are carried out on four
publicly available RGB-D salient object detection datasets, and the experimental results verify that the proposed method
outperforms the state-of-the-art methods.

Keywords: RGB-D image; salient object detection; asymmetric fusion; global perception module; depth denoising
module
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R2 AXFEESEAFEREINBBEELHITEEER
RRNEELD
Wi B
SmT MAE| adpEm7T meanEmT maxEm7 adpFmT meanFm? maxFm?

CDB 0.624 0.203 0.745 0.565 0.742 0.648 0.482 0.648
DESM 0.665 0.283 0.682 0.590 0.791 0.632 0.550 0.717
GP 0.527 0.211 0.716 0.466 0.703 0.655 0.357 0.647
ACSD 0.699 0.202 0.786 0.593 0.803 0.696 0.512 0.711
LBE 0.695 0.153 0.791 0.655 0.803 0.740 0.606 0.748
DCMC 0.686 0.172 0.791 0.619 0.799 0.717 0.556 0.715
CDCP 0.669 0.180 0.747 0.706 0.741 0.624 0.595 0.621
SE 0.664 0.169 0.772 0.624 0.813 0.734 0.583 0.748
NJU2K MMCI 0.858 0.079 0.878 0.851 0.915 0.812 0.793 0.852
ATSA 0.902 0.041 0.920 0.935 0.940 0.891 0.894 0.906
D3Net 0.895 0.051 0.892 0.912 0.932 0.840 0.860 0.889
CMW 0.903 0.046 0911 0.923 0.936 0.880 0.881 0.902
PGAR 0.909 0.042 0916 0.929 0.940 0.893 0.892 0.907
CCAF 0.910 0.037 0.920 - - 0.898 - 0911
DQAS 0.892 0.051 0.910 — 0.928 0.856 0.867 0.891
BBSNet 0.921 0.035 0.924 0.938 0.949 0.902 0.902 0.920
Ours 0.923 0.035 0.924 0.941 0.953 0.904 0.907 0.924
CDB 0.629 0.114 0.809 0.565 0.791 0.613 0.422 0.618
DESM 0.572 0.312 0.698 0.541 0.805 0.563 0.430 0.640
GP 0.654 0.146 0.804 0.571 0.723 0.659 0.451 0.611
ACSD 0.673 0.179 0.742 0.578 0.780 0.535 0.429 0.607
LBE 0.762 0.081 0.855 0.719 0.855 0.736 0.736 0.745
DCMC 0.724 0.117 0.786 0.684 0.793 0.614 0.543 0.648
CDCP 0.727 0.112 0.800 0.781 0.820 0.608 0.609 0.645
SE 0.756 0.091 0.839 0.742 0.847 0.692 0.624 0.713
NLPR MMCI 0.856 0.059 0.872 0.841 0.913 0.730 0.737 0.815
ATSA 0.908 0.028 0.944 0.944 0.949 0.872 0.879 0.896
D3Net 0.906 0.034 0.932 0.923 0.946 0.834 0.853 0.885
CMW 0917 0.029 0.940 0.939 0.951 0.859 0.877 0.903
PGAR 0.930 0.024 0.955 0.949 0.961 0.885 0.896 0916
CCAF 0.922 0.026 0.952 — - 0.882 — 0.909
DQAS 0.900 0.034 0.938 - 0.938 0.858 0.855 0.884
BBSNet 0.930 0.023 0.952 0.950 0.961 0.882 0.896 0.918
Ours 0.930 0.023 0.954 0.952 0.964 0.885 0.899 0.919
CDB 0.557 0.192 0.771 0.455 0.737 0.624 0.341 0.620
DESM 0.616 0.298 0.742 0.564 0.770 0.664 0.496 0.669
GP 0.588 0.173 0.774 0.511 0.768 0.699 0.411 0.687
ACSD 0.732 0.172 0.827 0.614 0.838 0.727 0.542 0.763
LBE 0.727 0.200 0.841 0.651 0.853 0.733 0.571 0.751
DCMC 0.683 0.186 0.786 0.598 0.743 0.645 0.499 0.618
CDCP 0.595 0.224 0.722 0.683 0.721 0.495 0.482 0.505
SE 0.628 0.164 0.756 0.592 0.771 0.662 0.515 0.661
SIP MMCI 0.833 0.086 0.886 0.845 0.897 0.795 0.771 0.818
ATSA 0.845 0.071 0.890 0.887 0.896 0.862 0.861 0.865
D3Net 0.864 0.063 0.902 0.894 0.910 0.831 0.832 0.862
CMW 0.867 0.062 0.906 0.900 0.913 0.851 0.851 0.874
PGAR 0.876 0.055 0.908 0.906 0915 0.854 0.854 0.876
CCAF 0.877 0.054 0.915 - - 0.866 - 0.881

DQAS - - - - - - — -
BBSNet 0.879 0.055 0.916 0.906 0.922 0.872 0.868 0.883
Ours 0.883 0.052 0.918 0.912 0.925 0.873 0.872 0.890
CDB 0.615 0.166 0.808 0.561 0.823 0.713 0.489 0.717
DESM 0.642 0.295 0.675 0.579 0.811 0.594 0.519 0.700
GP 0.588 0.182 0.784 0.509 0.743 0.711 0.405 0.671
ACSD 0.692 0.200 0.793 0.592 0.806 0.661 0.478 0.669
LBE 0.660 0.250 0.749 0.601 0.787 0.595 0.501 0.633
DCMC 0.731 0.148 0.831 0.655 0.819 0.742 0.590 0.740
CDCP 0.713 0.149 0.796 0.751 0.786 0.666 0.638 0.664
SE 0.708 0.143 0.825 0.665 0.846 0.748 0.610 0.755
STERE MMCI 0.873 0.068 0.901 0.873 0.927 0.829 0.813 0.863
ATSA 0.897 0.039 0.921 0.939 0.944 0.884 0.883 0.901
D3Net 0.891 0.054 0.904 0.908 0.930 0.883 0.844 0.881
CMW 0.905 0.043 0.917 0.928 0.944 0.869 0.872 0.901
PGAR 0.907 0.041 0919 0.927 0.939 0.880 0.878 0.898
CCAF 0.891 0.044 0.921 - - 0.870 - 0.887
DQAS 0.897 0.048 0919 - 0.932 0.857 0.861 0.888
BBSNet 0.908 0.041 0.925 0.928 0.942 0.885 0.883 0.903
Ours 0.906 0.042 0.925 0.929 0.942 0.885 0.883 0.901
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(a) RGB (b) Depth (¢) GT (d) Ours (e) BBSNet (f) PGAR (g) CMW (h) D3Net (i) ATSA (j) MMCI
6 SZAFEAAIILIIEE
FR3 HRLLIGLERNTEE
LI E SIP STERE
R
Depth RGB SmT MAE] adpEm7T adpFmT SmT MAE] adpEmT adpFm?

BL — - 0.862 0.066 0.904 0.857 0.886 0.056 0914 0.865
BL+AFM — — 0.874 0.056 0.912 0.865 0.902 0.044 0.922 0.880
BL+AFM DDM DDM 0.881 0.055 0.916 0.865 0.903 0.045 0.919 0.876
BL+AFM GPM GPM 0.882 0.053 0.919 0.870 0.903 0.044 0.922 0.880
BL+AFM DDM GPM 0.883 0.052 0918 0.873 0.906 0.042 0.925 0.885
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