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REVERIAPERE. P, Rie RGB MG AT
PRSI R AT R 1 T [64, 39, 69,

XFF RGB-D WA IS, A%obal 5 RGB
PRIFNVR L I @ 2 6 B . — 285 Vi 1o 7 B e B
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Hul, V2 mIRay SRS v R A S 1 1)
285 = S A ELS I T BRI, SRS RER A S R
e A RS Mg s fitisgs (WK 1 (a) BiR). BE4h,
HEFEEZANRE F#TERSHS (7, 4, 37, 5,

, 27 Bk, RGB EIFIRE R 2 [0 22 AH S P fe
WEAEX RS Z TS 8GR A H . 1ok, —2805
VRIS - B A TR 2 [0, 66, 73] RFIHRER B
MM RGB EIRFREE (&l 1 (b) Frs). i,
Zhao % N\ [66] ZEET CNN [ HELE i i 5] AR I
FESEI By SORMESRIR AR R, ARG R Tk 4 I
Bl SRR IATR IR (S S 5 RGB EWRHE S Tl
fro Zhu 58N [73] SeF AL T 9 2 SR PR
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P WU e o[ A B 1 P UL R L E (1N O e o= |
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il M LRSS I 2 REERHIE, R
H— AN SR A (CIM) R Al & IS 1 A
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I TSR E RS A1 @D g . Or DRI, 2
B Sk Ml Sp FRfEH RGB IR EE & B A U
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G FonEfEE . Pk, SRR EOT ARIR I T

‘Ctotal = Esh(ssha G) + Esp(SR; G) + Esp(SDa G)
(3)
HEa (3) B, AXFMT Lo 1 Lon EHR
LB BGIRR [59], X AT RAZS T ETR A7) H A0 1E
FORFR KT, AT i S A Uy 1 B
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4.1 IR

Bola s N T IR R AR A RLE, A
TEASNAFF RGB-D SOD ¥4 FxbH AT T34,
f14% NJU2K [30], NLPR [16], DES [10], SSD [71],
STERE [15]f1 SIP [18]. ASSCIRYE [18, 18]AYE,
M NJU2K Hdla 4 [B0]h gL 1485 A FEA, M
NLPR [16]H Bt 700 FEA, Gk 2195 FEA

AT Ha Tl A%k B NJU2K (500)
FI NLPR (300) DLK&#/~ DES (135). SSD (80).
STERE (1,000) #I SIP (929).

VRS RRR: A SCRA T A2 R R bRt T
SRV 1) S-measure (So) [S]H T PEAH XA
(S; ) FE AR (S,) Z BRI ZE AR . ER0E
So =axS,+(1—a)*S,, HF ae|0,1], BE—
BUTSEL, BOABCE N 0.5, 2) By [IT]EBUH KR
BRI GRS KRR RITREE R, ERoE
XK By = v Yooy iy dra (i 5), ot dpar
PRI SRR [17]5 3) F-measure [1] (Fp) T 256
S ERERA IR, PGB Fy = (1+ %) SEs
EMAGEAEE. TR, 57 M(E R
o 0.3 [1]e ASCHEA [0, 255] XA FIFY BER T
BF ik, Xur AT —H F R, AR Fp
M. 4) FHZxTE (MAE) [T M
T ZEAE A S (E R VA FCSSAE RN — AL T 2 7]
BRI IR R 2

RGB-D i 35 PEAS BT BEERY: AR SCHO B 5
30 FhEEHER) RGB B3 MR kA TR e, Horp
LG 8 FhE T T TAMER G (B LHM [16],
ACSD [30], LBE [19], DCMC [12], SE [24], MDSF
[56], CDCP [75] #1 DTM [11]) FI 22 DMHREERZL (]
DF [50], CTMF [25], PCF [1], AFNet [57], CPFP
[66], MMCI [6], TANet [5], DMRA [418], cmSalGAN
[29], ASIFNet [32], ICNet [34], A2dele [19], JLDCF
[20], S2MA [35], UCNet [63], SSF [65], Cas-GNN [13],
CMMS [33], D3Net [18], CoNet [258], DANet [68],
PGAR [9]) FEA RN, HSHH KB

JRAN YT AR 2 ] PyTorch SEBIRY, I
1E— 32GB WIER) NVIDIA Tesla V100 GPU |3t
FriNZk. BHAE TmageNet [54] EdEAT BN SR T
M 2% (Res2Net-50 [22]). A2 RGB EIFIGEE KIHE
ERORIE] AT E i a0 A B 1. A
SCR M Adam FPORIEAAS SCRIRLAL. B)hR27 ) &
WEN le—4, 4 60 KIEFUFRLA 10, RGB EHITHRE
PR i A BER R E A 352 % 352, i FH 45 Al e ms
BRI, CIRREYLEISE . TR G R . )
BR/PE N 20, B 200 . AR
Bric, RGB FEAMGEE RPN 352 x 352 R/,
RGBT AR PAT TN [ o o P00 1] 55 4
OB SRR/ DR AT e IR . e, SR as
i R S AR AR SORE A Y e 22 T )




# 10 e 6 MAIFH RGB-D MR A 4 AT iz iR a s (B So [3], max Ey[17], max

Id M 3 s N4 e . Pt ) v N U LN
Fg [1JF1 M [17]) 5 8 AMHEARRER LGB 22 NIREBIGEF T 7 A BN Z R . o Fn )7
— SIS S TR — — = N s g —
FORBOR BB NI . AR IR RN ARGy . RS AT RIER R B,
NJU2K [30] STERE [45] DES [10] NLPR. [40] SSD [74] SIP [18]
BOW||Sa 1 Fs 1 Ee tM |Sa 1 Fg 1 B¢ M U[Sa 1 Fp 1 B¢ 1M U|Sa 1 Fp 1 E¢ 1M ||Sa 1 Fp 1B 1M ||Sa 1 Fp 1Ec M |
LHM4 [46]||.514 .632 .724 .205|.562 .683 .771 .172|.562 .511 .653 .114/.630 .622 .766 .108|.566 .568 .717 .195|.511 .574 .716 .184
ACSD14 [30]].699 .711 .803 .202|.692 .669 .806 .200(.728 .756 .850 .169|.673 .607 .780 .179|.675 .682 .785 .203|.732 .763 .838 .172
LBE;6 [19]||.695 .748 .803 .153|.660 .633 .787 .250|.703 .788 .890 .208|.762 .745 .855 .081|.621 .619 .736 .278|.727 .751 .853 .200
DCMCi6 [12]]|.686 .715 .799 .172|.731 .740 .819 .148|.707 .666 .773 .111|.724 .648 .793 .117|.704 .711 .786 .169|.683 .618 .743 .186
SE16 [24]]|.664 .748 .813 .169|.708 .755 .846 .143|.741 .741 .856 .090(.756 .713 .847 .091|.675 .710 .800 .165|.628 .661 .771 .164
MDSF,7 [56]||.748 .775 .838 .157|.728 .719 .809 .176|.741 .746 .851 .122|.805 .793 .885 .095(.673 .703 .779 .192(.717 .698 .798 .167
CDCP;7 [75]||.669 .621 .741 .180|.713 .664 .786 .149|.709 .631 .811 .115|.669 .621 .741 .180|.603 .535 .700 .214(.595 .505 .721 .224
DTMgo [11]]|.706 .716 .799 .190|.747 .743 .837 .168|.752 .697 .858 .123|.733 .677 .833 .145|.677 .651 .773 .199|.690 .659 .778 .203
DFq7 [50]||.763 .804 .864 .141|.757 .757 .847 .141|.752 .766 .870 .093|.802 .778 .880 .085|.747 .735 .828 .142|.653 .657 .759 .185
CTMF ;g [25]]|.849 .845 .913 .085|.848 .831 .912 .086|.863 .844 .932 .055|.860 .825 .929 .056|.776 .729 .865 .099(.716 .694 .829 .139
PCFqs [1]||.877 .872 .924 .059|.875 .860 .925 .064|.842 .804 .893 .049|.874 .841 .925 .044|.841 .807 .894 .062|.842 .838 .901 .071
AFNetqg [57]||.772 .775 .853 .100(.825 .823 .887 .075|.770 .729 .881 .068|.799 .771 .879 .058|.714 .687 .807 .118/.720 .712 .819 .118
CPFP19 [66]||.878 .877 .923 .053|.879 .874 .925 .051|.872 .846 .923 .038|.888 .867 .932 .036/.807 .766 .852 .082|.850 .851 .903 .064
MMCI,g [6]||.859 .853 .915 .079|.873 .863 .927 .068|.848 .822 .928 .065|.856 .815 .913 .059|.813 .781 .882 .082|.833 .818 .897 .086
TANetq9 [5]||.878 .874 .925 .060(.871 .861 .923 .060|.858 .827 .910 .046|.886 .863 .941 .041|.839 .810 .897 .063|.835 .830 .895 .075
DMRA g [48]||.886 .886 .927 .051|.886 .886 .938 .047|.900 .888 .943 .030(.899 .879 .947 .031|.857 .844 .906 .058|.806 .821 .875 .085
cmSalGANg [29](.903 .896 .940 .046|.900 .894 .936 .050/.913 .899 .943 .028].922 .907 .957 .027|.791 .735 .867 .086|.865 .864 .906 .064
ASIFNetog [32]]|.889 .888 .927 .047|.878 .878 .927 .049|.934 .935 .974 .019/.906 .888 .944 .030|.857 .834 .884 .056/.857 .859 .896 .061
ICNetgo [34][|.894 .891 .926 .052|.903 .898 .942 .045(.920 .913 .960 .027|.923 .908 .952 .028|.848 .841 .902 .064|.854 .857 .903 .069
A2delegg [19]]|.871 .874 .916 .051|.878 .879 .928 .044/|.886 .872 .920 .029|.898 .882 .944 .029|.802 .776 .861 .070[.828 .833 .889 .070
JLDCFy2p [20]]|.903 .903 .944 .043|.905 .901 .946 .042].929 .919 .968 .022[.925 .916 .962 .022|.830 .795 .885 .068|.879 .885 .923 .051
SZMA,o [38]]|.894 .889 .930 .053(.890 .882 .932 .051(.941 .935 .973 .021[.915 .902 .953 .030|.868 .848 .909 .052|.872 .877 .919 .057
UCNetgq [63]||.897 .895 .936 .043|.903 .899 .944 .039(.933 .930 .976 .018|.920 .903 .956 .025|.865 .854 .907 .049|.875 .879 .919 .051
SSF20 [65][|.899 .896 .935 .043(.893 .890 .936 .044(.904 .884 .941 .026(.914 .896 .953 .026|.845 .824 .897 .058(.876 .882 .922 .052
Cas-GNNyo [43]||.911 .903 .933 .035[.899 .901 .930 .039|.905 .906 .947 .028|.919 .904 .947 .028|.872 .862 .915 .047|.875 .879 .919 .051
CMMS32o [33]]|.900 .897 .936 .044|.895 .893 .939 .043|.937 .930 .976 .018/.915 .896 .949 .027|.874 .864 .922 .046|.872 .877 .911 .058
CoNetog [28]||.895 .893 .937 .046/.908 .905 .949 .040|.909 .896 .945 .028|.908 .887 .945 .031|.853 .840 .915 .059|.858 .867 .913 .063
DANetyg [68]||.899 .910 .935 .045|.901 .892 .937 .043|.924 .928 .968 .023|.915 .916 .953 .028|.864 .866 .914 .050(.875 .892 .918 .054
PGARgo [9]]|.909 .907 .940 .042(.907 .898 .939 .041|.913 .902 .945 .026|.930 .916 .961 .024/|.865 .838 .898 .057|.876 .876 .915 .055
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