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Table I

31 7T RGB-DIYZ S EEMASER! (D3NET) Z AIHIHEL - TRAIN/VAL SET. (#) F ISR S8R EE « NLR = NLPR |
1. BASIC: 4PrIORS fCEIOFSEE, BT, Xl BHR - WEMERR T MELREER - IPT:
WA SERIE 3 - LGBSHNR: HERXILL - £F/X L - B RMZESEE - RFR [

NJU2K [38]- MK = MSRAIOK [70]- O = MK + DUTS [

1. NJU =

1 BEHLERARET . MCEM : ZLURFHEEHAL - CLP : 28 XI5

&8k . ETYPE: P, TERERTE, DERRERS - SPRNEGR, METEMEABERNINE. EWWEA: TapLe TT2 -t MEURENEITE

o Wl T B :HTTPS://GITHUB.COM/DENGPINGFAN/E- MEASURE.

5| R |y | WA | IIERSRASIEN LG | M@ | EAEE | 250 | BEZE | BV [60]
1 LS [37] | 2013 | BMVC Without training dataset One Markov Random Field T v Not Available
2 RC [73] | 2013 | BMVC Without training dataset One Region Contrast, SVM [74] T Not available
3 LHM [40] | 2014 | ECCV Without training dataset One Multi-Context Contrast T v 0.653~0.771
4 DESM [39] | 2014 | ICIMCS Without training dataset One Color/Depth Contrast, Spatial Bias Prior T 0.770~0.868
5 ACSD [38] | 2014 | ICIP Without training dataset One Difference of Gaussian T v 0.780~0.850
6 SRDS [75] | 2014 | DSP Without training dataset One Weighted Color Contrast T Not available
7 GP [41] | 2015 | CVPRW Without training dataset Two Markov Random Field, 4Priors T v 0.670~0.824
8 PRC [63] | 2016 | Access Without training dataset Two Region Classification, RFR T Not available
9 LBE [42] | 2016 | CVPR Without training dataset Two Angular Density Component T v 0.736~0.890
10 DCMC [56] | 2016 | SPL Without training dataset Two Depth Confidence, Compactness, Graph T v 0.743~0.856
11 SE [43] | 2016 | ICME Without training dataset Two Cellular Automata T v 0.771~0.856
12 MCLP [67] | 2017 | Cybernetic | Without training dataset Two Addition, Deletion and Iteration Scheme T v Not available
13 TPF [65] | 2017 | ICCVW Without training dataset Four Cellular Automata, Optical Flow T v Not available
14 CDCP [47] | 2017 | ICCVW Without training dataset Two Center-dark Channel Prior T v 0.700~0.820
15 DF [45] | 2017 | TIP NLR (0.75K) + NJU (1.0K) Three Laplacian Propagation, LGBS Priors D v 0.759~0.880
16 BED [76] | 2017 | ICCVW NLR (0.80K) + NJU (1.6K) + MK (9K) Two Background Enclosure Distribution D v Not available
17 MDSF [46] | 2017 | TIP NLR (0.50K) + NJU (0.5K) Two SVM [74], RFR, Ultrametric Contour Map T 0.779~0.885
18 MFF [77] | 2017 | SPL Without training dataset One Minimum Barrier Distance, 3D prior T Not available
19 Review [57] | 2018 | TCSVT Without training dataset Two Without model introduced T Not available
20 HSCS [68] | 2018 | TMM Without training dataset Two Hierarchical Sparsity, Energy Function T v Not available
21 ICS [69] | 2018 | TIP Without training dataset One MCFM, CLP T v Not available
22 CDB [48] | 2018 | NC Without training dataset One Background Prior T v 0.698~0.830
23 SCDL [78] | 2018 | DSP NLR (0.75K) + NJU (1.0K) Two Silhouette Feature, Spatial Coherence Loss D Not available
24 PCF [50] | 2018 | CVPR NLR (0.70K) + NJU (1.5K) Three Complementarity-Aware Fusion module [50] D 0.827~0.925
25 CTMF [44] | 2018 | Cybernetic | NLR (0.65K) + NJU (1.4K) Four HHA [79], IPT, Hidden Structure Transfer D 0.829~0.932
26 ACCEF [80] | 2018 | IROS NLR (0.65K) + NJU (1.4K) Three Attention-Aware D Not available
27 PDNet [49] | 2019 | ICME NLR (0.50K) + NJU (1.5K) + O (21K) Five Depth-Enhanced Net [49] D Not available
28 AFNet [62] | 2019 | Access NLR (0.70K) + NJU (1.5K) Three Switch map, Edge-Aware loss D 0.807~0.887
29 MMCI [81] | 2019 | PR NLR (0.70K) + NJU (1.5K) Three HHA [79], Dilated Convolutional D 0.839~0.928
30 TANet [82] | 2019 | TIP NLR (0.70K) + NJU (1.5K) Three Attention-Aware Multi-Modal Fusion D 0.847~0.941
31 CPFP [52] | 2019 | CVPR NLR (0.70K) + NJU (1.5K) Five Contrast Prior, Fluid Pyramid D 0.852~0.932
32 | D3Net (Ours) | 2020 | | NLR (0.70K) + NJU (1.5K) | Seven | Depth Depurator Unit | D | | 0.862~0.953
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Table 11
—[66] thls/\f‘aLE’JRGB D ERIEENNREE R « 1+ & | 4B TR AR A Nk

Gt BgRE T S A BIREm AR /‘Mﬁ

o “RANK” FnB METTER € M 15

FREBOHER . “ALL RANK" oA 0 K 5 I CHE R I - RS H 0 LU B
2014-2017 2018-2019
*  Model [LHM|CDB[DESM[ GP [CDCP|ACSD|LBE [DCMC|MDSF| SE [ DF [|AFNet|{CTMF/MMCI| PCF [TANet|CPFP| DNet
(01 8] 91 | ] 73| 81| 1] 5ol | el | s1| psrl| re21t| at] st ] 5017 8217 [1521°] Ours'
Time (s)[[2.130| - [7.790|12.98]>60.0[0.718|3.110| 1.200 |>60.0|1.570|10.36|| 0.030 | 0.630 | 0.050 |0.060| 0.070 |0.170| 0.015
Code|| M | - M M&C/M&C| C M&C| M C |M&CM&C|| Tf |Caffe | Caffe |Caffe| Caffe | Caffe |Pytorch
% Sqt]|.514].624| 665 |.527 | 669 | 699 | .695| 686 | 748 | .664 | .763 || 772 | .849 | .858 | .877 | .878 | .879 | .900
= Fp7|[-632|.648| 717 | .647 | .621 | 711 |.748 | 715 | 775 |.748 | .804 || 775 | .845 | .852 | .872 | 874 | .877 | .900
= Eg 1|.724].742| 791 | 703 | 741 | .803 |.803 | .799 | .838 |.813 | .864 || .853 | 913 | 915 | .924 | 925 | 926 | .950
= M|[205].203] 283 | 211 .180 | 202 | .153 | .172 | .157 |.169 | .141 || .100 | .085 | .079 |.059 | .060 | .053 | .041
Rank|| 17 [ 16 | 14 | 17 | 15 [ 12 [ 10| 13 | 9 |11 | 7 || 7 | 6 | 5 | 4] 3 ]2/ 1
T Sat]|.562].615| 642 | 588 | 713 | 692 | .660 | 731 | 728 |.708 | 757 || .825 | .848 | .873 | .875| .871 | 879 | .899
o Fp7| 683 |.717| 700 | .671| .664 | .669 |.633 | 740 | 719 | .755|.757 | .823 | .831 | .863 | .860 | .861 | .874 | .891
& Eg1)||.771].823| 811 |.743 | 786 | .806 |.787 | .819 | .809 |.846 | .847 || .887 | 912 | .927 | .925 | 923 | 925 | .938
5  M|||.172].166] 295 | .182 ] .149 | 200 | 250 | .148 | .176 |.143 | .141 || .075 | .086 | .068 | .064 | .060 | .051 | .046
Rank|| 16 | 12| 14 | 18 | 13 | 15 |17 | 10 | 11 |9 | 8 || 7 | 6 | 3 | 4] 5| 2] 1
=  Sat||.578|.645| .622 | .636|.709 | .728 | 703 | 707 | 741 | .741|.752 || .770 | .863 | .848 | .842| .858 | .872 | .898
= Fgt||.511|.723| .765 | .597 | .631 | 756 | 788 | .666 | 746 |.741|.766 || .728 | .844 | .822 | .804 | .827 | .846 | .885
@ E:1||.653|.830| 868 |.670 | .811 | .850 | .890 | .773 | .851 |.856|.870 || .881 | .932 | .928 | .893 | .910 | .923 | .946
S myf[114]000] 299 |.168] 115 | 169 | 208 | 111 | 122 [.090 | .093 || .068 | .05 | .065 | .049 | .046 | 038 | .031
Rank|| 18 | 13| 14 | 17 | 16 | 12 |10 | 15 | 11 | 9 | 7| 8 | 3 | 5 |6 ] 4] 2] 1
= Sat||-630].629] 572 | .654 | .727 | 673 | .762| 724 | .805 |.756 | .802 || .799 | .860 | .856 | .874 | .886 | .888 | .912
= Fp1]|.622.618] .640 | .611 | .645 | .607 |.745| .648 | 793 | .713 | 778 || 771 | .825 | .815 | .841 | .863 | .867 | .897
&  Eg1]|.766|.791| .805 |.723 | .820 | .780 |.855 | .793 | .885 | .847 | .880 || .879 | .929 | 913 | 925 | .941 | .932| .953
S MyJ[.108.114] 312 [ .146 | .112 | 179 | .081 | .117 | .095 | .091 | .085 || .058 | .056 | .059 | .044 | .041 | .036 | .030
Rank|| 14 [ 15| 16 | 18 | 12 | 17 |10 | 13 | 7 |11 | 8 || 8 | 5 | 6 | 4] 3 | 2| 1
= Sat||.566|562| .602 | .615] .603 | .675 |.621| 704 | 673 | .675|.747 || .714 | 776 | .813 | .841| 839 | .807 | .857
= Fgt1||.568|.592| .680 |.740 | .535 | .682 | .619 | 711 | .703 |.710 | .735 || .687 | .729 | .781 | .807 | .810 | .766 | .834
8 Eg1]|.717|.698| 769 | 782 | 700 | .785 | .736 | 786 | 779 | .800 | .828 || .807 | .865 | .882 | .894 | .897 | .852 | .910
2 m|[.195].196] 308 |.180 | 214 | 203 | 278 | .169 | .192 |.165 | .142 || .118 | .099 | .082 | .062 | .063 | .082 | .058
Rankl[ 16 | 17 | 15 |11 | 17 | 13 [ 14| 9 | 12 |9 | 7 | 8 | 6 | 4 [ 2| 2]5]1
T Sqt||.553].515| 716 |.635| 712 | 727 | 729 | 753 | .694 | .692 | .783 || 738 | .788 | .787 | .786 | .801 | .828 | .825
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3 LFSD [66] || 2014 | CVPR 0.1K one 60 indoor/40 outdoor Lytro Illum camera [54] High | No | High 360 x 360
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Table V
A SCHISIP FISTERE BB [ HOSTIIENT . 135 Boi e BRI ARIT 2 IRk 00§ VII.

Aspects | Model || SIP (Ours)  STERE [64] DES [39] LFSD [66] SSD [65] NJU2K [38]  NLPR [40]
RgbNet 0.831 0.893 0.881 0.810 0.839 0.888 0.9011

w/o DDU | RgbdNet 0.862 0.898 0.896 0.836 0.857 0.898 0.910
DepthNet 0.862 0.713 0.911 0.724 0.811 0.857 0.864
Lower Bound 0.822 0.881 0.870 0.788 0.817 0.875 0.897

DDU D3Net (Ours) 0.860 0.899 0.898 0.825 0.857 0.900 0.912
Upper Bound 0.872 0.910 0.907 0.858 0.879 0.912 0.924
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