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1 MSRA-A, -B [33] A 2007 CVPR v v v v

2 | SEDI,SED2[34]a | 2007 CVPR v v

3 ASD [83] A 2009 CVPR v - v

4 SOD [84] ¢ 2010 CVPRW v - v

5 MSRAI10K [85] ¢ 2011 CVPR v v v

6 Judd-A [37] A 2012 ECCV v - - v

7 DUT-O [39] ¢ 2013 CVPR v v v v

8 ECSSD [38] ¢ | 2013 CVPR v ; ; v

9 PASCAL-S [40] ¢ 2014 CVPR v - - v

10 HKU-IS [41] ¢ 2015 CVPR v - - v

11 SOS [64] ¢ 2015 CVPR v v v -

12 MSO [64] O 2015 CVPR v - - v - -
13 XPIE [86] ¢ 2017 CVPR v v - - v -
14 LSO (6216 | 2017 CVPR - ; ; v v
15 JOT [87] ¢ 2017 FCS v v v - - - v -
16 DUTS [42] ¢ 2017 CVPR v v - - - - v -
17 SOC (OUR) ¢ 2021 v v v v v v v v
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Table 2: f# FHF THHERI AN 4 SODIE Y i 5, Agg.: 58 A 5K, 1541, LN = linear, NL = non-linear, HI = hierarchical, BA = Bayesian,
AD = adaptive, LS = least-square solver, EM = energy minimization, and GMRF = Gaussian MRF. SL.: {8552, 4, T (%),
FHE (o), FIE (), 2ME (o), EBN¥ 2T (A). Sp.: REMHBBRRIL/FHIHAR. Pr: & HProposal /7%, Ed.: 25 1#
22k % . Post-Pros.: 5248 F J5 4b 38 771 (1, CRF [89], graph-cut [90], GrabCut [91], Ncut [92]), morphology, max-flow
(MF) [93] 504 18 H B AL .

‘ # ‘ s ‘ R ‘ Fase ‘ S B8 i ‘ TR ‘ A ‘ Agg. ‘ SL. ‘ Sp. ‘ Pr. ‘ Ed. ‘ Post-Pros
1 Itti [46] | TPAMI | link center-surround pixel Color, Intensity, Orientation LN * | - - - -

2 GBVS [94] | NeurIPS | link - pixel Markovian - * - - - -

3 FT [83] | CVPR link frequency domain pixel Color, Luminance - * | - - - -

4 SR [95] | CVPR link spectral residual pixel Log Spectrum - * | - - - -

5 AIM [96] | NeurIPS | link maximizing information patch Shannon’s Self-information - * - - - -
£ 6 SUN [97] JoV link self-information pixel DoG, ICA-derived features - * - - - -
a7 FG [98] MM link local contrast pixel Fuzzy Growing - * | - - - -

| 8 AC[99] | ICVS link local contrast multi-patch Color, Luminance LN * - - - -
el 9 SEG [100] | ECCV link local contrast pixel Conditional Probabilistic - * - - - CRF
S| 10| MSSS[101] ICIP link symmetric surround pixel Color, Luminance - * | - - - graph-cut

11 ICC[102] | ICCV link isophote global structure curvedness, isocenters, color LN * | - - - graph-cut

12 EDS [103] PR link - pixel threshold, distance, multi-DoG - * -V -

13 RE[104] | ICME link local contrast pixel/patch Contrast pyramid - * | - - - -

14 RSA [105] MM link global contrast patch Polar transfer, NN-GPCA [105] - * - - - -

15 RU [106] | TMM link rule based pixel denoising, geometric - * - - -

16 CSM [107] MM link frequency&contrast pixel Envelope, Skeleton - * | - - - -

17 | LSSC[108] TIP link bayesian pixel/region convex hull, subspace clustering NL * | V| - - -

18 COV [109] JovV link - pixel/patch covariance matrices NL * - - - -

19 GR [110] SPL link contrast, center, smooth - convex hull, continuous pair NL * | vV - -

20 MSS [111] SPL link local, integrity, center - various gaussian, convex hull NL * | vV - - -

21 | LSMD [112] | AAAI link texture, edge, color pixel/region hierarchical clustering, gaussian - *x | V| V| - threshold

22 BSF [113] ICIP link boundary-based region convex hull, soft-segmentation - * | V| - - -

23 HC [85] | CVPR link global contrast region Histogram-based Contrast - * | - - - graph-cut

24 RC [85] | CVPR link global contrast region Region-based Contrast - * - - graph-cut

25 CA [85] | CVPR link context-aware patch Four principles - * | - - - -

26 MR [39] | CVPR link fore/back-ground pixel/region graph-based manifold ranking - * - - -

27 SF[114]| CVPR | link element contrast region uniqueness, spatial NL * | - | -] - -

28 HS [38] | CVPR link global contrast hi-region Region-scale, Location heuristic HI * | - - - -

29 | DRFI[115] | CVPR link background descriptor region region vector, multi-level LN o v - - -

30 RBD[116] | CVPR link background weighted region background connectivity LS *x | V| - - -
=31 LR [117] | CVPR link location, semantic, color pixel/region Low rank matrix NL o v - - threshold
|32 PCA[118] | CVPR link center-bias priors patch color, pattern, gaussian NL *x | vV | - - -

|33 | HDCT [119] | CVPR link high-dimensional color pixel Trimap, color transform LN *x | V| - - -
|34 | CRFM [120] | CVPR link aggregation pixel GIST descriptor NL o - - - CRF
135 STD [121] | CVPR link statistical textural region Graph, sparse texture - * | - - - GrabCut

36 PDE [122] | CVPR link representative elements region color, background, center - * | vV -

37 SUB [123] | CVPR link Submodular region color, spatial, center - o v - - threshold

38 PISA [124] | CVPR link spatial pixel/region color, structure, orientation NL * | - - -

39 DSR [125] | ICCV link reconstruction errors multi-region background, obj./centerGaussian BA * | vV - - -

40 MC[126] | ICCV link markov random walks region Markov Chain - *x | vV | - - -

41 GC[127] | ICcCcv link global cue region GMM, appearance, spatial AD * | - - - -

42 SVO [128] | ICCV link center-surround patch/region Graph, Obj. EM *x | V| V| - -

43 CSD [129] | ICCV link center-surround multi-patch color, orientation, intensity LN * - - - -

44 UFO [130] | ICCV link focus, objectness pixel/region Uniqueness, Focusness, Obj. NL * |V |V |V threshold

45 CHM [131] | ICCV link center-surround, local mRegion/patch SVM, hyperedge LN . V|-V threshold

46 CIO [132] | ICCV link objectness Region Graph, frequency, Obj. GMRF | % | v | - - -

47 CC[133] | ICCV link convexity context mRegion concavity, bounding box - * | vV | - - graph-cut

48 GS [134] | ECCV link boundary, connectivity patch/region Geodesic distance transform - *x | V|- |V -

49 CB [135] | BMVC | link context, shape, center mRegion Iterative energy minimization LN *x |V |V | - -

50 | SLMR [136] | BMVC link low-rank matrix Region sparse noise - * | vV - - -

51 SMD [137] | TPAMI | link texture, edge, color pixel/region hierarchical clustering, gaussian - *x | V|V | - threshold

52 RS [138] | TPAMI | link fore/back-ground region manifold ranking, grouping cue - *x | vV | - - -

53 BFS [139] NC link fore/back-ground seed region Gaussian falloff, threshold NL *x | V| - -

54 GLC [140] PR link global/local contrast region HOG, LBP, codebook,graph-cut LN * | vV - - -

55 DSP [141] PR link propagation region sink points, chi-square distance NL * | V| - -

56 LPS [142] TIP link label propagation-base pixel/region three-cue-center, affinity matrix NL * | vV | - - -

57 | MAPM [143] TIP link background region Markov absorption probability *x | vV | - - -

58 MIL [144] TIP link instance region multi-instance learning, SVM - . Vv o- -

59 | RCRR [145] TIP link reversion correction pixel/region regular-random walks ranking - * | V| - - -
| 60 FCB [146] TIP link fore/back-ground, center region color difference, color volume NL * | vV - - -
=| 6l NCS [147] TIP link center bias pixel/region Ncut, merging scheme EM *x | V|- |V Ncut
Q|62 MDC [148] TIP link direction contrast pixel OTSU, morphological filter NL * - - - watershed
o | 63 | HCCH [149] TIP link | closure completeness & reliability object hierarchical segmentation NL * | - -V -
= |64 | JLSE[150] TIP link exemplar-aided region joint latent space embedding - o | v | - - -
Q|65 IFC[151] | TMM link boundary homogeneity pixel/region linear feedback control system - *x | V| - - -

66 NIO [152] | TNNLS | link smoothness, boundary region graph, iterative optimization BA . v - - -

67 MBS [153] | ICCV link barrier distance pixel backgroundness cue - * | - - - | morphology

68 GP [154] | ICCV link diffusion based region/pixel diffusion/laplacian matrix - *x | vV | - - -

69 | BSCA[155] | CVPR link color/space contrast region/pixel cellular automata, bayesian - *x | V| - - | OTSU [156]

70 BL[157] | CVPR link image prior mRegion SVM, MKB [158], LBP LN o v - - -

71 MST [159] | CVPR link geometry information pixel minimum spanning tree - *x | vV | - - | morphology

72 | RRWR [160] | CVPR link error-boundary removal pixel/region regular-random walks ranking - * | V| - - -

73| TLLT[l61] | CVPR link propagation,boundary region convex hull, teach-to-learn - * | V| - - -

74 WSC[162] | CVPR link weighted sparse coding region color histogram, dictionary NL *x | vV | - - -

75 PM[163] | ECCV | link propagation region extended random walk LN * | V| -] - -

76 TSG [164] | TCSVT | link regionally spatial consistency region Sparse Representation, graph LN *x | V| - - MF
- 77 LFCS [54] | TCSVT | link smoothness, boundary region Discrete Linear Control System LN . v - -
= 78 | AIGC[165] | TCSVT | link contrast, object region irregular graph - *x | V| - - -

& |79 | FTOE[166] | TMM link contrast, center, distribute pixel/region | fuzzy theory, object enhancement | LN *x |V |V | - -
|80 | MSGC[167] | TMM link fore/back-ground seed region multi-scale, global cue NL * | vV - - -
Q 81 SIA [168] | TMM link boundary, dhs [169] - Cellular Automation BA * | vV - - -
Q|82 KSR [170] TIP link trained on [33] region R-CNN, Rank-SVM, subspace - A - v o- -
83 MSR [171] TIP link boundary connectivity region MBD [172] - * | vV - - OTSU
84 LRR [173] TIP link background pixel/region Celluar Automata [155], FCN32 | Metric | % | v - - -
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Table 3: fil FH 25 T IR BE 2% 2J R A0 2 SODRE T 25 . W] DL 27 R TE PR R (4.  MB = MSRA-B %45 %€ [33]. MIOK =
MSRA-10K [36] ##54E. P-VOC2010 = PASCAL VOC 2010 i S /r BIEMHE4E [174].  CRF = K AHENLG. mErFRERIGH
R ath
RN RN ATER.

% | WU | i | AHOER | VIR [T | R 'SL. [ Sp. | Pr. | E | CRF
w1 SupCNN [175 Jcv link 800 ECSSD [38] - o v - - -
=] 2 LEGS [176 CVPR link 340+3,000 PASCAL-S [40]+MB [33] - o - v - -
a3 MDF [41 CVPR link ,500 MB [33] - o v - v -

4 MC [177] | CVPR link 8.000 MI0K [36] GoogLeNet [178] o | v | -] - -
5 DSL [179] | TCSVT link | (5,168+10,000)*80% DUT-O [39]+M10K [36] LeNet [180]/VGGNet16 o v - - -
6 DISC [181] | TNNLS link ,000 MI10K [36] - o v - - -
7 DS [182 TIP link 10,000 MIOK [36] VGGNet [183] o v - v v
ol 8 SSD [184 ECCV link 2,500 MB [33] AlexNet [185] o v | v - -
=19 CRPSD [186 ECCV link 10,000 MI10K [36] VGGNet o v - - -
SER RFCN [187 ECCV link 10,103+10,000 P-VOC2010 [174]+M10K [36] VGGNet o v - v -
11 MAP [188 CVPR link ~5,500 SOS [64] VGGNet o - v - -
12 SU [189 CVPR link 15,000+10,000 SALI [190]+M10K [36] VGGNet o - - - v
13 RACD [191 CVPR link 10,565 DUT-O [39]+NJU [192]+NLP [193] VGGNet o - - - -
14 ELD [194 CVPR link 9,000 MI10K [36] VGGNet o v - - -
15 DHS [169 CVPR link 3,500+6,000 DUT-O [39]+M10K [36] VGGNet o - - - -
16 DCL [195 CVPR link ,500 B [33] VGGNet o v - - v
17 DLS [196 CVPR link 10,000 MI0K [36] VGGNet o v - - -
18 MSRNet [62 CVPR link (500+)2,500+2,500 (ILSO [62]+)MB [33]+HKU-IS [41] VGGNet o - v v v
19 SRM [197 CVPR link 10,553 DUTS [42] ResNet50 [198] o - - - -
=120 NLDF [199 CVPR link 2,500 MB [33] VGGNet o - - v v
S| 21 WSS [42 CVPR link 456K ImageNet [200] VGGNet o v - v v
22 DSS [201 CVPR link 2,500 HKU- IS [41]+MB [33] VGGNet o - - v v
23 FSN [202 ICCV link 10,000 MI10K [36] VGGNet o - - - -
24 SVF [203 ICCV link 10,000 MIOK [36] VGGNet q v - - -
25 UCF [204 ICCV link 10,000 MI0K [36] VGGNet o - - - -
26 AMU [205 ICCV link 10,000 MIOK [36] VGGNet o - - v -
27 EAR [206 TCYB link 2,500+2,500 HKU-IS [41]+MB [33] VGGNetl16 o - - - -
28 Refinet [207 TMM link 3,000 MB VGGNet16 o v - v v
29 LICNN [208 AAAI link 456K ImageNe [ 0] VGGNet o - - - -
30 ASMO [55 AAAI link | 82,783+2,500+2,500 | MsCO [88]+HKU IS [41]+MB [33] ResNet101 o - - - v
31 RADF [209 AAAI link 10,000 () [36] VGGNet o - - - v
o | 32 R3Net [210 1IJCAI link 10,000 K [36] ResNeXt [211] o - - - v
=133 C2SNet [212 ECCV link 20,000+10,000 Web [212]+M10K [36] VGGNet o v |V - -
|34 RAS [213 ECCV link 2,500 MB [33] VGGNet o - - - -
35 LPSNet [214 CVPR link 10,553 DUTS [42] VGGNetl6 o - - - -
36 RSOD [215 CVPR link 425 PASCAL-S [40] ResNet101 o - v - -
37 DUS [59 CVPR link 2,500 MB [33] ResNet101 q - - - -
38 ASNet [216 CVPR link | 15,000+10,000+5,168 | SALI [190]+M10K [36]+DUT-O [39] VGGNet o - - - -
39 BMPM [217 CVPR link 10,553 DUTS [42] VGGNet o - - - -
40 DGRL [218 CVPR link 10,553 DUTS [42] ResNet50 o - - - -
41 PiCA [219 CVPR link 10,553 DUTS [42] VGGNetl6/ResNet50 o - - - v
42 PAGRN [220 CVPR link 10,553 DUTS [42] VGGNet19 o - - - -
43 SE2Net [221 arXiv link 10,553 DUTS [42] VGGNet/ResNeXt101 o - - - -
44 DRMC [222 arXiv link 10,533 DUTS [42] VGGNet/ResNet101 o - - - v
45 RDSNet [223 arXiv link 10,000+10,553 MI10K [36]+DUTS [42] VGGNet/ResNet-152 o - - - v
46 AADF [224 TCSVT link 10,553 DUTS [42] DenseNetl61 [225] o - - - -
47 CCAL [226 TMM link 9,000 MIOK [36] VGGNet o - - - -
48 | DeepUSPS [60] | NeurIPS link 2,500 MB [33 DRN-network [227] [ - - - -
49 FB 28 TIP link 2,500 MB [33 VGGNetl16 o - - v -
50 SPA [229 TIP link 4,000 HKU-IS [41] - o v - - v
51 ConnNet [230 TIP link 2,500+2,500 MB [33]+HKU IS [41] ResNet50 o - - - -
52 LFRWS [231 TIP link 10,000 10K [36] VGGNetl6 o - - v -
53 RSR [67 TPAMI link 425 Extended of PASCAL-S [40] ResNet101 o - - - -
54 SSNet [232] | TPAMI link 10,000 MI0K [36] VGGNet16 q v - - -
o | 55 LVNet [233 TGRS link 600 ORSSD [233] - o - - - -
= | 56 | Deepside [234 NC link 2,500+10,553 MB [33]+DUTS [42] VGGNetl16 o v - - -
| 57 | SuperVAE [235 AAAI link - - VGGNet19 q v - - -
58 DEF [236 AAAI link 10,553 DUTS [42] ResNet101 o - - - -
59 CapSal [56 CVPR link 82,783+5,265 MsCO [88]+COCO-CapSal [56] ResNet101 [ - - - -
60 MWS [237 CVPR link 300,000+10,553 ImageNet [200]+DUTS [42] - q v - - v
61 MLMS [238 CVPR link 10,553 DUTS [42 VGGNet16 o - - v -
62 ICNet [239 CVPR link 10,000 MIOK [36 VGGNet16/ResNet50 o - - - v
63 AFNet [240 CVPR link 10,533 DUTS [42 VGGNetl16 o - - v -
64 PFANet [241 CVPR link 10,553 DUTS [42 VGGNet16 o - - v -
65 PAGE [242 CVPR link 10,000 MI0K [36 VGGNetl6 o - - v v
66 CPD [243 CVPR link 10,533 DUTS [42 VGGNet/ResNet50 o - - - -
67 PoolNet [244 CVPR link 10,533 DUTS [42 VGGNet/ResNet o - - v -
68 BASNet [245 CVPR link 10,553 DUTS [42 ResNet34/Xavier [246] ) - - v -
69 JDF [247 ICCV link 2,500 MB [33 VGGNetl16 o - - v -
70 DPOR [248 ICCV link 10,533 DUTS [42] VGGNet16 o - - - -
71 JLNet [249 ICCV link 10,582+10,533 P-VOC2010 [174]+DUTS [42] DenseNet169 o - - - v
72 GLFEN [51 ICCV link 1,600+10,533 HRSOD [51]+DUTS [42] VGGNet o - - - v
73 SIBA [250 ICCV link 10,533 DUTS [42 ResNet50 o - - v -
74 SCRNet [45 ICCV link 10,533 DUTS [42 ResNet50 o - - v -
75 EGNet [251 Iccv link 10,533 DUTS [42 VGGNet/ResNet o - - v -
76 HUAN [252 TIP link 10,553 DUTS [42] VGGNet/ResNet/ResNetXt | o - - - v
77 ALM [253 TIP link 10,000+4,447 MI0K [36]+HKU-IS [41] DenseNet o v - - -
78 HFFNet [254 TIP link 10, DUTS [42 VGGNetl6 o - - v -
79 DFI [255 TIP link 10,553 DUTS [42 ResNet50 o - - v -
80 R2Net [256 TIP link 10,553 DUTS [42 VGGNetl6 o - - - -
81 MRNet [257 TIP link 10,553 DUTS [42 ResNet50 o - - - -
Q18 CIG [258 TIP link 10,000 MI0K [36 VGGNetl6 o - - v -
S| 83 RASNet [259 TIP link 2,500 MB [33] VGGNetl16 o - - - -
84 ASNet [260] | TPAMI link | 15,000+10,000+5,168 | SALI [190]+M10K [36]+DUT-O [39] VGGNet o | - | - - -
85 DNNet [261 TCYB link 2,500+2,500 MB [33]+HKU-IS [41] - o - - - -
86 CAANet [262 TCYB link 10,553 DUTS [42] VGGNetl16 o - - - -
87 ROSA [263 TCYB link | 2,500+5,168+2,500 HKU-IS [41]+DUT-O [39]+MB [33] FCN [264] o v - - -
88 DSRNet [265] | TCSVT link 10,553 DUTS [42] DenseNet o - - - -
89 EGNL [266] | TCSVT link 2,500 MB [33] VGGNetl16 o - - v -
90 SACNet [267 TCSVT link 10,553 DUTS [42] ResNet101 o - - - -
91 FLGC [268 TMM link 10,553 DUTS [42] VGGNetl6 o - - - -
92 TSNet [269 T™MM link 4,000 MD4K [269] ResNet50/VGGNet16 o - - - -
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Table 4: B TR T A4 SODRR MY R 4 AT LR R & 3RS S (4R .
| # | B | i | AEER | WgE | g \ TR | SL. | sp. | Pr | Ed | CRF
93 SUCA [270] T™MM link 10,553 DUTS [42] ResNet50 o - - - -
94 MIIR [271] T™MM link 2,500+5,000 MB [33]+DUTS [42] VGGNetl6 o v v - v
95 CAGVgg [272] PR link 10,553 DUTS [42] VGGNet/ResNet/NASNet [273] o - -
96 U2Net [274] PR link 10,553 DUTS [42] UNet o - -
97 SalGAN [275] TII link 10,000 MIOK [36] VGGNetl6 o -
98 ADA [276] AAAI link 2,500+780 MB [33]+NIR [276] VGGNetl6 o - -
99 PFPNet [277] AAAI link 10,553 DUTS [42] ResNet101 o -
IS 100 GCPANet [278] AAAI link 10,553 DUTS [42] ResNet50 o - -
o 101 F3Net [279] AAAI link 10,553 DUTS [42] ResNet50 o v -
102 LDF [280] CVPR link 10,553 DUTS [42] ResNet50 o v -
103 ITSD [281] CVPR link 10,553 DUTS [42] VGGNetl6/ResNet50 o v -
104 SANet [57] CVPR link 10,553 DUTS [42] VGGNetl6 [ v v
105 MINet [282] CVPR link 10,553 DUTS [42] VGGNet16/ResNet50 o - -
106 ABPNet [283] ECCV link 10,553 DUTS [42] VGGNetl6 o v -
107 CSNet [284] ECCV link 10,553 DUTS [42] - o - -
108 GateNet [285] ECCV link 10,553 DUTS [42] VGGNetl6 o - v
109 DNA [286] TCYB link 10,553 DUTS [42] VGGNet16/ResNet50 o - -
110 DAFNet [52] TIP link 1,400 EORSSD [52] VGGNetl6 o v -
111 HGA [287] TIP link 10,553 DUTS [42] VGGNetl6 o v -
_ 112 HIRN [288] TIP link 10,553 DUTS [42] VGGNetl6 o v -
§ 113 SCWS [289] AAAI link 10,553 SDUTS [57] ResNet50 [ - -
114 PFS [290] AAAI link 10,553 DUTS [42] ResNet50 o v -
115 KRNet [291] AAAI link 10,553 DUTS [42] ResNet50 o v -
116 BAS [32] arXiv link 10,553 DUTS [42] ResNet34 o v -
117 ICON [53] arXiv link 10,553 DUTS [42] ResNet50 o - -

Table 5: & FEEY) IR G @ 1 S HON SR B o JE I WS Bl AR HORFE, ASCREE TR @M. W LAER 1A & 4(g)h

R L MNORBI . HREZ ], HSEA TR
ACRIER) WU DCH I S IE
BO (k#4k) PRV R LA T0.5.
CL (FAIFH) VIR HT RS SO A AR, A SO R A B K T 0.2,
RS H R T 091 B FRE ATF RO BRI . (153).
HO (FAth) MG AR SR AR 345 LR
MB (ESBH) i FAIHLEGE SRR O AT A
0C (&%) R S B A
OV (RRHRE) VRIS KL T EIRIL .
SCOMREA) VA LARIIAT, LFA LI, S A
SO (A 4atk) DT BV MR LA AN F 0.1

ARG, RS, ABE, @SR EZ ek
[35], [40], [87], [88].

DERHBEMAER . A EE D EGT T ARsL
R R M E S ECEE, hit, KEREGE
PLiESODA T ik 4o ik $ & I stz fh kR . ik, A0 %k
MMS-COCO%i#=4E [88]H BENLKAE 13,0005 Bl fr, HH s
“E%%F¢ﬁﬂﬁ%maﬁ%%” BiJE, ASCHSOMIT R

FRNBAT TIREE (B ANTMRD o R, A [44) P e
%ﬁ A HIE R B S AR T R4 T, DA G B
HRME. 3%/ “7) AREHEENZARE” FHIHE
ZEE. B4 @R TENEANEEMRNEE. TRy
CNT RHERRES, XREAEN, FAALER 5 ext
F—RHEIERHES R A SO HE E %R 6:2: 21 L 4y
NS, BF AR .

3) EEMARMER/EEEaXTtL. 41 [40]FFTA,

MRSk 5

olﬁ

ARif

“REFT SRTRMERNER/RE HEA K. B, i
BEMERSH TRAZAFEEER. TR, A3

Sy M VE HERT SR SUORGBE A B 5 8. AR5, R E
R B PIA EL T B (B B RS 4 JR AR F 0t L B2 A

AR 4 (b) F1 ()Fim. HILSOMEL, A THISOCH K4
SN R R X L B A A o 5 R Ee A
4) BEYMANME. Ok E By T E I H

L RZ IR i K IR 22 2 — [401, [70], [314]. Kl 4 (Rt T
—HEG LB ME (tin, FHELED . TUAEE, B8R

REEALTAFALE, (EREENER R A
FEAFAE O ZET . ANSERIRE,  DARI 0 26 AE T 0038 R YK
Tl AN (14 75 OR A S 2 AR (KA B0 Ao D 17 38 G i Al
RPIUE, ALLH T E 4 @F PR, M r, gEiH i,
Horrr, F0ry 03 MR LA R R (1A% RS
B RS o Rr, A1, KR DL f A RE AR — = LLEAT


https://scholar.google.com/citations?user=2Pyf20IAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?hl=zh-CN&user=SGjgjBUAAAAJ
https://scholar.google.com/citations?user=SQ_rJ98AAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=MMLkNtYAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=lwV4KfwAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=JnQts0kAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?hl=zh-CN&user=yryOvLwAAAAJ
https://scholar.google.ae/citations?user=kuQ_mrAAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=Z86VhcIAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=Z86VhcIAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=5YZ3kvoAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=Qa1DMv8AAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=jdo9_goAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?user=Qa1DMv8AAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=zW32dXsAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?user=jdo9_goAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=UB3doCoAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.ae/citations?user=-VrKJ0EAAAAJ&hl=zh-CN&oi=sra
https://ieeexplore.ieee.org/abstract/document/9262030
https://scholar.google.ae/citations?user=2Drvv44AAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?user=zHw8eegAAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?hl=zh-CN&user=BfWMlE4AAAAJ
https://scholar.google.com/citations?hl=zh-CN&user=x6nvduAAAAAJ
https://scholar.google.com/citations?hl=zh-CN&user=MMLkNtYAAAAJ&view_op=list_works&sortby=pubdate
https://scholar.google.com/citations?user=kakwJ5QAAAAJ&hl=zh-CN&oi=ao

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

102

HRB I HCE (LOGRED

%
”s

ooooo

(a)
= LSO m— LSO
0.15 — §OC — §OC

0.1
0.05

proportion
o o
NN
o
o —rr—
proportion
© o 2 o
- a N
o r——r—r——r——

02 04 06 08 0.2
4 Ja B o LE BE

04 06 08
JRi BT L

(b) (©) (d
0.2
N e XS 0.45

S 016 ’ \ g
B 7 \ £ 035 — ILSO
2 0121 fa g 0.25  soc
8 Y - ro ILSO e
o, 0.08 ’ 7 |= Fm ILSO \ a 0.15

0.04 ,,’ - 3 o 0.05

0 0.2 0.4 0.6 0.8 1 0 01 0.3 0.5 0.7 0.9 . =
fr B oA S| R~ T35 (CL)
(e) ) (2)

Figure 4: (a) A ISOCEHREE R AN KAFRIFERILFIEE . (b, o) ERAENT LLERR B Est LLER S EEE. @) —4k
HAXHIEENEZRRESNAE. () SOCH M ZEWIRTIMIE 4. (F) SOCHILSO [62]HISEHI KN Ai. (g) A FH e
HI A ALAL A
Ak, 115 r,,rm € [0,1]c MIXEGEHEE T, AT LA o P - / o
G FHAR AP 1 AN L R 2 B S - PRI

5) BEWKNAMN. DR EEIGIR N LN Hoﬁ.‘&ﬁﬁﬁﬁﬁ
YRR & B S A R LLp) [40]. W 4 (OFTR, S5INE e e s e » 9
f¥) S48 2 R EILS O [62)4 L, SOCH! [y 58 WA fry K /s --=====- 3
G2 . BeAh, soCH Bk B AT B EL .

6) EARMNEZENR. HdnkEd, BENEERESR
AT 0w AE A R S BN R T ITERE. Bt
FOH AT DA RIS LT A & . Dk, ASCE ST

(b) (©
Figure 5: —454E 8 2 EEHIR B a) M55 5, b) IB3IHH, ¢
BEAT SR DI 1 55

AC BO CL HO MB OC OV SC SO

Figure 6: 7: SOCH# 4k i &t i@l%ﬁ’ﬂ%ﬁ“?ﬁ A%

IR B R BRI I BLRE. A 2T IR 2 1 1Y)
JE 2 TR ) BRI R AR o 98 P BOR IR B R % R o
BRI -

—HRMRF R B SR G R E RS O, Wiz sh A, &
% and FACH FEGTE R STEALh). HEE, FNXLEEER
FETLJFHT, FrCh—ASER AT B 2 A J@ P AT b

2B BISIA K, ACIER 6L AR T EHEEE R R



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

é

(c) MS-COCO

Figure 7: 5 i fi th BRI ELEL, (a) SEFIZEHERILSO

(d) SOC

[62] CHAS I 25 (AL ms 3 kR VED, (¢) MS-COCO% ¥
[88], (b, d) AXHISOCKHEEE, IRyt FiE, HEE

=]}
=] o

PERI 73 AT TS DL SO R YA SORS I (19 S ebmids (b,
K 3R ERSAD M0 A ORI LS. HOJRPE RV BLSK i 5
1375 B FAL SR O RHE R, S A RKEL B, 33
A (MBAEALUH LEEF S R W L, (E2 R R = A
SEGH R Bk, MBRREASTIIEIEEL S HA X
NFTECH . T SRR A 2 AR, VAR SR
O A MR U R Fe R T @bk 2 M Ko & . B, &
AR Z AR 137 57 0T e BT KR I L R (R, AT
TR RS 4k . Bk, HORMMOCHKR, OVRALH
SOSRALZ 18] B AT SR MAE -

7 BRENEEMNEREE.  EW [316]F # 1,
TEECSSD##E4E (B 510005k BHED LIl gr bl e 5k
PEE (filhn, MSRAI0K, EL{7100005K BB 3545 T B 4711
BB BB T R LLAL, SRR EdE — N EEREK,
HT IR REEAENEE, A3 IMS-COCOHHE 4 [88],
FREHLEREG, MS-COCO&E—AN KA B st g4, H
FYIRR 2R (Heln, MHBSFRE) o R bR
=1 SODEAY (1 Ry P 5 TR B 21 7 OCERAE T [83]. ik, &
SCAE IR 2 H AR R AR R 4R . RT3 A SODAT:
55 M I VEINEEE 4L (331, [34], [35], [36], [38], [41], [42], [62],
[831, [86], [87], AR L&A MR K& ASCKRH T H
AN BB SRARAIE R R R bR TE: (1) BSRSAS I AAE FH A e AE
FRC A T E A BUR R BN B k. GD (REKZ
B (>3) WASE S M L WA FEYE (10U of the bbox

>0.8). FH—MEJE, TAVEE 173000 H A5 2 HEFRE 1) &
EUMAREG. $ o0&, A ORIEREENTRRE—SF

THACEEWRNZ G RRE. HER, A tE104ER
B TEAB RO SRR R, &5, ASCRE
130005k BAT M, S gbric iR E AR AR .
7 (b & DFIR, ASCHIPIAIL T bRIE RGN0
(o fEFRAERRET, ARSCETRIN T — 2R EMS-COCO% i 4
(881 FRiCHIHT A (B, wix B 7%, BF, k%),

4 ATHIBIEIEE RS

SEO TSR TR SR A AR B S AR R, AL
BN T = 6 P S 9 S e S B A R 1
o FRATIAA, A8 SCHRE PR BHE 30 30 S s 1 2 5 76 DA 1) 4
B I SODRERY S, ELA 75 /> B o5 IV T 35423 R A7 £
PERE. A% SCHRGBE 3 M I 480 48 & SUAD = {x,yi}Y
Horxg, v 9N HIRGB B LL B 6 7 f 5 3 P BB I, iCihy
WA GRS, NEIGEIER K. mTSODRE— =4
HTMNES, BE R Ry AR AR, AKX
2 HSODH A —H (BB 38 IR K B Ok B iiF 5
EVFNGER. 5% SEEAEBEE A EE% R E
AR, ASCEREINT bR [29311F 9 STHUEA & 2]
SRR B BRI BRI AR . VT, ACSCR RS AL MR 14 55
RAERSMBEAR, LIRS EFWBAZ G, B5, EA
L P B R I 2 ST e T WAL EEA 2961, [3071,
ASCH B MR SR T 5 R B A WS B ISOD, W& 57
T AN ERRIEA.

41 FREEF

FREFBESMINZEE. NS PR, REENTRZ—
R4 FH T R0 2RI R A 2% [317] « JE8H, E—ANF
Az, FUMBY B RS I 2 S B, 1 S AR AR A )
BEALHF 6 1. KI5, BOTEERLGE N g2 AR RS ik x
H bR 807 2R AR . IE (e (3181 g, “%H
P8 3w R ARG M, 3T 7 A 3 5 ) 2 A A Y
FOREEL, AL, ARSI T e dE H 2 T OE A ) —
R, AR IEM G LA . IEANFE [293] 48 HI Y, filfikR
R Re S FEGI LA, FUONBALE NN 5] Bl 5 A,
R AN BEORIEIZ AP REAR AT o I8 Al I BhR 28, RS AT DL
STECHE I SR, AT 7 L 0 A TR A [ 1 O v
filtn, AR [319], 9 AL RIS, N
T AR A 2R ) 000 % 7 B BT A 25

EHIEE. 4N BGOSR 53 2 Ey,
8 45 (1) 1R P S 35 M A Y f 3 0 A /N A A8 M A K SR Il ke
ﬁ@:iM%)z—ﬂ”&way”%%FE%TﬁW
Fs = fo(x), FH(u,v) NG ZRANR. F1 XTI T FR 2 1 HE 4L
WEEy e {01}, H, 1RREZFEIR, 0K TR

HRELBRE. 5 EREREREAR, F2FHEIEN
& (LSR [293 118 F~F18 J5 A28y T dEy, A x0N:

= (1 —€)y+eu(x). (1)

B, RIS u(x) RIEHHEE SIS AT 5E 2
i EATEY SIS 0 T B 2 () B 05 SO0
&
=(1-ey+ . @

Hrh KRR HCE



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

BB 45 T8 A bR 2sy B AR SEy, LSREHIK

D%s:(l_a)oz‘e(yvs)_._aoZ‘E(ylvs)» (3)
Hrha HT-FE-FIE RS ARSI DTRR, I AR5 BOAH R

BN Ly = Loal,s)o TR, WIRAFLE R HAR
B TR R T3

FRETBBIRRT HAEM? 0338 Uk 1T Bl
5N

Lo = —logs. @)

H, st sigmoidiih 5 MR FUME (BHX =428,
HoE SR :

K
sj:ezf/ZeZk:1/(1—1—26“‘%1). 5)
k=1 kEj
P A O RN EEE]:
Lee =log(14 ) *7%). (6)

=y
AL IEFR AL e R M ZE B SN M =z —z;0 T84T
3 AT A AR G 1 A8 SRR B E R A — 3% ZE BRI 4518

HXhr P E, wX @ is, TR
KR L N

Ziyr =~ (1= €)y+¢/K)logs — (1 (1-e)y — &/K)log(1 —5)
—— (vlogs -+ (1-y)log(1 = 5)) + (e~ ) log(;—). .
FEK (5) P s s 32 LRI A3
ERSEEE ®
st (®)FIR (AT
i = L)+ (e3¢ 1 ©)

f) * STy
K I A5 B E B/ MU IERR R 5 e 20 2 1A i
Zif, X5 (O ZAE S OB H AR . 55
SR CREXTS (6)1T 5D 7 M4 /NX Fh 22 8 o i X b7
3, SRS A OC I 40 26 W] AP IR 28 5 e SR 2 TR 1Y
ZefE, XA BRI B AE B E R T .

4.2 FiEiEcs

19— F A R B AR B AR, Ml 3 5 B 76 ML H0ah;
bR RO REAR, T B RAFZ AR IR 4
EWNGREARARD = {xi,yi} s BOHR 38 37 22— A 1 2 Hle
D = (W, Y o WIHTSCRTR, PR B R
R . BRI 5 1 S N 2 51455 1 S
[3011, [302]. T2 = fI5ms, A% SO0 S B4 38 5 1) B dfs
e 2 iRAE BRSO R AR B A, T BB 20T T Ak

10

AR, (B AR G RS R . R, FRAM S
F= A1l 5E PR SRS

X T TF L ) A s S R SR g, LA AR [303], [304],
[305], BO6] EELEHTE=AJ7m: 1D EGEH, Flan, RE
SR AR 2) IREVVERHIFEAR, XL AR IA A
Ak DLJ 3) TEEE B R3ghnmg s . 52 5 R s 2R,
RG2S  EE M R SUE R, XA T EET R SCME
%% (IR F R A A E. B, A SOR H SRE
o=l 7 R P B R A R R b, R R AR R ) B P i
DS o kT G e, A SCRENLIAE, TR AT 4
B (R IRIEE R I085% 1) F R SUAE B o BEx 38 nig 5 1) i
W%, ARSCHEAEA(0.1,0.3) 50 A7 BE AL ) 5 25 1 2 AE B g
I g A, A B — /N A R, T
FIG AR e, AT IR AR 4 UG A BB P, T 7E 1) B A
M A, A SO AL I EAE

43 BHEEB¥3
BB 2 I EA T RRAT 55 A B BB BRI 00 G 2
X, RAEH RO — R T B R AR R ST R . TR, X
TH BB IS5, BURRBUE N L (y,s), HAs A
A, yREARE. g0 aREES, &Lk mia
EPAEBRE D RRNZXIERER Lo (y,s)FI—MEN
EN B T B, e, Z(g(x),s), Fithg(x) 2R iaH
AxARTE o BT [296], [308140 T —Fh LA Al v i BT
551 H B R R

FAhHh, AT FN T G E i — EUE A K R R SR I
B EE AT . BT E, fERANE G, K0
T e X hys. BffG, SRR (48 a2 i) w]
RE . ARG, X TUsHAT A A AR e, A3 3. BEAN
A T P 300 38 1 A 0 P90 2% 3R A5 B 25 P T &5 SR 1 s . 3RATD
B e Fls LA AR . R B RORBE S5 A AR ALPE$B A7 (SSIMD
[320], [321I/ENAEREAR, T A RS 2] E XA

Lis=1—8SIM(s',5"). (10)

4.4 FIRTARRIEEIRK R

T GO\ = A R S, AR SO Skt B LA R R
FEATUIGREGEMN G ERE, mii42d R, Z)an
MRAE R (DA TFEARZE, AT, WEK = 28058
(RIRT AT 5 X B 73 Q)P Itk RS, ARG T
B ERR Lo BAARSTIIRUR R BUE LN

L =L+ VL an

Hep, SIAKYH TP B ESR, RIELEREY =03,

5 SOCIEM
BT =AbedE (Lhhn, SAIRHESS, JF I DL A B Sk ik
fE), AT EI2014 J5 i TR R 3R T 464 % 5ESOD T v



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE
FHSANREE S SRR (B2 ST 5 SR uEE . 4
FATFTEN, ZAFIZERGB SODAIER H 4 T IR 5%

5.1 g E
5.1.1 1E&IESRR

HER, AXMSOCH LR ERGEHEEKE ST
B, DRI 348 A% R IR & (831 #4 5 R Ik HAS HE
15y, BRltk, ARSCRH=AN4&4E (L, MAE [322],
e KEJE & [SIRISE & [4]) Sk bk ) i th B, M4
PEe— AT AIEERPEAY . A K python A T EAH B FF IR, 3
o« MAE (M) & F34axtiR 2w, B iz AT & i
EMEAEZ AR R ES
« EEE (EP™) 2Pl ERIEbS, [R5 E 15
2 R AR .
o SEE (Sq) A& ME XA LI w45 F A A1)
PRERE R

Table 6: JE VI S48 A 45 A FISOC R 4

| SOC_train  SOC_val ~ SOC_test | #it

B34 K (Sal) 1,800 600 600 | 3,000

5 2&l (NonSal) 1,800 600 600 | 3,000

#it \ 3,600 1,200 1200 | 6.000
5.1.2 VSN L

P ep B B SOCK IR M S i B R AER 6. W T1%
GUEE, A EIEAAESOCHIALE (1,2005KEBD  H A
Ao X TIRBES SIRAY, ASCHE JefE BRI ZREUR £ T K
RN SRR e o W N A S R ENER 3 & 4) , 2
JETESOCHI AL 1 B8IE & AT KK B th 75 2 5T 100 LB (L %
7 & 8). fJa, ASCHRAE T XF15FISOTA S 1 i & LRI
Y53 Hr, oA ELFEHES TS A Ge 7 VAN HE 4 BT 10 TR E 2 5]
B,

52 TELR

NT A E—APHERHTRE (thin, MRS PER, RED
BAIPPAE TR, ASORH 7 =AE SR, i, Sq, EF,
M.

Fx T EIR T 461-SOTAFE i SODH V£ - SOCH R & - /)
HRE. TESEE(LLan, Sqe)fliR K EE{%(E%"”)J:, HCCHJ5 %
KoR#EE T T %4 % . RBD, COVHIDRFI{ES, 13577 T
FAFATWEITERE . AN, COVAES ¥ BIihHi4 8=, (B
EEP“ LS L. AEVPASIIMAE (i, M), RILFT T
J7iEN: SE COV, HCCH, SR Al MSSS. {75 —1&1&, SFR
DTM, BT BTA BOE AL SSOD ik, HE T IR LA
4y, HE4 80 T )72 N HCCH, RBD, COV, DRFIFIWSC.

5. https://github.com/mczhuge/SOCToolbox.
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Table 7: fESOCMIALE (1,2005K 1§ -7E LLF 77 1H L B f%
GiSODHE: So 1 EF™ t, MM Lo B =H MRS HALE,
EE M FISERN . BN HU) EAR R AN HER o XL
THEM TR 2 A g, BAEHER IR R = MR
YIHEA . X845 T #EGoogle Drive 1 3REL .

| # | WA Set | Epet | ML | %
1 SUN [97] Matlab 0.475% | 0.688% | 0.436% | 46
2 LSSC[108] | Matlab+C | 0.552%° | 0.714% | 0.365% | 45
3 BSF [113] Matlab 0.554% | 0.728% | 0.353% | 44
4 GR[110] | Matlab+C | 0.588%' | 0.715% | 0.332%2 | 43
5 HS [38] EXE 0.60140 | 0.729%7 | 0.321% 42
6 Itti [46] Matlab 0.58742 | 0.736% | 0.311%° 41
7 AIM [96] Matlab 0.605% | 0.670% | 0.250** | 39
8 GBVS [94] Matlab 0.615% | 0.733% | 0.293%7 39
9 LR [117] Matlab 0.64231 | 0.723% | 0.253%7 36
10 CA[323] | Matlab+C | 0.606% | 0.750%22 | 0.291%¢ | 35
L1 MR [39] | Matlab+C | 0.645% | 0.734% | 0.259%! 32
% 12 SEG [100] | Matlab+C | 0.576* | 0.7657 | 0.352% 32
13 FT [83] C 0.626 | 0.738% | 0.236° | 28
§ 14 MC [126] | Matlab+ C | 0.656* | 0.736% | 0.251% 26
15 CB[135] | Matlab+C | 0.653% | 0.758'3 | 0.268% 23
16 SR [95] | Matlab/C++ | 0.658%' | 0.661% | 0.156* 23
17 PCA [118] | Matlab+C | 0.670'8 | 0.741%% | 0.209'3 17
18 MSS [111] Matlab 0.682'2 | 0.776* | 0.231" 10
19 SF [114] C 0.699° | 0.747%° | 0.130! 8
20 DSR [125] | Matlab +C | 0.702° | 0.751%0 | 0.184% 8
21 MSSS [101] C 0.683'" | 0.757* | 0.164° 7
22 | HDCT[119] Matlab 0.6967 | 0.774° | 0.201'2 6
23 DRFI [115] C 0.709* | 0.791> | 0.197" 4
24 COV [109] Matlab 31 0.761° | 0.1467 2
25 RBD [116] Matlab 0.716> 31 0.186° 2
26 | WMR[324] | Matlab+C | 0.640%2 | 0.733% | 0.269** | 38
27 | MAPM [143] | Matlab + C | 0.644%0 | 0.722%' | 0.256% | 37
28 BL[157] | Matlab+C | 0.623% | 0.7512° | 0.296°% 32
29 | RRWR [160] Matlab 0.64777 | 0.735%% | 0.258% | 31
30 | WLRR[325] | Matlab+C | 0.614%7 | 0.759'' | 03124 | 30
31 | RCRR[145] Matlab 0.650%0 | 0.734%3 | 0.25528 29
32 GP[154] | Matlab +C | 0.632%% | 0.759'" | 0.287% 27
33 TLLT [161] Matlab 0.656% | 0.725%° | 0.214'5 | 25
34 | BSCA[155] | Matlab+C | 0.657%% | 0.755'¢ | 0.2593! 22
Z |35 SMD [137] Matlab 0.662%0 | 0.748% | 02462 | 21
g 36 MDC [148] C 0.675'% | 0.744%7 | 0.219'7 | 20
S | 37 DSP[141] | Matlab+C | 0.664'9 | 0.75417 | 0.248% 17
38 MIL [144] | Matlab +C | 0.671'7 | 0.750% | 0.236% 17
39 MST [159] C 0.647%7 | 0.773% | 0.251% 16
40 GLC [140] | Matlab+C | 0.676" | 0.756!5 | 0.223'8 15
41 MBS [153] Matlab 0.678' | 0.753'% | 0.21415 14
42 LPS [142] | Matlab+C | 0.694° | 0.749%* | 0.1837 13
43 WED [326] C 0.680'3 | 0.760'0 | 0.213'4 12
44 BES [139] | Matlab+C | 0.696” | 0.753'8 | 0.195!0 10
45 WSC [162] Matlab 0.693'0 | 0.7657 | 0.179° 5
46 | HCCH [149] Matlab 0.736" 0.794' 3 1

SOCMIREE L ¥ 54F0 % FE 2 ) SODIE T [y g 45 AR R
8 R, fEFEFRIS, ., EGNet, R2NetFICPDVgg 2 HE4 Hil
SRR, HAAES KT 7085, KZ146% (Hbin, 21/45)
(1) 458 71 43 73 7£0.650£0.800.2 /] 5 4% 4t 77 1243 RS VF 7>
HO0.7365%F b, R T PO AN SRR AL (B i, DISC, DSL, LEGS
A UCF), mTLLE ZIfES 25 JUAF R BB e R e 42 7. 5
PRI, 45 R 304N 3R R T R M RER BB 40, 0.800<


https://github.com/mczhuge/SOCToolbox
https://drive.google.com/drive/folders/1eubOw08o_TJyn6zYh-vHw5JpwcdhuwCg?usp=sharing
http://cseweb.ucsd.edu/~l6zhang/
https://github.com/huchuanlu/13_6
https://github.com/huchuanlu/12_13
https://github.com/huchuanlu/13_9
http://www.cse.cuhk.edu.hk/~leojia/projects/hsaliency/
http://ilab.usc.edu/toolkit/
https://github.com/TsotsosLab/AIM
http://people.vision.caltech.edu/~harel/share/gbvs.php
https://xiaohuishen.github.io/assets/code_lowranksaliency.zip
https://github.com/MCG-NKU/SalBenchmark/tree/master/Code/matlab/CA
https://github.com/huchuanlu/13_4
https://github.com/MCG-NKU/SalBenchmark/tree/master/Code/matlab/SEG
https://ivrlwww.epfl.ch/supplementary_material/RK_CVPR09/
https://github.com/huchuanlu/13_2
http://jianghz.me/files/CBSaliency-release.zip
https://github.com/uoip/SpectralResidualSaliency
https://github.com/MCG-NKU/SalBenchmark/tree/master/Code/matlab/PCA
https://github.com/huchuanlu/14_10
https://fperazzi.github.io/projects/saliency_filters/files/saliencyfilters.zip
https://github.com/huchuanlu/13_1
https://www.epfl.ch/labs/ivrl/research/saliency/saliency-msss/
https://sites.google.com/site/kjw02040/hdct
http://jianghz.me/drfi/
https://web.cs.hacettepe.edu.tr/~erkut/projects/CovSal/
https://github.com/MCG-NKU/SalBenchmark/tree/master/Code/matlab/RBD
https://pan.baidu.com/s/1NFboaeuuBph_QQGgXuIcaA
https://github.com/huchuanlu/15_6
https://github.com/huchuanlu/15_13
https://github.com/yuanyc06/rr
http://tangchang.net/codes/WLRRSalDemo.zip
https://github.com/yuanyc06/rcrr
http://www.svcl.ucsd.edu/publications/
http://www.kerenfu.top/
http://cseweb.ucsd.edu/~yaq007/code-CA15.zip
https://sites.google.com/site/salientobjectdetection/need-to-knows
https://github.com/huangxm14-thu/SaliencyMDC
https://github.com/ShuhanChen/DSP_PR2016
https://github.com/huchuanlu/17_8
https://github.com/lhaof/Real-Time-Salient-Object-Detection-with-a-Minimum-Spanning-Tree
https://github.com/huchuanlu/15_13
https://github.com/jimmie33/MBS
https://github.com/huchuanlu/15_7
https://github.com/huangxm14-thu/SaliencyWater
https://github.com/huchuanlu/15_16
https://github.com/aistairc/SC_based_gaze_prediction
https://sites.google.com/view/hcchsal
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Table 8: /ESOCIIASE (12005K BUED - IPAL54Mp 5 TR B %
SIISODKERY . ASCAESR 3 1 % 4% T R 0 (BRI S E J7
%, AR ERASEIOR I EATRZ AR . 45 R AT fEGoogle

Drive 1133,
| # | B | Sat | Epet | ML | 4
-l 1 LEGS [176] Caffe 0.679% | 0.765% | 0.228% | 54
§ 2 MDF [41] Caffe 0.739% | 0.76853 | 0.144% | 49
3 MC [177] Caffe 0.75747 | 0.823* | 0.138% | 43
4 DSL [179] Caffe 0.724°2 | 0.810% | 0.194%% | 51
5 DISC [181] Caffe 0.735°' | 0.81047 | 0.175°° | 50
o | © DCL [195] Caffe 0.771* | 0.836> | 0.157*% | 45
S| 7 ELD [194] Caffe | 0.774*2 | 0.836% | 0.138% | 40
8 DS [182] Caffe 0.779% | 0.860%* | 0.155% | 37
9 DHS [169] Pytorch | 0.800°% | 0.8483% | 0.122%0 | 33
10 RECN [187] Caffe 0.814% | 0.858%” | 0.113% | 25
11 UCF [204] Caffe 0.654** | 0.805°" | 0.285°* | 53
12 AMU [205] Caffe 0.737°° | 0.808%° | 0.185°! | 51
13 SVF [203] Caffe 0.761% | 0.816% | 0.156%7 | 47
= |14 WSS [42] Caffe 0.778*" | 0.821* | 0.140% | 42
&1l1s DSS [201] Caffe 0.807% | 0.858% | 0.111%° | 27
16 SRM [197] Caffe 0.822¢ | 0.859%0 | 0.111%0 | 21
17 MSRNet [62] Caffe 0.816'° | 0.871'° | 0.117% | 20
18 NLDF [199] | Tensorflow | 0.816' | 0.860%* | 0.104'3 | 16
19 RAS [213] Pytorch | 0.759% | 0.813% | 0.151% | 46
20 R3Net [210] | Pytorch | 0.773*3 | 0.825%2 | 0.138% | 41
21 LPSNet [214] Pytorch 0.795% | 0.838%% | 0.143%2 | 39
% | 22 | DGRL-GLN [218] Caffe 0.794% | 0.845% | 0.141% | 38
& 23 C2SNet [212] Caffe 0.791%7 | 0.845% | 0.138% | 36
24 PiCA-Res [219] Pytorch 0.810%8 | 0.858%7 | 0.1283! 31
25 BMPM [217] | Tensorflow | 0.810%% | 0.853% | 0.119%7 | 29
26 ASNet [216] Keras 0.817'8 | 0.865% | 0.111%° | 17
27 MWS [237] | Pytorch | 0.757%7 | 0.828*! | 0.172% | 47
28 AFNet [240] Caffe 0.8122% | 0.850°% | 0.120%° | 29
29 SIBA [250] Caffe 0.800%% | 0.884'° | 0.130%3 | 26
o | 30 Deepside [234] Caffe | 0.815%" | 0.861% | 0.119% | 24
é 31 PFANet [241] | Tensorflow | 0.815%' | 0.846% | 0.1018 22
32 PoolNet [244] Pytorch 0.829'3 | 0.868'% | 0.106'° 14
33 SCRNet [45] | Pytorch | 0.833'' | 0.872" | 0.105'* | 13
34 CPDVgg [243] | Pytorch 31 0.889° | 0.079? 2
35 EGNet [251] Pytorch | 0.858' | 0.896> | 0.078' 1
36 ABPNet [283] Pytorch 0.783% | 0.810%7 | 0.153% | 44
37 U2Net [274] Pytorch | 0.780% | 0.795%2 | 0.105'* | 35
38 GCPANet [278] Pytorch | 0.807°0 | 0.848% | 0.133% | 34
39 ITSD [281] Pytorch 0.798% | 0.870'7 | 0.142% 32
40 MINet [282] Pytorch | 0.819'7 | 0.864%% | 0.117% | 22
41 SANet [57] Pytorch | 0.812%* | 0.868'8 | 0.106'¢ | 17
S | 42 | GateNetVgg [285] Pytorch 0.827'% | 0.865%° | 0.108'8 15
& | 43 F3Net [279] Pytorch 0.828'* | 0.8915 | 0.109'" 12
44 CSNet [284] Pytorch | 0.83410 | 0.876'% | 0.103'0 | 11
45 LDF [280] Pytorch 0.835° | 0.878'2 | 0.103'0 | 10
46 RASNet [259] Pytorch | 0.832'2 | 0.887% | 0.103'° 9
47 CAGVgg [272] Keras 0.837% | 0.878'2 | 0.088* 8
48 DFI [255] Pytorch 0.8387 | 0.903' | 0.1018 5
49 R2Net [256] | Pytorch | 0.857> | 0.885° 3 4
50 SCWS [289] Pytorch 0.811%° | 0.8513" | 0.115%* | 28
_ |51 ICON [53] | Pytorch | 0.811% | 0.896> | 0.128%' | 19
§ 52 BAS[32] | Pytorch | 0.8425 | 0.882'! | 0.0927 7
53 ABP [327] Pytorch 0.8425 | 0.889% | 0.091° 6
54 CVAE [327] | Pytorch | 0.849* 4| 0.089°

Figure 8: ¥R 5 % SR nf ALk 45 2R .


https://drive.google.com/drive/folders/1AF1w7auAE3y1qT3FuYr_wae20okB7BUm
https://drive.google.com/drive/folders/1AF1w7auAE3y1qT3FuYr_wae20okB7BUm
https://github.com/huchuanlu/15_3
https://sites.google.com/site/ligb86/mdfsaliency/
https://github.com/Robert0812/deepsaldet
https://github.com/yuanyc06/dsl
https://github.com/liulingbo918/DISC
https://sites.google.com/site/ligb86/hkuis
https://github.com/gylee1103/SaliencyELD
https://github.com/zlmzju/DeepSaliency
https://github.com/wlguan/DHSNet-PyTorch
https://github.com/huchuanlu/16_1
https://github.com/Pchank/caffe-sal
https://github.com/Pchank/caffe-sal
https://github.com/zhangyuygss/SVFSal.caffe
https://github.com/scott89/WSS
https://github.com/Andrew-Qibin/DSS
https://github.com/Pchank/caffe-sal
https://github.com/Xyuan13/MSRNet
https://github.com/zhimingluo/NLDF
https://github.com/ShuhanChen/RAS_ECCV18
https://github.com/zijundeng/R3Net
https://github.com/zengxianyu/lps
https://github.com/TiantianWang/CVPR18_detect_globally_refine_locally
https://github.com/lixin666/C2SNet
https://github.com/Ugness/PiCANet-Implementation
https://github.com/zhangludl/A-bi-directional-message-passing-model-for-salient-object-detection
https://github.com/wenguanwang/ASNet
https://github.com/zengxianyu/mws
https://github.com/ArcherFMY/AFNet
http://cvteam.net/projects/ICCV19-SOD/BANet.html
https://github.com/kerenfu/Deepside
https://github.com/CaitinZhao/cvpr2019_Pyramid-Feature-Attention-Network-for-Saliency-detection
https://github.com/backseason/PoolNet
https://github.com/wuzhe71/SCRN
https://github.com/wuzhe71/CPD
https://github.com/JXingZhao/EGNet
https://github.com/JingZhang617/Noise-aware-ABP-Saliency
https://github.com/NathanUA/U-2-Net
https://github.com/JosephChenHub/GCPANet
https://github.com/moothes/ITSD-pytorch
https://github.com/lartpang/MINet
https://github.com/JingZhang617/Scribble_Saliency
https://github.com/Xiaoqi-Zhao-DLUT/GateNet-RGB-Saliency
https://github.com/weijun88/F3Net
https://github.com/MCG-NKU/SOD100K/tree/master/CSNet
https://github.com/weijun88/LDF
https://github.com/ShuhanChen/RAS-pytorch
https://github.com/Mehrdad-Noori/CAGNet
https://github.com/backseason/DFI
https://github.com/ArcherFMY/R2Net
https://github.com/siyueyu/SCWSSOD
https://github.com/mczhuge/ICON
https://github.com/NathanUA/BASNet
https://github.com/JingZhang617/UCNet
https://github.com/JingZhang617/UCNet
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B, AT R BLAESEE & 75 T R IR 4T 1 BB /EMAEH t 3%
PR BART S, HE4T10467 1 /7 7% 2EGNet, CPDVgg,
CVAE, R2Net, DFI, ABP, BAS, CAGVgg, RASNetHILDF.
FERE T ORI/ (FEATO)H, AKX X SRR AT 5 TR0 10
AT o

5.3 EMEE
ASCAERE 8 F1 & o JEOR T AL E VELLEL. IE W] 8 i
AN, UREES IR B ) B 3 BIAE A R FE S R E A
Bl BAARWi, T ASNet, C2SNet, BMPM, DCL, DHS,
DSS, DS, DISC, SVF, RFCNAIPFANet, ‘&A10] AR LFHE
WA RIALE . (B2, A XETEE SN R
P RO I B . PEANet, MDF, MCAHILEGSH % J1 -
TR BN N T B Hrix s R, BAI5IANT
GV P S TN =g d k| - P L E AR N i S ek
W, RATWELH] )\ (ABPNet, AFNet, AMU, NLDF,
RAS, SCWS, UCFAIWSS) mJLLUEM AP S, HE5ANH
‘BEMEAE ., FIWiE7E 5], CAGNet, CSNet, MINet, DGRL,
EGNet, F3Net, ICON, PoolNetfIR3Net#: 5 1] LA R A 6
NG . teAh, 5 ERITEAHEL, K HR2Net, Deepside,
SIBAFIMSRNet ) &35 I I T EHLF LR S AT 1R,
BAS, U2Net, ABP, CPD, GateNet, GCPANet, ITSD, LDF,
SCRNFICAVERIRMAEF i JAE, FF HAE B AR IX 3
TERCT TR T, A AT AR AR A g e

IR S SRS i B LU 2, g (B 9) #E
T BIAMBRIE T . WSC, HCCHFRBDZ =Fhif 7 1
JiE. B2, e RARS T EEMEZEST, FAE]
FEIEF MFE, Jra, A PR AR S R SRR .
Gb, T AL T BUG L ST, DR S 58 O e B A X P A
BURAE R, B F X757, 128 Bk

6 H—SEETM
ET R

BT7 & 8 RIRIIHER FERT LAY, AR SCAESOC-Sal_train#l
A (18005K G itk B Bk T HE 4 alHO TR i 2
SIEER (FRENTERAEE), FH7ESOC-Saldll i L4 xt
REF BRI HT TR, R 9IEIR T B FSODIE A 7E 4
SE BN TR LIRS, BT RIS, 7R ORIEE
o5, PUEE— SRR B AT — 25 T .

K#tk (BO) U SMPLEE SIRITH, 282l
KWk (BO) Ig35t, FULTE B A mT DL 48 o 250
T E % ERXFIGOL T, M T 200 /A E B AR
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Table 9: 7 J& PE L 14 B 77 T T 14Fp B S Bt v I Lu . W IR SA ST R, AR SC#ESOC-Sal_trainZidin &5 (tbin, 18005k &
%) LEFHHTT IS 212, 3, &4 FHRELZ T, XL R AT LIFEGoogle Drive K2,

AC BO CL HO MB oC ov SC SO SES5 4y
O JBYE | s, 1 ML | Sat ML | Sat ML | Sat ML | Set ML |Set ML | St ML |Set ML |Set M| St Ml
COV [109] | 0.505 0.216 | 0.277 0.577 | 0.453 0.280 | 0.508 0.229 | 0.494 0.219 | 0.484 0.246 | 0.423 0.314 | 0.535 0.174| 0.525 0.172 | 0.467 0.270
+L4 WSC [162] | 0.541 0.205 | 0.356 0.517 | 0.517 0.252 | 0.556 0.211 | 0.536 0.210 | 0.529 0.227 | 0.475 0.292 | 0.567 0.170 | 0.535 0.181 | 0.512 0.252
g\ HCCH [149] | 0.585 0.199 | 0.354 .0.525 | 0.537 0.254 | 0.615 0.197 | 0.547 0.202 | 0.552 0.225 | 0.468 0.298 | 0.595 0.165 | 0.588 0.162 | 0.538 0.247
# DRFI [115] | 0.598 0.229 | 0.391 0.513 | 0.570 0.274 | 0.618 0.230 | 0.556 0.230 | 0.577 0.248 | 0.527 0.304 [ 0.614 0.188 | 0.585 0.197 | 0.560 0.268
RBD [116] | 0.589 0.225 | 0.429 0.481 | 0.575 0.260 | 0.625 0.216 | 0.557 0.213 | 0.583 0.235 | 0.521 0.295 | 0.602 0.191 | 0.579 0.192 | 0.562 0.256
ABP [327] | 0.767 0.092 | 0.592 0.315 | 0.742 0.125 | 0.787 0.101 | 0.742 0.095 | 0.740 0.112 | 0.746 0.132 | 0.759 0.083 | 0.741 0.080 | 0.735 0.126
EGNet [251] | 0.791 0.088 | 0.593 0.307 | 0.739 0.137 | 0.788 0.110 | 0.763 0.115 | 0.743 0.120 | 0.750 0.138 [ 0.800 0.076 | 0.753 0.088 | 0.747 0.131
CPDVgg [243] | 0.806 0.076 | 0.626 0.278 | 0.765 0.118 | 0.808 0.096 | 0.786 0.097 | 0.765 0.103 | 0.760 0.127 | 0.801 0.765 0.076 | 0.765 0.116
® CAGVgg [272] | 0.795 0.080 | 0.700 0.208 | 0.782 0.115 | 0.808 0.098 | 0.764 0.102 | 0.751 0.120 | 0.763 0.127 [ 0.795 0.081 | 0.744 0.093 | 0.767 0.114
i RASNet [259] 0.066 | 0.626 0.276 | 0.785 0.106 0.087 | 0.788 0.776  0.096 | 0.779 0.810 0.066 | 0.774 0.070 | 0.772 0.107
1% CVAE [327] | 0.813 0.075 | 0.688 0.217 0.784 0.091 | 0.771 0.104 | 0.776 0.115 | 0.820 0.069 | 0.767 0.080
- LDF [280] | 0.819 0.796 0.105 | 0.824 0.088 0.085 | 0.781 0.098 | 0.790 0.107 | 0.780 0.073 | 0.801 0.072 | 0.787 0.101
R2Net [256] | 0.827 0.656 0.257 | 0.802 0.826 0.794 0.097 | 0.789 0.791 0.112 0.072 | 0.788 0.787 0.109
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Table 12: & 6 B H i Lz e R, £ — M HELE L
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S Sa 1 [4] | FH
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DU-O [39]].833 .898 .854 .877 .862 .867 .886 (.854 .871| -2%
DUTS [42]].795 .882 .793 .910 .890 .903 .900 |.910 .861| 5%

ECC [38]|.791 .886 .800 .901 .901 .898 .903|.901 .863| 4%
HKU [41]|.818 .892 .787 .904 .883 .910 .905|.910 .865| 5%
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Oth.|.813 869 773 885 .858 .870 .887|
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