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Table 1
514 SOD SURSSSE. A3 SOC BME—— M HEFEERM. RIE (7], REERHNTH: 29 (4), /56 (9), T (0). ALLE
EN22PREES Y.
# | BARELFR | 44y | HAGRY | High-Quality >5k Non-Salient Attribute Category Bounding Box Object Instance
1 MSRA-A, -B [33] Ao | 2007 CVPR v v - v v -
2 SED1, SED2 [34] A | 2007 CVPR v - - - v -
3 ASD [83] A | 2009 CVPR v - - v -
4 SOD [84] 4 | 2010 | CVPRW v - - v -
5 MSRA10K [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] O | 2015 CVPR v v - v - -
12 MSO [64] ¢ | 2015 CVPR v - - v - -
13 XPIE [86] ¢ | 2017 CVPR v v - - v -
14 ILSO [62] ¢ | 2017 CVPR - - - v v
15 JOT [87] & | 2017 FCS v v - v -
16 DUTS [42] ¢ | 2017 CVPR v v - v -
17 SOC (OUR) ¢ | 2021 v v v v v v v
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Table 2
{EAF TR ENE SOD HRIKLE, Agg.: BE KR, )80, LN = linear, NL = non-linear, HI = hierarchical, BA = Bayesian, AD = adaptive, LS
= least-square solver, EM = energy minimization, and GMRF = Gaussian MRF. SL.: M5 8%, N, TMEE (), FKE (o), HUE (¢), 24
8 (o), £HET (A). Sp: BEEHREESHBEA. Pr: REMEA Proposal ik, Ed.: REEMNGER. Post-Pros.: RE/EARLER
(30, CRF [89], graph-cut [90], GrabCut [91], Ncut [92]), morphology, max-flow (MF) [93] Z{% s FF{EL .

|#] B R A FeBAIH | oAbk | Eis | 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 - *|-1-1- -

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

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

S 5 AIM [96][NeurIP§|link maximizing information patch Shannon’s Self-information - *|-|-]- -

36 SUN [97]] JOV |link self-information pixel DoG, ICA-derived features - *|-|-]- -

FI' 7 FG [98]] MM |[link local contrast pixel Fuzzy Growing - *|-|-]- -

o8 AC [99]] ICVS |link] local contrast multi-patch Color, Luminance LN [ |-|-]- -

=9 SEG [100]| ECCV |link]| local contrast pixel Conditional Probabilistic - *|-]-1- CRF
A10] MSSS [101]] ICIP |link] symmetric surround pixel Color, Luminance - *|-1|-|- | 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 - * |- |- -

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 - * - - -

171 LSSC [108]] TIP |link bayesian pixel/region | convex hull, subspace clustering | NL | |v |- | - -

18 COV [109]| JOV |link - pixel/patch covariance matrices NL |%|-]|-]- -

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

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

21| LSMD [112]] AAAT |link] texture, edge, color pixel/region | hierarchical clustering, gaussian - * | 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 - *|-]-1- -

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 |-]|- -
830 RBD [116]] CVPR |link] background weighted region background connectivity LS ||V |-]|- -

131 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 |%|v|-]- -
=33 HDCT [119]| CVPR |[link] high-dimensional color pixel Trimap, color transform LN ||V |-]- -
N34/ CRFM [120]] CVPR |link] aggregation pixel GIST descriptor NL [o|-|-]|- CRF

35| STD [121]| CVPR |link| statistical textural region Graph, sparse texture - *|-|-|-| GrabCut

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

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 | % |V |- | - -

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

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

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

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

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

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

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

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

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

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

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

58  MIL [144] TIP |link] instance region multi-instance learning, SVM - o [V |V - -
w59 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 [ |V |-] - -
C761 NCS [147]] TIP |link] center bias pixel/region Ncut, merging scheme EM | x|V |-|V Ncut
062 MDC [148|| TIP |link] direction contrast pixel OTSU, morphological filter NL |% |- |- - | watershed
=63 HCCH [149]| TIP |linkjclosure completeness & reliability] object hierarchical segmentation NL [ |-|-]|V -
N64| JLSE [150]] TIP |link] exemplar-aided region joint latent space embedding - o |V |- - -

65) IFC [151)| TMM |[link boundary homogeneity pixel/region linear feedback control system - * |V |- - -

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

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

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

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

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

73] TLLT [161]] CVPR |link] propagation,boundary region convex hull, teach-to-learn - * |V |- - -

74 'WSC [162]|| CVPR |link] weighted sparse coding region color histogram, dictionary NL ||V |-|- -

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 ||V |-]|- MF
77l LFCS [54] TCSVT|link] smoothness, boundary region Discrete Linear Control System | LN | e [V | - | - -
o78] AIGC [165]| TCSVT|link] contrast, object region irregular graph - * |V ]|-]- -
c779 FTOE [166]] TMM |link| contrast, center, distribute pixel/region [fuzzy theory, object enhancement| LN |% [v |V | - -
—~80| MSGC [167]] TMM |link| fore/back-ground seed region multi-scale, global cue NL ||V |-|- -
81 SIA [168] TMM |link| boundary, dhs [169] - Cellular Automation BA K|V |-]- -
A82l KSR [170]] TIP |link] trained on [33] region R-CNN, Rank-SVM, subspace - Al-|V|- -

83 MSR [171]] TIP [link boundary connectivity region MBD [172] - *x|v|-]|- OTSU

84| LRR [173]] TIP |link] background pixel/region | Celluar Automata [155], FCN32 |Metric| % | v | - | - -
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Table 3

ERETREFINME SOD BUELE. LUK 2HRGEFRIHMIA. MB = MSRA-B HifE& [33]. M10K = MSRA-10K [36] #iiE&.
P-VOC2010 = PASCAL VOC 2010 {EX S EI#HESE [174]. CRF = ZHEENG. SEFASEREEISFEENERFER.

|#1 R R [ RAER PlES &5 PEES BT M ISL.|Sp.|Pr.|Ed.|CRF
o[ 1| SupCNN [175]| LICV link 800 ECSSD [38] - o|v -
=l 2 LEGS [176]| CVPR link 340+3,000 PASCAL-S [40]+MB [33] - ol - S
8|3 MDF [41]| CVPR link 2,500 MB [33] X ol|v |-
4 MC [177]| CVPR link 8,000 MI10K [36] GoogLeNet [178] ol v -] -
5 DSL [179]| TCSVT|  link| (5,168+10,000)*80% DUT-O [39]+M10K [36] LeNet [180]/VGGNetl6 | o | v -
6 DISC [181]| TNNLS link ,000 M10K [36 - o |V - -
7 DS [182 TIP link 10,000 M10K [36 VGGNet [183 o |V ViV
©l8 SSD [184]| ECCV link 2,500 MB [33] AlexNet [185 ol|v -] -
9 CRPSD [186]| ECCV link 10,000 M10K [36] VGGNet o |V - -
10 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 | - - -
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 ol - -
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 ol - S
16 DCL [195]| CVPR link 1500 MB [33] VGGNet o v v
17 DLS [196]] CVPR link 10,000 M10K [36] VGGNet o |V - -
18| MSRNet [62]| CVPR link| (5004)2,500+2,500 | (ILSO [62]+)MB [33]+HKU-IS [41] VGGNet ol - v
~[19 SRM [197]| CVPR link 10,553 DUTS [42] ResNet50 [198] o | - - -
3|20 NLDF [199]| CVPR link 2,500 MB [33 VGGNet o | - VIV
a21 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
23 FSN [202]| ICCV link 10,000 M10K [36 VGGNet o | - - -
24 SVF [203]| ICCV link 10,000 M10K [36 VGGNet « | v - -
25 UCF [204]| ICCV link 10,000 M10K [36 VGGNet o | - - -
26 AMU [205]] ICCV link 10,000 M10K [36 VGGNet o | - v o-
27 EAR [206]] TCYB link 2,500+2,500 HKU-IS [41]+MB [33] VGGNet16 o | - - -
28 Refinet [207]| TMM link 3,000 MB (33 VGGNet16 o |V VIV
29 LICNN [208]| AAAI link 456K ImageNet [200 VGGNet o | - - -
30 ASMO [55]| AAAI link| 82,783+2,500+2,500 | MsCO [88]-+HKU-IS [41]+MB [33] ResNet101 ol - v
00|31 RADF [209]| AAAI link 0,0 M10K [36 VGGNet o | - v
3132 R3Net [210]| IJCAI link 10,000 M10K [36 ResNeXt [211] o | - - v
N(33|  C2SNet [212]| ECCV link|  20,000410,000 Web [212]+M10K [36] VGGNet ol v -] -
34 RAS [213]| ECCV link s MB [33] VGGNet o | - - -
35| LPSNet [214]| CVPR link 10,553 DUTS [42 VGGNet16 o | - - -
36 RSOD [215]| CVPR link 425 PASCAL-S [40] ResNet101 o | - - -
37 DUS [59]| CVPR link 2,500 33] ResNet101 al - - -
38 ASNet [216]| CVPR link|15,0004-10,000+5,168|SALI [190]4+M10K [36]4+DUT-O [39] VGGNet o | - - -
39 BMPM [217]| CVPR link s DUTS [42 VGGNet o | - -
40 DGRL [218]| CVPR link 10,553 DUTS [42 ResNet50 o | - -
41 PiCA [219]| CVPR link 10,553 DUTS [42 VGGNet16/ResNet50 o | - -
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 M10K [36]+DUTS [42] VGGNet/ResNet-152 o | - - v
46 AADF [224]| TCSVT link 10,553 DUTS [42 DenseNet161 [225] o | - - -
47 CCAL [226]] TMM link 9,000 M10K [36 VGGNet o | - -
48| DeepUSPS [60]|NeurIPS link 2,500 MB [33 DRN-network [227] [ -
49 FBG [228 TIP link 2,500 MB [33 VGGNetl6 o | - v -
50 SPA [229 TIP link 4,000 HKU-IS [41] - o -
51| ConnNet [230 TIP link 2,500+4-2,500 MB [33]+HKU-IS [41] ResNet50 o | - - -
52| LFRWS [231 TIP link 10,000 M10K [36] VGGNetl6 o | - v -
(53 RSR [67]| TPAMI link 425 Extended of PASCAL-S [40] ResNet101 o | - - -
54 SSNet [232]| TPAMI link 10,000 M10K [36] VGGNet16 « | v - -
55 LVNet [233]| TGRS link 600 ORSSD [233] - o | - -
56| Deepside [234 NC link 2,500+410,553 MB [33]4+DUTS [42] VGGNetl6 o |V - -
57|SuperVAE [235]| AAAI link - - VGGNet19 |V - -
58 DEF [236]| AAAI link 10,553 DUTS [42] ResNet101 o | - - -
59 CapsSal [56]| CVPR link 82,783+4-5,265 MsCO [88]+COCO-CapSal [56] ResNet101 | - - -
60 MWS [237]| CVPR link|  300,0004+10,553 ImageNet [200)+DUTS [42] - q v
61 MLMS [238]| CVPR link 10,553 DUTS [42 VGGNet16 o | - v -
62 ICNet [239]| CVPR link 10,000 M10K [36 VGGNet16/ResNet50 o | - - v
63 AFNet [240]| CVPR link 10,533 DUTS [42 VGGNetl6 o | - v -
64| PFANet [241]| CVPR link 10,553 DUTS [42 VGGNet16 o | - v -
65 PAGE [242]| CVPR link 10,000 M10K [36 VGGNet16 o | - 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] o | - v -
69 JDF [247]| ICCV link 2,500 MB [33] VGGNetl16 o | - v -
70 DPOR [248]| ICCV link 10,533 DUTS [42] VGGNetl6 o | - - -
71 JLNet [249]| ICCV link 10,582+10,533 P-VOC2010 [174]4+DUTS [42] DenseNet169 o | - - v
72 GLFN [51]| ICCV link 1,600410,533 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 M10K [36]-+HKU-IS [41] DenseNet ol|v -] -
78| HFFNet [254 TIP link 10,553 DUTS [42 VGGNet16 o | - v -
79 DFT [255 TIP link 10,553 DUTS [42 ResNet50 o | - v -
o|80 R2Net [256 TIP link 10,553 DUTS [42 VGGNetl6 o | - - -
|81 MRNet {257 TIP link 10,553 DUTS [42 ResNet50 o | - - -
K82 CIG [258 TIP link 10,000 M10K [36 VGGNet16 o | - -
83| RASNet [259]| TIP link 2,500 MB [33] VGGNet16 ol - - -
84| ~ ASNet [260]| TPAMI link|15,000+10,000+5,168|SALI [190]+M10K [36]+DUT-O [39] VGGNet o - S -
85| DNNet [261]| TCYB link|  2,500-2,500 MB [33]+HKU-IS [41] X ol - S
86| CAANet [262]| TCYB link 10,553 DUTS [42 VGGNet16 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] VGGNet16 o - v |-
90| SACNet [267]| TCSVT link 10,553 DUTS [42 ResNet101 o | - - -
91 FLGC [268]| TMM link 10,553 DUTS [42 VGGNet16 o | - - -
92 TSNet [269]| TMM link 4,000 MD4K [269] ResNet50/VGGNet16 o | - - -
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https://scholar.google.ae/citations?user=uYmK-A0AAAAJ&hl=zh-CN&oi=sra
https://scholar.google.com/citations?user=NOcejj8AAAAJ&hl=zh-CN&oi=sra
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Table 4

ETFREZINHE SOD HEMBLE,

AATER2 & 3R BIEIF R AR

| # | B | B | A | YIS | PEES \ TR | SL. | Sp. | Pr. | Ed. | CRF
93 SUCA [270 TMM link 10,553 DUTS [42] ResNet50 ) - - - -
94 MIJR [271 TMM link | 2,5004-5,000 | MB [33]+DUTS [42] VGGNet16 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 M10K [36] VGGNet16 o - -
98 ADA [276] | AAAI link | 2,500+780 | MB [33]+NIR [276] VGGNet16 o B} -
S 99 PFPNet [277] | AAAI link 10,553 DUTS [42 ResNet101 o - -
o | 100 | GCPANet [278] | AAAI link 10,553 DUTS [42 ResNet50 o - -
1101 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 VGGNet16/ResNet50 o v -
104 SANet [57] | CVPR link 10,553 DUTS [42 VGGNet16 « v v
105 MINet [282] | CVPR link 10,553 DUTS [42 VGGNet16/ResNet50 o - -
106 ABPNet [283] | ECCV link 10,553 DUTS [42 VGGNet16 o v -
107 CSNet [284] | ECCV link 10,553 DUTS [42 - o - -
108 GateNet [285] | ECCV link 10,553 DUTS [42 VGGNet16 o v
109 DNA [286] | TCYB link 10,553 DUTS [42] VGGNet16/ResNet50 o - -
110 DAFNet [52 TIP link 1,400 EORSSD [52] VGGNet16 o v
111 HGA [287 TIP link 10,553 DUTS [42] VGGNet16 o v
D) 112 HIRN [288 TIP link 10,553 DUTS [42 VGGNet16 o v
S| 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 -

AL, WHRE AR T2 HT A M4k R L5
URIE%>] SOD i, filinZ )2, BB (FCN),
IRE ML SRR 4, BN R T AL TR, WG
0P8, REZEAREE SOD B R AKRE D AR
R 9527 D MZAL 52720 7 ik . ARSCIERRS M1k A 545 T N%k
g, BT Mg A

AL FEBRFEZIG T, AR HR . HiE s &%
RO SR I [77). A SO B3 0 AT A 2R /T ARy XA
PR 2 JE 1) U S SR BN LR R

2.4 $IREEDIRIEESIEER

BUA VR SOD % % 3 F B A i 28 [45], [52],
[261], [262], [265], [279], [286] , WABAK EETF M [198],
[211], [202] RIFEWHEHE. A3CA%, 4 E AT A% AT
Y el ) I 6 L PR S PO SR RO, RS
V25 T RCHE S R S DL B A Ty S ROR [
s LA EHIBTIT , AT [203], PR IMAR [204],
[295) 1 i3] [296].

SR — R SRR, AR R AR
TR 2T, R A A TR R4 298] BT
SRS [207) AR5 5. Miyato %A [208] 4Rt
BT AR R A TR . S T AR
e, IZALHERE IR, Xie 4 A [207] LER UL A
B — A BB R IE BRI, 5540, Wager A [299]
SEB 7 4580 P L 41 0 R U 5775 9 T A S ) 51
B AGE MAOA B, T T2 AL, Peterso %
B T —ARESORAE (CIFARIOH [300]) , 576l
B K 31 T A 2 P 20 5 e
B

4. FF7E/NH: https://github.com/DengPingFan/Saliency- Authors.

PR [294] 2R DAY RINAEREM Z R, M
M AT I IZ AL AR T A R AR . B0 1 R G 35 B R ]
PAKER A w2 1) NTiHioskng, Glan, hefsok REs
e, F12) 2 ST15F 5N [301], [302]. X T45—2, HAGHiE
SCHER D R Y T EORAE . BT 0 B e R R
FEASAL , %ISR e B B A R R AR [303],
[304], %45 A8 = B WL HE B 50 20 R 1 ke SE SRR 5 . ot
Ab, TG [305], [306] FI TR A Eich g oin A ug A B0 I 2
Bt e b AR BUBTREAS, AR T P RN BA S 1. X T EE
2 [301], 045 2 MRAE PR A5 k2 S B i e ms 12k m i
IR W 28 A TSR0 . DA AT 20, R 85 A S
PEETRI 2%, A A S HEE AR G R AR R i SR AR

B =2 [296], [307], WACh—E k2=, BE LT —
FPICHRERAT TS, DAL THRE# T B R IR E S .
5 b, AWBEI AT RRB RS, AT BB
MR RF AR A . B, B TAER B B 253 2 SO BNT
%, HAEFIHES [289] BB [308] T HELR P E. &
g LR LA AT PATE [309], [310], [311] k3.

WA SCRTAL, B Y B AR I TAE A AR A
P AR R R MG i R T OB AR W 22 . AEAS SO, R
AT A 8 0 2o 42 40 50 4 P 3345 SR st T DAY O S 3 P 1
PTb. MH, XLy R, AT AR LR T
F14) S S ARSI Y 245

3 SOC #ESE

TEARTTH, RENGARSCH . BRIy SR 5
HAPHER SOC Hfnde. kA SOC FEBI R 1HR,
BeAh, KT SOC HZEAFIR LS BAGEHE B2 Al an & 4 (a)
B 687N . BT AR IL MR, ASCHE 1 4
IR TINE € VAV N R v aPS 7 IS


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
https://github.com/DengPingFan/Saliency-Authors
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Figure 4. (a) A3 SOC HIREF SN KANRERLHILE .
ZERHEBME. (e) SOC HHEEMENLEST.

1) e EW ki, JLT-PrA B SOD Kl
B E GRS 2D BEY I EF T ARG BEY R
MR [87]. SR, XA B —Fh & 8 E £ 4% 4 £ 11
TR BOE . TERERMBCET, BBRIFASEEE

BEYR. BN, —IEERAERER, WRE, FHHA
LER R IRAN LG BEFY I [312]. ARBFYARL R

JLR” ARSI, T E RS RS ARl e
(i, Xia &N (86] i FIK A2 BEMHEMF 252 R
Tk, R TSEEE SOD B, X AR Y A HERE
BEVKEREE. XMRVIEREY AN EEY AL SOD

@ (b) ©

Figure 5. —&3AE RZEIKHIRG] 2) FHTHR, b) IBFEH), ) REBHX
BRIGHE R

(b, ) £ FEEXILL EFFARE B XL ERISGTHEE.
(f) SOC #1 ILSO [62] MEBIKNGT. (g) REIBHERATRULEIF .

(d) —HRXEAXHIEENT

i 2 B A S EAL . S BRI AR R E IR B 5 2
S L B i, [RINHB A5 SOD (L4545 A
PRARTE . ASSCRE “AE R FAR E SUNEEE TE A R Bk
HA “RW” PR EIR . fn (86], [312] Hfirid, “ZRp5” 2
G (a) BESAMFLIE, (b) JARERT, il (c) ¥
BIE LW PRIE, AanE 5 (a)-(c) BiR.

N TR B e 22, A5 Torralba il Efros [44]
MR —FE, HEIBPLHOR R . BT AR R E YR E
S, ARICM DTD [313] Bl liedle 17 783 Mot B,
TEEZHM, ONEERMAREEIRE PR T 2217 17
B, WOt Ras, A, BIEALF 2 e KB S
3 [35], [40], [87], [88].

2) UG BRI . A 24 R0 1) PG Tt B S
A G SRR E R R E R sk, KE s AT A
ik SOD ARG AT HEBRIZALHERE . WL, ASCE M
MS-COCO %tk [38] EPIU‘)L?T%%T 3,000 5KIE -, Ht
B OCHARE PR WNRMHER . HiE, A3 80 4
XIGIBBAT ThRE (S IANEARL o TR, A1 [44] Fid
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Table 5
EZMYEERGEEREI MHRTIR. BEINEATEEEMHE, AXRETXERYE. ATUER 1 71 B 4(g) PRE—LATRLTRE. X
BEREl, BB TR

JEtE filiik
AC (Celikft) PRI P R B ASAE
BO (Ck#tk) PR BTGB L EC T 0.5,

CL (FFRsE)

Py e R EAT T A 15 5 DI B AL T €, AR SCHRF R (X LT 0.2,

JRpE X LB/ INT 0.9 B EEERIC TR R . (F13).

HO (5ttthik) H LSRR B AR RLF) 3 B P

MB (ashiiHl) H P RILBGE P [ AT P i A I L 5

OC (i) YNNG SIS E R

OV (il BLEF) PR o X I T PRI B

SC (BtREE) YIAAT S IR, AT AN 4L pE (BIan, Shimia i) ks .
SO ("haik) Py AR A LN T 0.1,

WHHRRE, A SCREE R SARICH SR IT, DA B
iz . WSH/N T) R EHREA FARET K
BOEZA(5E. 4 (a) Bom TR B EW AR, €
KW N BB ERRHH, RER, PO ANTE R 5H
MR RN H RS ASCR B IE 6:2:2 1
By RIS, BEEEAINLLE .

3) WEW R AR/ R iRig Rt be . A [40] FRPTA, ARGE
“RFET SRS R AR/ R A K. B, R
FVERRESTRNZAFEEN. S TeME, A300
SIS ET SR S RGB Bl B S35, AU x° BEES
e BB Z IR RE Y. A Ry AR B (4% L B 43 T
oyl aniE 4 (b) Al (c) Frx. 5 ILSO A, A3CHY SOC
A4 JRy RS T € 68 G B2 A A2 o 40 TR ) EL BB

4) WEWENALE . TSR 20NN 2 BE AR
SRR RN 222 — [40], [70], [314]. [&] 4 (d) @i T
—HEG R ME (L, FIEEE). AES, B4
REARCT ARG, (AR XA KR
SEAFAEH DR ZER . SRR, DART Y B PF I 5 OR X
P HER 1) 7 2R AT B E WA LB AT . R 1 i X
PR, ASEH TE 4 (e) A ro M rm FIGITHOL,
Hor v R r GrlFoR DRI A e (%) R
B DRIBERS . K ro A BRDARMGON R BER—2F DA
UEATIH—AE, (45 ro,rm € [0, 1] MXEEGETIAUR H, A3C0]
PAMEL B R4 b i B 2 RS 52 v DI 22 52 T

5) WEWIRIIR D B E YIRS B K IMOE SO
Py R BRI LB [40]. Wi 4 (f) B, S00H
2 g e LSO [62] Ak, SOC HRy YRR/
AT Sz . tesh, SOC w3y (A B A 5 v i L A

6) LA IBPER R R . FERR AT, R E MR E
A BT E AR A A [F SO & T R TERE . B
FEHE BT AR BRI 1 DL A TAS . e, ARSCE T
— B MR TR EHI T SR IR E RO, WE A4, &
#and JFACH R (0 K SHEEN. WHHER, HvXLEE
AREIFHY, B PA—A> B AT A 2 A A T

SF| (315] MRk, ASCIER 6 TR s

9]
AC 6 77 11 14 m8 12 16 223 / So
BO s WU 2 25 3 7 s 23
cL 77 130 19 us 130 110 187
N
o N o I
MB 14

3 19 35 [ERETE 43 64 30 9

T -
8.9 e 2

AC BO CL HO MB OC oV sC SO MB

Figure 6. Z: SOC HiREHREMERHBEES . METHE T
FREGHHIAE. & ETHIMELHNEEZ EHEEREX
R. BERANERRTIZEMEMNEERENKRBES.

CLBo AC

3

PER AT L. SO AU ARy AR SORSAf V) SE I Gbmyt (Eban,
3 I ERTT) T S A SORI . HO @R B sL 5
(39 5 R AL SE R AR, B 5 AR KB, &)
Ao (MB ZEIUAT I H S R L, (R /Rt e
SEG L. Rk, MB HUAEAR SR BdE 4 b A AR
BONKHBI . T ESEGEE S 2R, AR SO
B 61 A MR B s PR R R T @ ez (R O ¢ &2 . il
R 2 AW R A 37 50T R EAA KRR A B UL A Y, A
ML R Zem s mghk) . Fik, HO 234H1 OC 23, OV %
FIFN SO KA 0] LA R o

T) WREA BN RS IEa [316) PIREIN), TE
ECSSD ##i4E (fu4 1000 3kEME) RGNS 6 e
Beige (Bildn, MSRAL0K, {37 10000 3k &) 345 T H4F
MRCR . BUORER T RUBIASL, B it — N EEH &K,
TR RE R RENEIR, 430 MS-COCO ##H4E [88],
FREFLERE G, MS-COCO &/ RALUESE I AU 4,
HYIR 20 ERRE (Hein, MRS HRYE) o iR e
1 SOD HA ARG T AR S T S HVE (83]. Wik, A&
S H I B R AR R BT R AR S . KT 4 SOD
55 I ) PRI BIE AR [33], [34], [35], [36], [38], [41], [42], [62],
[83], [86], [87], ASCEA M RSN E . &SCRA TS
BERARUE m TR pARYE : (1) BEK 5 ASULARE FI AR HE AR i At
TTAHERA B P BE k. (i) ARERZH (=3)
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(c) MS-COCO (d) S(%
Figure 7. 5SRIAIRHMBHIREMILE, (a) EHIZRHHEE ILSO [62] (A
TESERHERBRARE), () MS-COCO HiiEs: [88], (b, d) K]
SOC #iiE&E . RFURETLE REES.

SARKE 2k B WA R4 (IOU of the bbox > 0.8) .
H—BUE, ATEST 3000 AN bR @ HERR 1 S5 M 4k
BB, % =08, AR EER IR 2 F Titid
EMRN BB FRER . EER, A0 10 4EBES5T
AL IRPAR AR R . fda, ASCRE T 3000 5K
HARFR, SORGCHEEWERGES. MK 7 (b & d)
Fi7R AR A SRR RSB . TR IR . FEARTE
AR, ASGREI T —LRAE MS-COCO ##s4E [88] it
TR (B0, SR s %, BT, ks).

4 FUHBIEERRE

SO PRI R AR TR R A 10 RS2 SRS R [R], AL
FIAT = ey BEL k5 B 134 58 6 s ofe S B o i O AR (b g
Jo AT, A SCHE A B G 5 SR AR 2 ) 26 B 1 4
W SOD A st , I HALTE A s e BT 2145 KA Y
PERE. 430K RGB R MENGEE S N D = {xi,yi}Y |,
HoA xi,yi AR RGB E1G DA S S - i B, g i
FNGEBHS, N 2IIGEIRENI/N. HT SOD &—4
TAYRTIAT S, SRR y AR AR, Jf
HRZ% SOD $oARM A (SR 22 U R R ECk I
RTINS R . 5 R E B EEE D A 0 E4
REARR, AL REIA T BRI [293] V5L BRE
RN A F BRI R A AR . SRG , A SCR A VLG 38
SRR A FIRRA, ARSI BLZ AL EE Sy . s, TER
— e B L TE I 2] T I AR AR [296], [307],
AR A B S il Ty R R B A B SOD, M ST
T NERREEL.

4.1 HREFR

baZE P SRR . ARSI, RESEN TR —
26 TR AR B A= M 4% [317) . 8, FE— I
AR b, TR A RGRAA T RE ), AR AR R
ARARTRES . )5, BOTRILE L A A R L
H AR 7 2Ok Bz AR AL . IEANAE [318] hishigrhy, “4kH
PR T AL M, 30 7 A B i ) 2 A AR

FEHEE, Besh, FRESTUE R A A I E AL — i
W, TOART IE 465 BE Ll 4. TE e [293) RS HiAY, BT
BTRES SBGIE, FORRLE A BIA L5 2%
PRI R RE SIE 02 A R AR A o 308 5 i R BT, AR T DA
SIRCRIEER , TR 1Bt . R R R ORI, )
m, AT [319], BIATELARA T %, i
ARSI Fry 50000 75 7 5 b 25

WL . AR x RSN 1 S By,
TG TR E B AL fo 3 1 5 /MR SURHR 2 e VIl 2
R Zio(y,s) = =X Loy logsi™ He3RAG i 35 ETH I 45 5
s=fo(x), Hdr (uv) JBRZANR. FHXEE T REARA M HESE,
EHBE ye {0,1}, Hb, 1 FRBEWNR, 0 TR,

BRSSP HEE . 5 R AR A E R, AR T IE
b (LSR [293] B S MbRAS v HidE y, AR0h:

¥ = (1—e)y+eu(). 1)

XHL, e BB, u(x) REHBUE SO A [ E 5
fii o BATE AR IERAE u(x) BEH 2 SCh -

V=(-gy+s, 2)

K
Hoh K 2R .
PR B TSRS Y MIBERREE v, LSR f#
Lis = (1= ) Lee(y,5) + 00Zee (' 5), 3)

b o ST R AT RR A TR, R A %
KR XA Lior = Loy s). TR, ARAFTERL SR K BREL,
ISP LB T30 LA

B2 FRESIIGS 112 011 7 3096 10752 SR %6 T DA
A

Lee = —logs. (4)
Hr, s @20t sigmoid BUGEHBZLTIME (FH% —402),
HE SR
K
sj=¢/Y ek =1/(1+Y &%) (5)
k=1 =y

AR (4) H s RASHE):
Lo =log(1+ Y €477, (6)
k#j
AREIER R BIAL E 22 MR 2EHE N M =z —zj. Al
SETT DATE: R A 38 SRR SRR — % 22 BRI 4516
FIOR TR, R (2) HETR, TS TR
KAtk Lo

Zio =~ ((1—)y+e/K)logs — (1— (1~ €)y— /K)log(1 — )
S )

1—s

=~ (vlogs -+ (1-)log(1 = 5)) + (ey— ) log(
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e (5) W s 1y AT
sj 1
I—Sj B ZkK:IeZkizj—ll

gty (8) M=l (7) WI45:

éﬁsr = e%e(yas) + (Syf

(®)

€ 1

e
2 (9) AR — AN B AR MEIE RIS S I EAERZ 1]
2ERE, X530 (6) i HLE E AU A HARH I . 56—
IR (X (6) M5) J7 4/ Nk Rl 22 o i iod s if
T, SRR AT A5 K AT AP IR B 28 S e ]
2R, BOZPT IR B A IR WA TTIA

4.2 HiEts
VR AR SR UL TR R R, Bl S 4 W B S
SR ORTRE A, AT B BLATIZ AL RS OB . A
UNZEMRAE D = {xyi Y, B3 77 A — A7 o e
D= (Y YV  HSCTA , WRR A R E  F
B RISEVE . AT A T 0 S 3T 0 s [301),
[302] AtTF2 3T (U SHENG  AR SCOULEEHI 3RS 1O Bl 7T Al 4R
3 R S0 R A B, O T 84 2T T AR 2 )
B, H S R SR . I, FRAT O VET T
IS .

St T T 4 0 $CHR BB S, B TR [303], [304),
[305], [306] FEMEAAE=A I 1) FEUREE, B, R
SRS 2) IR AN RGITREA , SR SR B BRI
PPl DAJE 3) FEELMIE nmErs . 55T po s, IR
B ST RN T, BT RT T RS
(B B R ) A, B, AT e pis e
TR AR, B P e ) L o R A
P RIU MR, A SCRENURCAR , BE R4 R ([
BB A 85% 1R SCAE ) o I b 7 1 )y
%, AR A (0.1,0.3) A BEHLI B PE LA R
MR, AR AN WP B . R, T s
e, ASCIFI AR PN PR, i [ L R s
7SO B LA

43 BEE%Y)
B A I HEA T AT 55 A B s R R A1 00 R A B B
o, X R TC I AR ST R . IR, T
A B2 T BT, BUR BREUE SR Zee(v,s), HoHr s opsizid
B, y R EEE . B E T, RSP
BB BRI SEUEIR Lo (v,s) F— R I
MATCIER, i, Z(g(x),s), H g(x) REHRA x
WAL . WFIE (296], [308] /4R T —FhLANERE Al A B A 55
B K .

RACH, ASCG I T 40780/ ek — Sk sREOR 5L B4R
T/ A SR . BT, e ARG x, AICHH

TWE S s. BlJG, RITEGEA (4iiaiieAsi) aIfs
Bl oo BRJE, N s PATMIRIZE L, 155 5 FF X IEA
R[] 8 S8 A ARG 00 ) 4 A5 S S M T 45 SRR 7 AT
feeise s" #1 5" A%ARL R B RUZES MR RIERE bR (SSIM)
[320], [321] VESAAMUAESR, W SR Al SR -

Ly =1—8SIM(s,s"). (10)

4.4 FIRTARIREEEIIRKE LY

I T AR SR A SR, AN SO SR B 1 5 Ty
BT NGRGREMIIGEERLSE, WHyd.2h PR, Zan]
MG (1) 2 TR, FEARSOR, W K =2 FRE#
HYRTECRIE St [ 730 (3) PR R R %, ASGRGIAT
FEARR Lo AR SCHIR R BUE SN -

L =L+ VL (11)

Hor, SIAR) y TP B L, IRIRZESE v=03.

5 SOC $EM

FF=AniE (Hein, SWZBIRESE, JFIRPA KB ek ntERE)
ASCNTABHE 201 AST5IEH SR T 46 MESE SOD J53AM 54
AREEEE IR (WEET2) U7 GG EE I . AT
I, % VP2 RGB SOD 45k 5 4 T B 5%

51 SIRiZE
5.1.1 &SR

YRR, ASSCHY SOC Hidladk AR B34 KB HEE 22T
W, DRSNS F R [83] Ff 20 R IR LA e
AR . BRI, ASSCRIT=ANEaEhs (Hin, MAE [322], &%
K E JEhE [5] 1S BEhE [4]) kol BRI Bl Ami
AR IFAL . A python AL TRAHT IR, °
o MAE (M) e Vg0 im 2z e, ™ 2 05 I a i
{EMEEZ AR BRI
o B (EP) 2P EAIEES, [R5 8T s
SR
o S EEHE (So) 22— MTERISAX R YA EE AR IR
PRUESE &

Table 6
AT A AR SOC BBk,

| SOC_train  SOC_val SOC_test | #if

A (Sal) 1,800 600 600 | 3,000
4% E (NonSal) 1,800 600 600 | 3,000
it \ 3,600 1,200 1,200 | 6,000

5. https://github.com/mczhuge/SOCToolbox.


https://github.com/mczhuge/SOCToolbox
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Table 7
7£ SOC Mhik& (1,200 3kER) LM TAELE LS SOD Eik:
Sa 1 EF“ 1 FIM|. AIZBMERSFIRLE BER M 2E5RRT.
ﬁ"ﬁﬁiﬁ’]l:h’ze?fﬁf' HIHER . i““ﬁ&%ﬁ’]*lﬂ'ﬂﬁi& 2rREE . B
BIRHRTEMERI T IHE R . XL R A #EGoogle DriveFiERE

| # | A | (iR | Sat | EZ“T | ML | HE4

ol 1 SUN [97 Matlab 0.475% | 0.688* | 0.436" | 46
5| 2 LSSC [108] | Matlab + C | 0.552% | 0.714% | 0.365% | 45
3| 3 BSF [113 Matlab 0.554* | 0.728% | 0.353% | 44
j 4 GR [110] | Matlab + C | 0.588* | 0.715%2 | 0.332* | 43
=| 5 HS [38 EXE 0.60140 | 0.729%7 | 0.3214! | 42
K| 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 0.6423" | 0.723% | 0.253%7 | 36

10 CA [323] | Matlab + C | 0.606% | 0.750% | 0.291% | 35

11 MR [39] | Matlab + C | 0.645% | 0.7343 | 0.2593! | 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% | 0.7581% | 0.268% | 23

16 SR [95] | Matlab/C++ | 0.658?! | 0.6614° | 0.156* | 23

17 PCA [118] | Matlab + C | 0.670'® | 0.741% | 0.209"3 | 17

18 MSS [111 Matlab 0.682'2 | 0.776* | 0.231'9 | 10

19 SF [114 ¢ 0.699° | 0.747*% | 0.130' | 8

20 DSR [125] | Matlab + C | 0.702> | 0.75120 | 0.1848 8

21 | MSSS [101 ¢ 0.683'" | 0.757'* | 0.164° 7

22 | HDCT [119 Matlab 0.6967 | 0.774° | 02012 | 6

23 | DRFI [115 ¢ 0.709* | 0.791% | 0.197'' | 4

24 COV [109 Matlab 0.7113 | 0.761° | 0.146%> | 2

25 RBD [116 Matlab 0.716% | 0.7843 | 0.186° 2

| 26| WMR [324] | Matlab + C | 0.640% | 0.733% | 0.269% | 38
= | 27 | MAPM [143] | Matlab + C | 0.644% | 0.722%! | 0.256% | 37
& |28 BL [157] | Matlab + C | 0.623% | 0.751% | 0.296% | 32
= |29 | RRWR [160 Matlab 0.647%7 | 0.735%2 | 0.258% | 31
S |30 | WLRR [325] | Matlab + C | 0.614%7 | 0.759!! | 0.312% | 30
31 | RCRR [145 Matlab 0.650% | 0.734% | 0.255%8 | 29

32 GP [154] | Matlab + C | 0.6323 | 0.759!" | 0.287% | 27

33| TLLT [161 Matlab 0.656% | 0.725% | 0.214"5 | 25

34 | BSCA [155] | Matlab 4+ C | 0.657% | 0.755'¢ | 0.2593! | 22

35 SMD [137 Matlab 0.66220 | 0.748%% | 0.2462 | 21

36 MDC [148 ¢ 0.675'¢ | 0.744*7 | 0.219'7 | 20

37 DSP [141] | Matlab + C | 0.664'° | 0.754!7 | 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'% | 0.223'8 | 15

41 MBS [153 Matlab 0.678'* | 0.753'8 | 0.214" | 14

42 LPS [142] | Matlab + C | 0.694° | 0.749** | 0.1837 13

43| WFD [326 ¢ 0.680'3 | 0.760'0 | 0.213' | 12

44 BFS [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! | 0.1493 1

5.1.2 YIgEMKHY

PRI SOC BUlRARMIZEIHE BILEAER 6. M T%
Uk, ASCEEAR SOC AL (1,200 5kIEG) LI
PERE . IR B, AR SO e OB G4 T R
TN RAEE R AN A SHRE (WK 3 &4) , Z
JaFE SOC M4 ERE TN TS 2 BT 100 AYRAL (L
KT&8). Fa, ACERETXE 15 Fi SOTA J5ikHyE RLL
BATEA AT, Ho i HEA Al 5 i g7 iR Al 10 1)
R S R

52 FEEIL®
R TR AARERHEATRS (Rean, MR SHEE, BIES R
;Fulslz/fﬁ:l:/\)7 Zlng%HqTE/\i%\éﬁ\j:Hjﬁia Hﬁﬁua S0t7 EgmxaMO

F THRIRT 46 4~ SOTA 4t SOD HykAfE SOC ik
S RIbERE. 7E S BERE (HLAN, So) AR E SR (EP™) |,
HCCH Jyii K K# T 54%F. RBD, COV il DRFI
T So 153 I HAF AT WA PEBE . R, COV ¥E So BE R

Table 8
7£ SOC Mhik& (1200 3kER) Liffh 54 FHETREFIH SOD #&
B, ANTER 3R AFIHTRANBIANZH A E, ERBRIASIRN
INENMZEsE. ZRATEGoogle Drivedp#kEl.

| # | B R | Set | ERCT (ML | HER
sl 1 LEGS [176 Caffe | 0.679% | 0.765% | 0.228% | 54
= 2 MDF [41 Caffe 0.739% | 0.768% | 0.144% | 49
x| 3 MC [177 Caffe 0.757%7 | 0.823% | 0.138% | 43
ol 4 DSL [179 Caffe 0.724%% | 0.810%7 | 0.194%2 | 51
3|5 DISC [181 Caffe 0.735' | 0.810%7 | 0.175% | 50
x| 6 DCL [195 Caffe 0.771% 1 0.836% | 0.157* | 45
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% | 0.848% | 0.12230 | 33
10 RFCN [187 Caffe 0.814% | 0.858%7 | 0.113% | 25
|11 UCF [204 Caffe 0.654%* | 0.805°' | 0.285% | 53
0|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%1 | 0.821* | 0.140% | 42
15 DSS [201 Caffe 0.807%° | 0.858% | 0.111% | 27
16 SRM [197 Caffe 0.822'¢ | 0.859% | 0.111%° | 21
17 MSRNet [62 Caffe 0.816' | 0.871'° | 0.117% | 20
18 NLDF [199] | Tensorflow | 0.816'" | 0.860%* | 0.104'3 | 16
w |19 RAS [213 Pytorch | 0.759% | 0.813% | 0.151* | 46
=20 R3Net [210 Pytorch | 0.773% | 0.825%? | 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%0 | 38
23 C2SNet [212 Caffe 0.791%7 | 0.845% | 0.138% | 36
24 PiCA-Res [219] | Pytorch |0.810% | 0.858%" | 0.128%' | 31
25 BMPM [217] | Tensorflow | 0.810%% | 0.853%° | 0.119%7 | 29
26 ASNet [216 Keras 0.817'% | 0.865%° | 0.111%° | 17
o 27 MWS [237] | Pytorch |0.757%7 | 0.828*! | 0.172% | 47
=28 AFNet [240 Caffe 0.812%* | 0.850% | 0.120% | 29
& |29 SIBA [250 Caffe 0.800%2 | 0.884!0 | 0.130% | 26
30 Deepside [234 Caffe 0.815%! [ 0.861%% | 0.119%7 | 24
31 PFANet [241] | Tensorflow | 0.8152! | 0.846% | 0.1018 22
32 PoolNet [244 Pytorch | 0.829'3 | 0.868'8 | 0.106'0 | 14
33 SCRNet [45] | Pytorch | 0.833' | 0.872'5 | 0.105'* | 13
34 CPDVgg [243] | Pytorch | 0.856% | 0.889% |0.079% | 2
35 EGNet [251 Pytorch | 0.858' | 0.8962 | 0.078' | 1
|36 ABPNet [283] | Pytorch |0.783% | 0.810%7 | 0.153% | 44
8|37 U2Net [274] | Pytorch |0.780%° | 0.795°% | 0.105'* | 35
& | 38| GCPANet [278] | Pytorch |0.807°° | 0.848%% | 0.133%* | 34
39 I1TSD [281 Pytorch | 0.798% | 0.870'7 | 0.142%! | 32
40 MINet [282 Pytorch | 0.819'7 | 0.86422 | 0.117% | 22
41 SANet [57] | Pytorch |0.812%* | 0.868'8 | 0.106'° | 17
42 | GateNetVgg [285 Pytorch | 0.827" | 0.865% | 0.108'% | 15
43 F3Net [279 Pytorch | 0.828'%]0.8915 | 0.109' | 12
44 CSNet [284] | Pytorch | 0.834!° | 0.876' | 0.103'0 | 11
45 LDF [280] | Pytorch |0.835° |0.878'2|0.103' | 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° | 0.0843 | 4
|50 SCWS [289] | Pytorch |0.81126]0.8513' | 0.115** | 28
Q51 ICON [53] | Pytorch |0.811% | 0.8962 | 0.128%' | 19
|52 BAS [32] | Pytorch |0.8425 |0.882!! | 0.0927 7
53 ABP [327] | Pytorch |0.842% |0.889° | 0.091° | 6
54 CVAE [327] | Pytorch |0.849* | 0.892* | 0.089° 3

AR =, (AR EPe P S I, FEPPARI MAE (Lo,

M) 1, i%ﬂuﬁuﬂiﬂ’ﬂﬁ/iyb. SF, COV, HCCH, SR # MSSS.
Hf—30 2, SF T M, BT ArE ke 4 SOD
Fke BTXBLEAWS, HARITL h HCCH, RBD,
COV, DRFI 1 WSC,

SOC MiA%E Ery 54 FIREE2%>] SOD AL & & 45 R
1532 SR, TEFSHET So [+, EGNet, R2Net F1 CPDVgg
RHA =R, HAR I T 0.85. K2y 46% (Lt
21/45) HIRERASAMFE 0.650 F) 0.800 Z i), S&458 )7 155
Sa PE432 0.736 XFH, B T PUAS RAELAL (Hb4n, DISC, DSL,
LEGS #1 UCF), nJPAFE BIFE & JUAR BB R I R4


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
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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Table 9

ERMERAIEEEAEX 14 MREHTENLER. WTFREFIKE, 37 SOC-Sal_train HiEE (Lbin,

1800 K ER) EEFFHITTINE. 15

B2, 3, & AMIHEZHIMTT . XLLERARIZEGoogle Drivedi#kE|,

AC BO CL HO

il BEE ot ML | Sat MU | Sat ML |Sat ML

St M|

MB ocC oV SC SO
St ML | Sat ML | St M| | Set M|

Sat My

COV [109
WSC [162
HCCH [149
DRFI [115
RBD [116

0.505 0.2160.277 0.577
0.541 0.205(0.356 0.517

RS

0.598 0.229]0.391
0.589 0.225]0.429

0.513
0.481

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
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
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
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
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
EGNet [251
CPDVgg [243
CAGVgg [272
RASNet [259
CVAE [327
LDF [280
R2Net [256
BAS [32

0.767 0.0920.592
0.791 0.0880.593
0.806 0.076|0.626
0.795 0.080]0.700

0.066|0.626
0.813 0.075|0.688
0.819
0.827

0.315
0.307
0.278
0.208
0.276
0.217

0.739 0.137|0.7
0.765 0.118(0.8
0.782 0.115|0.8
0.785 0.106

W)

0.796 0.105|0.824 0.088

0.656 0.257 |0.802 0.826

0.166

0.831 0.060]0.723

0.742 0.125]0.787 0.101]0.742 0.095|0.740 0.112|0.7
.788 0.110{0.763 0.115|0.743 0.1200.75
8 0.096|0.786 0.097|0.765 0.103|0.760 0.127]0.801
.808 0.098(0.764 0.102(0.751 0.120|0.76
0.087]0.788 0.7
0.784 0.091]0.771 0.104|0.776 0.115|0.820 0.069|0.767 0.080

0.794 0.0970.789
0.785 0.110]0.814 0.093]0.797 0.072

46 0.132]0.759 0.083|0.741 0.0800.735 0.126
0 0.138|0.800 0.076|0.753 0.088|0.747 0.131
0.765 0.076|0.765 0.116
3 0.127(0.795 0.081(0.744 0.093|0.767 0.114
0.776 0.096 79 0.810 0.066]0.774 0.070|0.772 0.107
0.085(0.781 0.098|0.790 0.107|0.780 0.073[0.801 0.072[0.787 0.101
0.791 0.112 0.0720.788 0.787 0.109

0.101 0.114/0.820 0.072

7. [0.721 0.1250.551 0.346

0.688 0.168[0.729 0.139[0.693 0.137]0.687 0.152|0.668 0.185]|0.722 0.111[0.693 0.115

0.075/0.791 0.096

5.3 MR
ASCAER] 8 il B 9 R T E M RS . IEAnE 8T R,
VR SRS 3 1 B e N R R L S B AL 2
A3k, %} ASNet, C2SNet, BMPM, DCL, DHS, DSS, DS,
DISC, SVF, RFCN #il PFANet, ‘10 DA G- H i 3%t 4
PIDLE o AHZ, A Ik BT AR X G A b = A AR g
. PFANet, MDF, MC i LEGS £ 2 JLFBR T X4 158
bk, AT AT SRR FRATEIA T @A AR
o SR A K, I AT Sk e A . AT H N
A (ABPNet, AFNet, AMU, NLDF, RAS, SCWS, UCF
M WSS) TTRAE S A4, (HexB] AF e s, WA=
%], CAGNet, CSNet, MINet, DGRL, EGNet, F3Net, ICON,
PoolNet #1 R3Net £& 2 1] ASTER AR R /A5 AE oAb, 5 1
W EMEL, S H R2Net, Deepside, SIBA il MSRNet (1%
FEEI T ETRER . S A BFE, BAS, U2Net, ABP,
CPD, GateNet, GCPANet, ITSD, LDF, SCRN #i CAVE
PRI R EAE, H BAER AR R K T2 T ) ek
(RS, A AR A I s

SURBE 2 ST ASARE i A RT LU 2, R geiial (180 9) #D
Bl T . WSC, HCCH il RBD J& =i 72
M. (A2, BTSSRI S B RHZELT, FREA
FEEFMEIE, Jrm, X PR &R AR . I
Gb, T AT G FE T, BRSEE0 O B A X A
DUNAE A, BT 807k, 2on 105 APk i o

6 H#H—LEAETFN
6.1 ETFREMMITFM

FT7 & 8RARIHEA SERTIALAL, A SOC-Sal_train
Hdask (1800 5kE1g) bbb EmHril g T HES Al -+ O RO
IR (A ENBRINRE ), H7E SOC-Sal JliL4E -4
SEEET SRR HET TR, % OFIR T4Fh SOD Hiife

6. DFT f & (U h 7 I AR, PRIAR SCIUHE 9 AN b A7 BRI

R B T RESE DA TERE. T REIEBR S, FEEE ROk
17 Y v o S L e Y - b o i s 2

Kaptk (BO) YWk SHIVEE SRR, LW amiik
Ptk (BO) 3g5t, BULTER A bl DAVE R B 5 N SCF
BRI ZE  FERXCFP BT, 0 T O R AR B A e
B, HHAPIERERT o B E R Rk (i, BAS
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Itk (SOs) SHF5 SOD REALZ T 1. Py A
(K4, BAS, CVAE, CAGVgg, fil RASNet) 7EXFhizET
WEBE T (B, M BAS-0.5% % RASNet-3.6%), XK
4 SOs fE CNN M RFEIIRE PR S W 2 . M, HE
BFE SOs _FHAMRAMERE, 75 BOs EAIEE AL T ERE.

ik (HOs) ¥E B R St AR IL . A B847E HOs
HPERBERE —E R R, A 2.9% WishE] 14.3%. AL
T2 HO B Bia Bds e b i Sl AR, 4o
K 6, RIRRER X — @ M g
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Table 10
AR STRIHIHE SR AR SRR A TR

i b Sa 1 Eper M
RASNet [259) 0.832 0.887 0.103
Our-RASNet 0.841 0.897 0.096
LDF Esgl 0.835 0.878 0.103
Our-LD 0.845 0.891 0.097
BAS [32 0.842 0.882 0.092
Our-BA 0.856 0.895 0.086
R2Net [256] 0.857 0.885 0.084
Our-R2Net 0.868 0.899 0.080
CVAE [327 0.849 0.892 0.089
Our-CVA 0.863 0.902 0.086

Table 11

R SRR R TR .

ik i Sa 1 Byt M
CVAE [327] 0.849 0.892 0.089
LS 0.851 0.895 0.088
SS 0.852 0.894 0.088
RDA 0.855 0.896 0.086
Our-CVAE 0.863 0.902 0.086

Table 12

EVOREBHIEEZHEAR. E—MEUIRELLIIZ UC-Net
(CVPR'20) [328] HEHEMEHIEE LMK, “Sel.": MHAEkHH (&
F—#EE EHHTIISIMEL). “Oth.: BRESS, REFEEHES.

Eista S 1 [4] | FF L
Tramsest[SOC M10K DU-O DUTS ECC HKU ILSO|Sel. Oth. |
SOC [1]|.884 .768 .686 .834 .749 .774 .841 |.884 .775| 12%

MI10K [36]|.800 .921 .784 .894 .881 .882 .884 |.921 .854 7%
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%
ILSO [62]]| .841 .888 .790 .898 .882 .896 .920 |.920 .866 6%

Oth.|.813 .869 .773 .885 .858 .870 .887 | |
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W) 55— BRI R AR B AR 55, 0 A dd 2 1 S 491
K [62], [63], [334], [335] FIs4r- Xt AL 2 F PEA T [336],

(2)4R55 )20 : 2 AT 552 I e il W AR R B 4 [337]
A BT 58 BT HECAE S5 b, BNy e e ks
WA O P iR (338]. [FI RIS th A, A 48
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