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k_ { © [U(6i(ck+l))a E] k=15,
e [‘7(5?(0“1)), E} k€ {3,4},

HooT AN 63 A BIFIR x4 FORBEM x2 ERFEREME. o(x) =
1/(14e™7) & sigmoid H%L, WHRHEIREEARE [0, 1] KJH. ©
M REAE, R 1R AR E,

LSS (GGO): i [8] Bs, IR S A
SR 00 12 o 00 1D DX A e B BB L D Sl A 4 15

23] [70] WK, ASCH T — AN U 4 B R
FAACHAR T R 5 Sk, WAL 14 (a) FER, 4rdiE]
S EEASA ST B, TERE LR L AT
{ph € RH/Z"XW/2"XC 1 3 4 5Y 4% m,; = Cfg 4,
hi=1,2,3, g RELIFHAEMATN. K5, 515565
v BRI AL ORRAE p; € RIT/ZTXW/25 %o qn | g1
e {1,2,3},5€{l,....,mi},k € {3,4,5}. HIL, X445
(B gy = FOCO[F, v ima]) T LARE AR A0 P2
e

k k k S, k
Step I {pi1,.- -, Pij,- - Pim. ) — F7(p7)

Step 1I: (If+1 — FC({pf,lvrllc}v"'7{p7l;c,ja’r.]1€}7"'7{p7]§:,mi77ﬂllc})7

3)
oo FSOf FC R 5 18 2k 10 U 43 005 08 4 A 114 B B2
B TR, FGGO . pi_c c RH/2’“><W/2I“><C' - Qf+1 c
RH/ZXW/ACHm) gt ke {3,4,5}, M2, [5) &
TSR R B B, PR S e AR B, X AT RE
BRI o) T AAYER = U AR 715 R R TRVE A

Guidance

Channel
Split

pll(m- Channel
T — Concatenation
9 — 2
P ;
o0
172}
! Group Guidance |H
Operation C+m
.......................... oo
M [Gitq
% Conv_ /T
k k
Di+1 Tit1 Cr+1
(a) GRA (b) Reverse

B 14 BHRAES. RFMES, SEREEES (b) HR GF HAT,
Hif, @ RORFE k-th FHESFEDRT GRA BB, FEE mi = C/ai-

b) BALLRRHEARERE R - S BOE AT R 5 | S5 R I 5 5
FRiRZE. 5 [5] AR, A3 GGO R LR g R
ZHT, RS SR A B AL BT

SRS (GRA): BJE, ARTAERE—ARE
SESTAR, 4% GRA M, FABBYT R 5 SR | 545
. MR BIRIBESE [00], [61), Z Wit hid L mT AR T
fe. B, WAL GRA BB (Flin: GF,
i € {1,2,3},k € {3,4,5}) 3 [N [AIHAE 4 1 1 RS T
ZESL, BRI S, 454 GRA BUHUE AR SAVR 2 ) ik
e
i) SEIT AN E | FEAE SR B A AL pf A Y FEERRR
LW Bk A AR ERAE pEy . SR
P =pi +gB Ol i ml Wenal,  (4)

Horp W URHA 3x3 BB RUEAHIE LR,
MRFFEELN C +ms WP 2 Co HRE, BOALRFH
GRA BEHRBLE O S 5 e et (B i =1).
FETHES W53 .

i) RGP HOEE R RS | A

k k k
rit1 =11 + 9[piv1; WéRals (5

S T TR W ST 2
i) S0, SRS, RSB HE
Ly

N2

Cr =111 + 6(Cri), (6)
Ho 0() 24 k= {3,4} Wl 67, Wi k=5 Wi o).
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*2

AEMBEELHEMER. RENSBSABIRR.

&, ANet-SRM (R CAMO Lil%) RAFFEMNE, ELTHERGECEIRENH

. T RRUESHF. B, KK E EiFHFHE [71].

CHAMELEON [27)] CAMO-Test [26] COD10K-Test (OUR)

FARA So T 2P Fg 1 M| Sa T Es T FF7T M Sa T Es T FF 1T M
FPN [7] 0.794  0.783  0.590  0.075 || 0.684 0677 0483 0.3l || 0.607 0.691 0.411 _ 0.075
MaskRCNN [73] | 0.643  0.778  0.518  0.099 || 0.574  0.715 0430 0.151 || 0.613  0.748  0.402  0.080
PSPNet [74] 0.773  0.758  0.555  0.085 || 0.663  0.659 0455 0.139 || 0.678 0.680  0.377  0.080
UNet++ [75] 0.695 0.762  0.501  0.094 || 0.599 00653 0392 0149 || 0623 0672 0.350  0.086
PiCANet [76] 0.769  0.749  0.536  0.085 || 0.609 0584 0356 0.156 || 0.649  0.643  0.322  0.090
MSRCNN [77] 0.637  0.686 0443  0.091 || 0.617 0669 0454 0133 || 0641 0706 0.419  0.073
PFANet [75] 0.679  0.648  0.378  0.144 || 0.659 0622 0391 0172 || 0636 0.618 028  0.128
CPD [64] 0.853  0.866 0.706  0.052 || 0.726  0.729 0550 0.115 || 0.747 0.770  0.508  0.059
HTC [79)] 0.517 0489  0.204 0.129 || 0476 0442 0174 0172 || 0548 0520 0.221  0.088
ANet-SRM [26] - - - - 0.682  0.685  0.484  0.126 - - - -

EGNet [13] 0.848  0.870  0.702  0.050 || 0.732 0.768 0583  0.104 || 0.737  0.779  0.509  0.056
PraNet [¢] 0.860  0.907 0.763  0.044 || 0.769 0.824 0663 0094 || 0.789 0861  0.629  0.045
SINet_cvpr [1] 0.869  0.891  0.740  0.044 || 0.751  0.771 _ 0.606 _ 0.100 || 0.771 _ 0.806  0.551 _ 0.051
SINet (OUR) | 0.888 0.942 0.816 0.030 || 0.820 0.882 0.743 0.070 || 0.815 0.887 0.680 0.037

4.4 THAD
441 IR

BURBRBOE XN L = Ly + Lem, HW Ly f Lo 4
FRERSTE (10U) 4RI MH2 XUl (BCE) #1244
S A R AAURTE (R Z90) 2. ARk ToU 5
S ELREIZ L FIAE AN EIAE S b, TS R [ R AR Y
B FE HA SR AN TR A R, PR g L .
ob, FRBETARMER A28 SRS, Lo p BV BB 5 %
T AN TR 2R BT . 330 B 2 BB 2 3L 5 [60),
[80) AR I B ZE S 52 1B b I s b A 0010 - Ot
Kb A3 S DA A R I Coo SR FIVRBE A (B: Cs
Ca, A1 Cs). GABUESE - REE (BIt1: CLP) Bk 5E
(HE G HIRR SR, B, SINet B 528 3 2 R 5L
S Liotar = L(CEP, G) + Y125 L(CP, G).

442 BSEIEE

SINet % PyTorch HEZLSCHLIH ] Adam HAr2e [31] ik
. FENZRRERE T, HR/NEE R 36, BG4I FH
le-4, 4 50 AN JEIHFER A 10, BAIZRE T 100 A JE I #E
B4 4 /Nif. EETF Intel® 19-9820X CPU @3.30GHz x 20 #il
FiEk NVIDIA TITAN RTX &R izt a) ol 5. 7£
MR ES , F K B 4 & 352x 352 HA% A AR SCHYHE S
e IRAF I AT, HEA RAATAT S IRB A AR I
RAER B/ G JGTER K GPU k34 45 fps. %A
i) PyTorch [32] BUAHN Jittor [33] BUAS HIVERLKF£3 2 FF

5 COD MiFthEE

51 Stiig%E

5.1.1 HRIERR

PR (MAE) #) 12 T SOD {155 . £ Perazzi
SEN [30] MBGE, ARSCHSR MAE (M) $5ARsR PA T 141
HSHEEEZ BRI . SR, S8 MAE $545 ] APFAS 4

DRI HBURIRCR: , (FICIR A E AR B 2 . 30K, Fan 4%
NAR T HT AR E $855 (Bg) [71], HIFWHT
MR =GO P BCEE AN BRI GET R XA EP5 H A
T A R A Bl s D00 4 (AR Ry A 0 38 o T AR AR 3L
HSER PRk T By M 39MH. TRk H AR 2wt & A0k
HFEAR, COD R 2 MRiRR i A AU . A
SCHRA S #5885 (Sa)  [84] RAEFREFMMOE. &5, &
MRIBESE [71], [34] R THARCER F #865 (F5) [30]
YL Fp SERESEULITREMI PR EEIR . PIL, A SCH TERF IR
Jy COD Wy fadR. — PR U TTAEDT A 3250 E4eE]

512 HZRA

RSO LA HENISE R 12 AR SA T HAAR A (8], [13], [20],
[64], [721, [73], [74], [79), 1760, 1770, [78], [79] = o) 2 5uEH , b)
U AR ) e RE B R B i P RE -

5.1.3 gk /Ml

NTATHE Z AR A (1] ST BB, AR SR R
BLBIRCRA TS (1] MEGINGRE . &CVEA
CHAMELEON [25] ¥4 51 CAMO Jz CODI10K il it 4
HKAPAIALAL

5.2 ZRTBIRST
A5 44t 7 CHAMELEON, CAMO Fl COD10K ##fa 4k I-
A IPAE SR o

CHAMELEON ##i 4k FigPkfit: TE$. 2 W, SINet 5
12 AN 60 H bR AR D B LR A5 &% ANet-SRM #E4T HL#Z,
SINet B LA AP bR LXK BB R AT ERE . W, A
Fir et B RSEZR I A (I B RRAE (1401 EGNet [13].
PFANet [78]) MITAEBLECA [37] sS4 BESREm [35], [39].

4. 3T HAE SINet BIEZALRE ), ASCHMA CAMO [
CODI10K [1] = IZRE S msA (U HAl (o) Bl

] A
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x3
7£ COD10K BN NG AFEMEIRR BIL SR . FrERITTEEIL [1] FRMEEIE. + RRESSHEEF, M | KRERSHEF.

Amphibian (124 images) Aquatic (474 images) Flying (714 images) Terrestrial (699 images)
FEA Sat Ept FFT M || Sat Ept FFT M] || Sat Eot FFT M| Sat Eo? FFT M]
FPN [72] 0.745 0.776 0.497 0.065 || 0.684 0.732 0.432 0.103 || 0.726 0.766 0.440 0.061 || 0.601 0.656 0.353 0.109
MaskRCNN [73] | 0.665 0.785 0.487 0.081 || 0.560 0.721 0.344 0.123 || 0.644 0.767 0.449 0.063 || 0.611 0.630 0.380 0.075
PSPNet [74] 0.736 0.774 0.463 0.072 || 0.659 0.712 0.396 0.111 || 0.700 0.743 0.394 0.067 || 0.669 0.718 0.332 0.071
UNet++ [75] 0.677 0.745 0.434 0.079 || 0.599 0.673 0.347 0.121 || 0.659 0.727 0.397 0.068 || 0.608 0.749 0.288 0.070
PiCANet [76] 0.686 0.702 0.405 0.079 || 0.616 0.631 0.335 0.115 || 0.663 0.676 0.347 0.069 || 0.658 0.708 0.273 0.074
MSRCNN [77 0.722 0.786 0.555 0.055 || 0.614 0.686 0.398 0.107 || 0.675 0.744 0.466 0.058 || 0.594 0.661 0.361 0.081
PFANet 78] 0.693 0.677 0.358 0.110 || 0.629 0.626 0.319 0.155 || 0.658 0.648 0.299 0.102 || 0.611 0.603 0.237 0.111
CPD [64] 0.794 0.839 0.587 0.051 || 0.739 0.792 0.529 0.082 || 0.777 0.827 0.544 0.046 || 0.714 0.771 0.445 0.058
HTC [79] 0.606 0.598 0.331 0.088 || 0.507 0.495 0.183 0.129 || 0.582 0.559 0.274 0.070 || 0.530 0.485 0.170 0.078
EGNet [13] 0.785 0.854 0.606 0.047 || 0.725 0.793 0.528 0.080 || 0.766 0.826 0.543 0.044 || 0.700 0.775 0.445 0.053
PraNet [8] 0.842 0.905 0.717 0.035 || 0.781 0.883 0.696 0.065 || 0.819 0.888 0.669 0.033 || 0.756 0.835 0.565 0.046
SINet_cvpr [1] | 0.827 0.866 0.654 0.042 || 0.758 0.803 0.570 0.073 || 0.798 0.828 0.580 0.040 || 0.743 0.778 0.491 0.050
SINet (OUR) |0.858 0.916 0.756 0.030|/0.811 0.883 0.696 0.051(/0.839 0.908 0.713 0.027|/0.787 0.866 0.623 0.039

B 15. |ANFHERE. AR 12 MEERRIE S. [84] BOKHFFE

CAMO B4 L PEfE: FA1trE CAMO [20] %
P EMNKAS SOOI, xR e A0 T A% SN IR B AT
ETR 2 PRAEIERRN, "% CAMO HiRE
CHAMELEON H Rt Hitt. SINet FRUCGAF| L rERE, o
—H R TR

COD10K % ls 4 L iyt fie: 1t COD10K {4 E
(2,026 5Kk Q) , WZLH] SINet R FRUCH T H AR X HOARZL .
R R B DB Y R AR BB RE B 2h M LR 2
A Hbz ) B 5 2 UL, X0 T B A B A
BIA PR AP R S8R AR T3 2 K. 3 .

Z¥2 Ltk fg: & T4 CODIOK %iffafE bRk iy it
bEmRoN, ACWAER. 4 TEITHATRATEER, Hh
TAEARRBYFFRNGE TIRUHIBR IS FE. 15, A&
SCRAMNETR T TR BB E ST S Helen s IME. P
WIE A AR . il 2B S R 7K Az Sl v s a7 SR de xE 1Y) 1
K558 “Grouse” Fl “LeafySeaDragon”

s Pk &5 R TE AN T A RE Il S S BORRAS 1 4 2
(SINet_cvpr) SIS L4 XE AP Bk Mtk it B H AR I Y

HEE. ERHESRENTE S MR/ME (RE) fiRXE ().

FEHL BN Hexk, &, B L FIYER. WK 16 if7R, SINet {F
RIEEIRES (1% 47) . SAbiscss (27 47). Boaiit (37
) 5" 47) THIE SINet_cvpr FEMLSE b, kB4R TF T 4%
5. PFANet [78] REMS & ML BRI H bz, (HEBNLEHRMER
K. A P2 R T S 1 25 R, PraNet [8] 7655 —
GBI FEF AN T PFANet THERIHOE L. AT, EU554
Bk T HARRET, JHIRTE 27 43R 37 A7 S RSE IR
Gttt S BT HR RO 2201, STNet RERS TN HH TF 7 Wi B
PRGN, R T A SO SR

GOS 5 SOD JE4k st : HRERER, FERirn
SRR B GOS R (B FPN [72]) B SOD sl (Hji:
CPD [64] fil EGNet [13]) 52, HIH SOD ZEy s
WEY R CODALS . MR GOS [72], [73], [74], [75], [77],
[79] 1 SOD [13], [64], [76], [78] A%, SINet BH & b5/ T
ZimtE) (Bl4n: SINet: 4 /B vs. EGNet: 48 /NE) H7E T A
Bnde ks THIERE, AELH A COD AR5 A
R . T RIERRE, 2SI HER SOD B
TR T A SCTHETER . ASCHZO B iR Ak i
WAL A ES . 2K SOD #EAI ] 2 JLIi H £ 11,
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x4
$t%t CODIOK hB— T8 S, HRAR. SMERYREARAMEEER.

HTC PFANet MRCNN BASNet UNet++4 PiCANet MSRCNN PoolNet PSPNet FPN EGNet CPD PraNet SINet

Sub-class (9] [78] (73] (60] [75] [76] [77] [90] (4] (721 [13] [64 [¢] OUR
Amphibian-Frog 0.600 0.678  0.664  0.692  0.656  0.687 0.692  0.732  0.697 0.731 0.745 0.752 0.823 0.837
Amphibian-Toad 0.609 0.697  0.666  0.717  0.689  0.714 0.739  0.786  0.757 0.752 0.812 0.817 0.853 0.870
Aquatic-BatFish 0.546 0.746  0.634  0.749  0.626  0.624 0.637  0.741  0.724 0.764 0.707 0.761 0.879 0.873
Aquatic-ClownFish 0.547 0.519  0.509  0.464  0.548  0.636 0.571  0.626  0.531 0.730 0.632 0.646 0.707 0.787
Aquatic-Crab 0.543 0.661  0.691  0.643  0.630  0.675 0.634  0.727  0.680 0.724 0.760 0.753 0.792 0.815
Aquatic-Crocodile 0.546 0.631  0.660  0.599  0.602  0.669 0.646  0.743  0.636 0.687 0.772 0.761 0.806 0.825
Aquatic-CrocodileFish  [0.436  0.572  0.558  0.475  0.559  0.373 0.479  0.693  0.624 0.515 0.709 0.690 0.669 0.746
Aquatic-Fish 0.488 0.622  0.597  0.625 0574  0.619 0.680  0.703  0.650 0.699 0.717 0.778 0.784 0.834
Aquatic-Flounder 0.403 0.663  0.539  0.633  0.569  0.704 0.570  0.782  0.646 0.695 0.798 0.774 0.835 0.889
Aquatic-FrogFish 0.595 0.768  0.650  0.736  0.671  0.670 0.653  0.719  0.695 0.807 0.806 0.730 0.781 0.894

Aquatic-GhostPipefish  [0.522  0.690 0.556 0.679 0.651 0.675 0.636 0.717 0.709 0.744 0.759 0.763 0.784 0.817
Aquatic-LeafySeaDragon |0.460 0.576 0.442 0.481 0.523 0.499 0.500 0.547 0.563 0.507 0.522 0.534 0.587 0.670

Aquatic-Octopus 0.505 0.708 0.598 0.644 0.663 0.673 0.720 0.779 0.723 0.760 0.810 0.812 0.896 0.887
Aquatic-Pagurian 0.427 0.578 0.477 0.607 0.553 0.624 0.583 0.657 0.608 0.638 0.683 0.611 0.615 0.698
Aquatic-Pipefish 0.510 0.553 0.531 0.557 0.550 0.612 0.566 0.625 0.642 0.632 0.681 0.704 0.769 0.781
Aquatic-ScorpionFish 0.459 0.697 0.482 0.686 0.630 0.605 0.600 0.729 0.649 0.668 0.730 0.746 0.766 0.808
Aquatic-SeaHorse 0.566 0.656 0.581 0.664 0.663 0.623 0.657 0.698 0.687 0.715 0.750 0.765 0.810 0.823
Aquatic-Shrimp 0.500 0.574 0.520 0.631 0.586 0.574 0.546 0.605 0.591 0.667 0.647 0.669 0.727 0.735
Aquatic-Slug 0.493 0.581 0.368 0.492 0.533 0.460 0.661 0.732 0.547 0.664 0.777 0.774 0.701 0.729
Aquatic-StarFish 0.568 0.641 0.617 0.611 0.657 0.638 0.580 0.733 0.722 0.756 0.811 0.787 0.779 0.890
Aquatic-Stingaree 0.519 0.721 0.670 0.618 0.571 0.569 0.709 0.733 0.616 0.670 0.741 0.754 0.704 0.815
Aquatic-Turtle 0.364 0.686 0.594 0.658 0.565 0.734 0.762 0.757 0.664 0.745 0.752 0.786 0.773 0.760
Flying-Bat 0.589 0.652 0.611 0.623 0.557 0.638 0.679 0.725 0.657 0.714 0.765 0.784 0.817 0.847
Flying-Bee 0.578 0.579 0.628 0.547 0.588 0.616 0.679 0.670 0.655 0.665 0.737 0.709 0.763 0.777
Flying-Beetle 0.699 0.741 0.693 0.810 0.829 0.780 0.796 0.860 0.808 0.848 0.830 0.887 0.890 0.903
Flying-Bird 0.591 0.628 0.680 0.627 0.643 0.674 0.681 0.735 0.696 0.708 0.763 0.785 0.822 0.835
Flying-Bittern 0.639 0.621 0.703 0.650 0.673 0.741 0.704 0.785 0.701  0.751 0.802 0.838 0.827 0.849
Flying-Butterfly 0.653  0.692 0.697 0.700 0.725 0.714 0.762 0.777 0.736 0.758 0.816 0.818 0.871 0.883
Flying-Cicada 0.640 0.682 0.620 0.729 0.675 0.691 0.708 0.781 0.744 0.733 0.820 0.812 0.845 0.883
Flying-Dragonfly 0.472  0.679 0.624 0.712 0.670 0.694 0.682 0.695 0.681 0.707 0.761 0.779 0.779 0.837
Flying-Frogmouth 0.684 0.766 0.648 0.828 0.813 0.722 0.773 0.883 0.741 0.795 0.901 0.928 0.927 0.941
Flying-Grasshopper 0.563 0.671 0.651 0.689 0.656 0.692 0.666 0.734 0.710 0.740 0.773 0.779 0.821 0.833
Flying-Heron 0.563 0.579 0.629 0.598 0.670 0.647 0.699 0.718 0.654 0.743 0.783 0.786 0.810 0.823
Flying-Katydid 0.540 0.661 0.593 0.657 0.653 0.659 0.615 0.696 0.687 0.709 0.730 0.739 0.802 0.809
Flying-Mantis 0.527 0.622 0.569 0.618 0.614 0.629 0.603 0.661 0.658 0.670 0.696 0.690 0.749 0.775
Flying-Mockingbird 0.641 0.550 0.622 0.593 0.636 0.596 0.664 0.670 0.674 0.683 0.721 0.737 0.788 0.838
Flying-Moth 0.583 0.720 0.726 0.737 0.707 0.685 0.747 0.783 0.753 0.798 0.833 0.854 0.878 0.917
Flying-Owl 0.625 0.671 0.705 0.656 0.657 0.718 0.710 0.781 0.712  0.750 0.793 0.809 0.837 0.868
Flying-Owlfly 0.614 0.690 0.524 0.669 0.633 0.580 0.599 0.778 0.583 0.743 0.782 0.756 0.758 0.863
Other-Other 0.571 0.613 0.603 0.593 0.638 0.653 0.675 0.687 0.671 0.665 0.725 0.700 0.777 0.779
Terrestrial-Ant 0.506 0.516 0.508 0.519 0.523 0.585 0.538 0.552 0.572 0.564 0.627 0.605 0.676 0.669
Terrestrial-Bug 0.578 0.681 0.682 0.687 0.686 0.701 0.691 0.743 0.710 0.799 0.799 0.803 0.828 0.856
Terrestrial-Cat 0.505 0.585 0.591 0.557 0.562 0.608 0.613 0.669 0.624 0.634 0.682 0.678 0.745 0.772
Terrestrial-Caterpillar 0.517 0.643 0.569 0.691 0.636 0.581 0.575 0.638 0.640 0.685 0.684 0.704 0.729 0.776

Terrestrial-Centipede 0.432 0.573 0.476 0.485 0.496 0.554 0.629 0.703 0.561 0.536 0.727 0.643 0.704 0.762
Terrestrial-Chameleon 0.556  0.651 0.627 0.653 0.619 0.619 0.632 0.695 0.659 0.673 0.713 0.732 0.789 0.804

Terrestrial-Cheetah 0.536 0.649 0.699 0.624 0.603 0.662 0.598 0.717 0.720 0.667 0.732 0.769 0.800 0.826
Terrestrial-Deer 0.530 0.581 0.610 0.564 0.558 0.600 0.623 0.650 0.644 0.660 0.667 0.670 0.719 0.757
Terrestrial-Dog 0.572  0.560 0.596 0.536 0.559 0.574 0.614 0.608 0.588 0.613 0.607 0.648 0.666 0.707
Terrestrial-Duck 0.530 0.535 0.557 0.539 0.524 0.558 0.619 0.582 0.602 0.548 0.598 0.682 0.742 0.746
Terrestrial-Gecko 0.485 0.674 0.662 0.725 0.683 0.705 0.606 0.733 0.724 0.747 0.789 0.771 0.833 0.848
Terrestrial-Giraffe 0.469 0.628 0.697 0.620 0.611 0.701 0.635 0.681 0.718 0.722 0.747 0.776 0.809 0.784
Terrestrial-Grouse 0.704 0.760 0.726 0.721 0.774 0.805 0.780 0.879 0.803 0.806 0.904 0.919 0.888 0.921
Terrestrial-Human 0.530 0.629 0.608 0.613 0.549 0.577 0.658 0.697 0.636 0.665 0.708 0.700 0.765 0.817
Terrestrial-Kangaroo 0.482 0.586 0.599 0.467 0.548 0.588 0.571 0.644 0.630 0.623 0.650 0.620 0.798 0.816
Terrestrial-Leopard 0.617  0.647 0.742 0.616 0.640 0.652 0.673 0.736 0.720 0.704 0.744 0.791 0.791 0.823
Terrestrial-Lion 0.534 0.634 0.695 0.599 0.660 0.656 0.658 0.720 0.714 0.663 0.754 0.751 0.805 0.813
Terrestrial-Lizard 0.579  0.629 0.634 0.635 0.633 0.656 0.627 0.710 0.702 0.716 0.744 0.777 0.804 0.830
Terrestrial-Monkey 0.423 0.693 0.724 0.593 0.611 0.730 0.663 0.792 0.678 0.614 0.709 0.699 0.851 0.888
Terrestrial-Rabbit 0.504 0.657 0.685 0.634 0.635 0.721 0.731 0.794 0.722 0.758 0.789 0.806 0.829 0.843
Terrestrial-Reccoon 0.451 0.525 0.536 0.461 0.482 0.702 0.723 0.643 0.532 0.592 0.691 0.659 0.781 0.766
Terrestrial-Sciuridae 0.533 0.612 0.638 0.573 0.608 0.693 0.661 0.745 0.725 0.721 0.775 0.757 0.810 0.842
Terrestrial-Sheep 0.434 0.451 0.721 0.410 0.482 0.467 0.763 0.660 0.466 0.430 0.489 0.487 0.481 0.500
Terrestrial-Snake 0.544 0.590 0.586 0.603 0.567 0.614 0.597 0.714 0.695 0.652 0.738 0.788 0.771 0.831
Terrestrial-Spider 0.528 0.594 0.593 0.594 0.580 0.621 0.572 0.650 0.649 0.651 0.685 0.687 0.740 0.771
Terrestrial-StickInsect 0.473  0.548 0.486 0.526 0.535 0.600 0.491 0.578 0.607 0.629 0.616 0.647 0.660 0.696
Terrestrial-Tiger 0.489 0.583 0.576 0.555 0.573 0.563 0.565 0.638 0.602 0.599 0.647 0.621 0.690 0.703
Terrestrial-Wolf 0.472  0.574 0.602 0.535 0.534 0.568 0.621 0.650 0.656 0.651 0.704 0.662 0.737 0.749

Terrestrial-Worm 0.485 0.652 0.596 0.642 0.628 0.558 0.651 0.692 0.629 0.684 0.763 0.670 0.724 0.806
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(c) SINet (OUR)

(a) Image (b) GT

(d) SINet_cvpr (e) PraNet (f) PFANet

16. SINet 5= Rt B ERAIMEELLE, ©4 (d) SINet_cvpr [1]. (e) PraNet [8] #1 (f) PFANet [78].

x5
BRIBRZ MR ERIERR (So 1 [64]) 8. SINet_cvpr #EEIZE—
MREE LN (1T) HERENEESE E#HTIK (31), “Self”: £
RER—NEEE LHTNSEFNR (33/HL). “Mean others”: KF
BB SN RERIEE LR EHSH.

Tested on: | CAMO COD10K Self Mean Dropl
Trained on: [26] (OUR) others P
CAMO [26]| 0.803 0.702 [0.803 0.702 | 12.6%
COD10K (OUR) | 0.742 0.700 |0.700 0.742 | -6.0%
Mean others | 0.742 0.702

ZALtE: R0 B 13z AR R E 2 2 IR AN DA A [l B3
RH RN R [30]. Hit, $xbxermars A/ CoD
BAnde, MABEEIRED IR [91], RIS R e 4
NGRS, A CAMO [260] I CODI0K ., 4]
5 [36], FHurE RS, BERLZEER: 800 SKIEGAE R IZRAER
200 SKRIEBAE IR ST AR, e Bdade B
5 SINet_cvpr HEMRKETRE .

.5 RSN Bz AR S IRIRAR. AT
I3 BIFEA ) Bt SR I ZrAn sl a2, ARG it S 1)
A B A SAE A Bt S I R A0 AR AR R X 4R I il
AR, AR ARR R AXERE . RN 2 5
.2 PRIRE, HICHERERA TR . AR, A0k
B COD10K tt CAMO Bl de A iarnizLae s (Blan:
JG—% ‘Dropl: -6.0%") )« iXJ2 H AASCH BS54 X
HAPRMIERB#EA R (S H5395) . LT PAF t COD10K
PG SN iR 27 S U RIUR B

5.3 jHm43Cis

ARFTHRALT SINet 7 CHAMELEON, CAMO #1 COD10K
A T AR A TR (445 NCD, TEM I
GRA) RAUEHIHARNE, HEAPREET £ 6 o 8, I
YN 1 R AL AR R 5 1 5 4. A7 A Tl g R 2 4

NCD A7 80k ARATRER SINet BERAEG R B
FERD ARSI A MIESS A 20, BBk NCD (No.#1) I
BN )G, KK T #OUR 4k (% 6 Pide—
1), NCD #£ CAMO #¥lask A7 5tk T3 E, MEEEM 0.869
BIHH T 0.882. HE—HHh, PAFEIDEE [04] Bk NCD
(BP: No.#2 ) PD) FAFRAUTARER: (No.#OUR) L%
1. HAE No.#2 fll #OUR, ASCHBTTREMS IR TR, 72
CHAMELEON ¥ B FY 5ban T 1.7%.

WAL 17 PR, 2685 R A28 UNet AR #8285 H (Y BE R _E 32
H T — M FEE R G (BB T B a9 i
JZ), %5 NCD, M&BHZ R AT eb s . %kt 228
JE AT B A PR T SCRIMERA S 7, (A5 30F 1 RS A i
GRS R K

RAEBAETER R DS [33) B MR TR 10 TS R
i R% [04] SRAGIRAFAE, ASSCHY NCD DAL 4R & 445018 LA
B SRS T AR O R R IR RS FREE 2 TR AN
— k. AR AR [33]) R IRA A IRHE 23 38 9 245 11
SASH X2 DSS (L 17 a) il NCD Z[a] 32 2251
BT CPD [64] (K. 17 b), HAMET f5 f f1 ZIRIAFHE



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 12

xR 6
HEENWAE LS ZBIRHRISE . BTHIESR $5.37.

Decoder TEM GRA CHAMELEON [25] CAMO-Test [20] COD10K-Test (OUR)
No. PD NCD|Sy. Conv. Asy. Conv,|Reverse Group Size|| Soa T Eg 1 Fg 1t M| | Sat Egt Fgt M| |Sat Ep? Fg’ T M
#1 v {1,0,0} {32;8;1} || 0.884 0.940 0.811 0.033|0.812 0.869 0.730 0.073 |0.812 0.884 0.679 0.039
#2 v v {1,0,0} {32;8;1} || 0.881 0.934 0.799 0.034|0.820 0.877 0.740 0.071|0.813 0.884 0.673 0.038
#3 v {1,0,0} {32;8;1} || 0.887 0.934 0.813 0.033|0.811 0.867 0.731 0.074 |0.815 0.888 0.680 0.036
#4 v v {1,0,0} {32;8;1} |/0.888 0.944 0.818 0.030| 0.810 0.866 0.730 0.073 |0.814 0.883 0.678 0.037
#5 v v {0,0,0} {32;8;1} || 0.886 0.942 0.814 0.031|0.814 0.873 0.739 0.073 |0.814 0.887 0.682 0.037
#6 v v {1,1,0} {32;8;1} || 0.879 0.928 0.794 0.035|0.820 0.877 0.738 0.071 |0.807 0.878 0.661 0.040
F#7 v v {1,1,1} {32;8;1} || 0.886 0.939 0.812 0.031|0.817 0.875 0.736 0.073|0.810 0.884 0.670 0.037
#8 v v {1,0,0} {1;1;1} |/0.888 0.940 0.812 0.031|0.819 0.877 0.741 0.072|0.814 0.887 0.681 0.037
#9 v v {1,0,0} {8;8;8} 0.886 0.943 0.814 0.032|0.816 0.872 0.738 0.074 |0.815 0.886 0.682 0.037
#10 v v {1,0,0} {32;32;32}|| 0.884 0.944 0.810 0.033|0.819 0.876 0.738 0.071 |0.813 0.884 0.675 0.037
#11 v v {1,0,0} {1;8;32} |/ 0.883 0.940 0.812 0.032|0.811 0.869 0.734 0.073 |0.815 0.887 0.679 0.036
#OUR v v {1,0,0} {32;8;1} ||0.888 0.942 0.816 0.030|0.820 0.882 0.743 0.070|0.815 0.887 0.680 0.037

(© Concatenation & Multiplication —— Connection Flow

I &

(a) DSS

(b) CPD

(c) NCD (OUR)

17. EHEESTER A SEREREMELE. (a) DSS [33] RHETHM
B FHEEERZERE. (b) CPD [64] EFRXREMASPRIHEMET —
MNEBHAEREEE, DB ITERRARMNEE. (o) AXHIRNEEMEMNE
RIER SRR EHEHE .

B, NCD REHA B ALARIHIL -

TEM A3tk AIERPE TP (o) KB
TEM (No.#3) #l (b) fERIHAXIFREERZ [09] (No.#4),
T No.#3, KBTE CAMO ¥llssk B A IR
BUZH) TEM XFFERER IR THR A o BRILZAh, DAARRAR
BHZE (No.#OUR) BHuirE Bz (No#d) S/NREE
MRS 2>  BE Ty, HAE CAMO Hdladkit— 4T By 19°F
YIEM 0.866 F 0.882,

GRA i3t B3 %, fIlE 2. 6 ) ‘Reverse’ 51,
{55 RFEEEA GRA Bibk GF A5 R AR (FEI
.14 (b)), Bln, {1,0,0} RRFERAGE A (B rT) 1
ISR AT 5 AP (B o5 F0rk) W 6 R
A,

AR GRA WL BB SHITTH, B8 = % (o)
EBIA R R, B No.#5 i {000}, (b) R4
HIPAE1S rf i € {1,2}, B No.#6 g {1,1,0} 1 (c) I
FATRINGIS v i € {1,2,3}, B No.#7 il {111}, H
BT SINet (ERIABEE (HI: No.#OUR 9y {1,0,0}) , %
U — AT Sak VR RE AN T (RIS 258 0 52 1) 3 2
J1) IR R AR B RAT, SRITTTE ] R R 2Kk
)5 T B S8 S AR IR, R DR AR E #6

i) CHAMELEON #1 COD10K ¥4 .

GGO w4 K. W . 6 H ‘Group Size’ ¥ fff7s,
{#;%;%} R GGO HH— itk G BRJF— Mk G
HRHEY) R g (B0 2R i) o 280k 16, {32;8;1}
RFETEREA GRA BB sy BV BT pf i € {1,2,3) &
32, 8 Fl 1 AY4 K/ FEBEIFE P Rhse R  dLR /N 5 3, B
Gi—okms (#8 Wiy {1, 1,1}, #9 Hid {8;8;8}, #10 Hiy
{32;32;32}) FWTHER MG (#11 il {1;8;32} 1 #OUR
i) {32;8;1}) . R BLEST Wi HESRIE 1 15 1T REA SO 2k iy
PRZ AR, A A AD (AR T AR L O 1 BE

6 THERA

Beuilc H Al R GEAE BRoy . EARRIAROL S st P oA FE R
BB e AT BAR T SE A SRR IR ST, A
RN H AR S5 S RA RN R EZNHTIES
WIH ETT. FERXFPREL T, COD {145 1) — Sl i 1 £
VEIX ZE I R A D AL RAZ IR O i F AR 8RR, X
SO T R ORRBF T St Y — LA BRAR A R B

6.1 [ I E3
6.1.1 BERNE

ARBTRR, 3d BRE R AT 1S W B G T h P i
REEHIME . ORI, FAUIAGZE AL Xkt o 5 A Rl 4121
BAE R, R, BEITMEA LI B B B2 3
P AR AR R 3. — UL 4 SR A U 45 W B A
SR E], R SPRET EIREL 30% WA [5]. SR
e AR IR 2, B (S 18 ) [RFETA G i
Z PR, BN SR S o B Seilkid B P 2 BB
PraNet [3] 75 A5 #] (Top-1) Ak H Ax53#] (Top-2) 1155
IS TR MXAA R, R FTHR Y SINet 4
TR BT A AT RE 2 ARAG B B R T 25 2R
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(a) (b) () (d)

18. BRRE. (2) & (c) RAANKRAER. (b) & (d) RATXIRH)
HEA.

(a) (b) () (d)

B 19. MESEREESE. TR COVID-19 Mgp@ExE CT
YR, ME_THMENFRRETEMRIHEEER. M (2) 2 (d),
COVID-19 BEHIRRIZE M AP EIBIREH .

I
(a) (b) () (d)

B 20. RIERPSAST. SREGEBSHH: () HER. (b) Bk, (o) #
B0 (d) A#. FTRREAMENEER. BHEET [92].

6.1.2 PFiABREEK IS &
73—/ WA M) 5 91 7 7 Ul P ) M B e 2 A 55
ek, COVID-19 i JEHA N RHEFH- T B BRBI R -
Fic# COVID-19 filisi e s BB By N TR RER G A BT
] COVID-19 FHR i £ -

B2 KR4 R S WA R i) 7 FIRE A [9] F1ZR
RICHR (93] ] COVID-19 i gde 23 1 4t S Hopr i 5
SINet BLRLRS 2 iR 73 b — AR AEAE LY ] o

6.2 RIA II: HliEWL

6.2.1 IR

FE TR, i (A KM GiR ARG ) oA
WIR LN B ARG . AL 20 Fros, MG A
AR B BE L 3 DASE SO S S R T B Pe . T
(LRSI T Rl ES Ve b 3 113 s RN - SNl L PR s
JEFMPEFIAEIN B 25 A . e, Bt — DT N TR 6

W » (©

21, FFREN. MFREENEA, REEBHYNE K BMFEL
Efg (a) £RGHFUE (b), HESIHRBFEIHTEIE (RRYE) UATE
BN (o) PER®EHITSN.

22, KRAEFHERM . S5 ATHNAR (o) ik, £F Al ByEH
ERNESE (Hl0: 4R (2) MiFE (b)) BRBAMRAHERE.

9 H BN R Gk P i AR L B FRATIEAERUR
PR RO ER , DATEZEA BT FE . A SRy STk T 2
I+ https: //github.com/Charmve/Surface-Defect- Detection/

tree/master/Papers.

6.3 RiF N: R

6.3.1 JREKE

2020 4ERIDAK, VbR A4 T AR A RIS H A ]
R (14 3 U7 B R A I BB ™ i, R B S R
L GHARRAYUIE. AL 21 R, 5IARET AN TR RER
PR HERIA HEI ,  Xek25 B AR S B AT 52 1) A i/ 3
o E R TTATY . SRT, iR B R SR il T4k COD
BT BRI R, SRR A T T i 4 X A

6.3.2 JKRAFERN

TEAKCR AR I B, W2 RERERBER O T,
Bl 22 Jrs T IRKR AR A . XK AR L)
FHIE AT B R , PHIEal # T COD 3ok Rk 487K
SRPATE 5 B PR

6.4 WA IV: ZR
6.41 3RZ

1E SIGGRAPH #: X B, 3815 o il it 2 ik dik A 3135 5
g — R AR . 8. 23 JBR T Chu 28 A [10] AR
SRR AR ARG A B B B2 G A ST R
RAE Z i gEdE. EIL, W Treisman £1 Wolfe [94], [95]
Bk, R I 5 o AR & A 4 44 & G 2 A AY P AEAL
RAMER.


https://github.com/Charmve/Surface-Defect-Detection/tree/master/Papers
https://github.com/Charmve/Surface-Defect-Detection/tree/master/Papers
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B 23 MRER. BidEE, —LHPHEHRAZETSZP . BRKET Chu
Z A [10], RR#LH 2010 ££ John Van Straalen FT{RE.

-
(c)

() (b)

24. NEWBEHRETHREEZERL. BREET [26]. —1FBHEA
BMEIRFN (2) ERH—MHAREER (b), ARKHETHARE
BAR (o)

(a) (b) (©)
E 25 BERE/ BN, ERFEET, AXEH, MERSEHE

MHRFLERE, Gl BA (). BE (b) MBI (o). &

—1TR

HETEMEERE. s Al s ARAERRRE /B RUE I E
BRLER.

6.4.2 MER#EBIRERZEBIR

el 1 sz D00 R S 25 ARG i W AOek S2 B R E A 55, T RA
TEFEHIBE T — AR5 I HEDL, [R5 o I 285 1) o
.24 fron, TH (a) fl (c) PAFAEPIRR A H b —F
BRI R R B — R B 2ok SR B E SO D2 H At
o B3 HARIARE(E.

6.5 RAV: BELE

6.5.1 ERARE/BFREN

PEIE S Y A H AT PR . . 25 R, X
KPR /AR08 (UG TRIEE) BTIEA M SRS |3
B AE AR E AR B — A TAR S, B AR (18] F1
BTG IREE [00]) 2RI ERAHE T .

6.5.2 #ER5IE

K. 26 J7Rn 1ok BRI RGN Bl MER (181, 26 a)
CIRE=Ed ke Gk SiviN wallll 58 qibLail S P SR b/ Vi

’\ COD10...y-3346.jpg macro photography n Y Q

butterfly | v Q

Google

T« CODA10..y-3346 jpg

B 26. #F5IE. EE%W?E?%I%EZRH@E% (a) 5B%& (b) PRt
RGEXLL

SRR AR, YERRTIERE T RN A S
(3K B By LM e 2R 1 OB, IR T DATR R H A, 4K
Ja BB 2 R R R (L. 26 D).

7 BEMHRAR
SRR, ARG E R SIS T RS OHERE , 5 I
R (07] HH, TREEE ST BHCR AT ST VR G IR, 6
A SRR B SR P PR, HATAE COD10K Hafil
AR OB RE B < 0.7. 42, ASCHRIEF K
TEH— B

o ZRAMFIORME R v/ BeEs . S5

7 TS . MRS . ARV R b

Kl
-%ﬁmmuﬂA%%ﬁﬁﬁhM:UF%ﬁiwﬁmm
EEEEIG . RGB ALSMAKIG. =A%,

.g%cmeKﬁ&M$§ﬁ&%%ﬁm,m:%Mim

SR, KRR WA E AL, e ERR S

BT B, — ek R RBFS FATF

(1) SRR BT BT VR 17 v oA 5 4
I 7 2 AT S SRR A PR U . (L, 1
SR R LabelMe sy K fit L 48 HEIREAY
Adobe Photoshop HlFHET A THRE. I, S T HAGHRHE
BOR, RIS/ (B5) bR I A A

(2) EIRCRRN: 0k, BT R SRR (1
e PG EERIUE) AR T AR [05], [00] B T 3t
L4 0 AT 462 SV, DR, Wit LR 45 78
I AR R 1 5 DL

(3) JLALREA TR BRI BT AR L T
B RSB [100]. BRI, WOE PRI . HLas
HARFIEAR KB4 1 0 AR T 45 1T DA%

AR EIZS . 5 RGB-D SOD [54], RGB-T SOD [101].
CoSOD [102], [103] F1 VSOD [104] fE4AHZEL, X EEpiZsT

PAFRE . LLAMAP BRI, M IMTERX 242 3 5 T 4R
THHIBRAL

(4) Bl Fbssr 28 — B H AR FE2 VT SEALILSE h i —
FEAALSS . L, Bk F AR T BEAE AR TR . FIH



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE 15

CODI0K 2RI ZERTAHARZ:, A3 W] AR — A KA
AL 73 FAT55 -

(5) B HBMREANIGE: . FEASCH, Bl H AR it I <2
i bR — D EUESS . XSRS A — I (proposal)
i FHEAVE S T ) FARAS DAL 55 AN [l DRI, Bl H ARy
IR EAAE AR AR e — 2 LA BRI 18 [105].

(6) B HbstlEyy: HAl, Bl H S I 2 A
(B L1l 4 R ) ) T oA A e G R OB, AL
A BREY AR T Bl FARRYHERS [10). SR, T Rl B2
A BT E R RE S ISR, SROCE IR AR ILAR. 2
BURESH [10], [106] RFAGFRIE

(7) BgeseBsydl: an [21] Brik, St H AR e
KPR R EEL BN, T RAKE O H A3 ) D e S5
oy B, NITTHERE T AR AT HERE o

(8) ¥FXZ AL MG —HER:  Zamir ¢ Af2 i
Taskonomy [22] HFFEFEM, A M AL E AT 55 A AR5 ) K
PRI, AT DAFE ARSI A ST 2R AR 7 LR R M 1 5 AT AL
e BRI IRHE, P DARE 25— 1) 190 26 il FC B (] I
D SY QR 79 7l AN 11 T 5

(9) FhepZ & s T Foillc F A ) i) A4 S AR
JE 2 > AR TR BRI 1 SE R MR AR & RS 5 BT
W, SRR TR TR RE RIS AT REAN 2R AL -
P, MR AR MBI, W
PRATIY E SiLas > [107].

(10) fffut & Hbs5e A hRad QU bs: b TRIRRA, 43
RAEPFIN TR PRAL T S S22 F AR A . SR, I
A V2RISR R, G 225 F ARSI B
e H AR A, TGN ZR A RCR:, IFAE SOD #1 COD
E95 Z TG A ORI, AT 4R e 00 28 B R AE S HCRE ) o

AR SRR F AR A A A S R IH A AR
) — B B0k . (BRI, HORA R i SOk ] (12
%, B BB N VR B RS AR 55 95 55 1 Bl o

8 4HhiF

A SO B AR R S BT B AR A R A 5E AR AT O
FARTT S, AR TR SRR, BRI A8
CODIOK #fisk, b 1 RAUBAY B o, Rt
T TR BT e A i 2 i R R PUBIE S (SINet) |, RS
SRR T TREERL T . S BUA AR AR AT L, A
SINet BT B3e 4 Jy, FFA T HRE NP R i &5
Ho EARTIROADITALRKIRML T8 COD L35 Bt iz
PSR, FATITRIKE CODI0K Billasethn &l % Fiki A
s, fian: ZHMAEE (: RGB-D SOD [108], [109]), 3¢
A W (s LR BARKRI [104]) 45 ATtk
B SR R E LAY RS2 BT [110] I T simer i ek [111],
PABRAS B PP RE -

27. B 1 FRTHEGERANEER.

S50

[1]  D.-P.Fan, G.-P. Ji, G. Sun, M.-M. Cheng, J. Shen, and L. Shao,
“Camouflaged object detection,” in IEEE Conf. Comput. Vis.
Pattern Recog., 2020, pp. 2777-2787.

[2] D.-P. Fan, G.-P. Ji, M.-M. Cheng, and L. Shao, “Concealed
object detection,” arXiv, 2021.

[3] I C. Cuthill, M. Stevens, J. Sheppard, T. Maddocks, C. A.
Parraga, and T. S. Troscianko, “Disruptive coloration and back-
ground pattern matching,” Nature, vol. 434, no. 7029, p. 72,
2005.

[4]  A. Owens, C. Barnes, A. Flint, H. Singh, and W. Freeman,
“Camouflaging an object from many viewpoints,” in IEEE
Conf. Comput. Vis. Pattern Recog., 2014, pp. 2782-2789.

[6] M. Stevens and S. Merilaita, “Animal camouflage: current is-
sues and new perspectives,” Phil. Trans. R. Soc. B: Biological
Sciences, vol. 364, no. 1516, pp. 423-427, 2008.

[6] A. Kirillov, K. He, R. Girshick, C. Rother, and P. Dollar,
“Panoptic segmentation,” in IEEE Conf. Comput. Vis. Pattern
Recog., 2019, pp. 9404-9413.

[7]  T. Troscianko, C. P. Benton, P. G. Lovell, D. J. Tolhurst, and
Z. Pizlo, “Camouflage and visual perception,” Phil. Trans. R.
Soc. B: Biological Sciences, vol. 364, no. 1516, pp. 449-461,
2008.

[8] D.-P. Fan, G.-P. Ji, T. Zhou, G. Chen, H. Fu, J. Shen, and
L. Shao, “Pranet: Parallel reverse attention network for polyp

i

segmentation,” in Med. Image. Comput. Comput. Assist. In-
terv., 2020.

[9] D.-P. Fan, T. Zhou, G.-P. Ji, Y. Zhou, G. Chen, H. Fu, J. Shen,
and L. Shao, “Inf-Net: Automatic COVID-19 Lung Infection
Segmentation from CT Images,” IEEE Trans. Med. Imaging,
2020.

[10] H.-K. Chu, W.-H. Hsu, N. J. Mitra, D. Cohen-Or, T.-T. Wong,
and T.-Y. Lee, “Camouflage images” ACM Trans. Graph.,
vol. 29, no. 4, pp. 51-1, 2010.

[11] Z.-Q. Zhao, P. Zheng, S.-t. Xu, and X. Wu, “Object detection
with deep learning: A review,” IEEE T. Neural Netw. Learn.
Syst., vol. 30, no. 11, pp. 3212-3232, 2019.

[12] D.-P.Fan,J. Zhang, G. Xu, M.-M. Cheng, and L. Shao, “Salient
objects in clutter,” arXiv preprint arXiv:, 2021.

[13] J.-X. Zhao, J.-J. Liu, D.-P. Fan, Y. Cao, J. Yang, and M.-
M. Cheng, “Egnet:edge guidance network for salient object
detection,” in Int. Conf. Comput. Vis., 2019.

[14] M. Everingham, L. Van Gool, C. K. Williams, J. Winn, and
A. Zisserman, “The pascal visual object classes (voc) chal-
lenge,” Int. J. Comput. Vis., vol. 88, no. 2, pp. 303-338, 2010.

[15] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li, and L. Fei-Fei,
“Imagenet: A large-scale hierarchical image database,” in IEEE
Conf. Comput. Vis. Pattern Recog., 2009, pp. 248-255.



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

(16]

(17]

(18]

(19]

20]

(21]

(22]

23]

(24]

[25]

(26]

27]

(28]

[29]

(30]

(31]

(32]

(33]

T.-Y. Lin, M. Maire, S. Belongie, J. Hays, P. Perona, D. Ra-
manan, P. Dolldr, and C. L. Zitnick, “Microsoft coco: Common
objects in context,” in Eur. Conf. Comput. Vis., 2014, pp. 740—
755.

B. Zhou, H. Zhao, X. Puig, S. Fidler, A. Barriuso, and A. Tor-
ralba, “Scene parsing through ade20k dataset,” in IEEE Conf.
Comput. Vis. Pattern Recog., 2017, pp. 633-641.

F. Perazzi, J. Pont-Tuset, B. McWilliams, L. Van Gool,
M. Gross, and A. Sorkine-Hornung, “A benchmark dataset
and evaluation methodology for video object segmentation,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2016, pp. 724-732.
L. Liu, W. Ouyang, X. Wang, P. Fieguth, J. Chen, X. Liu, and
M. Pietikainen, “Deep learning for generic object detection: A
survey,” Int. J. Comput. Vis., 2019.

G. Medioni, “Generic object recognition by inference of 3-d vol-
umetric,” Object Categorization: Comput. Hum. Vis. Perspect.,
vol. 87, 2009.

G. Li, Y. Xie, L. Lin, and Y. Yu, “Instance-level salient object
segmentation,” in IEEE Conf. Comput. Vis. Pattern Recog.,
2017, pp. 247-256.

A. R. Zamir, A. Sax, W. Shen, L. J. Guibas, J. Malik, and
S. Savarese, “Taskonomy: Disentangling task transfer learning,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2018, pp. 3712—
3722.

K. Saenko, B. Kulis, M. Fritz, and T. Darrell, “Adapting visual
category models to new domains,” in Fur. Conf. Comput. Vis.,
2010, pp. 213-226.

Y. Zhang, L. Gong, L. Fan, P. Ren, Q. Huang, H. Bao, and
W. Xu, “A late fusion cnn for digital matting,” in IEEE Conf.
Comput. Vis. Pattern Recog., 2019, pp. 7469-7478.

P. Skurowski, H. Abdulameer, J. Bltaszczyk, T. Depta, A. Kor-
nacki, and P. Koziet, “Animal camouflage analysis: Chameleon
database,” 2018, unpublished Manuscript.

T.-N. Le, T. V. Nguyen, Z. Nie, M.-T. Tran, and A. Sugimoto,
“Anabranch network for camouflaged object segmentation,”
Comput. Vis. Image Underst., vol. 184, pp. 45-56, 2019.

J. Shotton, J. Winn, C. Rother, and A. Criminisi, “Texton-
boost: Joint appearance, shape and context modeling for multi-
class object recognition and segmentation,” in Fur. Conf. Com-
put. Vis., 2006, pp. 1-15.

C. Liu, J. Yuen, and A. Torralba, “Sift flow: Dense correspon-
dence across scenes and its applications,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 33, no. 5, pp. 978-994, 2010.

M. Everingham, S. A. Eslami, L. Van Gool, C. K. Williams,
J. Winn, and A. Zisserman, “The PASCAL visual object classes
challenge: A retrospective,” Int. J. Comput. Vis.,vol. 111, no. 1,
pp- 98-136, 2015.

L. Itti, C. Koch, and E. Niebur, “A model of saliency-based
visual attention for rapid scene analysis,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 20, no. 11, pp. 1254-1259, 1998.
M.-M. Cheng, N. J. Mitra, X. Huang, P. H. S. Torr, and S.-
M. Hu, “Global contrast based salient region detection,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 37, no. 3, pp. 569-582,
2015.

S.-H. Gao, Y.-Q. Tan, M.-M. Cheng, C. Lu, Y. Chen, and
S. Yan, “Highly efficient salient object detection with 100k
parameters,” in Eur. Conf. Comput. Vis., 2020.

Q. Hou, M.-M. Cheng, X. Hu, A. Borji, Z. Tu, and P. Torr,

“Deeply supervised salient object detection with short connec-

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

42]

(43]

[44]

(45]

[46]

(47]

(48]

[49]

[50]

16

tions,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 41, no. 4,
pp- 815-828, 2019.

X. Qin, D.-P. Fan, C. Huang, C. Diagne, Z. Zhang, A. C. Sant’
Anna, A. Su‘arez, M. Jagersand, and L. Shao, “Boundary-aware

? arXiv

segmentation network for mobile and web applications,’
preprint arXiv:2101.04704, 2021.

A. Borji, M.-M. Cheng, H. Jiang, and J. Li, “Salient object
detection: A benchmark,” IEEE Trans. Image Process., vol. 24,
no. 12, pp. 5706-5722, 2015.

W. Wang, Q. Lai, H. Fu, J. Shen, and H. Ling, “Salient object
detection in the deep learning era: An in-depth survey,” IEEE
Trans. Pattern Anal. Mach. Intell., 2021.

A. Borji, M.-M. Cheng, Q. Hou, H. Jiang, and J. Li, “Salient ob-
ject detection: A survey,” Computational Visual Media, vol. 5,
no. 2, pp. 117-150, 2019.

G. H. Thayer and A. H. Thayer, Concealing-coloration in
the Animal Kingdom: An Exposition of the Laws of Disguise
Through Color and Pattern: Being a Summary of Abbott H.
Thayer’s Discoveries. Macmillan Company, 1909.
H. B. Cott, Adaptive coloratcottion in animals. Methuen &
Co., Ltd., 1940.

Q. Zhai, X. Li, F. Yang, C. Chen, H. Cheng, and D.-P. Fan,
“Mutual graph learning for camouflaged object detection,” in
IEEFE Conf. Comput. Vis. Pattern Recog., 2021.

Y. Lyu, J. Zhang, Y. Dai, L. Aixuan, B. Liu, N. Barnes, and
D.-P. Fan, “Simultaneously localize, segment and rank the
camouflaged objects,” in IEEE Conf. Comput. Vis. Pattern
Recog., 2021.

H. Mei, G.-P. Ji, Z. Wei, X. Yang, X. Wei, and D.-P. Fan,
“Camouflaged object segmentation with distraction mining,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2021.

D. Tabernik, S. Sela, J. Skvar¢, and D. Skoéaj, “Segmentation-
based deep-learning approach for surface-defect detection,” J.
Intell. Manuf., vol. 31, no. 3, pp. 759-776, 2020.

Y. He, K. Song, Q. Meng, and Y. Yan, “An end-to-end steel
surface defect detection approach via fusing multiple hierarchi-
cal features,” IEEE Trans. Instrum. Meas., vol. 69, no. 4, pp.
1493-1504, 2020.

H. Dong, K. Song, Y. He, J. Xu, Y. Yan, and Q. Meng,
“Pga-net: Pyramid feature fusion and global context attention
network for automated surface defect detection,” IEEE Trans.
Industr. Inform., 2020.

A. Kalra, V. Taamazyan, S. K. Rao, K. Venkataraman,
R. Raskar, and A. Kadambi, “Deep polarization cues for trans-
parent object segmentation,” in IEEE Conf. Comput. Vis.
Pattern Recog., 2020, pp. 8602—8611.

Y. Xu, H. Nagahara, A. Shimada, and R.-i. Taniguchi, “Tran-
scut: Transparent object segmentation from a light-field im-
age,” in Int. Conf. Comput. Vis., 2015, pp. 3442-3450.

E. Xie, W. Wang, W. Wang, M. Ding, C. Shen, and P. Luo,
“Segmenting transparent objects in the wild,” in Eur. Conf.
Comput. Vis., 2020.

M. Cordts, M. Omran, S. Ramos, T. Rehfeld, M. Enzweiler,
R. Benenson, U. Franke, S. Roth, and B. Schiele, “The
cityscapes dataset for semantic urban scene understanding,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2016, pp. 3213-3223.
G. Neuhold, T. Ollmann, S. Rota Bulo, and P. Kontschieder,
“The mapillary vistas dataset for semantic understanding of
street scenes,” in IEEE Conf. Comput. Vis. Pattern Recog.,
2017, pp. 4990-4999.



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

[51]

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

(61]

[62]

[63]

[64]

(65]

(6]

[67)

O. Russakovsky, J. Deng, H. Su, J. Krause, S. Satheesh, S. Ma,
Z. Huang, A. Karpathy, A. Khosla, M. Bernstein et al., “Ima-
genet large scale visual recognition challenge,” Int. J. Comput.
Vis., vol. 115, no. 3, pp. 211-252, 2015.

W. Wang, J. Shen, F. Guo, M.-M. Cheng, and A. Borji, “Re-
visiting video saliency: A large-scale benchmark and a new
model,” in IEEE Conf. Comput. Vis. Pattern Recog., 2018, pp.
4894-4903.

B. Zhou, A. Lapedriza, A. Khosla, A. Oliva, and A. Torralba,
“Places: A 10 million image database for scene recognition,”
IEEE Trans. Pattern Anal. Mach. Intell., vol. 40, no. 6, pp.
1452-1464, 2017.

D.-P. Fan, Z. Lin, Z. Zhang, M. Zhu, and M.-M. Cheng, “Re-
thinking rgb-d salient object detection: Models, data sets, and
large-scale benchmarks,” IEEE T. Neural Netw. Learn. Syst.,
2021.

D. Damen, H. Doughty, G. Maria Farinella, S. Fidler,
A. Furnari, E. Kazakos, D. Moltisanti, J. Munro, T. Perrett,
W. Price et al., “Scaling egocentric vision: The epic-kitchens
dataset,” in FEur. Conf. Comput. Vis., 2018, pp. 720-736.

K. Mo, S. Zhu, A. X. Chang, L. Yi, S. Tripathi, L. J. Guibas,
and H. Su, “Partnet: A large-scale benchmark for fine-grained
and hierarchical part-level 3d object understanding,” in IEEE
Conf. Comput. Vis. Pattern Recog., 2019, pp. 909-918.

Y. Zeng, P. Zhang, J. Zhang, Z. Lin, and H. Lu, “Towards high-
resolution salient object detection,” in Int. Conf. Comput. Vis.,
2019.

Y. Li, X. Hou, C. Koch, J. M. Rehg, and A. L. Yuille, “The
secrets of salient object segmentation,” in IEEE Conf. Comput.
Vis. Pattern Recog., 2014, pp. 280-287.

J. R. Hall, I. C. Cuthill, R. Baddeley, A. J. Shohet, and
N. E. Scott-Samuel, “Camouflage, detection and identification
of moving targets,” Proc. Royal Soc. B: Biological Sciences, vol.
280, no. 1758, p. 20130064, 2013.

X. Qin, Z. Zhang, C. Huang, C. Gao, M. Dehghan, and
M. Jagersand, “Basnet: Boundary-aware salient object detec-
tion,” in IEEE Conf. Comput. Vis. Pattern Recog., 2019, pp.
7479-7489.

N. Xu, B. Price, S. Cohen, and T. Huang, “Deep image mat-
ting,” in IEEE Conf. Comput. Vis. Pattern Recog., 2017, pp.
2970-2979.

S.-H. Gao, M.-M. Cheng, K. Zhao, X.-Y. Zhang, M.-H. Yang,
and P. Torr, “Res2net: A new multi-scale backbone architec-
ture,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 43, no. 2,
pp. 652-662, 2021.

S. Liu, D. Huang et al., “Receptive field block net for accurate
and fast object detection,” in Eur. Conf. Comput. Vis., 2018,
pp- 385-400.

Z. Wu, L. Su, and Q. Huang, “Cascaded partial decoder for fast
and accurate salient object detection,” in IEEE Conf. Comput.
Vis. Pattern Recog., 2019, pp. 3907-3916.

C. Szegedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna,
“Rethinking the inception architecture for computer vision,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2016, pp. 2818-2826.
M. Jaderberg, A. Vedaldi, and A. Zisserman, “Speeding up
convolutional neural networks with low rank expansions,” in
Brit. Mach. Vis. Conf., 2014.

E. L. Denton, W. Zaremba, J. Bruna, Y. LeCun, and R. Fer-

gus, “Exploiting linear structure within convolutional networks

(68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

[77]

(78]

[79]

(80]

(81]

(82]

(83]

(84]

(85]

17

for efficient evaluation,” Adv. Neural Inform. Process. Syst.,
vol. 27, pp. 1269-1277, 2014.

Y. Wei, J. Feng, X. Liang, M.-M. Cheng, Y. Zhao, and S. Yan,
“Object region mining with adversarial erasing: A simple clas-
sification to semantic segmentation approach,” in JEEE Conf.
Comput. Vis. Pattern Recog., 2017, pp. 1568—-1576.

S. Chen, X. Tan, B. Wang, and X. Hu, “Reverse attention for
salient object detection,” in Eur. Conf. Comput. Vis., 2018, pp.
234-250.

S. Chen and Y. Fu, “Progressively guided alternate refinement
network for rgb-d salient object detection,” in Eur. Conf. Com-
put. Vis., 2020, pp. 520-538.

D.-P. Fan, G.-P. Ji, X. Qin, and M.-M. Cheng, “Cognitive
vision inspired object segmentation metric and loss function (in
chinese),” SCIENTIA SINICA Informationis, 2021.

T. Lin, P. Dollar, R. Girshick, K. He, B. Hariharan, and
S. Belongie, “Feature pyramid networks for object detection,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2017, pp. 936—944.
K. He, G. Gkioxari, P. Dollar, and R. Girshick, “Mask r-cnn,”
in Int. Conf. Comput. Vis., 2017, pp. 2961-2969.

H. Zhao, J. Shi, X. Qi, X. Wang, and J. Jia, “Pyramid scene
parsing network,” in IEEE Conf. Comput. Vis. Pattern Recog.,
2017, pp. 6230-6239.

Z.Zhou, M. M. Rahman Siddiquee, N. Tajbakhsh, and J. Liang,
“Unet+4: A nested u-net architecture for medical image seg-
mentation,” in D. Learn. Med. Image Anal., 2018, pp. 3-11.

N. Liu, J. Han, and M.-H. Yang, “Picanet: Learning pixel-wise
contextual attention for saliency detection,” in IEEE Conf.
Comput. Vis. Pattern Recog., 2018, pp. 3089-3098.

Z. Huang, L. Huang, Y. Gong, C. Huang, and X. Wang, “Mask
scoring r-cnn,” in IEEE Conf. Comput. Vis. Pattern Recog.,
2019, pp. 6409-6418.

T. Zhao and X. Wu, “Pyramid feature attention network
for saliency detection,” in IEEE Conf. Comput. Vis. Pattern
Recog., 2019, pp. 3085-3094.

K. Chen, J. Pang, J. Wang, Y. Xiong, X. Li, S. Sun, W. Feng,
Z. Liu, J. Shi, W. Ouyang et al., “Hybrid task cascade for
instance segmentation,” in IEEE Conf. Comput. Vis. Pattern
Recog., 2019, pp. 4974-4983.

J. Wei, S. Wang, and Q. Huang, “F3Net: Fusion, Feedback and
Focus for Salient Object Detection,” in AAAI Conf. Art. Intell.,
2020.

D. P. Kingma and J. Ba, “Adam: A method for stochastic
optimization,” in Int. Conf. Learn. Represent., 2015.

A. Paszke, S. Gross, F. Massa, A. Lerer, J. Bradbury,
G. Chanan, T. Killeen, Z. Lin, N. Gimelshein, L. Antiga et al.,
“Pytorch: An imperative style, high-performance deep learning
library,” in Adv. Neural Inform. Process. Syst., 2019.

S.-M. Hu, D. Liang, G.-Y. Yang, G.-W. Yang, and W.-Y. Zhou,
“Jittor: a novel deep learning framework with meta-operators
and unified graph execution,” Science China Information Sci-
ences, vol. 63, no. 12, pp. 1-21, 2020.

D.-P. Fan, M.-M. Cheng, Y. Liu, T. Li, and A. Borji,
“Structure-measure: A New Way to Evaluate Foreground
Maps,” in Int. Conf. Comput. Vis., 2017, pp. 4548—-4557.

F. Perazzi, P. Krahenbthl, Y. Pritch, and A. Hornung,
“Saliency filters: Contrast based filtering for salient region
detection,” in IEEE Conf. Comput. Vis. Pattern Recog., 2012,
pp. 733-740.



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE

(86]

(87]

(88]

(89]

(90]

[91]

[92]

(93]

[94]

[95]

[96]

[97]

(98]

[99]

[100]

[101]

[102]

[103]

[104]

[105)

R. Margolin, L. Zelnik-Manor, and A. Tal, “How to evalu-
ate foreground maps?” in IEEE Conf. Comput. Vis. Pattern
Recog., 2014, pp. 248-255.

G. Mori, “Guiding model search using segmentation,’
Conf. Comput. Vis., 2005, pp. 1417-1423.

P. Krahenbuhl and V. Koltun, “Efficient inference in fully
connected crfs with gaussian edge potentials,” in Adv. Neural
Inform. Process. Syst., 2011, pp. 109-117.

Y. Boykov, O. Veksler, and R. Zabih, “Fast approximate energy

> in Int.

minimization via graph cuts,” in IEEE Conf. Comput. Vis.
Pattern Recog., 1999, pp. 377-384.

J.-J. Liu, Q. Hou, M.-M. Cheng, J. Feng, and J. Jiang, “A sim-
ple pooling-based design for real-time salient object detection,”
IEEFE Conf. Comput. Vis. Pattern Recog., 2019.

A. Torralba, A. A. Efros et al., “Unbiased look at dataset bias,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2011, pp. 1521—
1528.

T. He, Y. Liu, C. Xu, X. Zhou, Z. Hu, and J. Fan, “A fully
convolutional neural network for wood defect location and
identification,” IEEE Access, vol. 7, pp. 123 453-123 462, 2019.
F. Shi, J. Wang, J. Shi, Z. Wu, Q. Wang, Z. Tang, K. He, Y. Shi,
and D. Shen, “Review of artificial intelligence techniques in
imaging data acquisition, segmentation and diagnosis for covid-
19,” IEEE Rev. Biomed. Eng., 2020.

A. Treisman, “Features and objects: The fourteenth bartlett
memorial lecture,” Q. J. Exp. Psychol. (Hove), vol. 40, no. 2,
pp- 201-237, 1988.

J. M. Wolfe, “Guided search 2.0 a revised model of visual
search,” Psychon. Bull. Rev., vol. 1, no. 2, pp. 202-238, 1994.
H. Fan, H. A. Miththanthaya, S. R. Rajan, X. Liu, Z. Zou,
Y. Lin, H. Ling et al., “Transparent object tracking bench-
mark,” arXiv preprint arXi:2011.10875, 2020.

L. Liu, W. Ouyang, X. Wang, P. Fieguth, J. Chen, X. Liu, and
M. Pietikainen, “Deep learning for generic object detection: A
survey,” Int. J. Comput. Vis., vol. 128, no. 2, pp. 261-318, 2020.
T. Afouras, A. Owens, J. S. Chung, and A. Zisserman, “Self-

3

supervised learning of audio-visual objects from video,” arXiv
preprint arXiv:2008.04237, 2020.

K. He, H. Fan, Y. Wu, S. Xie, and R. Girshick, “Momentum
contrast for unsupervised visual representation learning,” in
IEEE Conf. Comput. Vis. Pattern Recog., 2020, pp. 9729-9738.
H. Lamdouar, C. Yang, W. Xie, and A. Zisserman, “Betrayed
by motion: Camouflaged object discovery via motion segmen-
tation,” in Asian Conf. Comput. Vis., 2020.

Q. Zhang, N. Huang, L. Yao, D. Zhang, C. Shan, and J. Han,
“Rgb-t salient object detection via fusing multi-level cnn fea-
tures,” IEEE Trans. Image Process., vol. 29, pp. 3321-3335,
2019.

D.-P. Fan, T. Li, Z. Lin, G.-P. Ji, D. Zhang, M.-M. Cheng,
H. Fu, and J. Shen, “Re-thinking co-salient object detection,”
IEEE Trans. Pattern Anal. Mach. Intell., 2021.

Q. Fan, D.-P. Fan, H. Fu, C.-K. Tang, L. Shao, and Y.-W. Tai,
“Group collaborative learning for co-salient object detection,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2021.

D.-P. Fan, W. Wang, M.-M. Cheng, and J. Shen, “Shifting
more attention to video salient object detection,” in IEEE Conf.
Comput. Vis. Pattern Recog., 2019, pp. 8554—-8564.

A. Mondal, “Camouflaged object detection and tracking: A
survey,” Int. J. Image Graph., vol. 20, no. 04, p. 2050028, 2020.

[106]

[107)

[108)]

[109]

[110]

[111]

18

M. Kalash, M. A. Islam, and N. Bruce, “Relative saliency and
ranking: Models, metrics, data and benchmarks,” IEEE Trans.
Pattern Anal. Mach. Intell., 2019.

Q. Yao, M. Wang, Y. Chen, W. Dai, H. Yi-Qi, L. Yu-Feng,
T. Wei-Wei, Y. Qiang, and Y. Yang, “Taking human out of
learning applications: A survey on automated machine learn-
ing,” arXiv preprint arXiv:1810.13306, 2018.

K. Fu, D.-P. Fan, G.-P. Ji, Q. Zhao, J. Shen, and C. Zhu,
“Siamese network for rgb-d salient object detection and be-
yond,” IEEE Trans. Pattern Anal. Mach. Intell., 2021.

J. Zhang, D.-P. Fan, Y. Dai, S. Anwar, F. Saleh, S. Aliakbarian,
and N. Barnes, “Uncertainty inspired rgb-d saliency detection,”
IEEFE Trans. Pattern Anal. Mach. Intell., 2021.

S.-H. Gao, Q. Han, Z.-Y. Li, P. Peng, L. Wang, and M.-
M. Cheng, “Global2local: Efficient structure search for video
action segmentation,” in IEEE Conf. Comput. Vis. Pattern
Recog., 2021.

S.-H. Gao, Q. Han, D. Li, P. Peng, M.-M. Cheng, and P. Peng,
“Representative batch normalization with feature calibration,”
in IEEE Conf. Comput. Vis. Pattern Recog., 2021.



	前沿
	贡献

	相关工作
	COD10K数据集
	图像搜集
	专业标注
	数据集特征和统计

	COD框架
	模型概览
	搜索阶段
	识别阶段
	实现细节
	学习策略
	超参数设定


	COD的评价基准
	实验设定
	评价指标
	基线模型
	训练/测试协议

	结果和数据分析
	消融实验

	下游应用
	应用I: 医学
	息肉分割
	肺部感染区域分割

	应用II: 制造业
	表观缺陷检测

	应用III：农业
	病虫检测
	水果成熟度检测

	应用IV：艺术
	文娱艺术
	从隐蔽目标走向显著目标

	应用V：日常生活
	透明东西/目标检测
	搜索引擎


	潜在的研究方向
	结语
	参考文献

