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Ground-truth

(c) TINet-Text
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A REBHRRR, MRS EREA
JEDVSEILX — 5 - W 2R, RIGRERENE
B TAE B4R HSEE R, RMiZ LIES
7+ 1 BT Canny i 86 N 25 7 AN [R] 1] {515 78 P e
REEREHELR. AMEZ, AXEEXR
TH—MMURERIIEZE, DU RIS EAR (BD B Frih
E2>)) SEMm Rk e HVREQI » B2 L
FEEZ W 554.377 -

3 RIERRE M4

W0 SCRR[36) BT i 18 B, AR AE AN i B IEAE )
R A RS AL SCERBTEEW, A
T3 R AE 52 17 [FI B S - i 3FTR, AR

SCHE H E IR S B G 2 BT T SRS 2 A
SRR AR O FERAL AT AR -

3.1 E X HEes

A E— IR EERT € RV | KRASE
{55 PR (OB fficientNet. [38]/ 5 XA FB 38 R FK L4
LX), -

WG TP L. R CRR T
A 55 B S T A AR I B R R R 2R 2 1R 7 2
FLEMIE o) (U B S BBV (B
%= 3.4, 50) | EHRETORSRFEENE
S HEBREFABEC x 3 x 3 BRI
K ANHIConvBRIZY, T 4548 A (5 1 45 1 44 P
BFIC;, BB FHIGE SR B . 85
BT S AESUSE(XRYS, € ROXHSW: | H
O Hy = B W, = W5 BRI @

H. SEMTE.

3.2 SIS

ARIGEGINT —A> F EH R B 1) 5 2
IS, SREN T R =R SURIER LR SO AL
AE1 55 BT S 2R R (0[]«

EAREB BRI BB B Tk B (R 5 1Y
F BN EERSBRRUEZ AP EZEL, €
W Z R TR [41)F08 5 PR (4245
2o B 3R M RER T Rz B PR
BT EREZC (b)) MERER (a) K
B, RIERBERAR (o) MEGHE (o) -
R, FHERAERTE R KRG B SR8
(e) TERSEHAIMEEES, ATREXRSMIL
AR o O T RAFIX — R, ASCHIN T — TR
s >Es, F ARRAIREZC (d) 1ERik
B, EEE T HIRAFRMAE XIS R AR -

A 3 A, convBRE R AR ME M & M E
HBNJZ [39]fIReLUJZ [40] -

HE



Springer Nature 2021 ETEX template

(a) Image

(d) Object Gradient

gradient

(c) Object Boundary

Multiplication

(e) Image Gradient
gradient
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#04[|Cqg x L x W 1x L x W convBR [1] 1 |1[0
L RE ] IFROR N
G _ c
Z" = Fp(Z(z,y) ® 27, (1)

o Py FRARVER Canny RIS [43), HIA
R B R LR (e, ) HERERT - @ %
FERETEEHE -

WHEGTE. TS BRI RS
SN E SR, R T B SRR
YRORRDES, AR AR B IR . R
W03 B GEZNFE 1) RRBSEHEXC e
RO Ho<Wo . I, 1 F E B EEZE W bR
HIHOAR AT IS B - AR TRA S PRI
BAE (B0 H, = ZAW, = W) | EHRRAS
PR AT 7 T KHBAH T ©

3.3 BEEIH S

VB SURF AL AN SR RFAE 2 18] B P& A SRR B & R
ReRMtTERET, MAERHAEBENRE
SR (. PHEMAEIERIE) - ik, R30I
T RIEREERH SR (GIT)
iR (EZ LA 4), €0 HR A SRy

IERMB Z R G . BiKS, EE/B/mT
=z
BERBSHFESE: ZXEMEL, &

6 5 F B B 075 S o0 2H 2 5 SR R = 08 UK

(XY, F— AN SO EXC Vit b8

ERIHE o FTEANXE MXORHAER, KRG AT

PR ESUwR

{XG}M_l c REgxHgxWy — XG c chngqu
(2)

H BRMESHEBE. K, = Ci/M FIK, =

Cy/M S BIFTRE MFERMBER, METH
X BALIHE - SRR AR SUHEX T,



Springer Nature 2021 ETEX template

Texture Feature
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HIRRERRK GF2IE2) -

IR 3CAE FA Adam M A0 25 DA 21 3 1 77 231 GRS
B . i FHSGDRIEES [51] 8 4% 5% 18 K HE 43 oK i B2
IR, BN RS B KRR
A RE 1072 /1074F120 - #L KR/ E N2, &
RER I E 100 EIIZREARE], ASCR &K
B N B K /ANREE 352x 352, FHAF A T U AL
TEHEIRTT A BORHR - FEYLENES - FENLEET AN

BENLIER: - )5, DGNetiEMFIDGNet-S 43 B
FER.8/INIFFN7.9/ NI IR BRI I ZRIS S
W& MR, RICR A
B % B K /N B 352352, FFTE = AR A
A 5 4 2 F A DGNet-S FIDGNet . 11
¥ A5 H PC B RTINS 68 AR AR
UDenseCRF [52] KI5 4bHEH A -

4 2%

4.1 MR

WIRE: haE B Ha =A% EE
££: o) CAMO [32] HUREH1,2505K K14,
H W HCAMO-Tr (1,0009KEE4%) FICAMO-
Te (2505KFE74) - b) CODIOK [2] & H A&k
thEE BRI AL 9E %, B8 & T CODI10K-
Tr (3,0405 £ &% ) FICOD10K-Te (2,0265K
) - HEBRTHEAZAN RBRE MY, HE
THM AR LLT69 ™ F K - ¢) NC4K-Te [17] 1E
FERKBMRE RS, B8 T4 1205 E 14,
FH SR VE I B A AL B (L RE T o B AE SCHER[2)
B B, A ST FE4,0405K B R BIIR A I 4R &
(Al. COD10K-Train + CAMO-Train) {7
RSk, FEE = A F W NE B AR ST
(EHEZWE3) -

FebR: BAESCER[2), AU BN E R bR
AR . S5MFEFR (S,) [53]~ HEIRITHALFE R
(Ey) [54, 55~ F¥EFR (F5) [56, 57]~ MAFE
tr (Fy) [BRIFPHgEIRE (M) - BoH,
T 2R A T [0, 255), AU — 515 B e
K AEZE (PR) HIZL [56] - FFabrh & MEFR T
k. BE, RICEA= M EREEEEE W
BRI R HUSHE (Para) AETH

27 ¥ 2 SURIMACsFR I % 59 % 57 3 : https: / /github.com /

sovrasov /flops-counter.pytorch.
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RMEg &, R BIZERE (MACs) HHE
WNELALGoRMET &, IR BRI (fhs) -

ST ECARA . AR fl20 N RTVEIETY (W 3)
BATREEG, S8 B B iR A R 124 B
PRARMIAETS o AP HER, 45 R IRIFT R v al
i R IR % E AR AR5 B gk .

4.2 SRS

ERGR: WF PR, DCONetiERIZEFTETRIT
SRS T IR AITERE - FRAIHY, BT REER
2] SRBS TR T TN E SRR, JF BAECAMO-
Te U ffE S AU Fy T AR £ LI2.6% ) 22 BE AR B T 4%
F—ISINet V2R 2] -
EEM%: WHE SR, AIGED AR EE
KL FTE 5 Hhe B AR I AE 5% AT LT kg
MR- BEE (F117) - FiEtr (55217)FIEFE IR
(S831T) Hi%% . FE=EURE LRI R, &
SCEREL SR /R R r 2 B A T EA U7 1%
REVEGE R TR B 3 B A ke I 2 4
FIFIDGNet Y {05 % Fig 2 WIE 6. 5 # i
FE, XL AR TEIETE B RS RGN A E A
AL TR RIS R . MR, HTARSHITERE
F T BARE2ES) 5EmE AT AR E AL B FR X 385
PRALRETA AT 45 5 -
MEBESNT: H T FEFHIE R ARSI ER AL
E, MRTUHENNEERMS, KXW
MRS IR A BUS T & ERNE GFS I
7) o DGNetBEZEKIg (Fyfabr: +2.6%) &
FT HES 5B — USINet VIR Y [2]. [HEEE M
F&, AR SLHIDGNet-S LUK THES 56 —
A ICSOD [21]113.33MSE & HIE LT,
HMERERI - o, RUER 4T REFEH
3 H PR A AR . H/ENVIDIA
RTX TITANE F E A7t - 3 7 2 g 3l
T DGNet-SHEFIFIDGNet 571 §E 14 1| 8 #0 SC 5 )
HEHEHE (RN 80 fpsFA58 fps) -

4.3 JHREIEE
AT 33E— 1 AR O R BR 3E AT T R SR 6 SR 56 IR B
MESRFIE AR . BT HRIFERE, RT3
SDGNet-SEALFHATIHRLSLLS -
EMMERER: WX 5-()fin, KT
TDGNet-S W EUHE % 19 &5 FIGIT, FF PRy = il
M4 (#01) - MHERTH#OUER, RILAHDGCNet-
ST (#S) (B IN T 0.06M A S50 &
BFEMERE A RIRERFA -
g O o4 WM OB OE - I E E E
O, 16 (#02) -~ 32 (#S) -~ 64 (#03)
F128 (#04), KIEESEEB KA RES S BT
REVBAN . FSEPITH R BERANE B A, AR
WHEC,; = 32 TERNBAELE -
MR RRE SRR FIVE R . RTTIRR T ERERIR 1Y
VEME . ZICHR [19RIB A, ATR S GRS
#y PR B RHIE B 0 BN T X G i 2 B B AR
BFREX,, LB L (#05) o HEE
BEHE, AT RSB SESERRBOT R, R
BT ELE (Bl. #05 FI#S) |
DABORVE B SERS AP o TR 5-(c) R, R
T AR OO I AR RESE THERE (FECAMO-Te%#E
EHFYIRIF LRI T5.3%) |, X835 TS
T AR AN R R IR A A — UM
B E B IER: RIS EREIZY (#S)
BRGNS EZE (#06) DIEEHE Y 25) 32
ET R A B BT R MR RERR . (FECAMO-
TP R FYfRIR LIRTH T1.7%) AR THE
. B SE—ITRBEAFREFS T NS
5] P PTREEI PR ERHE, Bl T AT
TR REAEAG AR i HE O 25 H FR A B0 B A3 R
SR, XRBEREAFEGNT 5| A WEE BRI -
BRI — S HETEEREREE (34 (&
DB 2) #ATHMSELE, R 679 145 R K
A ERE T (B w/ DGNet-Grad)
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®3 AR STEREAFINER, BE 8 B B MOMERAI12 R B VMG . QRETR A BITERaoHE
%, MeanQRIVEFTEIEIAIT-EHES - R, Epe/Fpe . Epn/FrrMES ) Fais B MR IEARRMF TR SR A E -

SEEER EERNE - /MR EMER /G, RS - P BTSSR IE A LAAEOneDrive-3.54GBH RS «

SOD-related Models

COD-related Models

0

= < 2 Sl e %

: oz 5 s % oo 5|3 2 2 3 E 38 © S 3lz =z

6 E £ %2 2 0z £|2 % 2 & 2 0 £ 22588 2|00

H » O O K 2 & =2|lm Ao M O FH D &4 »n m A = wm|A A

Metric || [59] [60] [61] [62] [46] [63] [64] [65]] [1] [3] [66] [27] [34] [20] [15] [18] [18] [17] [21] [2] | Ours
So T||.777 .830 .788 .750 .780 .811 .811 .805|.808 .822 .817 .838 .829 .839 .829 .829 .833 .840 .842 .847|.845 .857

QR || 21 9 19 22 20 16 15 18 | 17 13 14 7 12 6 11 10 8 5 4 2 3 1
E‘g” 1T1].864 .897 .865 .793 .848 .886 .883 .881|.883 .888 .872 .904 .890 .899 .898 .893 .893 .907 .907 .914|.913 .922

QR || 20 9 19 22 21 14 15 17 | 16 13 18 6 12 7 8 11 10 5 4 2 3 1
E;}“" 1T1].841 .854 .804 .773 .824 .871 .845 .846|.871 .876 .859 .897 .879 .874 .888 .863 .867 .895 .898 .903|.902 .911

. QR|l 19 16 21 22 20 11 18 17 | 12 9 15 5 8 10 7 14 13 6 4 2 3 1
[ E(‘;d 1T1].826 .864 .842 .812 .853 .883 .855 .876|.882 .871 .868 .898 .880 .886 .892 .884 .889 .902 .903 .898|.899 .907
:' QR 21 17 20 22 19 11 18 14 |12 15 16 6 13 9 7 10 8 3 2 5 4 1
D F[g’ T1].639 .698 .632 .603 .656 .729 .680 .705|.723 .724 .732 .762 .734 .747 .745 .731 .740 .766 .771 .770|.764 .784
:f‘, QR 20 17 21 22 19 13 18 16 |15 14 11 6 10 7 8 12 9 4 2 3 5 1
% Fg” T1|.731 .793 .738 .669 .719 .782 .762 .768|.775 .786 .782 .810 .793 .807 .799 .797 .800 .815 .816 .823|.819 .833
QR 20 11 19 22 21 15 18 17 |16 13 14 6 12 7 9 10 8 5 4 2 3 1
an” .696 .757 .695 .655 .705 .775 .729 .753|.769 .762 .772 .795 .773 .787 .784 .777 .782 .804 .806 .805|.799 .814

QR 20 16 21 22 19 11 18 17 |14 15 13 6 12 7 8 10 9 4 2 3 5 1
ng T1|.671 .744 .709 .672 .710 .776 .717 .763|.768 .753 .767 .788 .766 .779 .779 .771 .778 .802 .803 .792|.789 .803

QR 22 17 20 21 19 10 18 15 |12 16 13 6 14 8 7 11 9 3 2 4 5 1
M L]].075 .059 .074 .088 .070 .055 .064 .060|.058 .059 .058 .049 .055 .052 .053 .055 .052 .048 .047 .048|.047 .042

QR 21 15 20 22 19 10 18 17 |14 16 13 6 12 8 9 11 7 5 2 4 3 1
Mean@R || 21 15 20 22 19 12 18 17 | 16 13 14 6 11 7 8 10 9 5 2 3 4 1
So T||.732 779 726 771 711 .739 .750 .737|.745 .769 .749 .796 .781 .785 .782 .772 .775 .787 .800 .820|.826 .839

QR 20 10 21 13 22 18 15 19 |17 14 16 5 9 7 8 12 11 6 4 3 2 1
E;’”” 11].820 .850 .801 .849 .780 .820 .830 .818|.829 .837 .808 .864 .848 .854 .855 .842 .842 .854 .873 .895|.907 .915

QR || 17 9 21 10 22 18 15 19 | 16 14 20 5 11 8 6 13 12 7 4 3 2 1
E;’”L .800 .797 .723 .795 .741 .787 .780 .767|.804 .824 .796 .854 .836 .823 .842 .807 .812 .838 .859 .882|.893 .901

— QR|l 14 15 22 17 21 18 19 20 | 13 9 16 5 8 10 6 12 11 7 4 3 2 1
g Egd T].811 .848 .810 .847 .802 .811 .830 .826|.825 .833 .806 .864 .845 .859 .852 .850 .847 .855 .865 .875|.892 .901
K] QR 18 10 20 12 22 19 15 16 | 17 14 21 5 13 6 8 9 11 7 4 3 2 1
3 Fg“ 11/.604 .643 .553 .642 .564 .640 .610 .613|.644 .663 .646 .719 .678 .686 .695 .664 .673 .696 .728 .743|.754 .769
= QR|l 20 15 22 16 21 17 19 18 | 14 12 13 5 9 8 7 11 10 6 4 3 2 1
< Fé’” 11/.688 .738 .667 .740 .630 .708 .694 .683|.708 .728 .703 .771 .745 .754 .758 .739 .740 .753 .779 .801|.810 .822
o QR|l 19 13 21 10 22 15 18 20 | 16 14 17 5 9 7 6 12 11 8 4 3 2 1
Fé’”‘ 11/.670 .705 .614 .705 .616 .700 .663 .667|.702 .710 .692 .762 .728 .738 .746 .721 .726 .744 .772 .782|.792 .806

QR|l 18 13 22 14 21 16 20 19 | 15 12 17 5 9 8 6 11 10 7 4 3 2 1
F/‘}d T1].667 .733 .678 .730 .661 .716 .692 .704|.712 .715 .696 .764 .729 .749 .751 .733 .738 .756 .779 .779|.786 .804

@QR|l 21 10 20 12 22 14 19 17 |16 15 18 5 13 8 7 11 9 6 4 3 2 1
M [][.109 .090 .114 .092 .109 .094 .102 .096|.092 .094 .096 .080 .087 .086 .085 .089 .088 .080 .073 .070|.063 .057

QR|l 21 12 22 13 20 15 19 18 | 14 16 17 6 9 8 7 11 10 5 4 3 2 1
Mean@QR || 20 12 21 13 22 16 18 19 | 15 14 17 5 9 8 7 11 10 6 4 3 2 1
So T||.736 .789 .748 778 .739 .776 .767 .769|.776 .789 .802 .813 .793 .818 .800 .811 .814 .804 .809 .815|.810 .822

QR 22 13 20 15 21 17 19 18 |16 14 10 5 12 2 11 6 4 9 8 3 7 1
E;"” .855 .880 .842 .871 .819 .867 .861 .864|.874 .879 .870 .900 .878 .891 .890 .890 .890 .892 .891 .906|.905 .911

QR 20 11 21 15 22 17 19 18 | 14 12 16 4 13 7 10 9 8 5 6 2 3 1
Efﬁn" 11/.810 .817 .766 .810 .795 .857 .808 .823|.864 .861 .855 .890 .861 .853 .877 .845 .852 .880 .884 .887|.888 .896

= QR 19 17 22 18 21 11 20 16 8 10 12 2 9 13 7 15 14 6 5 4 3 1
: Eg‘l T1|.753 .789 .768 .791 .818 .867 .787 .837|.867 .839 .869 .886 .848 .850 .868 .851 .865 .882 .882 .863|.868 .877
ln QR 22 19 21 18 17 8 20 16 9 15 5 1 14 13 7 12 10 3 2 11 6 4
% Fg" T1|.517 .575 .509 .569 .544 .633 .557 .601|.631 .629 .677 .686 .635 .667 .660 .655 .666 .673 .684 .680|.672 .693
5‘ QR 21 17 22 18 20 13 19 16 | 14 15 5 2 12 8 10 11 9 6 3 4 7 1
&) Fg"" 11].633 .699 .634 .679 .609 .691 .658 .672|.691 .704 .729 .743 .712 .742 .725 .733 .738 .732 .738 .752|.743 .759
O QR 21 14 20 17 22 16 19 18 |15 13 10 3 12 5 11 8 7 9 6 2 4 1
Fé"” .582 .651 .582 .635 .593 .681 .615 .654|.679 .671 .715 .723 .679 .712 .701 .702 .711 .715 .721 .718|.710 .728

QR 22 17 21 18 20 12 19 16 | 13 15 6 2 14 7 11 10 8 5 3 4 9 1
ng T11.526 .593 .555 .589 .588 .673 .573 .639|.667 .640 .707 .703 .652 .671 .676 .667 .681 .699 .705 .682|.680 .698

QR 22 17 21 18 19 10 20 16 | 12 15 1 3 14 11 9 13 7 4 2 6 8 5
M ||].061 .047 .058 .047 .051 .042 .051 .043|.043 .045 .038 .036 .042 .035 .040 .037 .035 .037 .035 .037|.036 .033

QR|l 22 18 21 17 20 13 19 15 | 14 16 10 5 12 4 11 9 3 8 2 7 6 1
Mean@QR || 22 16 21 18 20 14 19 17 | 13 15 9 2 12 8 10 11 7 6 3 4 5 1
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1 NC4K-Te [17] 1 1 COD10K-Te [2]
0.8 0.8 0.8
§ 0.6 _‘5 0.6 .5 0.6
8 3 3
& 04 & 04 & o4
02 02 02
0 0 y . ol 060 0.65 0.70
02 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Recall Recall
1 1 CAMO-Te [32] 1 COD10K-Te [2]
0.8 081 o= 0.8
5} | L )
£ 06 | §0.6 | £ 06
iz} | 7
< S | <
g g | &
T 04 T 04 | T o4
£ 3 | = 3
0.2 02 02
0 0 0 220
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Threshold Threshold Threshold
1 NC4K-Te [17] 1 CAMO-Te [32] 1 COD10K-Te [2]
0.8 0.8
[ jol &)
S506F g0 ] 506 our
2 2 2
< < <
g g &
0 04 s 0 04
02 02
0 080 150 o 30 125 200
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250
Threshold Threshold Threshold
R DGNet ~ ----nn-- SINetV2 LSR Y (] D UGTR -~ C2FNet  -----nn- PraNet !
! DGNet-S JCSOD R-MGL PFENet TINet BAS SINet

A5
(5347) - PRENAMEEITA LA, MRS - FISFAFIBTE RIS, RS . AR S R a1 -

50 # B AR IAE S A IO REEAE =8 A EOE2R EOPRIE: (B814T) - Feinihsk (55217) R 58 LA HE Hr dh 4%

#4125 EFRRMIET S A SRR MERSLG] (B DGNet-S il DGNet) BIREHEEEERTH. .
Model DGNet-S DGNet SINetV2 [2] JCSOD [21] LSR [17] R-MGL [18] S-MGL [18]
Input Size 352x352 352x352 352%x352 352%x352 352x352 473 %473 473 %473
Speed (fps) 80 58 68 43 31 9 13
Model PFNet [15] UGTR [20] TINet [34] C2FNet [27] BAS [66] PraNet [3] SINet [1]
Input Size 416 x416 473 X473 352 %352 352%x352 288 %288 352%x352 352x352
Speed (fps) 78 15 50 68 31 73 63
o BAh, AR ICHY T I HTINet R B 5 & WMT ARG, HlW: DGNet-S (S, =
BHER, #l: DGNet-S (8.0M) ws. TINet 0.826) ~ DGNett&Z (S, = 0.839) wvs. TINet

(28.6M) ~ DGNet-S (80 fps) vs. TINet (50 fps) o
ARSI X R — A R IE AT AECAMO-Te £ 52

(S0 = 0.781) -
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Ground-Truth DGNet DGNet-S

Image

SINetV2[2]

LSR[17] JCSOD [21] RMGL[18] SINet [1]

BEle LAY fh%é B FRRG I R 22 BT AID GNet B2 A AT (L 45 5 o £0HE R RBH/BA LTI - 5 & Al #4045 5 1% 2 Whttps:

//github.com/GewelsJI/DGNet »

0.804
CAMO-Te [32]
DGNet
DGNet-S|2.6%
0.75
3 SINetV2 = 113.33M i
| . PFNet UGTR “l1csop
C2FNet | LSR
—onof - PRemaL
22| TINet L 5
= L _“S-MGL
§ PraNet S
£ [sern BAS
S065| =t
= . N
o 1 ‘
&~ UCNet . SINet
\
- CSNet-R 0
. MINet-R
0.60 TiSD EGNet
F3Net
0.55 CPD
4 The lower the better

12394 9Y) JoySHYy Ay |

20 40 60 80 100

Model Parameters (M)

120 140 160

7
Billk .

SHBEMEE: X 5T BIUA
Al 4 HEBEM MEERER, BE 55
H1 (F#07) ~ 4 (F#08) ~ 8 (#S) ~ 16 (#09)
32 (#10) - EEBRAH#A0T (M =1) K&
H B FFAERT S 30T YEBER N FE (ZENC4K-
Test BURRIEP“FEFR LFEIR T 2.4%) « AE
BV R R B AR M =8B E N BB E -

MERFHWEE: ARTAER -OF HHET
B FN € {N1,No, N3} X156 5015 B8 1 5
o METAEPEE (#11: {2,4,8}F1#12:

A
%
®

S 200 o

< 3T 8L

P > &
o) o I o
2100 25588 TEm
g SR A R R R R R R
£ |I2z088888axaa7 HHH
JEEmntnnme @il .
o
600 g
o

= 2

g 400 o €52

s © = ng o)

2000»8?3::%2::m%2qa = 21;0
(LB EEERFEEREANERY N (NE1SR

—~ (=)

So %IS [a] ©

%0'826 Fé‘l%oc 2g L4 e &

3 e SE 2EgZ¥3ZECe 2

g 07 - R N - - b

£ 06 2= 2 =

: A 1

Al

05@&%%&%03/%@@ ags—agag@@;aogf
LSS5 CCFICESISSTSSE
$9° §C SESES RN

(Z2H) AXZ2HTECAMO-Te [32)8UHEE LITEX EAIFMERE (Fy) SHEBESHEHNE - AUTBKAREE S
(FH) AR TSR - TR RIEFRERE (Fy) BRI - AR B SRR R E -

{4,8,16}) fif O 4R RO 4 K
T(#S: {8,16,32})7] 3K 15 5 4F /9 7 I 44 BE -
wmE 4R, RRER T Z A HAT R IE IR
(Bp: AN~ ANVFIAN) MRl ALgE R, WL
ML BN AR & AR REE 53X
E T HATIRZ 2 > R A AL i — P
BTG SUFFALE -
BN FEEZ BT 3ORFFTH AL ? 103 5-
(g)FiR, BRI HARFERFH3KE T =M THRSE
% 3T (#S: N e {8,16,32}) ~ 4F4
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*5 THEISLSS . #Para Fl#MACs (UK RIS EE M RINIZRIREL -
Efficiency NC4K-Te [17] CAMO-Te [32] CODIOK-Te [2]
No. AR H #Para  #MACs | So T FY T ML | Sat FFT Ml | Sat FPYT M|
#S ] DGNet-S [[  8.30M 1.20G [ .845 .764 .047 ] .826 .754 .063 | .810 672 .036
(a) Base Network — see 43.171
#01 ] Base [ 8.24M 0.58G [ .834 .676 .061 | .814 .670 072 T .793 .550 .049
(b) Configuration of Dimensional Reduction — see 553.1 1)

02 C; =16 8.00M 0.81G 842 758 .048 .824 749 .066 .806 .663 .037
#03 C; =64 9.36M  2.69G .845 764 .047 .827 748 .065 .812 .673 .036
#04 C; =128 13.30M 8.55G .847 .768 .046 .828 751 .062 .810 .672 .036
(c) Network Decoupling Strategy — see 5327
#05 ] w/ Xo [[ 8.24M 0.59G | .840 712 .055 [ .822 .701 .074 [ .805 .597 .043
(d) Should we use Z% as supervision? ~— see A 3u(1)

#06 | w/ ZP [[ 8.30M 1.20G | .841 .753 049 | .821 737 .067 | .804 .654 .038
(e) Group Number M — see AZ(2)

#07 M=1 8.30M 1.20G 841 756 .049 822 751 .064 .806 .662 .037
#08 M =4 8.30M 1.20G .842 759 .048 .822 742 .067 .809 .669 .036
#09 M =16 8.30M 1.20G .842 752 .049 .829 744 .065 .803 .651 .039
#10 M = 32 8.30M  1.20G .845 .913 .047 .827 .745 .063 .809 .666 .036
(f) Scaling Factors N € {N1, N2, N3} — see AZ(5)

#11 {2,4,8} 8.31M 1.20G .842 .755 .048 .821 741 .065 .808 .663 .036
#12 {4,8,16} ‘ ‘ 8.30M 1.20G .844 762 .047 ‘ .823 .744 .065 ‘ .806 .666 .037
(g) More sub-branches in Soft Grouping Strategy — see AZ.(5)

#13 N € {4,8,16,32} 8.30M 1.20G .844 .760 .048 .829 748 .064 811 .669 .037
#14 | N € {2,4,8,16,32} ‘ 8.31M  1.20G .846 .765 .047 ‘ .825 .750 .063 ‘ .810 .670 .037
(h) Gradient-Induced Transition — see AZ.(6)

#15 ] w/o T, [[ 8.3IM 1.20G [ .839 748 .050 [ .825 741 .065 [ .802 .649 .039

Camouflaged Image (a) Object Boundary (b) Object Gradient

K e S ad
-~ ’.‘—a_u L5

S TR > g
Camouflaged Image (c) Before GIT (d) After GIT

Es WA EITIIFME R AL, B BRERE
(%5147) FIGIT (F217)

#6 TEARREEAN TG MDGNet-SER, 4 4L
bR (TINet-Text [34]) FIASCH) BT ERE
(DGNet-Grad) -

KT AEBIFEAF B IR LS T RIMERE, /@
#: EfficientNet [38] (E: EffNet-B1 & EffNet-B4) vs.
MobileNet [67] (El: MobNet-S & MobNet-L) -

NC4K-Te| CAMO-Te|COD10K-Te
#Para MACs| So Fg' | Sa Fg | Sa  F§
MobNet-S | 2.96M 1.27G|.779 .638(.735 .587 [.729 .517
EffNet-B1| 8.30M 1.20G|.845 .764|.826 .754 [.810 .672
MobNet-L | 6.96M 3.17G|.820 .723|.791 .686 |[.780 .620
EffNet-B4[21.02M 2.77G |.857 .784|.839 .769 |.822 .693

NC4K-Te CAMO-Te COD10K-Te

Sa Fg M| Sa Fg¥ M|Sa Ff M

w/ TINet-Text .839 .747 .050(.820 .731 .068|.803 .652 .040
w/ DGNet-Grad|.845.764.047|.826.754.063/.810.672.036

T (#13: N € {4,8,16,32}) M5NTHH (#14:
N €{2,4,8,16,32}) . G5RFH, HTWEL, #
R L AR R NS E

B SR TR AT R R R A GI T
B B B EE PR RAE (R 5-(h)H
BI#15: w/o T;) , FALVSIEHABERME . AT L
FECAMO-TeAU 8 88 I, B & GITH B iy 155 A

(#S: w/ T;) BEFEFLIEIR LIRG2.3%HIFETT -
b, W SHE TR, BRARERISE
T BREAMRIEZ] (BRI After GIT) FH0
HIFRMEXE  (BD: Before GIT) AT SIEF .
X558 T GITIE R RERS 78 43 1 2R &8 S5 B AL
HEE -

4.4 JFIRHE

FREREMN G vs. RERBREME: A&
WEIEZEM 4, (EfficientNet [38]) B pli iz &2
FIE 2R/ 4% (MobileNet [67)) SRISIEA LAYk
TEME A Z R N RSN E - ER THHER
PR LT EETRERBENERE T ALK
HERERE, RIMobNet-S (2.96M) FIMobNet-
L (6.96M) , Xt HAREHFERE T TERSMH -



Springer Nature 2021 ETEX template

Camouflaged Image SINetV2 [2] DGNet (Ours)

Eo EH/IMSE REGH R .

A’

Camouflaged Object
Image Gradient

Ground-Truth  Prediction

E1o AEEUEHNEIMBELROMAER L -

#8 DGNetEEIFIITH & 1 N ZoomNet A [33) 72 =it
HA ERTERERT L -

NC4K-Te | CAMO-Te | COD10K-Te
#Para MACs| So EJ'"| Sa EJ"| Sa  EZ™”

ZoomNet| 32.38M 34.96G|.853 .912|.820 .892(.838 .911
DGNet |21.02M 2.77G|.857 .922|.839 .915|.822 .911

BEMRMERMER: RERTNERE T2 AN
BERE, BEW T EESEI SR
TAERERIF AT . E5E, ASOARFTIEH K
BE TR AN PR AR/ B DX A5l A A DASR AL 72 8
HER, XeSEURMAMEMTN - E 9fiR,
R AR Z) R FHE 4 55— RISINet VIR 2],
BRI — P RIS -

HR, BATRERRNHARTE RN A
HEEEHEMBERMN . W 108FE 17T
N, ARICHY TR R DUR B 4 BN BB T
TR E R - R, ARCHJTIEEIE 1055 =
3 Fh BB R B W D B BB e R AR it %
NRMUT o XU FATE Rk & T £ % R
EHEZBRAXBAA SR . o, AR
TEFR AT 2 Ja v B B 80 & A0 1 % B ARkl 7
£ZoomNet [33]- W15 8F/R, ARILMIDGNetik
DL 55 1 B #ZoomNet (Bl - NC4K-Te:
+1.3% Epe FICAMO-Te: +2.3% EJ<*), {HR

®9  WAFHME A FMNSEIRR N ERER -

CVC-ColonDB [68] ETIS-LPDB [69]
Baseline [Sq 1EJ'® 1FY 1D™® i 1EJ'® 1FY 1D™® 1
UNet [70][.710 .781 .491 .560 |.684 .740 .366 .444

UNet++ [71].692 .764 .467 .550 |.683 .776 .390 .509

PraNet [3].820 .872 .699 .728 |.794 .841 .600 .639
MSNet [72].838 .883 .736 .766 |.845 .890 .677 .736
TDGNet|.858 .898 .765 .789 |.847 .904 .690 .741

At ZECOD10K-Te b # # & . ZoomNetHt 2% 3
FIDGNetf<A! (21.02M Z¥(2) HHEZMIT
BB (32.38M SHE) - XA TEAR R
T B 2% R AR BRI AT ST 45

5 TR

AATLE = A RS A A TR Az AL RE
BHRASE. ERHSGhRFHES, BEREM
LR RO B BARRA G L, BRI
THMENRERES . HESRARITEEEST
SR HIZ AL BE T, AR T B A [R] A AR VT 00 2
W [3], #EKvasir-SEG [73]F1CVC-ClinicDB [74]4%
& L EFIZ TDGNet A . SR B A R
DL B R4 CVC-ColonDB [68] FIETIS-
LPDB [69]- & 97~ T TDGNet £ I 4 f5 i1
F—FB&TUAGENERASE
%, B &S, EpT FyMDicefs i1 K i K (H
(Dmz) o R ERERZE, "DGNet F 7w 7EFF
E AT 55 1 I 2R B 9% 5 E E I %R TDGNet
HIDGNet E R FTMMLERIES LA 11 (a)-
BREARW . ANAEBM TR (. &
B~ RAR) 2 A A 3 o0 38 AR TC ¥ B B I 2
GEA ok o AT 3k — 0 0 B R4 RS I EE 48 |
(Bl: CrackForest [75]) EHTIIZR T LA HH)
P BATRRMIETL AT DGNet AL, HAF60%HI4L
TEARIILR, TM40% FEE AN .k 1157
N, BN T RS R
EREVRSE: HEAEES, Bk (@ 6
R ANFITEANL) TR KRB EAERY
A (Flan: BEES . KA ) B, K
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(a) BASDHE

T EE B B An o EE S P IRIE T TDGNet #57
AR - R T EME, AT R Trans10K [76) 505
S F R SE A1 2 S0 R EE TR R A BRI A
PRSI RER . B 119 AT AL Rt — D
7~ T TDGNet 8 [1)2£>] e

6 Z5iE
AR T WA TR R R 2 ) e 2

(DGNet) FLLESH Bt BFR . T 298
THEERRAE, A SCHE R AR 55 R RE AL 1> 93 3L
AIiE W Omid g e B gR g 8y - A SCEIT T H#
(RN B A BE 15 S 3% (GIT) |, 1EAER S
PR A 2>k B A 2 SCAFRIE - 53X
— & 5 B R G RIEZE =N B E P 5 E £
b, MEET20 IS R R T BRI
LREST - BRILZAL, R R RUREISE S DG Net-
S (8.3M & 80 fps) 1A F| L5 HIMEBE S5 A FEAN
o ARCHJTETE B R E] - BREEREINFZE B B
B =4 T ES T, BREIT 2 NHEM
LESL, SR T HIEFRRAANE -
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