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WE  AXEA TR —MEZE R B4R % % (Camouflaged Object Segmentation, COS)
AR, A, AXFRT —NMEMBRXMAELE, KA FHEMMEENEL (Pyramid Positioning
and Focus Network, PFNet+), HE#F T BAR P42, EfEkH, AXH PFNet+ @4 =/
FiEpE e Bl B 0 g s 3 (Context Enrichment, CEn), 45 3£ % i # 3 (Pyramid Positioning
Module, PPM) Fn & #H (Focus Module, FM) . CEn i1 #& | T X5 &R ¥ 52 F THAE 8 &
Bt A7, WTIREEAHEZ M S THA. PPM 3O H A REGH RPN R, NeFENF
AMEF oy AR BEARR. KRG FM R RFATH &P oy iR f o 48, 38 o A B K By
REXRZFMUAMBHTMER. BREZWNE, £ FM &, KXFRT —MAM SO R
UWRATACKEHAAmER, NRETM AR A28 LB AXH PFNet+ 4 L HE4T
(56fps), T NMrEEEFART, PFNet+ Z=NEAHRBENBZEE LHEZHRTHAK 20 A
RIER, EHMNRES (WEALE) EHERIF—FIEHT PFNet+ HZLES.

KEIE  thEak, 4%, ETXUHE, FTXHRER, 25K, 47
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(BE) SO bk (BE7) (1), Zai T8 “TosE” AR B e w ik ae 1y, th
WY E (COS) FEBEsWT (WA IH] [2~4] AliRiEsesy#) (5]) . Toll (Wide B sk =g
RN AR ) - Aol (iR, DABT IEARR) « AR (WS RREERAL S, AICE
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9 RKAHER B S B T NSRRI ) . BERE (a R L) MIEAR (lhE YR
BHBIREAR) G GREA ) ZH B
SR, COS J&— TR A PERAL 55, DR DR SR J il aed S L 48 2 B IR S AR ok TAf:
1 (1), PRE EORR AR [6] A TH R i T H ARPy AT 52 18 e B N FEAR DL B s | &
FRIIEE SO DB AR 23 BN S A e LR 2 AN SRS U 3 ST R & D sl [1]. RO REO T
MRYESCE (7], =48 [8] izl [9] 2T TR B RIURHIER X RIS AT 5. SR, IXFRAEXS
DZERARD R R X RE A IR, IMIAER 23 S AR R RS Bl d th i 2 - IR T 1Y
Jrik [10~12] fE—ERRE BFRw T EIERE, (EAEIRZMER A R0 Dh W (A 23105 3507 A AR
PNIDESY
TEH RS, Bl s Al O SEL R S U B, PARRRBUA B X [1]. 72
FRVERERI T, RSP oy s et e T BB v B e R B Y KI5 22 & I BE ). Al
B ARl Ao = A B, RSN L SFUMANRER [13]. Xk TASSCROP A Ay %€ RGBT £
AT Bk o B DR 1 4
AR T TR EMMEERME (PFNet+) , BOREER T ORY D FIMIERE. A3
PFNet+ f8& = A CEEH, B ETFSORMBEIR (CEn) S FRE MR (PPM) MR BRI
(FM) . Jirp, CEn i B A B R SUE EORIESE B TRAERRRBE Sy, A B Bt A BRI & T
fit. PPM it FERAL O £ s AR A, PAG: 738 i 07 s 4 R i A B2 58 LA E Y H Ay 1.
SR FM GO RAT s iR B AR, i SR 3R FE R A A (RS ) Tt 28 28 L4k
ME , PPM A PAS 7 3R A E foise (PMs) SAEWT HARP R RIAR 008, DIAEARIRRE T
SN 2 [ AH O, AT 0D D i 0y (A R TEEARAE A AN [R) (7 253 A1 el SR 2 0. PML phy —A>
ISR — D2 WAL, ENTEAAR R AL B, DA AR E A 25 1) 7 By T 4
RETE U, AT 4R BEE T D D (R O AR (8. FM B B Tl i s (B RS 4
MEREAT 2 RERY TR SRR, BRI (BCEBIE) THRKE, REEBRXETI, 53 H
PR A R RRE RN, XA DAz R AR N2 8, AE T A2 AHFE L, PAZE A4
Ao FIEsR, (M PFNet+ SR RGRAOR T 2 B0 IR RE )y (INEILETR) . 28 BRrig, A
SCHTTRRAN R -
o AR LIRSS AR BT S5, HIFR T — P i) 70 D2 SR R 2 T 70O DX I8
KIMERR, LAY B OO ik it f 51
o TR 7N DZE RS EITIE. %ITEE Sel i R KRR SR R R E LA
AT, SRS SREAET 0 O DI e BN 25 B A AP 2 AL o3 125 2R
o FTHR I BT IAAE = A B ERCR AR B S T OU R R DR M R IR RE , SEIRESRAER] T AR SO A
OEER G
R AAE CVPR 2021 W E%AT [14], FHAELA AT HIML T
o RILGIAT A LR SR HORNE S B T AR AL FnGE ST, DASRBE A BEAE A4 T RPAL
MR THDh 2B 0 % 14 7 (57 A SR AR ACR
o ARICRFORIE M (PM) 3T @i (PPM), A8 5 5 Blur the )
PR ) RE 0L
o AICRMIBHIBI (FR2h PFNet+) FCJFURAY PFNet [14] AR > EIMERE. IF HASGR
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Image SINet Ours GT

W1 Ptk sr IR BLREREBI. BUATRSEIE Tk SINet [10] #¢t Dbt ik JAT IO 15 5t X0 (55 —41vhid
IR IX) SR AAETT 5o P DS IR X (55 AP i i DR X ) Pk s, A ST 5 il AR X 2% T4,
Figure 1 Visual examples of camouflaged object segmentation. While the state-of-the-art method SINet [10] confused by the
background region which shares similar appearance with the camouflaged objects (pointed to by an arrow in the top row) or the

camouflaged region that cluttered in the background (pointed to by an arrow in the bottom row), our method can eliminate these
distractions and generate accurate segmentation results.

T E AT SR AT, DA BB S B S A R
o ARIGHEILFF PFNet+ B T BN EULSS , dE—2R8ik T EMZILEE

2 HxXIfE

AEATT A E SR B AN [ s S S A / > A B H ARSI B
PRSI L RFE XA DA S O AR A, SRJETHE 17— 28 K T BT SRR S AR T A

2.1 Ei@BHREN

it H ARG (Generic Object Detection, GOD) J27E H 28 BB rh M 24 FE A — B2
SESLEARSEG] [15], IR i As . S BRI M —, R s m e 55
(o330 [16]. AP [17) A0 HFRERER [18]) mOBLAl. S5 B AR DR B30, wATbAZ
Dherty, DA AR RMEREA. I, FAEVH GOD Jrik [19~21] 3104 (R ] fEih A
B TR ROR.

2.2 BEHBHEEN

SEYEH PRI (Salient Object Detection, SOD) [ H 952 11 3143 Flki A EUR 5 | A H
I E . AR TES, Cafd THEFET RG220 B AR 4k (22]. Ik E
PR T T TR RGHE A S B R e 5 B (Blansie (23] AL [24]) . dT4ER, WE
GRMZ M2 (CNNs) 75 20 H AR SUs S T H k. 220 Rk ml &8 R - T8 1)
R [25~28). FEERE 3] FIE A > SRmE AP R B AP g A N 45 28 [29,30]. BT XPRRAE 3SR G A
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Ak, HEEIIPLE (31, 32] YT RE AN [33~35]. BLAh, MIRER WA R AL A
MEER [36~39]. #Ri, F5_Eik SOD Jrik M Tk fInT A Gad, oy 3 AR kS
SO SRR

2.3 WERSFE

FiE KI5 ] (Specific Region Segmentation, SRS) S fi 35 r BIEE Kk, HlanpAY
[40~43]. Bi T [44~46]. BEHE [47~50] Rk [51] SERKe. X LEDI@HFRIYT, ML RGEAH 2K
HEN. XK. MG T XA, AR S Rl A G IR e N A AN ESEE. A, Th
T AT R AR AR, X OB PR FI R TARKHIBRA. BEAh, 15 3R XA
Lo, Db O A A IR A, PRI T A 2 R

2.4 thRYIEHE

Dtk & (Camouflaged Object Segmentation, COS) FEAEW)=A AN ZARSEGI AT LA T
FEAPDIL (1, XZa WINPT [52,53] IERPE. FU5 O TAESO) TR
YT LT ga [7]. =40 E [8] Mlizsh [9] S RPUAFR X AR AT 5. XI5 RE T —
BRI O, (AR R R P AR AL filt, Le ¢ A [11] $2i 7 —Fhofs 2 2845 AR EIER
G FF 5 2 s OB P R B 2. Yan 8N [12] $E—B 5 AT XU B R b R
Fan ¢\ [10] JF A — MR AIHESR, FKN SINet, FHA4HE T 2 BRI D5 W 45 B SR
CODI10K HKAEHEO Y (A7 IR IR 27 ST AR K. Lv S8 [54] @t 1 BT HERR i 77 A K ) i
X RIATENL . . ASKRINMEREHEN?. Zhai 45 A [55] SEEL 7R TAH B &4~ (9 D ey 4
JrRIDTIR. Li SN [56] A4 T — R 2 e A 5 S P A ARG D 2B A I Py e 0
MIHEZE. Pang S5 N [57] Bt 17— T D& iAo BN & RZ =JcdlM 4. Ji 88\ [58] R[]
BERAMEM RS IAT P R Ze e85 H. Zhuge 258 A [59] 13 78 2w AR5 25 1 5 | A—FhERik I
X B, ARG 22 0L, Cheng 28N [60] /41 1 T HUBH Dhie ¥t 7310 iz 3l
ARPR. Ji SE N [61] i Hh— T SO B > ) m BOHE S T3 D e 1.

2.5 LETIHHESES

ER3CHREAE>] (Contextual Feature Learning) ¥EVFZ T HLILSEAL 55 b in i 5 H 2 A
. WZ TAEBOIT AN BT SORMRRHMER R HBE Sy BARHIEE, [62~64] JFk T2 RIER LT
3, [65~67] $EHUT 2RI BRI, [47,68] i3k TR B R SCRHIE, [40] $RF 15 1) BRI
I, [69] AT AR BT 3C, (44,46, 70] U XS HOR_ETRSC AR, ASINIX - iRgE B SC
AR R X D2 Wy PR BB DT AN, RO B TR SCEEAE 2 i 2 2 H AR AR AL B e, 5 BT iaA
[ 2, AR SO T A T RIS/ F SR AR AL R R R 30, T BT SCRHEREAN 230 X3
B SRR RIE AR SO VAR A RO
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Figure 2 (a) Overview of our pyramid positioning and focus network (PFNet+) and its two main building blocks: (b) a pyramid
positioning module (PPM) and (c) a focus module (FM).

3 K&k

ASCBOTT — AT E R ER S (PFNet+), HALS =AML, JI_ETF SO
(CEn). @@ (PPM) FERERS (FM) . CEn i B A 1R 3UE B ARISE S THHMER)
FORAEST, MIMTIRBEE A PERIER B THRE ;s PPM DA TS5 2N 4R 1 £ B2 5 OEBAE Y B As
s dn FM il e b ORI 58 e R 2 A0 A (ORLURE P T 45 2R

3.1 HER

AR B KA SN2 (a) FR. 43E—IE RGB B, HeR XA ResNet-50 [71] &
TR R ERAL, XGRS AP NG RZ P bf il E el B 2 B FRAE i B 3C
#5E (CEn) BBmas. S5, TERGZRHAE BV N7 E M (PPM) XRELEY R T5E L.
o, FIRZARERE (FMs) 20 K BRI BRI I T8, 53 D2y (A vy v 20351

3.2 LTF3EE

M T R 4 R UL 2 A S IR GRS 2 &R B R U Z R IREE. BT 30EM
(CEn) BREERDFMLZBERER, HMKHELR TGP RN, E3RR THO
BOTAY CEn BURETEAMET. e AR RIGIIGUE THHE B i € {2,3,4,5}), CEn fiblig@dy”
KRIEZE A /B AT LN LT ICUER, ARSE TRMERZRGE Sy, I EF SCHE & R
F'ie{2,3,4,5) HMORYL, AONHZERRZELEIE THRAE. 158, s gold T4
fit B> W A R AL RS AR 2 R B 425 B R 30, SRR o RIUmER 45 B UE B
AR B . Hp g AERZ A4 Ix1 B —MitH—f (BN) Fl—1 ReLU JEZch#
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B2 - F2
Dilated Convolution 3x3 (dilation rate=x)
B3 F3
F4
BN + ReLU @) Attention
F5
Global Average Pooling @ Element-wise Addition

P 3 SO BT SCHsREL (CEn) g5

Figure 3 The architecture of our context enrichment (CEn) module.

P R, SRR AER A S AN AT A AR KRR 3x3 B, DARBUR RS2 By R 3¢
AP KERERZ A BN EH—A ReLU 5. A5, $2H LT SCEE TR ER—4
WRHGE TR G [72], HEd ORGSR TR . FEE R b, PR RN 3x3 B
JZ. BN ZH1 ReLU iz%iki th B F SCEE N REEEHE F°. R5, R3O ER G LR S0
PR RO RRAZAHE B h, DARER B BIE . ARG, 1RSI RFEE T BN SCRER
BEAEES, FAEM PR IRRE. XA, B TRHE B, € {2,3,4, 5} mlig#ii itk SE 2B
PRFRR Fi € {2,3,4,5}.

3.3 &FIEFEM

K2 (b) BR TR IS M (PPM) RIS, 25 E M AR BOIRJZ IR
PPM i) H 192 KBS S IR JZ AL, 204 s ia o #2558 B R PUAS 2 S DA /2
it (PMs) (El4) SKHEM HAR AR Ma 0 B, PAUBGEIAE RS X2 (8] A &1k, AT Dk
I PREE YR TR AR AL RIS B A 52 ).

GefrBbe, P A L S AR, ST SR S S DG
G 3 N 2 TR G T R R 2 2R, B A BERSSR AR iTE LR, RARE /R T @ i PM
HITEANSEH). BRI, BEMASE F e ROEW - Hoh O H fl W 43 B RERAE R 5
EEMGERE, AR s F IR A SIS 3 Q. & K Al V, Hid {Q, K, V} € ROV
N = HxW @EEMN REAHE Q Ml K W E 2 [P TR R, H I SoftMax JZ2 k153
WEEERE X e ROXC: cap(@s - K.

_ i
TS ean(@n Ky W
He Q. FRiE Q 1956 i 17, xy AARTE J MNMEEX T « MEEEmW. K5, AKX X M
V Z AT MRS, TR AT BRI R A Sy ROV Rk S TR ERESRE S, A
SCRFEE R I DA— AT 2E S LB S5 v HPATERIRE R B E ARG R A i B € ROV

c
F, ZWZ(Q%VJ':) + Fi, (2)
j=1
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Figure 4 The architecture of our positioning module (PM).

Horpr, oy WBIRTE 1 B~ I A, G RORHE B S T AR AIE 1R 8 T ) A R &,
W AR F O L .

ZJE, ARSCRREE RPN I REE A A R R A SCE SRR ARHE BV A
=AY Ix1 BREFRERERATIRAREE, A BIAE = HeHE Q' K # v/, Hih
{Q K} e RN Cy =C/8, FHH V' e RON. SRJ5, AAE Q MEEM K Z A1 PFTH 3%,
FHAEH SoftMax I9—b KLU AIERER X' e RV*V:

,  exp(Qy - K7)
Tij = =N )
T X meap(Qr - K}
Hrb Q) Foni: Q' W% i 51, o), METH j DLENTEH @ DIERFW. Wb, A3CE V
X G &2 AT T A M RE IR G R TR S Sy REOFOW . Tl TR, A SOk 4G
SR TTET ML ASH A T TIBBRE B DR R 7 € ROV
N

Fy =o' ) (Vjy) + Fi, (4)

jrg

(3)

j=1

Horb o/ wginnteohn 1. fE FigEel b, B b0 1A IE Z AT SCRHR, TR T
FHIER TE L.

SEMEY . DY RR RO ERERSGER AL, %2 [63] MB%, ARSCRFE ALY
JER B IE A DA ARAEACH R AN, A AR B4 DB ) R SR (A SR A R0 B . A
K2 (b) PR, @ e (PPM) A SZAU, B ORI Tl 4% . F i B
Kitodl . AR FORFE. FERED 30, FRIE B e PSR E RN, AR5 T4 R i ok
AL FERFERIRCT T, FHERAE GRS A G R E RO K R (RPRA R E RS
EZET) - AR DME R R A R B DA, R4 PM AT RS A AR S MR 78
PO 505, WARXAN RS B BN DR IR KA 2, B S O R IR 3R (T8 SO 2 1
TR, FE PM AR MR BAR. R, ASCHE B & R s B sk, 58
BB T IERAR AR, X PPM AN 32, ARSCRFIE A PM YRR BB 5. 7.
9 M 1L RIS, DU SRS R RHIE G DA T A G R R B TR S AR A B RUZE L Bk
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Figure 5 The architecture of our context exploration (CEx) block.

BRIEFZANERE IR [72], AL PPM AR HAFAE Foue. fefa, ASCTPAEIEAE Four LIV IHTER 3
(1 77 BRORFE H AR WA LB . Foue FIRIAGCLE ELRFd FHRIBI R BRI (FMs) BP5E%.

3.4 EE

Phe iR 58 e B AR AN, BRTERT UG 7 E1 45 R 5 SR 23 s PR BH AR 9 1
. R (FM) B3t H 2 R BOE R S R . FM R4 5TRRIE . LR Fn s
SEIAE R, i A Ak S BRI R B A 1 T 2

K. A SRR, AR R 3 2 G AT DAR SR B O . AR SRR 2
ANELHAT BN SCHERE, RV R A i SO 3 4 B DI B, N SCR R s 5L, SRl e 2k
W XE AT AT ER () KIS T B UR R, WA S EEEERR (3
) T XIS o g AR BE P 20O DI, (SR B MO X)) . &2 (¢) Frow, AR SO JeXd B g
HF R T EoRFE, SRS Sigmoid EXIHHATIH—1b. R)5, ASCRIE—1b I K ILBUS R A
EUHIRAIRHE Fe A3, 20 3 A AT SOE B IEHIE Fro MU SIERNAAE Fo. 55, RRXPIA
KR FRHEE A HATH) B SRR (CEx) Bt R BAT B R SCHERE,  RAZ 5l A SRR B 14 43
Fipa FIMRBAES 0 Frna.

WESHTR, CEx B A BN SRR LA, B S G TEIE AT 3x3 £,
T REBRESE U koxks B, DARJHT B R SCBMBERIZ A 3x3 B KR v MY KGR
AR i€ {1,2,3,4 WE RN 1. 3. 5. 7, H¥F rii € {1,2,3,4} WEH 1. 2. 4. 8. B4
GRUGHERIRA — M H—1k (BN) ZHR—4 ReLU JE& M. 5 i, € {1,2,3} M2
BEEAFNE (i + 1) D3, TEE RSB it —2P 0B, KRG, ASCREITA US4 S 5 7
B F&M, I 3x3 BRI TRl . WX Aitt, CEx SIS TE TS B
B BN SCrRE sy, BRI AR T B SRR 0 & B
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S LBR. DRI G, RSO MR AR I Kb b R B

F,, = U(CBR(F},)),
F, = BR(F,, — aFypq), (5)
Fy = BR(F; + BFpa),

Hep, F, 1 F . A3 513R AR _EZERE RS B S N4S1E, CBR AREBRL. #tiH—fk (BN) A
ReLU (416, U BWME EREE, o f B A2 M HEI BB HAIIAE N 1. fEX B, ASCfl
M TCEEIE BRI 5 (BMRAYES L) R TCR G IEE ER A e B R st (RP
RFATETHE) -

JE, TEAMCERIEHE BN FERUZ , S8R ISE R F. A SO B R R B A
TN, SRR F) SO — A Aig Rk, B O ERIRHE. X515 CEx ik e %
A0, B RERBEA Ry T O R BRI . (HREERR, A SCEA R
P4 RE 12 R XM Frpa R Frna, IXETPAURNH S IE: (1) FRyEMRPHMEFIER B 1200
BB, DR MERRAS RS A A O Rl (i) St BrA S8 A i 1 I 2 14 23O IR A T
WA, AR BRI A _EJARIE R AR A, AS SOy B R IR 25 R ) 0 O % B 2
AN AL B A G AE T B S AR A

PHE. M ORROAET LML S PPERER, A0S v H ARSI [34,73]. 15 L 4rE] [74] AL
SEEREE [75]. B TAER R BREE A0 [73~75]) SMRFATES L [34] SEIREEEERMLEER. 5 1k
HEARFRE, ARBHER TXPIFEEA 0, R T AR OBT A B ok & B2
BRix 240y, BAR [43] v BAES 40 O RN B (R e 2 1 T AR SR B 400, ASSCHR R O SR R B
PATF AN T S H A KA. 155, BRSO BRI AR S A ] 1 i A RPAE R P2 BURRAE
H P PR B 40, A SCHY R R M R SRR AE h & SR PHPE A0, AT SR B ARRAE
o R BB BATE A0 R, B 20 O BB (R R AE AR B BB A 33 B, AR S0 1
N OSCHRRA DA SR, ARSI 2 RO B SCOAE b R B0, e, B 20 B
T B AR B B SRR T [40~42] By Ftii 458 5 B2 R 2= A5 200, XA ny it
BRI 2 2B AR AR BR L, AR AR, ASCRTT T — AN BB o D A2 3 g
AT R3O0 Z BRI AR RGN B E Y, SR LR SR RBER R E W 400 B4 SO,
AR SRR AR OFE IR AR OB D R 43 00 TAE, AR SCRTHRE R (40 O R i SR 1T o AL 3
SRR K.

AR

& B

3.5 MREH

PFNet+ A P IREER, Hob— ok A @y e s (PPM), =4k FEERMERE (FM)
- X PPM, ARSOMHA il —(ES U (BCE) 402K lyee FIFFHAK Liou [36], B Lypm =
Coce + Liow, KT FEMBRIER HARPRRIRAE. 3T REBR, A CHEEREZ R
ORI, XS LT R A IR, A SCEE I BCE #1125 Lupee [76]
FAL TIoU 455K Luiow [T6], BRI Lym = Lubee + Lwiow, HIB IR ABIHLIE AT AL AT RER) 730 X
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W mJa, SRR RECH:
4
['overall = ['ppm + Z 2(4_i)£}m7 (6)
=2

Hrp, L%, FORXT PFNet+ WA i R FRBIHLH Ak

4 ARMIESEISRE

4.1 BERE

Bebadls. A SCHE =AM BV T AL 7k CHAMELEON ([77], CAMO [11] PAJK
CODI10K [10]. CHAMELEON [77] 43 76 K A P8 RG14. M “Ofaiiy” fER M
HIRM EWCERE R, PAAHR N TARER H PR E(E. CAMO [11] f8 1250 5K R 51 th
MR, 4R 1000 KUNZREIG AT 250 Gkl &% CODI0K [10] & H mifc Ry s ERdE S, B0
FEMZ AR MG T 20 5066 SKOp%ER R (Fhr 3040 SKAHTI%%, 2026 5KA T-HL), g 5
RIEH 69 T2 ARSI Z FI LA [10] Bfic, 1 CAMO [11] #1 COD10K [10] mJil 24k
SNZEEE (4040 5KIE f ), oA 7R g

PERS RS, A SO PUAS) 2 0 AR EE RO IPAG A SO vk s S5tEER (So) (78], HIEMN
E JEf (E3Y) [79]. AL F FEi (Fy) [80] AR ¥4axtizs (M) . So 35 EIPALHTN ) 2544
FE, HEXH: So=aS,+ (1—a)S,, HHr S, I S, 43 527 A BN DX I3 ¥y S5 A AR DL
o [ [78] —FEREEE N 0.5. B, FRHPAME R ICEMEGREITEE, HaEHS Ao
HIRASE [79]. B, AR SCE XA 8 HR R TG DR P A o 145 R BE R RN SR iSRS 2. Fp @ — 125
A 2T H RS B BE R G [ 22 A . Bl mIgE (78, 79] IEBH AL F (R Fy [80]) Bede
LRI A AL, BRI, A SCHE RO T 2% TR TR, CPIARTIRZE (M) )z N TR
R EUES T, BRI E M B RIS R E R

SN Y. ASCRHA PyTorch [81) SEPife i mBiAL. YIRS —& 8 &%k, Hies
Intel core i7-9700K 3.6 GHz CPU (64GB RAM) #1 NVIDIA GeForce RTX 2080Ti GPU (11GB
1) . BALNGRY B, W A EMGH KN EE S 480 x 480, Ff axk FAIL /K - B 4L A1 80 (2. 1 sh k5%
Py 7. gRioas M L& SEh P eAE ImageNet Eill 251 ResNet-50 #i%8 [71] ¥Iiafk, PFNet+
HH A E BN A, ASCE R Zh &R 0.9 HANE R A 5x10~* [HFEYUEE T (SGD) fi
LA AT AL, AR SCRFE R/ IMRE R 12, FF3E5T poly Selg [82] M- 3, bl > %
4 0.001, FKH 0.9. MLY%k 60 FIEHs, FERMUTEZ 3 /N MHKHT B, A SCE el &R
INVREE R 480480 DATHAT L5 HEIKT, SR J5 K5 th I i O/ IV RE [l g A TR B s R/ PRI RE R
/N SRR PR M. A SO AT e b3 (n i n) & RRidLs (CRF) [83]) Skift—
s i 2t . 480480 FU/NEMR IHEWTLTR 0.018 B (£ 56 Mi/F») .

4.2 FIRFFEMELER

KT UERAAS SO PENet+ BA RH: , A SCRHS 20 AN B sE T T B HARK 7 v FPN
[19], 15 X 43%0 )73 PSPNet [63], SEfi4#] 5% Mask RCNN [20], HTC [84] DA MSRCNN [21],
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Bz 7% DSC [40] PAK BDRAR [42], EE27&fR 53 #1777k UNet++ [85] PAJ PraNet [2],
ZVkE H FRE )7 ¥ PiCANet [33]. BASNet [36]. CPD [86]. PFANet [87]. EGNet [37]. F3Net [76].
GCPANet [88] PASK MINet-R [89] FIfhzE W45 #7774 SINet [10]. ERRNet [58] PAK PFNet [14].
Horr, FPN [19] B T HRBEGTRIM 28 A7 10 2 RUEE | 47 B2 RS H SR A T RAAIE 4 7 1 s PSPNet [63]
R A A B R iZ 45 | 305 E ;. Mask RONN [20] 7 H A4S 0 HE 225 B4 htl 3440 mask
o33, ST SEBI A E]; HTC [84] S R A8 A B AE A2 S E— S AT & Z B BOAL 2
PRI LR LB 73 #Hs MSRCNN [21] GBSy~ H SEBIFE RS Ay & DSC [40] AT [ B
7 A B R 3G BDRAR [42] A SR Z AR Z 25 8] TR 3C, PARGE R & 1R 30
UNet++ [85] J&—FhE T gl dn-MRAD an S5 A0 1 i 28 W 48 AE L, L P Jn i LR IS8 1 I 45l — 2R
TIRER . Bk MR R AR A RHE R Y 1E 22 PraNet [2] @ —Fp-PA7 SO 4%, fE
R By S SUE R FE H s PiCANet [33] J&—Fh i Silie Z9 bR Sos M e, ik
PEML e M Z 5 B R S0 8 BASNet [36] F1 EGNet [37] #5871 55 H AR T 7 a1tk
fie; CPD [86]. PFANet [87] PAS GCPANet [88] F| F 45 [T U5 B 55 #idf; MINet-R [89]
s BT o B S5 TP A A0 22 RUBE RV B ) — R A S 40 A - A SRS Y VR 0 T AT LR
AR TR A T B A SE R bR A s s AT IR AR F RN R R A B A, B
A R TIPS A R AR 2R T VA

PG, L1 T PFNet+ 5HAD 20 g i IAE =D EERURSE ERYE RESR. WA
B, ASCW BT AR HE A F b N ER AL T B A At vk BN, Stk O i 73 #1
Jrik SINet [10] ALk, ASCHTrd$ Fy 48 CHAMELEON [77]. CAMO [11], DA CODI10K [10]
Hllide LAy Tt T 9.8%. 10.7%. PAK 12.6%. (HARERMZ, ASCHYJrdd it SINet sl (BJ
56 i/ FhXFLL 51 Wi/b)

EVEVEGT. RN T AR ST A S HAB D VA E MU 2R WA Y, A SCHY 7 VA RES HETf
Hu gy FI /N DI (RTAT) . RIGOAREIR (BB =A7REEIUAT) . AR ek (SRILATAI
NAT) - X EER A AR i SRR UK R, IR A DA R R AL
ANTE] RO AW R B A 2 . B A0 5 i o o D e R A F USRS 5 (35 LF7) 50
BT EsPRas e (58 47) Tl MW T, ASCH 58 a] DLUSS A R F s th e
P Dt 3X 2 AR T AR SCHR A - D A2 S, 2SR AT B T 4000 2 PP s DX b S BB
PO ORI Ak, Zaa T BR SOEBRFI O A AR TP 2 R B R SURER, AU TR 3K
IER AR 73O fE R, I BEB A HAT S g5 n thae M A A TR 4 ) 01 (BJE—AT) -

4.3 HREASH

ASCHATIH R SE 0, DA UE A E O 1 1R 20 e B s U P SRR (B oAk (PM)
PR R (FM)) PARPIASY it (RI_E S5k (CEn) M7 B E S (PPM)) 1
AR, FIFEERIREAER2, K3, K. RSMET. K8, K9

NI AT B WR2FATAE ), AR (a) ERIAEEERR (b) S mdak
(¢) WIDME—ERERE Eim s EvERe, —HMEE (d) ATRABRAS A A 0 FIRCR . SRSk T e fAt
AT AT O H AR HERG 2> F. BeAh, O TRIELE PM R R AR RS AL AR SO PM R
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1 ARSCRI I S HORH) 20 Rdge i i IEAE A B AR LOAS P EG HR RS (WIS s S. (BERBELF) . 1
W E s B3 (BOCEELF) . ML F s Fy (RERBEAF) . DURCERSaxtistss M (el/VEAF)) B LEBes .
P DS R A R R SR A T OPAS . AP ME R CIRLE R, o HASKRIIG L, o i SUriditk, «: 9:Hil
srfiik, o DEBRENIGLE, § BRI RIIE, 1 REEHERGNIGE, « hRkorilditk. =4
R by A SO G IEAER AT DUAS bR PPAG Hibs B A8 L A 7 i AT RO R I 5

Table 1 Comparison of our proposed method and other 20 state-of-the-art methods in the relevant fields on three benchmark
datasets in terms of the structure-measure S, (larger is better), the adaptive E-measure E‘gd (larger is better), the weighted
F-measure F' (larger is better), and the mean absolute error M (smaller is better). All the prediction maps are evaluated with
the same code. The best results are marked in bold. o: object detection method. e: semantic segmentation method. *: instance
segmentation methods. A: shadow detection methods. §: medical image segmentation methods. t: sod methods. *: cos methods.
Our method outperforms other counterparts with a large margin under all four standard evaluation metrics on all three benchmarks.

Methods PubYear CHAMELEON (76 images) CAMO-Test (250 images) COD10K-Test (2,026 images)
Sot ET Fft ML | Sat E't Fyt ML | S.t E}T Fyt M|

FPN° [19] | CVPR’17| 0.794 0.835 0.590 0.075 | 0.684 0.791 0.483 0.131 | 0.697 0.711 0.411 0.075
PSPNet® [63] | CVPR’17 | 0.773 0.814 0.555 0.085 | 0.663 0.778 0.455 0.139 | 0.678 0.688 0.377 0.080
Mask RCNN* [20] ICCV’17 | 0.643 0.780 0.518 0.099 | 0.574 0.716 0.430 0.151 | 0.613 0.750 0.402 0.080
UNet++° [85] | DLMIA’17 | 0.695 0.808 0.501 0.094 | 0.599 0.740 0.392 0.149 | 0.623 0.718 0.350 0.086
DSC® [40] | CVPR’18 | 0.850 0.888 0.714 0.050 | 0.736 0.830 0.592 0.105 | 0.758 0.788 0.542 0.052
PiCANet' [33] | CVPR’18 | 0.769 0.836 0.536 0.085 | 0.609 0.753 0.356 0.156 | 0.649 0.678 0.322  0.090
BDRAR® [42] | ECCV’18| 0.779 0.881 0.663 0.064 | 0.759 0.825 0.664 0.093 | 0.753 0.836 0.591 0.051
HTC* [84] | CVPR’19 | 0.517 0.490 0.204 0.129 | 0.476 0.442 0.174 0.172 | 0.548 0.521 0.221 0.088
MSRCNN* [21] | CVPR’19 | 0.637 0.688 0.443 0.091 | 0.617 0.670 0.454 0.133 | 0.641 0.708 0.419 0.073
BASNet' [36] | CVPR’19 | 0.687 0.742 0.474 0.118 | 0.618 0.719 0.413 0.159 | 0.634 0.676 0.365 0.105
CPDT [86] | CVPR'19 | 0.853 0.878 0.706 0.052 | 0.726 0.802 0.550 0.115 | 0.747 0.763 0.508 0.059
PFANet! [87] | CVPR'19 | 0.679 0.732 0.378 0.144 | 0.659 0.735 0.391 0.172 | 0.636 0.619 0.286 0.128
EGNet' [37] ICCV’19 | 0.848 0.879 0.702 0.050 | 0.732 0.827 0.583 0.104 | 0.737 0.777 0.509 0.056
F3Nett [76] AAAT20 | 0.854 0.899 0.749 0.045 | 0.779 0.840 0.666 0.091 | 0.786 0.832 0.617 0.046
GCPANet" [88] AAAT20 | 0.876 0.891 0.748 0.041 | 0.778 0.842 0.646 0.092 | 0.791 0.799 0.592 0.045
PraNet? [2] | MICCAT'20 | 0.860 0.898 0.763 0.044 | 0.769 0.833 0.663 0.094 | 0.789 0.839 0.629 0.045
MINet-RT [89] | CVPR20 | 0.844 0.919 0.746 0.040 | 0.749 0.835 0.635 0.090 | 0.759 0.832 0.580 0.045
SINet* [10] | CVPR20 | 0.869 0.899 0.740 0.044 | 0.751 0.834 0.606 0.100 | 0.771 0.797 0.551 0.051
ERRNet* [58] PR22 | 0.868 0.917 0.787 0.039 | 0.779 0.851 0.679 0.085 | 0.786 0.845 0.630 0.043
PFNet* [14] | CVPR’21| 0.882 0.942 0.810 0.033 | 0.782 0.852 0.695 0.085 | 0.800 0.868 0.660 0.040
PFNet+* Ours | 0.893 0.946 0.838 0.028 | 0.791 0.861 0.713 0.080 | 0.806 0.879 0.677 0.037

FFRERE RSO ER (B AR 2ok A SR A EE R A ) - MRS RRpEsR
WPARH, ARREESEERRCR B, XURSE TR SR O R A R T D2 F AR R 235
BRI 72 (a) BOREAE L, SIAARSCER AR O I2 1 (o) BURBIE DI
(£), FERKAER D EIRCR. [R5 BRI P AL 7, B (h), ARSCHRAG THEAFRISER. i, 5
AR FIG Ee? 1 Fy 42T T 5.7% 1 5.8%. SCREEREN, BEBHEA S ERAR
SRR DU M R AT HER 7 BRI BE ). M A FRok B EZIURS 1 Smr, B (), oHIMERE A —ER
JERYR R 202 PR AN 23 A AR AE FAZ 3 3 D 38 I 30 A B XERE , AT FELAS: 120 LY
ARCER. XL T A SCHY M BB ARRAE 22 5 2 DRSO R S R, AR Sege g} (i), ol
PAE B 24 B8 I0FR 43 5l E AR SR BRI, BAREISIRIAST. A, AR SCR SRR — A R AR
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Image GT Ours PFNet ERRNet SINet GCPANet PraNet MSRCNN PSPNet FPN

6 ASCBUM S AR AR, A SO 5 IERERS R oy WA PRBE TR R Db A

Figure 6 Visual comparison of the proposed model with state-of-the-art methods. Obviously, our approach is capable of seg-
menting various camouflaged objects concealed in different environments more accurately.

Fina F,
Fy
@ Fup
(a) Image & GT (b) Fyp () Fra (d) Fr (€) Frng HF (g) Prediction

W7 IR R B PIRFAE R T BARES R, I dr LR RO i A

Figure 7 Visualizing feature maps in the last FM. Best viewed in color and zoomed-in.

ARFE I REAT TR (S IWET) . 2B O (c), ATRAMRORHME] (b) A B 5
Wo(d) . B G (o), ASCATASEI DM AR SN A Fon (f) . XML
TR B A R BRI R 0L 23 A2 R SRS P A R

N T AT RO S B D BB L, AR SO SRRk COS Jrik SINET [10]
TINS5 R AN B Z [ 22 8R4 Frpa M Frog WIMVEEL, SRGFIHIELE “EE” 0 EERIIGA
SCHIRRZY, IRFEER R ERAT . dZRATT AR B 2 2CSRem 1) R AN o P B st 1) 2 8.
X2 PR R AR SO 1 B RS 0 540 5 SR B e e D TR NI S [ 7 70 Do BR A, A
T A B 198 2% B Je s 70 AN ] ) Bk A 3 55
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2 R, B AURTEA SRS e B (“PM”) ESBRBETEZ Y (“CA”) FIasiiEE (“SA”)
TRl R (“FM”) vhig Btk 0532 (“FPD”) AURBITES 05y % (“FND”) $rifeh i i PRk i 4.
“w/o A7 ForAER LB BT LGN R 1 R 5 |5 2 i R AE. nTEAMEE ], B AR
HEXS 23 FIPE RS GO

Table 2 Ablation analyses. “B” denotes our network with the channel attention block ( “CA” ) and spatial attention block (
“SA” ) removed from positioning module ( “PM” ) and the false-positive distraction stream ( “FPD” ) and false-negative distraction
stream ( “FND” ) in the focus module ( “FM” ) replaced by a simple skip-connection. “w/o A” denotes that the higher-level
prediction is not used as the attention map to guide the current-level features in the focus module. As can be observed, each
proposed component plays an important role and contributes to the performance.

PM FM COD10K-Test
Networks B i
CA SA FPD FND w/o A Sa T Eg° 1 Fg 1 M |
(a) v 0.779 0.803 0.591 0.051
(b) v v 0.788 0.819 0.618 0.046
(c) v v 0.791 0.826 0.624 0.046
(d) v v v 0.792 0.835 0.631 0.045
(e) v v 0.790 0.844 0.632 0.043
(f) v v 0.790 0.837 0.628 0.043
(g) v v v v 0.796 0.843 0.639 0.042
(h) v v v 0.797 0.860 0.649 0.041
(i) v v v v 0.796 0.854 0.645 0.042
6) v v v v 0.796 0.847 0.644 0.043
(k) v v v v v v 0.796 0.851 0.647 0.042
1) v v v v v 0.800 0.868 0.660 0.040
% 3 AE PM W HIAFITE R AL Z W e
Table 3 Comparison between attention mechanisms used in the PM
COD10K-Test
PFNet 7
Sa T EZ" 71 Fg 1 Ml
(i) w/ traditional attention 0.796 0.849 0.642 0.042
(ii) w/ non-local attention 0.800 0.868 0.660 0.040
# 4 AL FM PRI 0B Z I e
Table 4 Comparison between distraction supervision strategies used in the FM
COD10K-Test
PFNet "
S 1 By 1 Fg 1 My
(A) w/ explicit supervision 0.794 0.853 0.641 0.042
(B) w/ implicit supervision 0.800 0.868 0.660 0.040

b PSRBT RO K5 (1) A (2) DAS PSR — IS =51 73 5l i AN E PERIA L
TSI CEn FIAGSIN CEn RHOPEMIA > FIRER, S8 7 ER BR300 R COS TERERIE.
CEn BIHHRR T EEH LN UER,, T R20 bW A & CLANJ AR & , AT 52 B SRSB4 th
TR

S HSE B AT, SO PPM AU PENet iy PM 647 7K 560, PASRIE PPM
HIEET PM AGOLS. RO TS0 e BAER, Rl 9 b RS i 78 1 P 4 R SR i 4hie
2 PM W] RE SR ALA T 58 (RO SE—A7) SO A RIS I (ANE9REE A7) kst
PPM A7y n] A Bl 5 85 500 5 (07 200 B 3R AT SR 14 5 (1 45 2R
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Image B+PM+FM B+CEn+PM+FM GT
B8 b B SCHERBE AT ML BLALES R

Figure 8 Visual demonstration of the effectiveness of CEn.

%5 P, “CEn” fl “PPM” 35 b F U MBI & 8w (LB .

Table 5 Ablation analyses. “CEn” and “PPM” denote the context enrichment and pyramid positioning module.

COD10K-Test
Networks 7
Sa 1 Byt FY 1 M
(1) B+ PM + FM (il PFNet) 0.800 0.868 0.660 0.040
(2) B+ CEn + PM + FM 0.806 0.873 0.674 0.039
(3) B+ PPM + FM 0.804 0.874 0.670 0.038
(4) B + CEn + PPM + FM (HJ) PFNet+) 0.806 0.879 0.677 0.037

5 BRS#EISRE

ARSCHE ) PENet+ i Bk Ol iy LR SO s . 47 38 58 T HAI SR f i, mT A1
FRURCAEA [ BREE P g 2 A D 1, PR T 0 A B At LA B PR R IS AT 55 /B . AEAR T
ARICHE IR A FIUESS. BRI NIRRT K B EY), WAEsin. B, BHE RS &
W T EWRARAZRTTRENE, KIS AR RN AL E AR R AR A S e JE
T R T BB E . ATARCR e — R D i i, PRI, A SO ELIA 2 FIAE 55 0
Freess, ABHIEA SO Az AL RE ST

5.1 SigigE

A [2,90] 8 F M Kvasir [91] Fil CVC-ClinicDB [92] H68509 1450 X EEAE Rl 2 4E.
ARSCHEPETIZ A CVC-300 Fii e T, &2 EndoScene [93] Hi)— AL, A
R E A EITEE 2R PFNet+ fin44 4 PFNet+P. BIALIZRRTEL, i AR H /NGRS 480
x 480, FE L FELK-T- BB G P T EdEY e, MOUMEE R 10, MZIIZE 100 25008,
FEIFRRZY 90 Z38h. MK B, A SCH SERF MR I K/ NARE S 480 <480 DAREAT W £ 4HEMT , SR8 )5 K4 th
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Image B+PM+FM B+PPM+FM GT

P9 By I R BEAT PR T BLAL SR

Figure 9 Visual demonstration of the effectiveness of PPM.

Image GT PFNet+" (Ours) SANet PraNet SFA UNet

Pl 10 A SCBORL L doe B S 0 TL R B E LE 4.

Figure 10 Visual comparison of the proposed model with state-of-the-art polyp segmentation methods.

V18 A/ TR [ i A PR B D /. R B R/ N S R ol L AR (L. AS SO AR L
B S5 ) G AR HE BE R A SO v - AR (S.) (78] HEN. E & (BgY) [79].
AL F R (Fg) [80] ARFZERTIRE (M) .

5.2 FIRHAEHIELER

A PENet+? 5 9 A7 80647 7 1 - 4945 UNet [94]. UNet++ [85]. SFA [95]. MSEG
[96] . DCRNet [97]. PraNet [2]. EU-Net [98]. SANet [99]. PolypPVT [90]. N T A FEE, ik
T R B A I 1 e A R, BCE @ s AT A R A ER N AR R A A A,
JIEA O T0I PEERE AH [F] B AR RS A T PG SR6FNIEI 1043 Il R T e PE AR 2R, T DA 3
PFNet+? 755 A7 H_EAREFRRCR , it d] 1T PFNet+7 B2 {LAE
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CIEL e

# 6 ASCRUBMIIE S HORH 9 Bl BB A4 B E CVC-300 JEAERARA: LA VEMGHbs (Mg R S
(BERHERF) . FLIGW B R EgY GREGBELF) . ML F s FY (BEGREAF) . CABCFEIEaRiRs M (lk/viekar) )
TFRLEEEIR. DA BENA R AR AR P (RS AT VA . IR AF MG R DL, A SO 7 IR AT RGP IR

Table 6 Comparison of our method and other 9 state-of-the-art polyp segmentation methods on the CVC-300 benchmark dataset

in terms of the structure-measure S, (larger is better), the adaptive E-measure E(‘;d (larger is better), the weighted F-measure Fy’
(larger is better), and the mean absolute error M (smaller is better). all the prediction maps are evaluated with the same code.

the best results are marked in bold. our method achieves superior segmentation performance.

, CVC-300

Methods Pub.Year ST E;d T F/:J T T
UNet [94] MICCAT’15 0.843 0.867 0.684 0.022
UNet++ [85] DLMIA’18 0.839 0.884 0.687 0.018
SFA [95] MICCATI'19 0.640 0.604 0.341 0.065
MSEG [96] arXiv’21 0.924 0.951 0.852 0.009
DCRNet [97] arXiv’21 0.921 0.934 0.830 0.010
PraNet [2] MICCAT’20 0.925 0.938 0.843 0.010
EU-Net [98] CRV’21 0.904 0.915 0.805 0.015
SANet [99] MICCAT’21 0.928 0.948 0.859 0.008
PolypPVT [90] arXiv’21 0.935 0.973 0.884 0.007
PFNet+” Ours 0.945 0.969 0.890 0.006

AJ

6 4hig

ARSCE T BUER ) D 1R 1. ARG T — Fioie i) 47 B i (LA SR A 45 (PFNet +),

Fiad 73 DAZ IR AR SR A MR B ol AE =S EMERE SR B S B 1 TR D2 0 1A 70 B BE.
ok TAFCEIR R L EAE A AT (5140058 1 4 (R BIs B R 1) BRI Ty, IF 2o
Al RS A 73 IO b s D e .
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Abstract In this work, our goal is to design an effective and efficient camouflaged object segmentation (COS)
model. To this end, we develop a bio-inspired framework, termed pyramid positioning and focus network
(PFNet+), which mimics the process of predation in nature. Specifically, our PFNet+ contains three key mod-
ules, i.e., a context enrichment (CEn) module, a pyramid positioning module (PPM), and a focus module (FM).
The CEn aims at enhancing the representation ability of backbone features via integrating contextual information
for providing more discriminative backbone features. The PPM is designed to mimic the detection process in
predation for positioning the potential target objects from a global perspective in a pyramid manner and the
FM is then used to perform the identification process in predation for progressively refining the initial prediction
via focusing on the ambiguous regions. Notably, in the FM, we develop a novel distraction mining strategy for
the distraction discovery and removal, to benefit the performance of estimation. Extensive experiments demon-
strate that our PFNet+ runs in real-time (56 FPS) and outperforms 20 cutting-edge models on three challenging
datasets under four standard metrics. The generalization capability of our PFNet+ is further demonstrated by

the experiments on the other vision task (i.e., polyp segmentation).

Keywords Camouflaged object, distraction, context enrichment, context exploration, pyramid, segmentation.
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