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Abstract  Camouflaged object detection (COD) is a computer vision task that imitates human
visual mechanisms to recognize and locate camouflaged objects in complex scenes. However, the
current COD methods cannot accurately discriminate the camouflage objects only by the local
appearance features of the objects when meeting distractors with similar appearances. To this
end, this paper presents a COD network based on progressively aggregating multi-scale scene
context features, so that the accurate camouflaged object discrimination is realized by aggregating
multi-stage semantic enhanced scene context features. Specifically, the network mainly has two
novel designs: U-shape Context-Aware Module (UCAM) and Cross-level Feature Aggregation
Module(CFAM). The UCAM aims to sense rich local to global context information such as

detailed boundaries, texture features, and color changes of camouflaged objects. The CFAM
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combines the coordinate direction attention and the multi-level residual progressive feature aggre-

gation mechanism to gradually aggregate complementary features between adjacent levels,

strengthen the global semantics of camouflage objects and supplement local details. Extensive
evaluations on 4 extremely challenging benchmarks including CHAMELEON, CAMO-Test,
CODI10K-Test, and NC4K, the experimental results have demonstrated that our model has achieved

leading performance compared with state-of-the-art methods.
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{Xi‘gg :f’(fFAM[f’up(H:});H'«l]’ 9)

X" = fu(Hs),

{ngg = f(‘FAM [fup(X?gg + XEH) ;H:a]e (10)
X5 = £, (X1 4 X1)

JXZ"'“ = feraul fu (X3 4+ X5) s H, ] an

X5 = L (X5 £ X5,

X = f, (X5 + X5 (12)

ﬁtF'foFAM[ R ]EI’IEIQ CFAM #:4E.
3.5 MEKEH

AR SCASE R LA PO A 2 R bl = A g
g3 e CFAM % 3R G — WG N 1 5% 25 R4k i i b
B R CFAM R4 =k 5 i _E 58 25 FRAE 5 1
RAE S 1 5 D ] —RE RN i H AR SCRT A it 5 2R
WA T 48— A 458 2K R BOR MBI 2, X T 1 = A
Hh SR FHH ST SRAE 3 5 o o F00 (AR [) 2K /DN Y
J7 2Ok W 2, BRI 4 3 A K BRI

LP,G = L5 (PG +w Ly (PG (13)

b PANG A i ) B (A LI A £ 1 Loce
41 A 2 i A 32 I B (Intersection of Union, IoU)
P (A X K (Binary Cross-Entropy, BCE) #ii
J L IMALAR 2R BE B8 IAAR R 9 b %k 42 J) il Jm) 0 45 4 3
TR R I T OCTE T IR R AR

IR S AR ST W B AR R R EIOE CANTE

Eloml = 2/1, [,,(P9g> (14)
G VWS ENCEZ PN G e

4 IWIRESERDH

4.1 HEHE

ARSCAE 4 A FEMERE S Eo BB R AT T
fli : CHAMELEON"™ % 76 g il 1o 4% #4822 th
%7 S B A BN ) 225 N B AR AR T 1 4
REMR. CAMOYY 4 £ 1250 5K th 5 9 1k B 1%, =
H1,1000 5K B F Il 45, 250 56 H F i, COD10K""
& B A B PR R KRR COD Bl % . 5 5 4>
REUU K 69 A>F2, 4L 5066 5K & . Hirp, 3040 5K
TR, 2026 5k A F 3K, NCAK™ J& H Hif e K
(1) COD BG4 . A0 & 4121 sk N EHK M T 200F
Zoat N AR VE 9 PR 26 G AR SO 78l T i) I 5 4
3t 4040 5K B R. 4352k B CAMO (1000 58)
CODI10K (3040 5§) H4H 4.
4.2 A E

AR SO 24 %5 25 (MAE) B | -1 E-mea-

sure( EDP 48 #y BE & (S,)OP L K& -1 F-measure
(FOPFIHAL F-measure (Fy) PS5V Ry PEA $86 bR, H
e, MAE 53 38000 8 A 32 52 (B 2 6] 1 22 R R 7 1
7 X PR 2%

MAE= 220 1P =G| (15)
b, PR TR, G EL9SH . W F1 H 43 HIALER T8
A MAE S E R M ZELO T E] 4.

EJU TR BOKE S5 B R R R
YR EDSE

w H
Ey = D) D beu(is)) (16)

i=1j=1

T, b T8 G 5RO S AR B LR R PR Al £ € A
AU 55 KL ) A A N Ry T PN if

S, & HITAL S0 B A58 05 S, B TE AL X
S, FE AR S, 22 1] 1 25 F A AR

S, =axS,+0—aS, a7

Koo S TS50 HBONE N 0. 5.

Fy 3 1 6 o 1 % 55 A 42 R B AN [ 9 A Ok
PEAK 15

o — (1 + ) X Recall® X Precison®
Y =

B° X Precison® -+ Recall”
R, B K 0. 3.
4.3 THAT

AR SCRERLE ] Pytoreh™" #E 22 3k 52 3 I 25 A
MR #R7E— 7K GeForce RTX 2080Ti GPU | 1T,
BTN 2 B B o i A UG B RN B IR B O 416 X416,
I8 BE AL BT 7K1 B R0 0 €0 08 9 AT B
FEAMKNBE T 16, 9] b 2 2T F0h Te-4, Y1254 )
N 100, 43 28 3 504 JE 39 27 20 SR LATOFE I — UK, A
R A Adam™™ . FERTRLIN K B BE » A SO (8 AT
i Je b 38 B, RO i A R RN B Dy 416 X
416, 9K JE ik AR R AT HE S L do Jo K b 5 T R
A VA )R E KN, D H R 5B E R 0.4,
0.6.0.8.,1. 0.
4.4 S5HMBEZROMEREILE

YR B AR SCOT 5 B A RO AR SOH I R T v
513 A A TR B 2 ) B Dk AT T XF L.
#% FPNI®!  PSPNet™" | PiCANet"*) | UNet + 1
CPD™) .BASNet! \EGNet M PraNet'? | SINet 7 |
MGLM  PFNet! [LSRE UGTRM, 1724 F 1
B IR 5 0 i A T P 2 ok A SR L1 =R 0 Y
VO SCANIT VG AR A HE B A . DL A, BT A T 1] # 2 f
FH ] — P A 47 TE Al

ER R R 1ML 2 7 AF I ETE A

(18)
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ISR A 4 1 R R A AR A R N g R T L
A AR SO BRI & TUEE bR 3 R B 5 . 2 CAMO-
Test ,COD10K-Test \NCAK | 4> [fi i ik £ 56 75 1 45
B, FERCR /D BB £ CHAMELEON | S, #IF,

o br 2 B M AN (H 25 B L. Fy e A4S it 4
FARIART T 0.7%.5.4%.3.8% . 2. 1% ; E; 43 5
BIFT 0.2%.1.8%.1. 2% .0. 9% ;1 MAE 1] 435
TRET 120.10% 4% 4 %.

% 1 A EFHiEZE CHAMELEON 1 CAMO-Test jilix ##E £ R IE4R 4 R LL &
Sk PN CHAMELEON(76 ik &) CAMO-Test(250 3k E %)
S, A Eop A Fg A Fy A My S. A Eo A Fg A Fy A My
FPN CVPR2017 0. 794 0.783 0. 590 0. 648 0.075 0. 684 0.677 0. 483 0.676 0.131
PSPNet CVPR2017 0.773 0.758 0. 555 0. 630 0. 085 0.663 0. 659 0. 455 0.520 0.139
PiCANet CVPR2018 0. 769 0. 749 0.536 0. 618 0. 085 0. 609 0.584 0. 356 0.573 0.156
UNet+ + DLMIA2018 0. 695 0.762 0.501 0. 557 0. 094 0.599 0.653 0.392 0. 460 0. 149
BASNet CVPR2019 0. 687 0.721 0.474 0.795 0.118 0.618 0. 661 0.413 0.503 0.159
CPD CVPR2019 0. 853 0. 866 0. 706 0.771 0. 052 0.726 0. 802 0. 550 0. 618 0.115
EGNet ICCV2019 0. 848 0. 870 0. 702 0. 702 0. 050 0.732 0.768 0.583 0. 670 0.104
PraNet MICCAI2020 0. 860 0. 898 0.763 0. 789 0. 044 0. 769 0. 833 0. 663 0.710 0. 094
SINet CVPR2020 0. 869 0. 891 0. 740 0. 827 0. 044 0.751 0.771 0. 606 0.702 0. 100
MGL CVPR2021  0.893 0.923 0. 813 0. 824 0. 030 0.775 0. 847 0.673 0.725 0. 088
PFNet CVPR2021 0. 882 0. 930 0. 810 0. 826 0.033 0.782 0. 840 0. 695 0.746 0. 085
LSR CVPR2021 0. 890 0. 935 0. 822 0. 841 0. 030 0. 787 0. 838 0. 696 0. 744 0. 080
UGTR ICCV2021  0.888 0.918 0. 796 0. 804 0. 031 0.785 0. 859 0. 686 0. 747 0. 086
Ours 0. 882 0. 937 0.829 0. 838 0. 029 0. 808 0.877 0. 750 0.789 0. 070
% 2 AEHETE CODIOK F1 CODI10K-Test ik #iE E M IS IR RIL &
- e CODI0K-Test(2026 3K [ 1{5) NC4K (4121 3% &5
S, 4 Eg 4 Fj 4 Fyt My S, A Eg 4 Fi 4 Fgt My
FPN CVPR2017  0.697 0. 691 0.411 0. 481 0.075 — — — — —
PSPNet CVPR2017  0.678 0. 680 0.377 0.457 0. 080 — — — — —
PiCANet CVPR2018 0. 649 0. 643 0.322 0. 489 0. 090
UNet+ + DLMIA2018 0. 623 0. 672 0. 350 0. 408 0. 086 — — — — —
BASNet CVPR2019  0.634 0.678 0. 365 0. 486 0.105 0. 695 0.761 0. 546 0. 610 0. 095
CPD CVPR2019  0.747 0.770 0. 508 0.595 0. 059 0.716 0.724 0.551 0.597 0. 092
EGNet ICCV2019  0.737 0. 779 0. 509 0. 582 0. 056 0. 766 0.792 0. 626 0. 689 0. 067
PraNet MICCAI2020 0. 789 0. 839 0. 629 0.671 0. 045 0. 822 0. 876 0.724 0.762 0. 059
SINet CVPR2020 0. 771 0. 806 0.551 0. 679 0.051 0. 808 0. 873 0.722 0. 769 0.057
MGL CVPR2021  0.814 0. 865 0. 666 0.710 0. 035
PFNet CVPR2021 0. 800 0. 868 0. 660 0. 701 0. 040 0. 829 0. 887 0. 745 0.784 0.053
LSR CVPR2021 0. 804 0. 880 0.672 0.714 0. 036 0. 840 0. 894 0. 765 0. 804 0.048
UGTR ICCV2021 0. 818 0. 850 0. 667 0.711 0. 035
Ours 0. 820 0. 892 0.710 0. 740 0. 031 0. 845 0.903 0.786 0.816 0. 044

AR ST VAR S 5 0 2% 10 R ASE P 5 ) 3 B
45 CODIOK-Test [ 4345 b 4= i K e Ji 40 5 fie 5
HER) 5. 2 3 MR 4 51 T AR 78 COD10K-
Test A9 P4~ H WL AC 2 CRI . A1 2 9 25 L K 2B sh i
ZRAT B Rl AR B 2 b E AR bR HL AR A
RO DLE W AR SO IR WA AL B T8 AR g 3
S TE KW BE U e e W O kL Fy R T T
1.9%.3. 1% 4. 1% 4. 5%. #F— 2 T4 B4 T AL
J5 548 COD10K-Test | {48 %0k A s k.

K8 Al 9 A S5 AR ik PR i
2 F MR g, Horp L 20 (o v g dh 4R 2 A S0 i
8 S N B B R R A F IR AT A — 2
S AR SO IR AE AR AR M R i R B A

SENE LUER - 18] 10 SR A SCO7 3k A B 5 15 1 5E 1
FCBRZE SR, AT LA L AR 3OO Y6 BE A B IR 01 1 i
B SEHE R TR I 35 TG U A B0 e R A L)
R ISR — AT WA P 5 f RES AT I @ AE R b
Y 3 R 5 B R] B AR ST vk T Ly B S R A
TETE SCIEE SCH Pl 258 1 A a0 555 DU A7 30 A 9 i 5 Az
AT BE S AR AR SCT5 i 1A RE AS A DR T 245 2R 20 1Y
TR AL A3 = AT VHE AT R SLAT R PR
FI T R Se R i) J LR 7 I5 AR 25 2k 1 80 0 401 L U 2
B N 2K B8 23 o T A SCT5 % B0 RE 5 AR B 1R
X HEBIME B i A SOTT IR RE IR B 55 P
H b D e i s -E A7 I P A 109 5 12 BT A 7
I U AR ST R HER PR3 k.
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& 3 FREFEFE CODIOK-Test MIX LR 4 ML EHIERER LR

ok ey PR sl 2 (124 5Kk %) KA B (474 5k EBD
S, A Ep A Fg4 My S, A Ep A Fpt My
FPN CVPR2017 0.745 0.776 0. 197 0. 065 0. 684 0.732 0. 432 0.103
PSPNet CVPR2017 0. 736 0.774 0. 163 0. 072 0. 659 0.712 0. 396 0.111
PiCANet CVPR2018 0. 686 0.702 0. 405 0.079 0.616 0. 631 0. 335 0.115
UNet++  DLMIA2018 0. 677 0. 745 0. 434 0. 079 0. 599 0.673 0. 347 0.121
BASNet CVPR2019 0.707 0. 740 0.476 0.087 0.619 0. 666 0.373 0.134
CPD CVPR2019 0.794 0. 839 0. 587 0. 051 0.739 0.792 0.529 0.082
EGNet ICCV2019 0. 785 0. 854 0. 606 0. 047 0.725 0.793 0.528 0. 080
PraNet MICCAIZ020 0. 842 0. 905 0.717 0.035 0.781 0. 883 0. 696 0. 065
SINet CVPR2020 0. 827 0. 866 0. 654 0. 042 0.758 0. 803 0.570 0.073
MGL CVPR2021 0. 854 0. 885 0.733 0.028 0. 807 0.853 0. 686 0. 050
PFNet CVPR2021 0. 847 0.911 0.740 0.031 0.792 0. 868 0. 675 0. 055
LSR CVPR2021 0. 845 0. 905 0.751 0. 030 0. 802 0. 875 w 0.052
UGTR ICCV2021 0. 856 0. 896 0.737 0.029 0. 809 0. 859 0. 685 0. 050
Ours 0. 860 0.922 0.770 0. 025 0. 815 0.894 0.724 0. 045
% 4 AFEFHEE CODIOK-Test MK EMH 4 MK FHIERERLE
i P AT Eh 2 (714 3K B8 Fifi 4= s 425 (699 K%
' ‘ s Eo A Fy A My s 1 Eo A Fy A My
FPN CVPR2017 0. 726 0.766 0. 140 0. 061 0. 601 0. 656 0.353 0.109
PSPNet CVPR2017 0. 644 0.767 0. 449 0. 063 0. 669 0.718 0.352 0. 071
PiCANet CVPR2018 0. 663 0. 676 0. 347 0. 069 0.658 0.708 0.273 0.074
UNet++  DLMIA2018 0. 659 0.727 0. 397 0. 068 0. 608 0. 749 0. 288 0.070
BASNet CVPR2019 0. 664 0.710 0.403 0. 085 0.601 0. 645 0.301 0.108
CPD CVPR2019 0.777 0. 827 0. 544 0. 046 0.714 0.771 0. 445 0. 058
EGNet ICCV2019 0. 766 0. 826 0.543 0. 044 0.700 0.775 0445 0.053
PraNet MICCAI2020 0. 819 0. 888 0. 669 0.033 0. 756 0. 835 0.565 0. 046
SINet CVPR2020 0.798 0. 828 0. 580 0. 040 0.743 0.778 0. 491 0. 050
MGL CVPR2021 0. 839 0. 872 0. 699 0.025 0. 785 0. 822 0. 604 0.035
PFNet CVPR2021 0.823 0.902 0.691 0.029 0.772 0. 854 0. 605 0. 040
LSR CVPR2021 0. 830 0. 906 0.706 0.026 0.772 0. 854 0. 610 0.038
UGTR ICCV2021 0. 842 0. 872 0. 698 0. 026 0. 789 0.822 0. 605 0. 036
Ours 0. 846 0.913 0.747 0.022 0.791 0. 867 0. 655 0.033
Lo CHAMELEON CAMO
08 0.8
g L:‘O'G
=
204 0.4
o} oW}
0.2 0.2
0 0
0.55 0.600.65 0.70 0,75 0.80 0.85 0.90 0.95 1.00 055 0.60 0.65 0.70 0,75 0.80 0.85 0.90 0.95 1.00
Recall Recall
CODIOK NC4K
08 0.9
0.8
0.6 0.7
8 50.6
204 0.5
& Eo4
0.2 0.3
0.2

0 0.1
0.55 0.600.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00  0.55 0.600.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
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o Lo
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Threshold Threshold
B9 ANTE Dy e A A I R R B B e ith & B
Image GT Ours UGTR LSR PFNet MGL SINet PraNet EGNet BASNet
Bl 10 AT 7 ik i o b mT Ak &

VL b S s s e . s B T A 3005
LRGN M. X E 2G4 T UCAM fEfg
PNGHEIENE NIV SIPNN SCEZ LS B/
S BR SCE R IR T R R R A 15 R
BEAh . CEAM BEW i 280 2 M 3R & UCAM #ifi 35 5
(4 2 J2 AH AR S ARAE 22 18] 1 B AR5 R 45 B0 5T /9
Jey F AR YT B 5 ¥ 3 S HORS A

¥

BB R % 5 RATT kS e LA 7
LRI SR LA T AR AR SO R R R S
e H iR A FLOPs H iKY SINet B fif = Hh
— i W, CFAMYTE R & $5 Ak i 78 i U T fi]
FLERAL S BRI R R AW R
s H . UCAM ZEAT 2 0T RAEJA FRAE & A B
6 /) B A ] 22 I PSCB i 5 48 11 L JF A 25 B 3%
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2648 it " Bl 2 i 2022 4F
RS BRBESHILR ASPP iy A s . ASPP i A AE = T M 4% 1 B
7 ik WABGRA | Z%4/MB  FLOPs/GB Ja— 2 AGHE T A R ARG iR T AR R i s
P o S 71K/ T A BRI T 2 R 8. M 6
MGILy, 473 X473 73.73 378.2 N ,
PFNety, 416X 416 46.17 26.5 R T RS 6 (D A C2) B X L 25 R W UE L A
LSR, 480480 55. 45 55. 1 ASPP J5 LRI a] LS 7 4l 3R 2 Oh 256 W 1R 4 Jm 4o
UGTRy; 473 X473 37. 54 123.3 o g Mﬁ{ﬁﬁﬁ %Iﬁ{rbﬁ?i@ﬁﬁ%fa }I‘
Ours 416416 26. 82 21. 4 R El I We T

BB HE. FHit. &£ UCAM 5 CFAM Jk#
A AR P A () S AT AR AR ).
4.5 HEhZxe

RT FE AT IR B A ST R A R AR S — 2 T
AR AP LB s £ CHAMELEON, CAMO-
Test \CODI10K-Test 47 1) 12 (I Al 5256

AN, R TR AIE ASPP b iy 42 BRI B A 6] 23 1
RN S G 45 5L 7 AR 1 R ) AR S 1 E R [R) S i
RH A Y B A% B H kR ik 8 4R
CODIOK-Test FilAT T {Z5L5 . % 7 s 45
R I AR5 K I 23 T 3R 1 25 R A, &
i 2 RSB IR R IR IE , fe 4 & PR SE I 45 SR fe 1 Y
2 R A R R E R 3,5, 7.

% 6 A3 %7 CHAMELEON ,CAMO-Test,COD10k-Test = Mt $iE & F Ry sh S0 18

CHAMELEON CAMO-Test CODI10K-Test
ASPP UCAM CFAM
S.h Eet  Fgh My S.A Eoh Fgh o My S.A Exh FgA My
(@) 0.842 0.916 0.768 0.038 0.765 0.832 0.668 0.088 0.766 0.859 0.618 0.044
(2) N 0.850 0.921 0.771 0.034 0.783 0.857 0.701 0.081 0.779 0.873 0.634 0.039
(3) \/ \/ 0. 880 0.934 0. 822 0.026 0. 805 0. 863 0.732 0.072 0.812 0. 885 0.692 0.033
(4) N N 0.881 0.932 0.827 0.030 0.800 0.870 0.741 0.074 0.818 0.888 0.706 0.032
(5) \/ \/ 0. 862 0.929 0. 796 0.032 0. 802 0. 865 0. 737 0.074 0. 810 0. 882 0.691 0.034
(6) Ni N N 0.882 0.937 0.829 0.029 0.808 0.877 0.750 0.070 0.820 0.892 0.710 0.031
%7 ASPP hifBEREZAEMITILLR
TS & S. A Eo 4 Fy A My
6,12,18 0. 805 0. 879 0.681 0. 036
5,8,11 0.818 0. 890 0.706 0.032
2,4,6 0. 817 0. 888 0. 705 0.032
3,5,7 0. 820 0.892 0.710 0.031
UCAM 4 % PE : UCAM T80 32 T M 2% 1
ZHNEAE . SER R RN E R 8. hFE6 Image GT Ours  w/0 UCAM  w/o CFAM
FRRYTE RS (2) AN (3D AT A WLER 2, 78 ASPP L fif 11 R H UCAM F CFAM [ 31 fil % e &)

A UCAM J5 48 b K e 42 7. b4, DTH fil mp
AL 11 tha] LA Y 9 48 45 A fdi ] UCAM i),
T ] 4 R R0 R A B A — o B k. )
B 55 AT R AR = AT B9 O B I A7 AR — B TR S
S A 55 Oh 2 g A A AL ) A S DX TR 3 Sk D e
M. BRI YR ELE ] T UCAM J5 , UCAM fef8 454
PSCB M Jr 3 31 42 J5y - /I RUBE 31 K RUBE 3% 4548 R F
Wik 5t 1R SCfE 8 ML RLAN T T E 1 )R 4N
TAE R A ALRE N 245 & 2 R AR BT SCE R
ZEA AT Y A B AN B e 2 TN PR ) SR 3 4 A
SR N, —ERE R T iR E L.
T B uE PCSB 78 UCAM H 4 R¢AIE 40 15 1 A1
R AR SO AE U BHE 48 CODI0K-Test b #E 47
TR ST A — S 3 X 3 B A B AR ok B e
PCSB. )\ 3% 8 Al LA th , ffi H PCSB ) 45 2R 5 .

PCSB 3 i 47 ik 7 30 78 93 Bk 1 97 K Ik 32 B
X3,y UCAM RE 5 i — 2 4ili 45 1) Jay 38 21 4 & 19
GRS T B SRR

& 8 UCAM H{E i T RI4HE 4 79 77 =X B 3 L SR 38

EEEEN S. 4 Eg 4 Fyt My
3% 3Conv 0.818 0.888 0.702 0.033
PCSB 0. 820 0. 892 0.710 0. 031

UCAM J&—F U BIZ5, 280 PCSB i 5
0 o A SRR A Bk 22 R AR R 2 R AR
KON T SR AR 5 P 1 4R R A R AE B A K
P A S e MR E R COD10k-Test b #E4T 1 11 fil
SeHe. N 9 0T LUE AR A 7 N SR AR

CFAM 5 5% 22 ¥ 7 5 15 58 & HIL 1 19 A ZbE -
CFAM @80 G AR ABJZ S B AMRFAE. Horp % ¥
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WHEE . Wk R 2 RUE 3% 57 B SCRRAE 9 Dh 3 49 1A A6 2649

x99 UCAM HERAREHFEREF AL LI

RHHR S 4 Ep A Fyg 4 My
Briz 0. 819 0. 890 0. 706 0. 032
Hm 0. 820 0. 892 0.710 0.031

HEZCREAE 2R A 1T LA S 40 418 35 AH 208 5 G0 R AiE 1) A1 3450
43« A FH 8% 22 1 4 0T DLk SR R AR R A e BRI 5 B
I R 6 H 3 fl S 5 (3) F(4) L Ko (2) A (5)
ATLLE A CEFAM J5 £ B8 45 FRCH T B & 42
Fh. %15 25 F CFAM MK Fil 2 15 96 A4~ 25 ] 4k B -
Xof 4R AE T4 1 5, o 5 R AR B % AR S ) o6 7
YR I 42 )5 A0 R £ 8. DT fl T AR 11 HhaT LA
EH L ERUAR ] CEFAM B, 7500 45 5 15 69 J51 30 4
AR E R TERE B AT P AT B B B R TR 4
ISR 22 AR AT T A e g TR S A0 Y AN
5 RS 2.

CFAM MK F1 36 BB A J5 ] 6 45 AE 2F 17 5%
1. R T B E B A 5 ) b g A X B 85 R R
ASCAE R F i 2 COD10K-Test b #E47 1 14 fill 5%
B, 43 S0l 2 LA BB TR SRR i) O 2R A B RRAE L R
i AKSE Dy Ty F R Al B 1) D R TR A T [RD B
R R A B HARAE. 3R 10 ] LA 1, [5] B 76 P
ATy 1) AR X R AE 2 4T 5 AL BE 98 AR A5 e I 10 45
IR AT AT FE L 12 Hha] DL ER B L B R
B RSB 2 I R AE 45 25 R A0 5 e — 2 B M A 5 g i
S 7K P I 1) 85 3 B 1) O 3 0 SR A R AIE 1 2 30
AN [ R R A i) 5 380 014 R A 17 3 R A
AT AT 1 ] s R A7 485 A 55 Ak BT DL 78 50 % SR WA
] _E P RFAE 56 2R 5 DU AR AR B 4 1 R 1E R A R

# 10 CFAM i {E R E 3B 75 [ i3 b 236

J5' T} S, A Ep 4 Fy A My
HiERs 0. 812 0. 885 0. 692 0.033
7K -5 1) 0.816 0. 887 0.705 0. 032
e H 7 1) 0.817 0. 888 0. 705 0.032
K+ 0. 820 0. 892 0.710 0.031
Img+GT GT FAHIEH, IIRAFAEH,
HERA KFETTmERSE BEITARE KP-EETERS

Bl 12 fd A R AR 58 A O X T AL ]

B 2 Wi kAR AL 3R 3 HLAH S i CFAM K AR 41
P AR AE SR 5 AR Ji e ok 2 0 4 B R )
ARFAE o & 20 A o S8 SRR IEAE R Gl F i 2K
T Bk Bk 2 i 4 Y A A SCHE IR RO 2R

CODI10K-Test A7 T 11 @l 525, 4 51 X bb A A0
ANl AR 22 35 e 0 e RSS2 . AR 11 I LA

H Ak 22 i B A A R AR
11 REFERAKREEEMNIIEXR
HIEkREEE S Ep 4 Fg A My
TG 0.818 0. 890 0. 706 0. 032
R 0.820 0. 892 0.710 0. 031

FRAE AT AL I 13 J R 1 i ik R AR 2R 5 5
AN P B 25 1 3 00 R I SR 5 B R WL A HR AT LA
WL 2 (1 FH B 22 38 4 I 19 R I W S 55 o DTG A5 2K
MRS T DR AIE 3R A 2 2k 1 9 201 8. X 58 20 Ul W
T Bk 2E AW R AR SR G 4R T AR L

Img +GT H—kEE B REEHERE O BTRESR

BEUEE BEREaHERE f

P13 R o % 22 5 4 B %) e T AL ]
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Camouflaged object detection(COD) is a meaningful and
challenging task in computer vision. It has characteristics and
commonalities with the traditional salient object detection
task. The two tasks focus on the detection and recognition of
hidden objects and salient objects in images respectively.
Research on camouflaged objects can be traced back to the
1990s. In the past few decades, a lot of work has been gener-
ated around COD algorithm research. Early research mainly
used hand-designed features to distinguish camouflaged
objects. However, the ability of such features to distinguish
camouflage from non-camouflage is very limited, and it is
only suitable for relatively simple scenes. In recent years,
with the rise of deep learning, deep learning-based COD
methods have achieved breakthroughs in performance.

Fan et al. proposes a large-scale COD dataset called
CODI10K, and designed a simple and effective COD network
SINet, which further promotes the development of deep
learning on COD tasks. Subsequently, a series of algorithms
with advanced performance emerged, such as PFNet, MGL,
LSR and UGTR, which designed COD networks through dis-
traction mining, graph-based mutual learning., simultaneous-
ly localize, segment and rank the camouflaged Objects and
combining probability representation models and Transformer.

Those models have achieved a state of the art performance
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and refined detection results.

In this paper, we propose a COD network based on
scene context-aware and progressive feature aggregation.
Specifically, the network mainly has two innovative designs:
U-shape Context-Aware Module (UCAM) and Cross-level
Feature Aggregation Module (CFAM). UCAM is used to
fully mine the scene context information of camouflaged ob-
jects from local to global and from large scale to small scale,
while CFAM incorporates a residual progressive mechanism
to aggregate complementary information between high-level
semantics and low-level details at adjacent levels. Thereby,
making up for the ambiguity caused by the loss of local de-
tails and the lack of global semantics, and obtaining fine pre-
diction results.

We have evaluated four extremely challenging bench-
including  CHAMELEON, CAMO-Test,
CODI10K-Test, and NC4K. The evaluation results show that
the weight F-measure has increased by 0.7%, 4.2%,

mark datasets

2.6%, and 1. 2% on the four test datasets, respectively, and
the MAE has decreased by 1%, 10%, 4%, and 4%, respec-
tively. The evaluation results show that the algorithm in this
paper has demonstrated that our model has achieved leading

performance compared with state-of-the-art methods.





