%36 % 8 AL B 5 BB 2224l Vol.36 No.8
2024 4% 8 H Journal of Computer-Aided Design & Computer Graphics Aug. 2024

~

RETEREZREBTIENTHRMNENMAENRPEIGE

H%mlﬂi Ja—,,é{;ﬁ-l23 é%:ﬂz/\l2 E/TE123

D(RERFER S EH KA 300350)
D (KAL) HELRE KE 300350)
D EEOE TR AL 5B IR B TR L K 300350)

(meijunsun@tju.edu.cn)

1 2 N T IR HLR FE R F R AR S A PR o EE S i T, R R TR EZRE AR
W%H%%%%M%}ﬂﬁ& 3185 X4y 32 ] 4 4 4 20 ROBE R AE SR IO Bl i B 0 SIS s TR & 2 M
TG L H VR T AR B 25 A R TR AR AR B SRS GRRAE s SR AR B A AR 15 5% 3 W40 2 AT 43 B 4 4 22 RUBE A
TESR BRI, AR B 43 SR 42 R 4y S v, R o 4 i R AR i m%ﬁi}%%ﬁﬂﬁﬁiﬁmyﬁﬁLFi%ﬁ-ﬁ
Fﬁ%mL BT B 958 R AR B 4 GURAE, R R SR A R TR0 O B WA, S e R WA

R AE A 2 TB) b R AR  E — Bk, R RT RE b AR v A 3R T O 2 R A T 5k e R R m%$%mimmmmﬂm
CAMO, CODI10K Fll NC4K iX 4 ML gidase b, 5HAh 28 Fh R AR T M nT gl fb X L, AR g% PR #h4k . S
fH. FIH. EffJ MAE iX 5 FRPFA 840 108 R0 L ST 25 R, Frig b M TR ELZRE A 1B I 20 M 4 —
Tl A 5550 4 DAy 2 ok 0 AR

KER: EXRNE, AEBENBMY; WE%E
FEESZES: TP391.41 DOI: 10.3724/SP.J.1089.2024.19950

Camouflaged Object Segmentation Based on Dense Multi-Scale Transformer

1,2,3)* 1,2,3)

Yan Xinyu'*”, Sun Meijun , Han Yahong'?, and Wang Zheng

! (College of Intelligence and Computing, Tianjin University, Tianjin ~ 300350)

? (Tianjin Key Laboratory of Machine Learning, Tianjin  300350)

% (Engineering Research Center of City Intelligence and Digital Governance, Ministry of Education of the People’s Republic of China, Tianjin
300350)

Abstract: In order to make deep self-attentive transform networks reach their full potential in the task of
camouflaged object segmentation, a camouflaged object segmentation method called dense multi-scale
Transformer is proposed. It consists of two main modules: two-branch separable dense multi-scale feature
extraction module and fast attention-induced cross-level interaction fusion module. First, the Transformer is
used as the backbone feature extractor to acquire features at each level. Second, these features are fed to a
two-branch separable dense multi-scale feature extraction module, and rich multi-scale contextual features
are extracted using dense recursively connected deep separable convolutional blocks in local and global
branches. Finally, the fast attention-inducing cross-level interaction fusion module is used to fuse features at
all levels. Each level of fused features is used to predict the camouflaged maps, and the features at each level

are made highly spatially consistent by deep supervision, focusing attention on the camouflaged features as
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much as possible while avoiding the interference of background noise. Qualitative visualization and quanti-

tative comparison experiments (in terms of five evaluation metrics: PR curve, S-measure, F-measure,

E-measure and MAE) with 28 existing mainstream methods on four benchmark datasets, namely
CHAMELEON, CAMO, COD10K and NC4K, demonstrate that the proposed dense multi-scale Transformer

is an effective model for camouflaged object segmentation.

Key words: camouflaged object segmentation; self-attentive transformer; deep learning
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1 W H

WZZ]S(X’ y)-G(xy).

x=1y=1

Horb, WHH SRR A BB 58 S R,
S(xy) F G(x,y) 7 5l F& 7 T ) £h % Xf 52 e 2
5 LT R A (x y) IR (. MAE fiTi/h, %
TN A RE A

R PRAERT FER 2, A S — 8ISk [7]h
19 T E (https://github.com/DengPingFan/CODToolbox)
HEATVEAL.
3.3 ST

ASCRAVEIE T Pytorch ™ ESCBLAY. i TR

MAE =

B Intel %% i9-10900X 3.70 GHz CPU(32 GB
RAM)HI NVIDIA GeForce RTX 3090 GPU(24 GB
AE) 10 #% PC HILYINZR AT RS AL . FE I 2R B0 B,
W BEALKT B, BEDLER 55 1 2 RUBE R AR
b G TR E S B N i SR U 17/ L1 I N 2 8 71 K 3
MPViT-B I MPViT-SU W Sy B 45 10F 42 B R 45,
HZ 80 FHAE ImageNet B4 1 7 2e U1l 2k (1) 4
BRI R) 8R4k, AT S50 i Py Torch Ok
Tk, A SCGE T AdamW i 4k 25120 B A (5 2%
AT IR I 2k, ACE RN 0.01, 1%k 60 000 4
HARKEL, HOR/NEE R 9, IR R K107,
FFAd FH TR 2 P o el 3K 2 2] 32 ZE D B B
P EHIR R RN L 384%384 2%, SRIGH
R 26 B A SCHR M A 0 4% TR 45 SR T IS R AT
1Al Ab R, & BEDLIA V4. e, F T A
P IV B [l g AR S e /S, 2 WA B R/
) e AR At FF X P AR (72
34 S5EXRFEMLER

AR SRR B 28 B 2 A T VA EA T T LS,
WA AR, T COD E—AHr%ria, Mt
ARSCE AL X A, B 2 R 53 F R 5
X0y B FELE I ek AT 4T 1, AU4E PiCANet!™],
SCRN!™I NLDF", CSNet*”!, SSALM, UCNet!*”,
MINet®, ITSDEY, PoolNet™, BASNet!¥), CPDPY,
PFANet’™), EGNet®®, Anet-SRM™, F°Net’”, Pra-
Net'”, SINet'”, PFNet™, LSR”, C2FNet"*, UINet''*,
MGL-RPY MirrorNet!'™, UGTR!®, ERRNet!'”,
OCENet!"™, CubeNet!" 1 BgNet!?®. b TRIE F &
W, AR SO FHAE 5 28 T 00 45 R 8 3 i Sk
Ve KA W IR A AE 25 B 4 Eis 1745 B0 45
HEFT X L.
341 EEILE

1R 29 RO AE 4 A EERSE B S A,
EfH, FEM MAE {HAEm LR, Hp, A&
SC-B A2 MPVIT-B 1E A TR AE BB 25 1) )7
e, ARSC-S B MPVIT-S 5 M8 T4 45 B )
R ITEE. ATLAE M (1) TETCAHEAT AT 5 b 3
FfEBL T, DMT-COD J5ik7E 4 A0 45 L iFoh
Bhn FAEBE TXF 2. (2) 18 2 AR EUE S
CODI0K Fll NC4K I, 5% 2 4 BgNet Jri&PHH
e, DMT-COD J7ik i f fabn ARSI T 1 & 1Y
PEREFET); 7F CODI10K $udi4E I, F HEETF 7.19%,
MAE F#fi% 32.35%; 7F NCAK $ili4E |, F{Hi7+
4.08%, MAE [#1% 28.89%. 12 R 7E 4 NEHRE 4
Ay PR XTI 5 Fron. ATLAEH, DMT-
COD J5 45 H By PR IR (21 (6 i £0) i 2437 T HiAth
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. CAMO-Test
5k

CHAMELEON

COD10K-Test NC4K

SfHT Efft Ff{Ht MAE| S{Ht Ef{Ht Ff{Ht MAE| S{At EfHt Ff{Ht MAE| Sf{it EfH? F{H7 MAE|

PiCANet!** 0.609 0.753 0.529 0.156 0.769 0.836 0.698

SCRNM™! 0.779 0.848 0.738 0.090 0.876 0.894 0.836
NLDFM ¢! 0.665 0.796 0.648 0.123 0.798 0.872 0.769
CSNet!*" 0.771 0.847 0.740 0.092 0.856 0.888 0.810
SSALM8 0.644 0.765 0.601 0.126 0.757 0.849 0.709
UCNet*! 0.739 0.811 0.708 0.094 0.880 0.929 0.851
MINet?"! 0.748 0.835 0.706 0.090 0.855 0.929 0.821
ITSDP! 0.750 0.830 0.694 0.102 0.814 0.863 0.746
PoolNet!?! 0.702 0.790 0.629 0.129 0.776 0.824 0.706
BASNet!**! 0.618 0.719 0.519 0.159 0.687 0.742 0.581
CPDP 0.716 0.807 0.658 0.113 0.857 0.898 0.813
PFANet!** 0.659 0.735 0.564 0.172 0.679 0.732 0.552
EGNet!*® 0.662 0.780 0.625 0.125 0.750 0.854 0.693
F*Net”! 0.711 0.802 0.630 0.109 0.848 0.895 0.798
PraNet!! 0.769 0.833 0.782 0.094 0.860 0.898 0.830

Anet-SRM*”1 0.682 0.725 0.566 0.126

SINet!! 0.751 0.834 0.706 0.100 0.869 0.899 0.832
PFNet!®! 0.782 0.852 0.758 0.085 0.882 0.942 0.853
LSR™! 0.787 0.855 0.753 0.080 0.890 0.936 0.862
UJNet!'¥! 0.800 0.865 0.779 0.073 0.891 0.943 0.862
MGL-RE% 0.775 0.847 0.740 0.088 0.893 0.923 0.860

MirrorNet!™®!  0.785 0.849 0.756 0.077

UGTR!" 0.784 0.856 0.752 0.086 0.887 0.918 0.846
ERRNet!"” 0.779 0.851 0.742 0.085 0.868 0.917 0.840
C2FNet!'? 0.796 0.864 0.771 0.080 0.888 0.932 0.863
OCENet"*! 0.802 0.863 0.777 0.080 0.897 0.928 0.870
CubeNet!"”! 0.788 0.849 0.750 0.085 0.873 0.931 0.849
BgNet?"! 0.831 0.882 0.813 0.065 0.894 0.933 0.870
DMT-COD-S  0.841 0.894 0.834 0.056 0.895 0.951 0.876
DMT-COD-B  0.863 0.915 0.860 0.047 0.895 0.943 0.871

0.085 0.649 0.678 0.485 0.090 0.758 0.808 0.685 0.888
0.042 0.789 0.789 0.699 0.047 0.830 0.864 0.793 0.059
0.063 0.701 0.786 0.599 0.059 0.738 0.834 0.713 0.083
0.047 0.778 0.791 0.679 0.047 0.750 0.812 0.669 0.088
0.071 0.668 0.782 0.535 0.066 0.699 0.805 0.654 0.093
0.036 0.776 0.867 0.691 0.042 0.811 0.883 0.782 0.055
0.036 0.770 0.848 0.671 0.042 0.812 0.882 0.775 0.056
0.057 0.767 0.787 0.658 0.051 0.811 0.855 0.762 0.064
0.081 0.705 0.708 0.570 0.074 0.785 0.842 0.736 0.073
0.118 0.634 0.676 0.451 0.105 0.695 0.784 0.617 0.095
0.048 0.750 0.792 0.640 0.053 0.787 0.850 0.742 0.072
0.144 0.636 0.619 0.466 0.128 0.647 0.747 0.521 0.127
0.075 0.733 0.799 0.620 0.055 0.777 0.826 0.731 0.075
0.047 0.739 0.818 0.609 0.051 0.780 0.853 0.719 0.070
0.044 0.789 0.839 0.704 0.045 0.822 0.871 0.786 0.059

0.044 0.771 0.797 0.676 0.051 0.808 0.882 0.775 0.058
0.033 0.814 0.868 0.738 0.035 0.829 0.892 0.799 0.053
0.030 0.804 0.882 0.732 0.037 0.840 0.902 0.815 0.048
0.030 0.800 0.882 0.725 0.040 0.842 0.903 0.816 0.047
0.030 0.814 0.865 0.738 0.035 0.833 0.889 0.800 0.052

0.031 0.817 0.850 0.741 0.036 0.839 0.886 0.807 0.052
0.039 0.786 0.845 0.702 0.043 0.827 0.890 0.794 0.054
0.032 0.813 0.886 0.743 0.036 0.838 0.898 0.810 0.049
0.027 0.827 0.883 0.764 0.032 0.853 0.904 0.831 0.045
0.037 0.795 0.862 0.715 0.041

0.029 0.826 0.883 0.765 0.034 0.855 0.904 0.833 0.045
0.027 0.847 0.910 0.795 0.027 0.875 0.919 0.856 0.034
0.026 0.864 0.922 0.820 0.023 0.883 0.923 0.867 0.032

TE. LIRS AL,

Mz b, 5% 1 hryEmietat—2. St
T, 78 4 DEIELE 1, DMT-COD J7ik i) i f i
MR PR EC S T b 145 5.

i T X DMT-COD J7 ik T AROR, #ixdr
W VF S 80T 5 & (floating point operations,
FLOPs) M2 8 i 5 HoMh 7 ¥ A T 50 5, 25 RNk 2
Jis. i T AR PR R A, e T R — i i AT
BTN, TLAE Y, ZE AR M IR 2 e A A I
', DMT-COD J5 #: 1 FLOPs FIfS RIS 50 F A

B i 554 11 U HE DMT-COD-S); 5 MGL-R
J P, DMT-COD-S J7iEqE F {HF 4R T)
5.58%MA # I T, FLOPs Ji/]N 389.58G, 1M &4
J/NT 48.15M, DMT-COD-B J7 i 7E F {8 V-4 71
7.00% 15 & T, FLOPs I/ 301.11G; 5 UGTR Jr
UL, DMT-COD-S J7 e F {4427+
5.38%1E LT, FLOPs Ji&/)N 79.61G, A1 S 4 &
W/ 7.22M; 5 EGNet J7 PO L, DMT-COD-S
IEAE F AR T 17.3% 530, FLOPs /)
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a. CAMO b. CHAMELEON c. COD10K d. NC4K
- === SINet!; PFNet®; -——-= LSRU); C2FNet!"l; UJNet!!4; MGL-RPY, UGTRU®;
ERRNet!!7; OCENet!8; CubeNet!"®; BgNet?; -—-- DMT-COD-S; —— DMT-COD-B

K5 12 MO5ETE 4 D RARSE ) PR AT L

79.08G, FIAIZHE /N 81.34M, DMT-COD-B 7E
FECF8ETE 18.73% MG G0 T, A S5 jal /)N
17.58M; DMT-COD-B 75 i F SR 16 HERf 14 T 1 LS
AL R, B FLOPs fZ%uE I Hieft T/0 %k
J5%; i DMT-COD-S 7774 FLOPs & it LA &
WK, PTG 2 A ik, HSh
Hifts 28 FhIT LML, 76 4 DB AT LIS ER
DMT-COD-B DISM i 25 5L, Y0 F T[] 1 g
R scmt, o] LU 4 A 5565 B 200Kk R 2 (R 3 4
(1) 1 R HE 7 BB XT N ARAS () DMT-COD J7i:, i#F—
AR T %07 B B R RE AN R .

#£2 A FEFH%EFLOPs RIREISHERIXTEL

J7 ik FLOPs| ELiec
PICANet*¥ 59.80G 47.22M
PoolNet!*?! 44.43G 69.56M
EGNet™ 120.80G 111.66M
LSRM! 68.50G 55.45M
UJNet!'¥! 56.21G 55.88M
MGL-REY 431.30G 78.47M
UGTRM 121.33G 37.54M
DMT-COD-S 41.72G 30.32M
DMT-COD-B 130.19G 94.08M

TE. RS B L.

3.4.2 EMEEE
El 6 AT/ A SCRE Y 55 H Py 2 ok 52 0 )

AR . B 6 AT LLA i, DMT-COD J5
P DUAL B A R B PR B, AR R
PR HERCINES 147). NS ONEE BARCINES 2 17) .
ZAthe BArRIE IS 3 47) . mise T
55 44T) . W sRoRERE R BLCANEE 5 AT RIS 6 11), LU
KA 5 AR AN 7 4R 8 A7) 5, It
A, 7E HAt K 225508 I R I B 1E B 1) Pl 2 ot
ZEED T, DMT-COD J5¥: Al LASRAS 5 in 5 4% H.

TS RS 40 0 25 B CAn s 9 AT RIEE 1047). R
RN (1) HEE S M EHAR T4 BT 3
TR T A R B AR OC R, X TR X 2
PR R 2= EERMER]; (2) TSDMM fE4HE R
HTEEWARUEZE, LML LRI, K
NG TR BE AT AR (R A 2T 45 (3) FACIFM {5 %)
IRAERE B 2 PR IR B vh v 3 ) T O AR, R
A g Rk O T SR A T

3.5 JHRLSIIG

XA SCRE R R [ 1 ) AR e [ 2%, TSDMM Fl
FACIFM WA AT I A SC B Y, 455k 3 B
N, XS SR N AT Y.

(1) AEEI BB ML A 8. TR IZ
W28 XTATE 55 PERE 4R T, B 2% rp 9 T RRAE 4R
HUM 4% MPVIT 84 k45 B 2 W 2% ResNet-50. 41
23 PUR, B VAT 9T Ruxt b, AN TR
TEH N 28 Br ffe 5 R 22 N 2%, PEREH W 5 T
W, Ho, S{EM 0.864 B/NE] 0.773, E M 0.922
J/NE 0.856, F{E M 0.820 18i/F] 0.675, MAE M
0.023 4 fin%] 0.044, F A & I A8 W 2% 7
COD H i FH i) b B

(2) TSDMM AR, it 5 FhAsiR, 584F
TSDMM WA %M, 6135 w/o TSDMM, w/o Local,
w/o Global, w/o Local-attention, £l w/o Fuse-atte-
ntion. w/o TSDMM $57E% 5 TSDMM MIHH T,
W HEHIZE DMT-COD RAFMLER. nfLIE H,
Hi CODI10K-Test %{#li4E I F {E AN 0.798 3hm#|
0.820, MAE M 0.031 /b3l 0.023, FE/ el T
TSDMM Y #ARA %L 1. w/o Local 1 w/o Global 43
I R 7R F2 B Jr R B4 Ry AR 4 B4 S L. T
LIE 1, TCie BRI 3 S Fa bl 2 K R . A
SCIR A ST T 25 Bk Ry &8 43 3 Hp i 3 R AR 1
HRBR AT B IR LR, AR EOR,
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a. JiL &l b. ATARHE ¢ DMT-COD d.BgNet®™ e UGTR'  f C2FNet™ g ERRNet!'”  h. SINet” i. PFNet™®
Bl 6 7 Rk iy S o 4 ST L

T IR Bk & S B RE 48 AR 1Y KR T %
i T UEH] TSDMM H syl 4332 1) 22 ROEE AR fiE £ R
31, B IRl ay S AB MR 2 L ) 22 ROBEFRRAE S UBEER
ASPPPYIZERY, SCIGEEI NG 3 a7 1T RIS 9 4711
XFHRT7R, ATUAE ), AR SCRTTE R4 S A
ASPP TR &2 KRR ECAE f7. DA b T Fl s 5
HBUESE T TSDMM SHHLI A BRI A4 1) 1A %o

(3) FACIFM WA RLME. A T 5 UE FACIFM 1
ARCPE, FHR A B2 A AN [FE A FRAE.
£ 3 FRHE 8 AT 9 FTHIXT TR, #50K
FACIFM 54, PERER 0% TR, Hr, S{EAM
0.864 /N2 0.854, EfEH MM 0.922 38/NE 0.918,
F {H M 0.820 /N3 0.807, MAE A Mk 0.023 1 i1 5]
0.025, W FACIFM 1] L& w8 i 1k fi

3.6 KMERGSH

7 fif7n i DMT-COD J5#: - F COD 1) 3 4~
HAVI M Z ). Flin, FedEw B2 IE 0 P ARG
Ao 2 W, LG B PR 2R X 52 55 ) 1T B 5 v 1 oA )
PR ILF-fil ol — 1A, S8BT 5 ol — {4 4
A X IR E R, g 1 AT R 2R 2 AT R i
X R AR TEEENEM I L, N T hRE PR X 5
B RS AR A 2 GRS T T IR B AR e R
%*H%Eﬁxﬁﬁiﬁﬂﬂ%%ﬁ%ﬁ%ﬁﬁ
B X 5 31T TR o TR X R X 4
e T B I g B, Hrh L 20 kS 9 PR
X4, ABAREE ORI AR T H A — 1,
FE DMT-COD J ik srHI45 -5 N Thrid =k
BORZE. 5 1 S OUE T 2410 COD ik 25k



1234 THENUH Bt 5 B 2224 %36 &
%= 3 7£ COD10K-Test EHIHRESCISZER
4w I3k STH?T E{H? F{EH?T MAE]
T [ = A e W 2% w/o Transformer, w/ ResNet 0.773 0.856 0.675 0.044
w/o TSDMM 0.832 0.894 0.798 0.031
w/o Local 0.840 0.899 0.801 0.029
£F TSDMM w/o global 0.839 0.900 0.803 0.029
w/o Local-attention 0.842 0.901 0.802 0.027
w/o Fuse-attention 0.849 0911 0.805 0.026
Ja 4y X —ASPP 254 0.863 0.920 0.819 0.025
%TF FACIFM w/o FACIFM, w/ Concat 0.854 0.918 0.807 0.025
A 2 DMT-COD-B 0.864 0.922 0.820 0.023

TE. IR R .

a. JEUA b. AT AR
(IR EPN L€ ST

c. DMT-COD

B FEEMERL, 5 2 FesE o0 aT LUE AR AR bR it
T X O 2 X 52 e SO RORI P . 2 Al T 1 3
DI b 3 Fpig AL, <45 DMT-COD J7 A [A] H
EgP =Yk

M T 8CE E E AR E AR R, HoAR T
(4145 150 7 B0 S T RT 7 B R R, PR R R FE
Z JERA SO | G L T, W DL RS A
BEXT G I T SCI I TR S X PRy 2B X G B AR g 1 K]
A EAEH. BEAh, A SO T MR COD
HEATIFSE, A 0] LIS JE I AT P RRAE A R, X
FF AR COD kit iR &.

s

4 % iE

AR —F AR THEELNEHTE
TR B 451 COD J5 ik, R E [ 12 A8 k)
#5] A COD, MH4RmLk Rt COD MPERE. K

WIS ER, AR IRIEL A COD B4 -
T HoAh 28 FhE WL, RAERUS T B &R,
TEASCOy el A7 e — S R B . B an, 7eabHdE s
TS S A R TS ). DR e R R % pE A
A PR X G 1 SN N PR A X B e X S AR 1Y
WA R A A IEAE. A, A SO 3T FR 1Y
COD #ATHFFE, A AN JEXTHE T ) COD J5
LT R.
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