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Review of Intelligent Camouflaged Object Segmentation Algorithms
under Visible Light
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(Rocket Force University of Engineering, Xi’an 710025, Shaanxi)

ABSTRACT: The research status of camouflaged object segmentation (COS) methods under
the 26 models of COS were divided

into three categories: multi—stage learning, joint auxiliary tasks and additional prior information in—

visible light at home and abroad were summarized. Firstly,
troduction. The core ideas, advantages and disadvantages of the three types of methods were
elaborated. Secondly, four commonly used evaluation indicators and eight common datasets in
COS were introduced in detail. Then, quantitative and qualitative analysis of these models was
conducted on three public datasets. Finally, the main application fields of COS were introduced.

Accordingly, limitations of existing COS algorithms were pointed out and the future research di-

rections of COS were explored.
KEYWORDS:

tasks; prior information
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Fig.1 Brief chronology of intelligent camouflage target segmentation algorithms under visible light
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S, WA EAEE RS B A o RS
EREAS SR HERR Y 3D JLA{E B, HxF Dbk HARIY
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Tab.1 Characteristics of camouflaged object segmentation methods

g WIRES
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Wil a 77 5
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Fig. 5 Classification of camouflaged object segmentation algorithms
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Tab. 2 Details of COS datasets

s K HREEK o R R
CHAMELEON 2017 CR KA 76 0 76 —
CAMO CVIU2019 1250 1 000 250 8
CODI0K TPAMI2020 10 000 6 000 4 000 78
NC4K A CVPR2021 4121 0 4121 —
CAMO++ TI1P2022 5500 3500 2 000 —
CAM-LDR % TCSVT2023 8 086 4 040 2 026 —
S-COD < CVPR2023 4 040 3040 1 000 —
R2C7K % 2023 6615 5015 1 600 64

o ARERBE OIS BT kR, ORI TR M M B s & (LIRS R

T RORLYINZ5, b A 250 5 B4R T8 80
CAMO il e a5 sh Wy the . RN . AEE
L2 EIE A, BRI

3.1.4 CHAMELEON # 4% %

CHAMELEON (Cryptic Hidden Animals M-
asked in Environment ILabelled and Evaluated
~OND Bdls 8 el 76 5Kl o 2 il B AR A P e
TR S msh WA, Bk EGPrHR X
Hih ST TAR T .

3.1.5 CAMO-++# 4% %

CAMO-+"J2 7 A A i B 4, 275 5 500
MREAER, ARG T2 BR TR,
Bdn e 3 0 P R AR D e R 2 7803, Horpre
Dh 2 889 1700 5K E A T %%, 1000 5K 1 T
Wt ARy EMRAY 1800 5K A T2k, 1000 3K
FHT
3.1.6 CAM-LDR # ¥ %
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izing the Discriminative Regions Scribble—based
COD) 145 4 040 YN ZRIE 51 2 026 A 5
XU AR B IR A IR R, BAEA
1 000 I ZRFEA B CAMO FLELAT 3 040 4NVl 21 B
A By CODI0K;  H it % 45 £ ok H CODI10K 1Y
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COS % HIFAL P8 br = A4 . P4 xR 2
(Mean Absolute Error, MAE) Ew, . JIALF ¥ &
fi (Weighted Fmeasure) Fg. %58 & 48 bR
(Structure Measure) S, 358 VT it 5 5 (Enhanced—
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32.1 Ews

Ew 2 VA COS I 2% f5 1] 5 H 50 09 48 45
H 2 A £ A B O € B AR 10 D0 1] 0 (1R 22 ]
B 22 5 K/, B BRI 25 S b/, 2% 1Y
T GE gt AR R . BLAEDIRZSTR COS fit il [# 1 5
HHE e —2, B Ew R0, Hita AN

1 v
E}I,—\ZWZZ‘P (x,y)*G (x, y>\

Kb WHH SR EB I SERE AR Py Bl
DRG] 5 G kg 55 000 1 X 07 14 AL ]
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F AR 2 X80, @R T, e R
P o A3 1] 58 P B BUAE , (FLAT N 60X — 3%
FAETE . FoZ G558 T IR MA R, 315
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_ (1 +,32> P recision X Precan
B P precision T Precan

o B WK E N 0.3 DL Poccision B Preca,
FH 50 VRS BE B P yrecicion 117 AS 2 43 [0 A Precaro

Fg

N P (T)NG|
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P (T)
P (T
Prownt = M
G

K P(T)RESMHBEET [0, 255 X HE=
) FO0I0 Bl S PR A R T AR A Y ] A
55 | o MUFIT B B BOE AL, Ik, mTR AR
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5 (F 3R,
323 S.
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i, HRIRA N
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K SFRRET BRI SrERE,; SSRRET
X e EEE; aclo, 112—1NFfMS40,

BINME 0.5,
324 Eqs

Eo &R R U 05 2R bR AL 7
925 4 9 - 4 L O £ 197011 2 22 1 0 A
URE T 4 1 L 197 4 e B e TS0 45 i e
5 (R 2 B 25 5K RS R MR
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x
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41 TEEHH
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SeB A5 BBy 2 B AL (FDNet 1 DCNet), 41553
fim

®3 COSHEERLLE
Tab.3 Quantitative comparison of COS methods

CODI10K

NC4K CAMO

it R Backbone

EM\i SuT FBT

E. 1

Ewl ST F1 E.1T Ewldl ST FT ET

CVPR20
CVPR20
TIE21
IJCAI21
CVPR21
CVPR21
AAAI2L
CVPR21
PR22
MM22
CVPR22
CVPR22
PR22
1JCAI22
CVPR22
CVPR22

ResNet—50
ResNet-50
Res2Net-50
Res2Net-50
ResNet=50
ResNet-50
ResNet-50
ResNet-50
ResNet=50
ResNet-50
ResNet=50
ResNet-50
ResNet-50

0.043 0.776 0.631
0.035 0.809 0.684
0.037 0.807 0.680
0.036 0.813 0.686
0.040 0.800 0.660
0.037 0.811 0.655
0.042 0.793 0.635
0.037 0.804 0.673
0.041 0.795 0.643
0.034 0.813 0.697
0.029 0.838 0.729
0.034 0.833 0.724
0.043 0.786 0.630
Res2Net-50 0.033 0.831 0.722
Res2Net=50 0.030 0.840 0.729
ResNet-50 0.032 0.829 0.751

SINet ¥
JSCODO
D’CNet ¥
C*FNet ¥x
PFNet
S-MGL ¥
TINet[

LSR[]

CubeNet ¥«
PreyNet
ZoomNet ¥¢
SegMaR v¢
ERRNet[]

BGNet[
FDNet*
DCNet %

0.864
0.884
0.876
0.890
0.877
0.851
0.861
0.880
0.865
0.881
0.888
0.899
0.867
0.901
0.919
0.903

0.808 0.723
0.842 0.771
0.838 0.762
0.829 0.745
0.829 0.731
0.829 0.734
0.840 0.766
0.834 0.763
0.853 0.784
0.841 0.781
0.827 0.737
0.851 0.788
0.834 0.750
0.855 0.825

0.871 0.092 0.745 0.644
0.898 0.073 0.800 0.728

— 0.087 0.774 0.683
0.897 0.080 0.796 0.719
0.887 0.085 0.782 0.695
0.863 0.089 0.772 0.664
0.879 0.087 0.781 0.678
0.895 0.080 0.787 0.696

— 0.085 0.788 0.682
0.887 0.077 0.790 0.708
0.896 0.066 0.820 0.752
0.896 0.071 0.815 0.753
0.887 0.085 0.779 0.679
0.907 0.073 0.812 0.749
0.893 0.063 0.841 0.775
0.910 0.069 0.819 0.798

0.804
0.859
0.818
0.854
0.841
0.850
0.836
0.838
0.838
0.842
0.877
0.874
0.842
0.870
0.895
0.881

0.058
0.047
0.049
0.053
0.053
0.055
0.048
0.050
0.043
0.046
0.054
0.044
0.052
0.042

e S fURZE BT LIERKREGHIES; * ARITIABINERFEE;
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Fig. 6 Qualitative comparison of intelligent camouflage target segmentation algorithms under visible light
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