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Abstract: Objective Camouflaged object detection (COD) is a significant and challenging task in computer vision, which

focuses on identifying and segmenting objects that are highly similar to complex backgrounds in terms of color, texture, and
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shape. This technique presents important research value and wide application potential in agricultural monitoring, medical
imaging, ecological protection, military reconnaissance, and other fields. However, existing camouflaged object detection
methods still face several critical limitations. On the one hand, convolutional neural networks (CNN) are restricted by
insufficient effective receptive fields, making it difficult to capture global context information and long-range dependencies
required for distinguishing camouflaged objects. On the other hand, vision Transformers rely on self-attention mechanisms
with quadratic computational complexity, resulting in huge computational overhead and memory consumption, “which
makes it hard to balance detection accuracy and efficiency. In addition, most mainstream methods only use single-modal
RGB images as input and ignore the rich geometric and spatial prior information contained in depth maps. The existing
cross-modal fusion strategies are relatively simple and cannot fully exploit the complementary information between RGB and
depth modalities, leading to poor detection performance in highly camouflaged scenes. Aiming at these problems, this
paper conducts an in-depth study on RGB-D camouflaged object detection methods based ‘on multi-modal state space mod-
els, so as to achieve accurate, efficient and robust camouflaged object detection by fusing appearance information and geo-
metric priors. Method This paper proposes a novel RGB-D camouflaged object detection framework based on a multi-modal
state space model, named MambaCOD. First, considering the lack of real depth maps in public COD datasets, the
advanced visual foundation model Depth Anything V2 is employed to generate high-quality pseudo-depth maps from raw
RGB images, providing reliable geometric structure priors and constructing stable RGB-D multi-modal input pairs. Sec-
ond, a parameter-shared dual-branch encoder is designed to extract hierarchical multi-scale pyramid features from RGB
images and depth maps respectively, ensuring the consistency of feature extraction and reducing redundant parameters.
Third, a multi-modality Mamba fusion module (M3FM ) based on the state space model is proposed to achieve bidirectional
reciprocal feature fusion between RGB and depth modalities. This module integrates depth-wise separable convolution, 2D
selective scanning (SS2D), and bidirectional 2D selective scanning (Bi-SS2D), which can model long-range global depen-
dencies with linear complexity, break through the bottlenecks of traditional CNNs and Transformers, and fully mine
complementary information between modalities. Fourth, a dual-directional context mixture convolution module (DCM-
Conv) based on multi-kernel asymmetric convolution is constructed for the decoder stage. By channel splitting, cascaded
vertical and horizontal asymmetric depth-wise separable convolutions, and channel mixing operations, this module extracts
multi-receptive-field contextual features while effectively controlling the number of parameters and computational costs. On
this basis, a progressive multi-scale decoder is built to fuse adjacent-scale features layer by layer and gradually output the
final camouflaged object prediction mask. Finally, a hybrid loss function combining binary cross-entropy (BCE) loss, loU
loss, and structural similarity (SSIM) loss is adopted to jointly optimize the model from pixel accuracy, global structure,
and boundary integrity. Result Comprehensive experiments are conducted on three challenging and widely used COD
benchmark datasets: CAMO, COD10K, and NC4K. The proposed MambaCOD is compared with 11 state-of-the-art meth-
ods, including 6 RGB-based models and 5 RGB-D-based models. Quantitative results show that MambaCOD achieves the
optimal performance on most key evaluation metrics, including structural measure (Sm) , enhanced alignment measure
(Em) , weighted F-measure (wFm) , and mean absolute error (MAE). Specifically, compared with the second-best
method, the proposed method reduces the mean absolute error by 21.3%, 17.4%, and 12.5% on the three datasets
respectively, and achieves the best values in all major metrics. Efficiency analysis indicates that the model has only 58. 5M
parameters and 47. 6G FLOPs, which are significantly lower than most comparison methods; compared with FSPNet, the
parameter quantity is reduced by 78. 6%, and compared with the Samba model, FLOPs are decreased by 4. 0%, achieving
an excellent balance between accuracy and efficiency. Visual effect analysis demonstrates that MambaCOD generates seg-
mentation masks highly consistent with ground truth, accurately restores the contours and fine details of camouflaged
objects, effectively distinguishes targets from highly similar backgrounds, reduces background noise and false detections,
and maintains complete segmentation for irregularly shaped and highly concealed targets. -Ablation experiments verify that
each core component, including M3FM and DCM-Conv, contributes effectively to performance improvement. Further
experiments confirm that Depth Anything V2 provides higher-quality geometric priors than traditional depth generators such
as DPT, and the proposed modules still maintain effectiveness under different backbone networks. Conclusion This paper

proposes a lightweight and high-performance RGB-D camouflaged object detection framework MambaCOD based on a multi-
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modal state space model. By introducing high-quality pseudo-depth maps generated by Depth Anything V2, the model
enriches the geometric structure information of input features and strengthens the multi-modal fusion between RGB appear-
ance and depth geometry. The designed M3FM module realizes efficient bidirectional cross-modal fusion based on Mamba,
which effectively captures long-range dependencies with linear complexity and breaks through the limitations of traditional
CNNs and Transformers. The DCM-Conv module constructs a high-efficiency multi-scale decoder through asymmetric
multi-kernel convolution, further improving detection accuracy while controlling computational costs. Experimental results
on multiple benchmark datasets show that the proposed method outperforms existing mainstream approaches in both detec-
tion performance and computational efficiency, achieving state-of-the-art COD results. The proposed method effectively
solves the problems of insufficient feature representation, low cross-modal fusion efficiency, and unbalanced precision and
efficiency in traditional methods, providing a new solution for high-precision and high-efficiency camouflaged object detec-
tion in complex scenes. In the future, we will focus on enhancing the model’ s robustness to noisy depth inputs, extending
the framework to video camouflaged object detection, and exploring lightweight deployment on resource-constrained edge
devices to expand the practical application scope of the model.

Key words: camouflage target detection; RGB-D; state space model ; multimodal fusion; depth features
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Fig. 2 Structural diagram of RGB-D camouflage target detection network based on multimodal state space model

3.2 ZESKETEHHBEER

N T TR B — RS DR 7 5 T RAERE 152 IR
AR TR AL, AN SCHR 1 — ol i TR 285 45 [E] A Y (SSMD)
A Z BSRE Al Rl G B (M3FM) . %R B 78
3 3ok S A8 L RTRL ) A L SE 042 48 RGB AN
BRI RS Z 8] i B AME R, DA AR 1) 51 g B8 5 Y
ZRSRGRIE . & 3(a) R , M3FM 5k 2 22
FH VR 2 1] 43 25 4 F (depthwise separable convolution,
DWConv) . — 4 Bt £5 4 49§ (2D selective scan,
SS2D) £ JZ AL (multi-layer perceptron, MLP) LA
Ko W) — 4k 3% £ % 49 4 (bidirectional 2D selective

scan, Bi-SS2D )25 A% U A4 A 1

M3FM B HeE Ok F 4 i #5119 RGB FRTE F; Al
TREERHE FAE A . 158, BB BRI 20 5]
T — MR E T 43 B RUZ (DW Conv ) , TEIB/ D S5
it 1Y [ I 20 4 U BB 25 (RN AIE . RS, R T 442
KHEE B OC R |, B BUR R A i Ptk
FI4 (SS2D) B0, 1E SS2D BorH 4R E 1 e & it
— > MLP JZ AT AR e, SR 5 8 — 5 Bz E
—ARIURRIE . B2, R SS2D ML X RFE 17 4k
o SS2D AL AN & 3(b) Firow , B i ik R AE B AT
AR5 1) A A Can KO- (R 1 6 A2 ) L 4

© h[E KR KL AR



HRE, ®RE, k&, BERZR, FE, g, 2uE
REZEEES| S EREM AR RGB-D fh3E BiRE N

ISR IE 0 —4E 7 51, R SSM I 41 A g
R eER ETXEE . AME NS E
Mamba S6 (selective scan state-space module) #£17 4k
P, B 8 1 58 A I (cross-merge) 2 VE H BT 4l &
W HERRIEE]

2555 SS2D &b FHE By RGB FIG B 5 AF P v 3of
—/NMLP 2, I r g e Z A E G . #lA 5 ik
TEREAR R — A8 AR 36 AW T] — 4 BE #6066 (Bi-
SS2D ) HE He AT TR BE 1) S AR S B A ) B2 H. . B
Bi-SS2D Bk (1) H 5 280 MLP 4 #5195 4G RGB
FGREERRAE 3 N AT R A, A R A Z RS
FRIE £

SS2D J& M3FM Bt 4 )= 1 R SCfi B¢
AR, A O ARG Y MR R AE B e 3l —
YA, R SSMAYE £ F s AL 2R AT s
TR A A . & 3(b) 7, SS2D 11 B Jels i A
BN ZHESRHE (FF FO 3758 X2 8., SRR
YN RS O A AL 1«

F =F +F xF! (1)

Fi=Fi+FrxFe (2)
S, B R 308 2058 28 XU 0 RGB IR BE 4
fE. LLRGBAFAE 7 {5, SR 5 Zei 2 07 o L
B REAE B S 2 DA AR 95 160 JE IF S — e FE 91 < A
ZEEE, WAERIZE N EEITR AT 3], B A3
(b)FrR.

38 2 R 22 ) 4 A AR AT DLCAS [R] B A R A
FEEMGIZS B E R . JRE 5 U781 43 3% A
ANPRAT ) Mamba S6 HEFEAT AR . Mamba S6 i It
TREFEMHIR A 2 MR, BE 98 AT AL A 42 13 51 i (1)
K IE B K H ¢ 22 . Mamba S6 1553 N 340, 5 2 1 78
P JZ FAZ 00 () SSM HLIG . SSM LTl i — 4 22 )
IZH (N A, B, C,0) R EBF I sh A2k, B
I, S EE RIS 2 B 7 R T

A = exp(AA) (3)

B =" (exp(Ad) - 1)-AB (4)
h, = Ah,_, + BX, (5)

y, = Ch, (6)

K X A E I EASC 84S B R 28
AT G IS T , b, B B RR S
RS, R 7R, Mamba S6 HRERS A3k

Mo PR R BRI 2R,

PO~ Mamba S6 BAA P51 5!, 37,y Hil y* Bl
WG I SRR . BRI 1 e
AP F R ZHEIBAR YO RO RSN T
AT B TT R AR :

4

Y, = > y® (7)

k=1

Ao, Y AR SS2D Hon i o EAR SO, Y, AT LA
F51RIE 3 (a) H RGB il Depth SS2D fit i 4 i H1 v R Al
Y72, it SS2D AL, M3FM A5 B RE % A %5 Hb ) ]
SSM Kb H 24 [RR A8 , di e 42 Jm BT SCE R T
B SRAX h2ke B bR 1 FRAERE

FEF Sk, AR S i Bi-SS2D 52 L EE A i A 5 A
A3 H AW 5 B AE o 7€ L3R 19 RGB Fl Depth
SS2D 1, M3FM S T Z2 B8 B A IR iy 22 B, i
Bi-SS2D i i 2% Bk RGB Al Depth HFfiF 2 52 i token-
level YA ZSAR B 52 B .U & 1 (c) 7, Bi-SS2D 4
Ui 58 )5 1) RGB AR FE R IR (YR R Y D) JORIE &
i MLP #5117 1E 9% DF #2153 2] Bi-SS2D 1Y i A

F'=cr(MP(YF),ML(Y?)) (8)

A, FY 3278 Bi-SS2D (5 A RHIE . CTFIMP 4353
FORFIEPHESRAE R MLP 44E

B 5 S Y R 5] 5 RGB AN JE FRAF BE T
AF T AT A5 2 19 55 5 B9 RGB R E S5 IR AR 1E IR 22
it MLP 44 J5 R4 7R I, DA TG A5 21 M3FM 25 4 4
HARIE £,

Bi-SS2D A H AL & AN AT R4 3 S R
i (forward scanning) A5 18] 1 # (backward scan-
ning) . TEAEN4F 3, RGB A BE RRF 1 26 9 B 7
BUTF SR J5 U 6 M R0 7 ) AT F 4 o 3 R )
FAFEHLH RE S I 5 41 A9 A 1) AU ) BT SO
2, DT B 4 [ b A AR 9 2 (R) 4544 o g 1) F s
] 7198 43 32 00 % i MLP 2 R TRl B i it
cross-merge PAVEE A S W 4 AE E . Bi-SS2D
R R 3k RO ) 1 4 0 SSM B, 15 1 A AR X (A 2
H AR 25 18] B BE 71, A R 58 IR T 1448 CNN AL
Transformer 7EANFRET =25 0] & R B Ry BRAE
3.3 WEiRALETXER

VLAE2K , R T 38 Transformer 754/ R 4 1 25 4K
G 207 T AR F VR £ e ) CNN AR TF I 2448
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‘n : —ala)s sl
Tt ,,
X b @I | FomE-- sk
2 i —
[ g p =D aE
v ||| o@m- w-
(a) M3FM (b) RGB SS2D
[’ 8 Forward Scanning 8
RGB [ - me — Lrnur Mamba S6
W ATy 3
D A = exp(AA)
Depth () N x—| B=28A"(exp(dA) — 1) AB 8
FFE D Q‘? Q? il b= Ah, L +Bx, 8
D Backward Scanning )]

.,

......

(¢) Bi-SS2D Module

3 ZHAREZS ARl A
Fig. 3 Multimodal state space fusion module((a)M3FM; (b)RGB SS2D; (¢)Bi-SS2D Module)

il R RS B FRAZ RS RIRAZHF, L 40 RepLKNet Fl
PeLK. SR, FLEAH R FUZ (40 7x7, 9x9) 234fF
KSECRE AR R, S B RME LI 2 HAE
PR . N T ey KISz B R il S 80 2 1
WA, A SCHE R T — RO IR A T SO U
B (DCM-Conv) . WA 4 i 7~ , DCM-Conv 51 £t 5% F
“OPTIR 27 W ARG, 8 L FR AR 23 OS] AR X R R

Ay BT GEIE TR G U SR E DR D R S T
TR AL 22 ROBE R AF FR BORD Z2 1) R SOfR B A 7R
PREFRARH A 24 B i R ), 3175 T B KRz Y

)5 LR SCRHE
1

[ Channel Mixture

| |
DWConv DWConv DWConv DWConv
3x1 S5x1 x1 9x1
A A A A

Lx ) (= ) (= ] (x|
2 A 4 b}
B4 WnaiRE T SCEH

Fig. 4 Dual-directional Context Mixture Convolution

DCM-Conv 1k 22 RUEERHAE AR i 45 A A2 0o

Bl P 25 100 5 A A A I 1 RS2 B 114 | SRR
Hae |, H AR LG TS ) 2B RRIE fo. AL
VL AE R B 7 2= 5 iR 42 DCM-Conv FOFFIETL .
S8, W A RHIE £, TR 5 8 T 4 R A1 R 4 S A
FROEPE X1, X2, X3, F1 X4, BEAS T HEAF 0 28 1
X B RN G 28 B E R A

AT I o0 2 RO R E P B LAl -

X1, X2, X3, X4 = Split( f,) (9)

v J5 1 HRAE 1B 53 0 AP T4 T 19 53 53k
FPAbH 3 B3 52 (n x 1 IAEXSRRE R FK 5 32
(1 x n AEXSFRE R o XA 7 AR R R
Y AR R PR IR BE 7T 43 25 45 FL(DW Conv ) R4l 35 2 RUEE
fzs ] 1R SO B BRI, FRHMER X1, X2,
X3, A1 X4 g RF3x1,5x1,7%x1,9x1
Ay AR IR B AT B S U . JF H I 50 5L
KT HIREEA , BIRT— G A2 05 S o

RQ X H/32 % u/32

EEE’J%:JA#—‘%?EIEL# TEICRMING , HIEAT -

GRUZ X Fh G RS54 A B T 15 9 FRAE 09 30t 3 A
Eﬂq:

X1'=DC,, (X1) (10)

=DC,., (X2 + X1') (11)

X3’=DC7X](X3 + X2') (12)

4'=DC,, (X4 + X3') (13)

AP, X1, X2, X3 R X4' R 403 7 4y S W R
P2 J5G RRIE . 72 TR B9 X RUKE5r 2 0], 5|
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HRE, ®RE, k&, BERZR, FE, g, 2uE
REZEEES| S EREM AR RGB-D fh3E BiRE N

AT —MEHEREGZ. DC,., TR —NEFENk x
1 DWConv. %)= & 1EALHEA [F] 7 Rp Ak 18] Z 1] £
B ST, T T ] A RE AR, B SRR A YA )
Z1,72,73.7Z4 = CM (X1',X2' X3 ,X4") . (14)

{P, CMFREIE R A RE, i — 1 x 11955
PO T R I, Z1, 22, Z3, FNZ4 Rl iE iR
B IE A THHE

K03 35 B SRR T IR A
T AN R B 7K 53 SR GIBRARATE S RAZ B XS Bk
LB MZRY AR B L H B9 1 3 AN [ 1
RAAE A bR SO B B

y4 = DC,,,(Z4) (15)
¥3 =DC, (73 + y4) (16)
y2 = DC, . 5(72 + ¥3) (17)
yl =DC, (Z1 + y2) (18)

i, y1,y2,y3 Fly4 KRR L3l K143 3 A2 B s 11 7Y
ASTFHRE SR JE G T R DF L 14515 31 DCM-Conv
M R AE . DC, o RR — BB 1 x k1
DWConv,

PR [] B GR35 MLy 3 EL AR PO 1) B I A
T HEAN, B S T R R 4R Al
(11T N 7 < 1) S R 2 R 2 D 5 g /8 S 1
X OLTA] | 22 RUBE (9 5 AR M A MRS Mk 2o #2175
DCM-Conv 15 B BB A% A= il B 421 504100 ) iy B F
SCRFAE , NTITAT R IO e E ARG I Ao PR RE
3.4 IKEH

AR I 70 58 R 45 2K (binary cross entropy
loss, BCE Loss) .22 3 [b 46t 2k (intersection over union
loss, ToU Loss ) #1285 A4 #0045 2K (structural similar-
ity loss, SSIM Loss) I 45 Il 2k Oh 2% H br A6 i 4452
B BCEAR ) B T = 73 M E G o H14E 55
1, ToU 4 26 M EE T G 1 B R A i s DX 3, DA 3 7
XER R BFR A9 2 FIPERE . SSIM 5 5% U] H T ft
T2 R 5 B Z RIS AR . A S G
X RPN [0 R R R T — MR A R
PRELL,:

L,=L,M,,.G)+L(M,,G)+ LM, G)(19)
A, M, G35 37 T i) Oh 2 H A e 6 Aot
N #52 (ground truth) o Ly, L, Al Ly 53 5] & 7% BCE
Pk ToU 51K A SSIM 12K

4 £ Iy

4.1 HHEENITM-IER

A S W 5T T AE (Zhou 5§, 2014; Cong 55,
2023) , A% S = A J o HR 0 A ok TEAG 4R Y
MambaCOD #5& #Y | 43 45 £h 3¢ H #r 2095 £E (camou-
flaged object dataset, CAMO) (Le %5 ,2019) | Hf #hEh
X% H bR K I £ 3 4 (camouflaged object detection in
the wild dataset, COD10K) (Fan % ,2020) , #l [ 8 fh
X¢ AK B i 4E (natural camouflaged 4K dataset, NC4K)
(Lv45,2023) . HARHL, ARSC CAMO 1000
AFEAS, L COD10K L 3040 N HEAE Ry )il 254
He Y ZRBE AL ; CAMO . COD10K 1l NCAK (1) o 4 #f A
AR S A T T IR B RE . O T RIIE AT 1L
3, AN SR P 38 B 1A 8 A A Al AN () 07 92 A
AE , CLA5 45 F B (Sm) JJG 58 X 55 & (Em) (AL F
JE A (wFm) AP a3 122 (MAE)
4.2 ZIGMEAT

AR SO R 22 RO R Y A 153 491) , >R FIAE Tma-
geNet (Krizhevsky 55, 2017) b il 25 19 3= 1 [ 25 7F
oh AL g A% A% o AS SO AL E VMamba-S A58 R
(vision Mamba-small, VMamba-S)YE & 3 T (2% >k 56
HE MambaCOD FIA M. AT S8R I 7EBL £ 24G
71 RTX 4090 GPU L= BEAT , BRI 25 80 1S 2 1K .
K H AdamW AL A% , ACE I BN 0. 1, 9] b2 >
WA S % 107, IFAE 40 D58 UG W00 Ik 11
I3 Z— o FIA I AN G 1 I/ INET 1 1 Sy
384x384 ittt K/ME Jy 4. 5SS RTEE I DPT A IR
FE B 58 TAEAA], 4 S5 A Depth Anything V2
oA e B TR I o T BT 2 AR SCR
Depth Anything V2 A& BCON TR BE &L, T35 43 % b 7 i
FE I8 SO T DPT A= R BE 18] o R RIS P 1,
AR SO Rl S 56 (3% 8) A AN IE T A SCOT A AR
DPT R & Bl AT B VERE , 25 5 3¢ B R 70 A [R) %
JE B 2% AF T, MambaCOD 17541 T B4 RGB-D J5 %,
e 4 Samba.,
4.3 MEBEXTLE

AR SCHE = AT JE R A 48 (CAMO , COD10K
FINCAK) -, K B4 H i MambaCOD BEAL 5 11432
Uit COD BB EAT T 42 1 ) 5 Fb PR REXT LE , o a6
6 >4 T RGB 1y COD #E 1 + 45 A i 4 5 5 3% W) 2%
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(feature shrinkage pyramid network, FSPNet) (Huang
45 ,2023)  ORGE 2 5 5 D 2 AR A I 1) 46 (visual
salient and camouflaged object detection, VSCode)
(Luo %, 2024) sl -2 [A] 2 2% > P 2% (frequency-
spatial entanglement learning, FSEL) (Sun %¢,2024) .
Z I F 3404k W 4% (multi-context refinement net-
work, MCRNet) (Zhang 55 , 2025) i1 & 15 L3 [] ()
% (edge-semantic collaborative network, ESCNet) (Ye
45 2025) i F P Mamba i Al (saliency Mamba,
Samba) (He %5, 2025) ) F1 54> 4 T RGB-D Yy COD ¢
T ¥ LA 5 B RBE R 4% progressively optimized
and patch-scale network, PopNet) (Wu 55§ ,2023) | ¥
J£ 4 B Db 2& B AR A I K 2% (depth-aided camouflaged
object detection, DaCOD) (Wang 45 2023) .RISNet #5
B (Wang 5, 2024) %R B /8% H1 Segment Anything 152
1 (depth-aware segment anything model, DSAM) (Yu
§5,2024) KU IE BE #% (dual stream adapters, DSA)
(Liu % ,2025) .Samba(He % ,2025) . A A 4K,
AT R B R Y H B 5 KA 8 e D235 2R A HER A
WE NERRIER . AR A PG R bRk
A RIPEBE : Sm . Em .wFm Al MAE

1) 7E 7 #

MambaCOD 5 Z-F RGB i) COD B EIXT I - 4l
1R, AE CAMO i di 5 L, MambaCOD 75 I 47 1
Mabr EXIRAG T B EPERE , Sm Em wFm 73 ]34
0. 891.0. 945 F10. 859, MAE ik % 0. 037, H#K T
PEBE A (1 MCRNet Fl FSEL, 4% SC 1 7 15 72 MAE 4
P LR T 7. 5%, fE B A PR ARAE Y COD10K £
% b, MambaCOD B [FIAE R BAOL S+ o AR T M)
# i /Y Samba, MambaCOD 7£ wFm 3 T 2. 7%,
MAE FEAIE T 13. 6%, 7E NCAK Bdla 4 I, A SCRA
WA T 5 R OB RA Y R RE . X SEE5 R A
SCHT P MambaCOD A5 B 78 52 2% 37 5t T 1 D 3 H
PRRIATE 55 T B 2 L3

MambaCOD 5 %F RGB-D {4 COD & RIRY 1 :
FHHE AL AT RGB B AL AL, JE T RGB-D f ALY
AN TR BEAR R BRI . MambaCOD #5243
TE =AU A 1 0 2 B bn AT B T T AT R T
RGB-D [ U HY 50, 72 CAMO %dfs % |, AH
BT PERE S AL 9 RGB-D BEAL DSA, A 3C Y 7 EE A
Sm.wkFm AR TE T 2. 9% #12. 4%, MAE F#{IK T
21. 3% XFESUEM T AR S MambaCOD FE AU EAS

A 3748 RGB UG AR FE EUR h IR 2 BAMR R .

2) RSB

S VPAL R A T BRSOR AR SCAER 2 X L T
AN TE] COD AL AU (1 2 B0 i (params) AT F 5 24
(floating point operations, FLOPs) . ALY 1555 A
FG or HER B 55—y 384%384, W15 2 /R , Mam-
baCOD I 2 # £/ Ny 58. 5M, i I T K 2 500
LIRS, ELARTN S, AHHE T FSPNet, 48 LB 2
BRI T 78. 6% ; AT [A] Sy 2 IR A 23 ] 45 A
f) Samba (61. 7M) , A% 3C [ A58 5 S KA B AR T
5. 2% X FREEIARSCIY I 5 BT B B = A, BES
A R B R i T A B R AZ R A i 21k 5
W% . 7E FLOPs J5 il , MambaCOD A5 #4 [A] k¢ ¢ B i
o AT 47. 6G T3, 6 T X LAY v 2 e 1K
1) o A% T [A) A 55 2019 Samba (49. 6G) , A& SCHY
FLOPs /5[ T 4. 0%.

GEAFRNMFE 2GR AT LA ), MambaCOD 45
RUTE S B A P BB 19 R B, CR 3 T A S 80
MR 28 B . BbAh, A e Al 4 50 JE a5 70
(Segment Anything Model, SAM) Yy J7 3% , Lt
DSAM, Mamba COD fifi /15 2 1) 2 80 FiH 5 = B
13 E A I A5 5 UE B T A SO 1% 1A A A e 1Y
PG &

ZE I rid , MambaCOD SR P& H FRaaimAT: 55 42
6T — B 2 RIS HE Y 48 i e 7 8, 7 SE R
M A E RS

3) MR AT

Shy LR JE 7 AR TR 11 43 B R, A S H L A £
B BREAR YT SE R G, S5 AN 5 TR .

A5 55 0] DA Y AR SCRERL Y 43 F S 5
GT i B — 2, e i SR b2 HAR A B 5 1 &%
(o 5 2 1 3 Bk L 6 2R RS ) L i FSEL, Samba,
DSAM, DaCOD S5 705 Hy B 2508 A7 2528 1Y
[, 7 AR RS S (AN 4% Vb sth) AR SCAs Y
RBA 2 X o Phe H AR 575 5t ol 75 Scigs o B
B CAN SR FATREAS e, A A5 78 347+ 0 B I8 0 S e
FU A SO Ay 1 TR ) o X TR AR
U e B R ) O HARCANSE —AT R 8h ¥ S5 51T
A28 ) AR SCBE RS RE R 7 56 3% 43 %1, 177 PopNet |
MCRNet S5 8L 1 5) tH 30 H bR b 24 sk iR e . 25
e PRBE X s SR — 2B IR T AR SO R AR P H
PR INAT 55 b 0 DLl , AN AR AR 4G , 2 P
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HRE, ®RE, k&, BERZR, FE, g, 2uE
REZEEES| S EREM AR RGB-D fh3E BiRE N

IR B fE e %

&1 MambaCOD 5H{th 114 COD #ZI % CAMO, COD10K #1 NC4K £ #E & EREEEsExT L
Table 1 Quantitative performance comparison of MambaCOD with 11 other COD models on CAMO, COD10K, and

NC4K datasets
CAMO CODI0K NC4K
F R Hhi it

Sm Em wFm  MAE Sm Em wFm  MAE Sm Em wFm  MAE
5T RGB ) COD A
FSPNet CVPR23  0.856 0.877 0.738 0.071 0.851 0.901 0.716 0.032 0.897 0913 0.789 0.044
VSCode CVPR24 0.838 0906 0.768 0.060 0.847 0913 0.744 0.028 0.874 0924 0.813 0.038
FSEL ECCV24 0.885 0.942 0.851 0.040 0.873 0.928 0.800 0.021 ~ 0.892 0.941 0.853 0.030
MCRNet [JCV25  0.886 0942 0.849 0.040 0.874 0931 0.807 0.021 0.893 0.943 0.853 0.030
ESCNet ICCV25  0.871 0934 0.843 0.044 0.873 0.934 0.804 0.021 0.892 0.941 0.859 0.029
Samba CVPR25 0.883 0938 0.846 0.042 0865 0935 0.791 0.022 0.888 0.939 0.847 0.031

T RGB-D it COD #&7

PopNet ICCV23  0.806 0.869 - 0.073 0.827 0.897 - 0.031 0.852 0.908 - 0.043
DaCOD MM23 0.855 0911 0.796 0.051 0.840 0908 0.729 0.028 0.874 0923 0.814 0.035
RISNet CVPR24 ~0.870 0922 0.827 0.050 0.863 0931 0.779 0.025 0.882 0.925 0.834  0.037
DSAM MM24 0.832 0913 0.821 0.061 0.846 0921 0.789 0.033 0.871 0932 0.826° 0.040
DSA ICCV25  0.866 0.943 0.839 0.047 0.871 0932 0.807 0.023 0.889 0935 0.847 0.032
Samba CVPR25 0.871 0932 0.841 0.045 0.853 0931 0.793 0.024 0.881 0.934 0.842 0.033
Ours - 0.891 0945 0859 0.037 0879 0939 0.812 0019 0897 0944 0.859 0.028

T FROTFARSIIR B LSS R 73R8 H 7 B8 SCBA $ B2

Fx2 ARECODEAEFITERITLL

Table 2 Comparison of computational efficiency of different COD models

iRl FSPNet  VSCode  FSEL  Samba  MCRNet  ESCNet  PopNet DaCOD  RISNet DSAM  Ours
ZH (M) 274 74.7 67.2 61.7 66.2 98 - 267 87 324 58.5
FLOPs(G) 283 59.7 109.5 49.6 143.1 129 228.8 234 63 342 47.6

T RO T IRSIR R A R =" R X He 7 B SCBAT $R BB

4.4 SHRELKIG

Ry B UEAR ST A 45 2 O S B I A A ARy
Wit TP R T — RAVTE A L8 . i A L8 7
CODI10K %48 4 b kAT , 2Rk 15 3 52 96 A0 [A) 1 I 24
BB PP HE bR

1)MambaCOD H 20 4 (1) 3 il 52 56

H A MambaCOD 1 M3FM 1 DCM-Cony £5 5
Ve AR ST T 3% iﬁﬁu%*&ﬁ%ﬂﬁiﬁmﬂ%%
FLLRAERR F RGB-D WUy S 4t 25, (R (3 2o fij B
P42 B A Rl A £ 835 FR AE 1 3x3 DWConv #5 18

M3FM Fl DCM-Conv 853t . 76 il [, K51 A
M3FM F1 DCM-Conv #5815 Fill 52 56 45 2 40 3% 3
JF7R o

2) Z2 RS 25 ] il 5 B e )31 Rl 52 59

RN B 22 B SR 2523 1A il A AR B (M3FM)
LA AR AR SCIE T 38 20 S 25 2844 1 3
SEH ., FEZRBIRCR FIRGB-D WU 3 i , {H A
1f R PR PR PR AL G 2SR, TR R
WH| ABSARAS A A2 H. SS2D ALl Bi-SS2D A

WM 4R, 5 AL XA H 5 S RIPEfE
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(ajlmage (b)GT (€)Ours (d)RISNet (e¢)FSEL (f)Samba (g)FSPNet (h)VSCode (i)MCRNet (j)ESCNet (k)PopNet ()DaCOD (m)DSAM

K5 ARFERBARIE A SEBORXT L - () B 5 (b)) GT3 () A SO 45258 5 (A)RISNet J7 545251 ; (e) FSEL J5 5454 ; () Samba J5 A 4%

5 (g)FSPNet JiE45 4 5 (h) VSCode JrEE 45 5 s (1) MCRNet J7EEZ5 5 5 (j)ESCNet JiHE4EH 5 (k) PopNet Ji 45 H ; (1) DaCOD Jr ik
54 (m)DSAM k4%

Fig. 5 Comparison of visual effects of different models: (a) Image; (b)GT; (¢)Ours; (d)RISNet; (e)FSEL; (f)Samba; (g)
FSPNet; (h)VSCode; (i)MCRNet; (j)ESCNet; (k)PopNet; (1)DaCOD; (m)DSAM

%3 MambaCOD 4 #4#95% B St 16 M3FM A5 i (4 45 20 A B0t e M A 1E 1) BT ik
Table 3 Ablation experiment of MambaCOD component Horh Bi-SS2D By XL 1AE E ML BE S A A ik A
= M3FM DCCM_ Sm Em wkFm MAE Aﬁi%x Elgffl,_é ﬂ%ﬂ/\
onv
K6 J'7n T RGB-D Th%e HARK AL 55 o, i

A0 0.841 0.907 0.763 0.029 Y )

&5 RGBS B RRE AT He g SR N ZE 345 1K
Al 4 0.863 0.921 0.790 0.024 - /

K RGB {8 Depth [811% | EL{E (GT) \RGB FF1LE
A2 (4 0.859 0.922 0.788 0.025

Depth $#1F ill &FFAF o 382 WA AT LK B, FRARS
SIEAFTE A SR, ok ROBALS 5 %2 HR 5 &
BUAARUE T8, DA X o D2k F AR5 5t

Deplhj;%j‘%{l *E’f/\ S IUJ *@’f—%u s@%Zﬁl\Xﬂ o \
RIPRAFBILAETE, SmasEI0. 866, MEER0. 022 3 e s e p R A2 Tl A3 02530 ok 25 M5 455 00

DN SS2D M I AR L R OSCRBUER TR 3 408 4 T RCB 94U 315 Depth s s
fELRRES) , whm e TH 2 0. 8020 SERME T (F  Hg ROURTHE L T HARII SRS I, M) T 45 5L
Bi-SS2D 418, *%Eéﬁﬂ?ﬁi‘bﬁiiﬁu&'zﬁt,miﬂﬁ P ARTE TR 3 B0 S e B T 2R
00 28 AR I RAR o X — s SR L B e O E BRI A 55 b A A S

MambaCOD v v 0.879 0.939 0.812 0.019

T ROTFIRFIR R LA R v PR BRI BN 1%
828

(x)RGBHE#% (b)Depth [E 1 (©9)GT (Q)RGBHFfE (e)Depth ¥ 1 (DA 4 1E

K6 FHERYATIALRCR AT L : (a) RGB B ; (W) IRBE RIS ; (¢)GT3 (d)RGBAFAE ; (e) Depth FF4E ; () fill 5 4511k
Fig. 6 Comparison of feature visualization : (a)RGBimage; (b)depth map; (¢)GT; (d)RGB feature; (e)Depth feature ; (f)fusion fea-

ture
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ERME, &%, KKk, ¥z, RS, BEE, 0
REZEER5| S EEFEH RGB-D A B irtainl

*F4 M3IFMEREAER)E LIS

Table 4 Ablation experiment of each component of the

M3FM module
s f; SS2D Biz_DSS Sm  Em  wFm _MAE
BO 0.859 0.922 0.788 0.025
B1 v 0.866 0.928 0.796 0.022
B2 v v 0.872 0933 0.802 0.021
Ous ¢ ¢ ¢ 0879 0939 0812 0019

TE ROTFIRSIR AR R v SRR R BN 1%
B

3)WLIm) N SCIR G A BV 0 1 il S 5
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Table 5 Ablation experiment of DCM-Conv module

P E KV EIE

BE oy me S Bmo wimo MAE
(0(0] 0.863 0.921 0.790 0.024
Cl1 v 0.869 0.929 0.799 0.022
C2 v 4 0.871 0.931 0.806 0.020
MambaCOD ¢ 4 v 0.879 0939 0.812 0.019
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A T e P o BT, SR H ASPP AR (D1)
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Table 6 Ablation experiments with different convolutions

S ESALE ZH(M) FLOPs(G) Sm Em wFm MAE
D1 ASPP 74.1 52.86 0.852 0.932 0.778 0.026
D2 DenseASPP 87.4 59.1 0.865 0.927 0.803 0.021
Ours DCM-Conv 58.5 47.5 0.879 0.939 0.812 0.019
TE RO AR R IR B A5 R
5)AN[F F= T P28 B X L BN o
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F M 251, Samba Fl MambaCOD 5 84K [H GE % 1k 5]
5 VMamba AL 57 5 , 2280 MambaCOD A9 1 BE IF:
AHH TS B T M4

F7 ETFWERFTLE

Table 7 Comparison between different backbone network

S B VMamba SwinT Sm Em  wFm MAE

El Samba v 0.853 0.931 0.793 0.024

E2  Samba v 0.851 0.932 0.794 0.025
E3  MambaCOD ¢ 0.866 0.934 0.804 0.022
E4  MambaCOD v 0.868 0.932 0.803 0.022
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Table 8 Comparison between different depth map

DA

FEETR DPT* = Sm Em  wFm _MAE
DaCOD v 0.840 0.908 0.729 0.028
RISNet v 0.863 0.931 0.779 0.025
Samba v 0.853 0931 0.793 0.024
MambaCOD ¢/ 0.866 0.934 0.804 0.022
DaCOD v 0867 0922 0.769 0.025
RISNet v 0871 0939 0.804 0.022
Samba vV 0872 0942 0.809 0.021
MambaCOD v 0879 0939 0812 0.019
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