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Abstract: Objective Accurate segmentation of colorectal polyps in colonoscopy images plays a crucial role in the early
diagnosis and prevention of colorectal cancer. However, colonoscopy images often exhibit blurred boundaries, irregular
shapes, and large scale variations, which pose significant challenges for automated segmentation. Conventional convolu-
tional neural network (CNN)-based methods are limited in modeling long-range dependencies, often leading to inaccurate
boundary localization and missed detection of small lesions. Transformer-based models improve global context modeling but
suffer from quadratic computational complexity and high memory consumption when processing high-resolution medical
images. Recently, the Mamba architecture based on selective state space models has shown strong potential for efficient
sequence modeling with linear complexity. Nevertheless, directly applying Mamba-based models to polyp segmentation
remains challenging due to insufficient local feature extraction and limited multi-scale feature interaction. To address these
issues, this paper proposes a Multi-level and Multi-scale Feature Fusion Enhanced Network based on the Mamba architec-
ture (MMF-MambaNet) to improve segmentation accuracy while maintaining computational efficiency. Methods MMI-
MambaNet adopts an encoder —decoder architecture and employs the Visual State Space Model (VSSM) , a variant of
Mamba, as the backbone to efficiently capture long-range contextual dependencies. To enhance feature diversity and
robustness, a Local Sequence-wise Style Transformation Augmentation (LSA) module is integrated into the backbone. This
module performs stochastic re-parameterization by perturbing the mean and variance of feature distributions, thereby
improving model generalization under varying imaging conditions. To strengthen multi-scale representation and boundary
perception, three specialized modules are incorporated. First, a Cross-scale Aware Self-Attention (CASA) module is intro-
duced to facilitate hierarchical feature interaction. CASA uses deep semantic features to guide shallow feature refinement
and integrates channel and spatial attention mechanisms to effectively fuse multi-level features while preserving fine bound-
ary details. Second, an Adaptive Detail Enhancing Module (ADEM) is designed to improve structural representation
across scales. Using an anchor-scale fusion strategy, this module adaptively integrates information from different scales to
construct more complete detail representations of polyps, thereby enhancing boundary structures and improving segmenta-
tion of small lesions. Third, an Adaptive Global—Local Integration (AGLI) gating module is introduced in the decoder
stage. This lightweight mechanism adaptively integrates global semantic features with local detailed features from skip con-
nections, enabling the model to emphasize reliable regions while suppressing background interference. Furthermore, MMF-
MambaNet introduces a reverse feature fusion pathway to combine deep semantic features with shallow spatial information
through progressive upsampling and feature aggregation. A pyramid pooling module (PPM) is also employed to capture
multi-scale global contextual information, improving semantic consistency in the segmentation results. The model is opti-
mized using a hybrid Binary Cross-Entropy and Dice loss, which balances pixel-level classification accuracy and region-
level overlap while alleviating class imbalance in medical image segmentation. Results Extensive experiments were con-
ducted on five publicly available colorectal polyp segmentation datasets: CVC-300, CVC-ClinicDB, Kvasir-SEG, CVC-
ColonDB, and ETIS-LaribPolypDB. The proposed MMF-MambaNet MMF-MambaNet was compared against eight state-of-
the-art segmentation methods, including PraNet, VM-UNET-V2, and Polyp-Mamba. 'Experimental results demonstrate
that MMF-MambaNet achieves competitive and stable performance across multiple datasets. Compared with the VM-UNet
baseline, MMF-MambaNet improves the mean Dice coefficient (mDice) by 1. 1%, 5. 0%, 4.2%, 9. 1%, and 2. 6% on
the CVC-300, CVC-ClinicDB, Kvasir-SEG, CVC-ColonDB, and ETIS-LaribPolypDB datasets, respectively. On the chal-
lenging CVC-ColonDB dataset, the proposed model further surpasses VM-UNetV2 with improvements of 4. 6% in mDice
and 6. 2% in mean Intersection over Union (mloU). Visual comparisons show that MMF-MambaNet can accurately delin-
eate polyp boundaries even in cases with low contrast, irregular shapes, or small lesion sizes. In addition to segmentation
accuracy, the model demonstrates favorable computational efficiency. With 18. 84M parameters-and 5. 74 GFLOPs, MMF-
MambaNet maintains a relatively lightweight architecture while achieving an inference speed of 57. 58 frames per second.
Ablation studies further confirm the effectiveness of the proposed modules, showing that CASA, ADEM, and AGLI each
contribute to improving segmentation accuracy and boundary preservation. Conclusion This study presents MMF-

MambaNet, a Mamba-based network that integrates multi-level and multi-scale feature fusion mechanisms for colorectal
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polyp segmentation. By combining efficient sequence modeling with adaptive feature interaction strategies, the proposed

approach effectively addresses the challenges of blurred boundaries and scale variations in colonoscopy images. Experimen-

tal results demonstrate that MMF-MambaNet achieves strong segmentation performance while maintaining lightweight com-

putational complexity, making it a promising solution for computer-aided colonoscopy diagnosis and assisting early detec-

tion of colorectal cancer.
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() FRREA x U 14T e W A
ORI 10°) o 36 T-HIEV P 7AT B AR 1955 1+t
i G 24 00T 20 22 1 Rl 7 2 (£ ()
S fil(x)), A SRS S E e R

zi(fh(x)) = ;i (,u(fh(x,)) - E[M(ﬁl(xn))])z
(6)

%)) - B[o(£(x))])
(7)
A B R AN . BT R WA e~ (0, 1),
e~ (0,1) 4 B 4 BE ML AL s 09 Fr & iF =
BA(x)) v(£i(x)), it 76 B0 HE w FBRIE% o
L AT A B0, AR [ 4008 1 XU 22 52
BUAGD) =140+ [ S (A).e,~N(0)
(8)
~N(0,1)
(9)
FHRGE ik BRIy B A R AR O e 0, 155
XU 14 38R 11 P SRR, 5 x,)

+e(5)

S A =5 (all

Y(fl(x)) = o'(f,(x)) + 802U(ﬁ1(x))7€(r

ﬂaug(xi)zﬁ(ﬂ(xi))"' O'(f(X))

'Y(fh(xi)) (10)

SE SRR KRS 28 480 I, X B REAS x, A B L
e M .

Mm“k=H(0< £'l<P)Je{ L} (11)

K NI E . M BENLE G P RS L
B, #RIN 0. 75,
B R 2 R (SRREZEEEVLRD) , il T

FRTDARA S, (x,) B L (x, ) A5 B I 2 Jey s 1 s ey
?E fh mixed( i)O

) = () O () O1 = )12
XPO i'%/TLE%E% TR S R AR IR AR
ROLEAAE . 5 WG I £ (x ) 1D

JEHIR P LE%@.ZDS@%@E@R” v

HARFFARICHRII S 2, R L 540 sl 2 A
BEALIG e85, 0 PR AE 4540 52 B M NE L R 1
FesEME . A HE N SR R B AL 21 8 B AT
Geit i AT Z o0 i o A A, AR R ZAETERY
FRIEZRII | DT S AR Xof AN [ 35 s 3% 114 5 R Pk
2.1.3  H@E WA R AR (ADEM)

ADEM M0 1&T 4 7R, HoAZ O AR AKRE — R
Rl HAR RS I A5 R 5 2 A T e
AT RN o DO TAR SR IE DR sl 1A E a7 =X,
ADEM R JH i 25 5K 3 01 22 P52 A Rl 5 F) SRS, 0
T2 RIERIES R S, = f, 382 B — RE R 48 N
B AR ROBEERFIE 2203 BE RS 55 (BT TR RAE) (B TR
Qb B AR SR T A G 2 S e R IR Y B 2
SEH SIS RERG

HAKTF , ADEM & 5 i 247 3x3 4 L
PR RUERHE . anf&l 4(b) %5 (6] Eﬁffﬁlwﬂﬂ%ﬂ
F& B (spatial adaptive detail modulation, SADM) , %}
AR5 E Fr Ak, B L R B E U, 2B BN
Sigmoid T A= AR T HERD M, Z1 )32 RO 78 Bl
RETRAE BN, SERIEX, 23 5B W,
J5 5T AR E R RYHERSIZ TC R AN, e 2 th
A RHE Y, B k0 -

Y, =W,(X,) (13)

M. = o, (W(X")).i#a (14)

Y = YaH M, (15)

Kb Y, Rl ROEFRAE 2% I8 6 BUZ R #5519 3

RARAE , a i ROBEZR 1, X R0l 5% Al E RUE Y
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(2)VSSDG Block

@ i
& ez
@ Sigmond

(b) LSA

Ry =
|
r=3 rrny s e
o N e N
B N i | i
T =
S6 Block
[N
XBIEER
[
BFIREEE
[ R
AR
'
e .
| .

[#13  VSSDG Block %514 [&]

ADEM H.& XU {5 B sh BE 1 - 2 w7 9 R
B E I, )RR AR PR R 51 aR A S — 20X
Il R IR E I TR BRIETE A G R IR ANEN
A o IR A 5 ) A A TR | ol A [ E 4G

(a) ADEM

[ mmsE o cowaxs
[ smeeE }—{ saom
Ea i
[ #mmee — saom

R BRI R , S IR 75  i , 5 41 H bR i 555 2 /N4
F L AMRIICRT U A LR, ADEM {2 S THS R
Xt S 2 45 R A 5 37 5 1) 10 5 O B 5 AR JEE 1K 52 e
T3, B 58 S T2 2R (0 3 ORS 5 Al — B

(b) SADM

AFRETENHE

B

Conv 3 X3

Sigmoid

Fl4 ADEM B4 &

2.2 fREDEE
B () S 2R 30 0 R HZE A i1, B e
St g 10 22 RO RRAE 2 AL BlE I TR 5 25 [R] 43

R IR LA ORG24
T A A4 CASA B AL S Trans-

layer R4 J 1 Z2 ROBE R AE (f, L1, f, f,) ’EﬁADEM
© tp[HE % BB AT A



HAISL, BN, BRE, B, MINN, BFE, FiEE, BaE
Mamba Z2# T £ & R EFFER SR80 2 WM

B DL 8 il SR s G B RSS2, A2 g AN
] 20 HE R A R A R AE (F, £y fy) o o BRI
A REAE £, 23 e 200 & - Bt AR A B (PPM) | 38 5
Z R AL B ER AR 2 5 R 30, s SC—3eik .

Fifi i , i i % >R FH DD 2% DecoderBlock #4714 25
[ REE : LAt Ak PPM (pyramid pooling module, PPM)
Ab PR B £, A A MRS £, L, f GBS AGLLT 4%
DL Rl G 3 2 40 1 AL, B GO HGE 3o e 45 LS
B2 A5 5y B LT R4 BB P2 5 IPLTAE
SRERE . B 3t final_conv i 143 #1145 5 | [F5
AR, X v (R 2EA T W B I A, iF
— R T EIRE B

AR AE o 2 RS 4R E R SCas
R R IR S5 G TEVR 52 23 (8] 48757 1 [m] i f 4
T SBR[ b E AR A
B R 22 A ) R
2.2.2 EFHMALEE(PPM)

ff s 25 b ) & T Ak e (PPM) B L 2
RUBE b S A 3 o R AIE (9 42 SR 1 SCIRE R g
(Zhao % ,2017) . ZAEHAL & 24 TIF47 43 3, BA>
3 S AN [ RUBE A 1 3 1 PS4t AL 44 (AN bins=
(1,2,3,6)) B AFRIEIE 53 51t A B[R] 3 B
DR 2 R 2R 2 Bk T SUE R . 45
K& I BRESREEYE it 0 — L F ReLU ¥
I e, SRR (A R 2 ARRIE R, 5
IRFHIE I DHETE 2 RERERLG 08 . B, il
o Ix 1 SRR 238 K i AR S AN
i) JRUBE HARZE A 18 L — SR e . X — A AL
FRRN T IR Z R PR 2 8] 43 BER B AR 3000 1 5 or
L) 2o 3 4Rl RS R A AR

B F RTINS G b b AR X 4 B B 5
SEAE e
2.2.3 [N AR RE RS B (AGLD

TEFR RS B B, A AaT A 508 B G A 25 14 20015 R AE
A 2 T SCRAIE 2 OGPk AR . S IEB] A AGL,
WK S R, A5 % AttentionU-Net BT T 9 LTI
HALALSE M (Oktay 25 ,2018) , 5 7630 1 13 7 1 HL I
SCHLBk B 4 Tl S AN A Bh A RS

AGLIE2 1S G % 25 1) Jey 505 40 15 REAIE X, 5 A5
J2 142 Jry i SURFAE X .0 1 SG3E 1 1x1 45 B AL B
A —46 (BN ) X 19 S iy A A7 4 B g — S R4t 15 2]
B B AE X P X o 8 ATINOF 22 ReLU i
TG, P I 11 B RUR Sigmoid PR Y B I T
AR W (UG L 0-1) , FH T 20 i Jay 3 e 45
frE W EEN, BAmE L A ARFR N

Xg = BN(Conv(fl l(Xgh,,,ﬂl)) (16)
X, = BN(Conv!!) (X,..))) (17)
h=ReLu(fg+z\;l) (18)

V=0, (Com’) (h)).0<¥<1 (19)

Y =X+ POX,., (20)

A O FRBICE AN, il ACE KRR E S

42 JRy i SC— B R AR AR T 4] o O TU 4R

S

AGLIT TFE ML AT 7 8 W 8 15 R 3 5 4 s e ik

AlA L o o S E HEsR A T OR B R 2

P, 3T B bRl g A 0 AR — 2o

VUV R S5 A SC B ARk BE I 5 5 sk A R IE Al A 1Y

- BT Bl ) e A R AR R SOnT AR G A
BT DX 3, 42 4050 ARG 5 T 2 B BE

SoftMax H Conv 1 X1 H Sigmoid ] 69—'

Conv I X1
q d

ConvTranspose

K5  AGLIFEH5H
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2.3 KR

AR SR I Z 038 XU -8 - 2H A 1 2% (BeeDice-
Loss ) % B A FEAS AT I i 2k s8R & 17—t
A2 X BCE (binary cross entropy, BCE) i J¢ Fll gt F
(Dice) it 2k B PL 3, BEME [A] LA AR 3R B350 A1
DB 23 ) S BT . 7 R AT 55 i ok
AT A PR S 5 ke ) 1 288 T AN ST Ay 1) Rt D4
ThANRRE DI 73 B B o SR S

Liu =W, * Ly (P,G) + W, - Ly, (P,G)  (21)

Ly, B Ly, 53 5378 9058 U 5 2R FINEE F- 1
%o Bee.DiceLoss 4 FH S48 W, Fl W, I8 5 P A
R 1Y TTRR e (S g b B8 Sy 1) o Kb Ly, 8
b A B AR I T R S AR A 25 5, 5
SRR 7 AR IR DN 3 A 5 Ly, FE T FU X8
LS DX Y B S TR, S O/ ke X 43
SERENE . PR L ) B R FERD O 45 R, G St
LI EL AR

3 & g

3.1 LGRS

AR SR FHIZ SBR[ PR A NI FAS A TF I 25
B R R BB AT R 50T . B AR A
SRR 43 =R 1 ek . Hod CVC-ClinicDB
B £ Py 550 5K K14 AT Kvasir-SEG %% 45 5 ARG
900 K G AE N ZRAEAS , Ha UG AR S IARE A
CVC-ClinicDB $t#i 4y 23 44 5 5 14 31 BOF 9 4
IAG 3], 5 612 5K 43 HE3 ok 384x288 11 EL A K114 .
AT IIL 550 5K H T2, LA A Rl
Kvasir-SEG %4 5615 1000 5K 5 4 EM% , 43 PERE
FEI MK 334%487 & 1920x1070, H: 71 900 5K FH Fi)ll 2%,
P4 TR . AL, CVC-ColonDB 5 CVC-300 43
S E 380 5K AN 300 5K B A IS, 41 HEF- 1 Ty 574
500, ETIS-LaribPolypDB a5t 44 KT ELA Y
344 KA A R R B 196 3K R L AT, 73 HER S8
— 7 1966x966. ZEHEE T B RIEEE L, #aH
B RGHEIN, B A5 o BRI 20 AR, P o L
PRk
3.2 XERERSHILE

AR H 3T PyTorch 328, BT A5 SL 56 M) 361
Linux #£4F 2 %t (Ubuntu 20. 04 LTS) 5¢ i , CUDA iR
A4 12. 4, PyTorch fLAS A 2. 1. 0, Mamba-SSM i 4

®1 BEEKERER

Table 1 Dataset information

Datasets '75'?& DIt Wk s
CVC-300 300 0 300 300
CVC_ClinicDB 612 550 62 62
Kvasir—-SEG 1000 900 100 100
CVC-ColonDB 380 0 380 380
ETIS-LaribPolypDB 196 0 196 196

9 1.2.0, f#i Jl NVIDIA GeForce RTX 4090 GPU
(24GB A7) YA, Yt F Rk FH AdamW 1
B WA ) RUEE N 2e-4, K H 1e-4 AU I LA
1Rl . s, BRI 48— bR i Akl 352
3524 F B 1 5 SR e A 4 Bl LK - R (B AL
ELENEE BEMLIRBY e BEHLSE R 7 X L EE R SR
BB N 16, AR Rt FERFLE 30056 .
3.3 TEMIEERR

A F -1 ToU (mloU) F1°F- 3 Dice (mDice )
YE RV bR . Dice FBUH H T4 & N 25 2R 5
AR EERRZ NN E SRR, A SRR R
FIPAE S W E DR EZ Bz RS2, SRR,
ToU B OG443 1) DX 338 A 1) — 85 | 3 o 28 & IX 3k
d7 IFAR Y LR IEN B AL PERE
3.4 AEEBHERILE

A3 LP-MambaNet B 5 8 F Se it J5 it db A7 L
B, 3 FE MSNet (Wu 4§, 2020) . PraNet (Fan 5§ ,
2020) . Polyp-PVT(Dong %%, 2023) . Polyp-Mamba (Xu
45 ,2024) . VM-Unet (Ruan % , 2024) . VM-UNetV2
(Zhang &5 0 2024) . SAM-Mamba (Dutta &5 , 2025) .
SSformer+OD (1i %5 ,2025) . Hrr Polyp-Mamba . VM-
Unet,VM-UNetV2 P} & SAM-Mamba 23 T mamba fi¥)
AR . MSNet 3l i BT IL T & FHEZ R
£ 3R A S LossNet Wi B i Do ¢ iE fil 5 TC 4% ] 4 5
PraNet il £ 31178 53 f i 45 (PPD) 3R & 15 )2 FRAEIF:
A LA R ML R 1) T T (RA) B2 4 701 A 46
K, LLHERA 43 #5045 1 56 KR B A 5 Polyp-PVT 2k
Transformer Zmfib s , 35 A RBE RIS (CFM) . fh
SEPUN B H (CIM) AR LR 3R & B8 (SAM) |, fifk
P JZRHIE A PP RRIE MR FETHRAERE S s Polyp-
Mamba & F Mamba CIR 2525 [A] AR AY ) | 38 1o R S8
T SCREHL (SAS) i Hie i RUBE (RO P L 42 Jmy i SCIE A

© h[E KR KL AR



WA, A, HRE, TEH, WU, BFEE, EEE, Nl
Mamba 224 T % 4 5 R B RE RS 1038 0 B R IR 2

B (GSD 4/ Jey 5 Jrab iy S22 HE , I SAS S8
5 ROERHAE LA s VM-Unet 3 WK 2 H 2038 TR 82
[BIEAY (SSM) 1 U JE R, AR SEARZS 23 [H] (VSS) B
o FERAEH T B 2 BB 50 F s VM-UNetV2 45 VM-
Unet A L Bk BR % #2745 B T SDI, 34 58 1K 5 J2 2 4iF il
4 s SAM-Mamba 7£ SAM % i3 28 * 5] A Mamba-Prior
BB LA TH 30K B 5 AR A Z AL BE T 5 SSformer+
OD 7E SSformer £ AU BE Al 151 A T 7] 2% 2] 1 F (] 7
¥ (OD) , E i T $R R 530 FAE DT AR S Y O¢
FIFAE AN R 21 AR PR R 1 5 141 S X IR
MSNet , PraNet, VM-Unet J2 VM-UNetV2 ) 5 45 45
BT A SO /9 S50 S80S IR A 1R 1S
1, Polyp-PVT. Polyp-Mamba, SAM-Mamba #l
SSformer+OD 155 7Y [ 52 55 45 5L W) B 42 51 17 AH Nz SCHk
R 3 BT B L SR PRI ZR AT B 5 A S — 3

U1 2 fiT /R , MMF-MambaNet 4 95. 1% () mDice
HI91. 1% [ mIoU {8155 — , L T FrA X HUm ARl . A+
BT &S CNN B, Ho mDice # MSNet , PraNet 43 3l)
FETF 3. 0%.5. 2% ; #H4% T Transformer S Polyp-
PVT, mDice ,mloU 73 il §& T 1. 4% 2. 2%. 7£ 5T
Mamba 45 5 tfr  MMF-MambaNet 76 7 38457 34
BASE#, mDice # Polyp-Mamba . VM-UNetV2 ,SAM-
Mamba 43 5] #£ 7+ 1. 0% .0. 8% .0. 9% ; mIoU %% Polyp-
Mamba, VM-UNetV2, SAM-Mamba 43 5l 42 T+ 1. 5%,
1. 8%.2. 4%, H.# 2024 4 42 i 79 Mamba #5251 VM-
Unet 48 F- 010 3 . 3X K W] MMF-MambaNet (12 9%
Z ROEFRHEREG 5 B SUBHHLSH] AT T R
P HIRE L, JUHAE 0 O 7 5 T R BUEAR

%2 CVC_ClinicDB #dli 5 B AR S 1 1 45

Table 2 Results of different algorithms on

the CVC_ClinicDB dataset

1%

%3 Kvasir g BN R4 1925

Table 3 Results of different algorithms on

the Kvasir dataset

1%

%4 CVC-ColonDB Hrffi e b AR HIE 45 R

Table 4 Results of different-algorithms on

the CVC-ColonDB dataset

1%

# 5 % /8 T MMF-MambaNet fE ETIS-
LaribPolypDB ¥ 4% 4£ I Dice 1 ToU & & X F VM-

%3 E’R7T MMF-MambaNet 7£ Kvasir Z{EEFHHE
R, ATIERMTIE KRS,

Dataset Networks mDice mloU
MSNet 92.1 87.9

PraNet 89.9 84.9

PolypPVT 93.7 88.9

Polyp—~Mamba 94.1 89.6

CVC_ClinicDB VM-Unet 90.1 81.9
VM-UNetV2 943 89.3

SAM-Mamba 94.2 88.7

SSformer+0D 92.0 87.0

MMF-MambaNet ~ 95.1 91.1

*4 JBRT MMF-MambaNet 7ZE CVC-ColonDB ##E & H
BRI [E PolypPVT.Polyp—Mamba #1 SSformer+OD %%
I, RERFEHRBTERMAE . PolypPVT FriEEfh
FEIR SIS, AT 3R EI S ST, X— AR BER

1% B R PLBE /£ F MMF-MambaNet,

Dataset Networks mDice mloU
MSNet 90.7 86.2
PraNet 89.8 84.0
PolypPVT 917 864
Polyp-Mamba 919  86.7
Kvasir VM-Unet 89.1 80.8
VM-UNetV2 91.3 84.2
SAM-Mamba 92.4 87.3
SSformer+OD 91.6 86.4
MMF-MambaNet 93.3 87.4
Dataset Networks mDice mloU
MSNet 75.5 67.8
PraNet 70.9 64.0
PolypPVT 80.8 727
Polyp-Mamba 79.1 71.3
CVC-ColonDB
VM-Unet 71.3 55.3
VM-UnetV2 75.8 61.0
SSformer+0D 79.2 71.4
MMF-MambaNet 80.4 67.2

UNetV2, {H iz #8 5 1] J7 3 ( 4 MSNet , PraNet) , 7F
mDice #8 b5 [ %8 MSNet & T} 8 & #8 10% , ¢ PraNet £

© h[E KR KL AR
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THE T 20% , HAH AL T Mamba A HL 44 40K
$e Tt UEWTHAE RO /Iy H AR DSOS 31 5 7 52
1.

7% 5 ETIS-LaribPolypDB % 5 55 b A [\ 34 3 19
ZER

Table 5 Results of different algorithms on

the ETIS-LaribPolypDB Dataset

1%

Dataset Networks mDice  mloU
MSNet 71.9 66.4

PraNet 62.8 56.7

PolypPVT 787 706

Polyp—Mamba 75.6 66.8
ETIS-LaribPolypDB
VM-Unet 79.8 66.4
VM-UNetV2 83.9 72.3
SSformer+OD 76.7 69.0

MMF-MambaNet 82.4 70.0

%6 7k T MMF-MambaNet 7£ CVC-300 %4 55
AT EEER B, H Dice 22404 89. 7%, Xt B A X 1Y
& o HIRE B H bR AL M AL TR KR
B4 —EPEREL# . PolypPVT, Polyp-Mamba
FIFEOE T MMF-MambaNet, J& T X B 24 418 X

SRS R AR RS AU AL, VM-UnetV2 KRBT —
TEAH

76 CVC-300 i de b ARk A 45 R

Table 6 Results of different algorithms on

the CVC-300 dataset

1%

2% 4 CVC-ClinicDB. Kvasir, CVC-ColonDB+

Dataset Networks ~ mDice  mloU
MSNet 869 807
PraNet 87.1 797
PolypPVT 90.1 833
Polyp-Mamba 90.6  84.0
CVC-300
VM-Unet 886 796
VM-UnetV2 922 84
SSformer+0D 883 814
MMF-MambaNet 897 813

ETIS-LaribPolypDB , CVC-300 F1. K 3 ¥t B8 £E i %F
Hegh 5, )48 PolypPVT (Polyp-Mamba #1 VM-UnetV2
TER 43 s 45 v i R PR I T MMF-MambaNet, {H
MMF-MambaNet S/ I @ BLH T 7E 255 PR RE LA P
¥ 7 ETIS-LaribPolypDB X — i Bk i Bl £ (/)N &,
W E 215 5) 1, MMF-MambaNet 14 g 5 0% ik T
VM-UNetV2, {H izt # MSNet , PraNet 25 £5 %1, {75 H. 55
=4 H 3 AE CVC-ColonDB A #E£E ) , MMF-MambaNet
FHEE VM-UNetV2 45 1 8 KA # ; 78 CVC-ClinicDB
BARLE I, H Dice REUH ToU X #8 #8 flr A5 %f LL AR
£14% Polyp-Mamba , SAM-Mamba 55 5 #2244 , S L%
fiE 5% 1 5 7E Kvasir. CVC-ColonDB ., CVC-300 %k # 42
b, HoA DR AR R EEDE T MSNet . PraNet ., VM-Unet 45
EZ ERIWIRI

Kl 6 & # T MSNet. PraNet. VM-Unet, VM-
UNetV2 5 725 3¢ MMF-MambaNet £ 751 75 3 [ Bt (1)
Oy EIECRNT o DNZE AT, 7 T I A AR R T
RIS 22 55 KPR, AR SO ALY BEF 4 58
BT S PR X RO 5 A I 55 . BRIV 8 2L R
055 R A 2 AT GO A BRI I O, SO A
5 ISV EAE 1B 35 0% I 25 ) S 5t i Rl ]
IRFCI 2 ) B RRIE (S 2 SE BB R 585 418U
ALK 5y, B FicRa e o HIPERE
3.5 HRRSEIE

VAl MME-MambaNet 45 42 OB f94E /T, 78
S4B EEUEE LI RIERSEE (R 7)), 0%
Rk LSA .ADEM ,AGLI 5 , £ %! Dice 55 ToU ¥4 AN [
FEEE TR : Horh A2 ADEM Kb 4 I 5 1 3 ( Dice P
Y/ 3. 8% ToU F1F% 5. 7%) , Hovk & LSA (Dice F
PR 1. 6% . ToU -2 [% 2. 6% ) 5 AGLI(Dice -2 %
3. 4% JoU 3[4, 9%) o 1% & B = A~ BB 44 Xk A5
RIPEREA IF 17 BTk, ADEM 7E £ R EERRAF Bl A
FHOCHE  LSA B J1 JRy B 4t 15 2R 45, AGLL 3 Ak & i) 2
FEAETME , =& Ph Al (1% T MMF-MambaNet fi4 531
PEfE.
3.5 REXSHEREE

B PPAT 455 280 43 BIDRG B2 A1, R SR X AN [ 455 28 11
IR A B AT T 20 Hr LA BG IEASE AU 7 TR S
AR, S R R A 280 (Params) | T A &
(FLOPs ) J 4k B B (FPS)AE J A2 O PFAh R A, 25 3
N 8 7 (i A\ UG 43 e R 256x256) , T A T
Y] 7E NVIDIA GeForce RTX 4090 [ 58 i . H h

© o €1 % Jel B 22 A AL A
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Bl d e
b by
Wsls[s]sals
AACACAEAE

Image GT MMF-MambaNet MS-Net PraNet VM-Uet VM-UetV2
K6 g iiie

MMF-MambaNet B 2% & 1158 4 GE R B AL - 2%
(18, 84M) 5115 & (5. 74C) 5 2 ALK 7 Y
W& 5 T VM-UNetV2, T 4fE 3 3 B (57. 58FPS) i 41
T MSNet ., PraNet, VM-Unet & VM-UNetV2 %5 % [ 4
AU, F0 50 VR B A O IE AR AL 4% b 19 [ B, MMF-
MambaNet .25 5 = 50 ) iz HE BE

MK b 3t LSALCASA . ADEM }2 AGLI 45 4
Yyt ] 31, MMF-MambaNet S2 3 T £ 9% £ N
FRAF 25 A AL Bl A 5 3 |, R B P T 3 B R A
Gy HRE BE  JUILAE D S A A AN B AR 3 5t
H R 8 Y BB LR RS T e i AR, B P
BALT VM-Unet , PraNet S50 | B 45 K I A9 i AR5
BT . WX B RIEAARE A% GRS R A S
AHARL 25 A LBk %) 5% 3 5%, 75 1E — 25 1 Ak B AR 5 T

ﬁbo
4 % it

R T —Fl 3T Mamba Z2 4 i 25 H i B

TN /3 1 45 75 MMF-MambaNet, 3 15 A5 A6 45 AF 32 B 5
5 ROBE b5 LT, 48 T B A 2RI 28 AR 30 5
53 BRE B o A0 DR B IR 2 2 TR o SE Atk
G55 R A XUk AR H g o B RUBE B SC H BN
T ) K [ A I A 4 R AR S 22 RUBERRAE

ARSI S s A A 7@)& Xf 5L IR PG R R

ZAR T SR . R MMF-MambaNet i BY
R ) oy E P RE {EIW(“ HE—E R R, LA KR
A 2 B TR A EORG BE o A BR s (], H 2 R
B OB AR TR R AN G AR
] FRAIE 28 B B AR PR T BRI, 25 A B 4 o) 5%
TREMEAT R XA T A T 500 1 325 7 i
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Table 7 Results of ablation experiments

/%
Datasets Networks mDice mloU
w/o LSA 91.1 83.6
CvVe. w/o ADEM 90.8 83.2
ClinicDB wlo AGLI 913 83.9
MMF-MambaNet 95.1 90.6
w/o LSA 92.0 85.2
w/o ADEM 91.3 84.0
Kvasir
w/o AGLI 91.8 84.9
MMF-MambaNet 93.3 87.4
w/o LSA 79.1 65.4
w/o ADEM 74.9 59.8
CVC-ColonDB
w/o AGLI 77.0 62.7
MMF-MambaNet 80.4 67.2
w/o LSA 81.9 69.3
w/o ADEM 77.1 62.7
ETIS-LaribPolypDB
w/o AGLI 75.4 60.5
MMF-MambaNet 82.4 70.0
w/o LSA 89.0 80.2
w/o ADEM 87.7 78.1
CVC-300
w/o AGLI 88.1 79.9
MMF-MambaNet 89.7 81.3

*®8 HEEZLE.GPUNTKE L ASHEIEREXTEL

Table 8 Comparison of computational complexity, GPU

puterized Medical Imaging and Graphics, 43: 99-111. [DOI: 10.
1016/j.compmedimag.2015.02.007 |
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