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Multi-branch Collaborative Segmentation Model for Multi-modal Cardiac Imaging

XIAO Rui, SHAO Wei
(College of Artificial Intelligence, Nanjing University of Aeronautics & Astronautics, Nanjing 211106, China)

Abstract: Precise structural segmentation of the heart is important for the adjunctive diagnosis of
cardiovascular disease and accurate preoperative evaluation. There are significant differences between
images of different modalities in terms of spatial distribution and semantic expression, but existing methods
mostly use single-branch network structures, which are unable to fully integrate multi-modal information
and lack generalization capabilities in multi-modal tasks. To address this problem, this paper proposes a
multi-branch collaborative segmentation network, i.e. multi-modal collaborative network (MCNet), which
fuses the state space model Mamba with the convolutional model. The network is mainly composed of
three modules: A dual-branch feature extractor based on Mamba and convolutional neural networks, a
dynamic feature fusion module, and a Mamba decoder. The dual branches of the feature extractor focus on

extracting global semantic and local detail features, respectively, and the dynamic feature fusion module
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dynamically adjusts the weights of multiple fusion paths according to the image, thus realizing dynamic
feature integration in different branches. The proposed method is fully experimented on the MRI dataset
ACDC of the heart and the ultrasound dataset CAMUS. Experimental results show that the proposed
method, through a dynamic feature fusion module based on the mixture of experts (MoE) mechanism,
dynamically adjusts the fusion weights of Mamba global features and CNN local features. In the ACDC
dataset with clear boundaries, the average Dice and intersection over union (IoU) values reach 0.845 and
0.779, respectively. In the CAMUS dataset with blurred boundaries, the average Dice and IoU values
reach 0.883 and 0.796, respectively, both of which outperform current mainstream methods. Additionally,
ablation experiments further validate the effectiveness of each module. MCNet uses the MoE mechanism to
dynamically adjust the fusion weights between global and local features in real time, enhancing structural
detail integrity while maintaining global perception, thereby providing an efficient and robust solution for
multi-modal cardiac image segmentation.

Key words: medical imaging segmentation; multimodal medical imaging; segmentation of the heart

structure; Mamba; dynamic feature fusion; multi-branch collaborative segmentation
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Ik BIF 55 A 5 1) o A% 2 A 0 U 65 A R 0 DA 4 1 SR O JUE S0 14 12 e G BEAIL A A
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TR0 R YT AL
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nance imaging, MRI)"*", {f S — Bl JC A HL 55 40 3 R 10 AR 7 125, 78 0 JUE 45 #9 B A% D 1 L A A0 1 £ 3
T Ao A5 ER A RN B S AR T B O R AR AR AN A RE T AT S 00 LA A O RO 2RI A8 1) L 38 fiE
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F 53 B U WUZE 2R 43 F0RG 17 200 1T T2 AL 310 % 7K T F 4 E S5 s B AR Ak B Sk B0RK 5 i 4 L 1 o
(Late gadolinium enhancement, LGE ) AR AT A7 &5 5.0 JULAFE FE FEF 4 Ak X Bk, 3 28 22 % 91 iR 4 AR
4 e [ 87 5 A o O A% 3 B AR A 6 00 0 0 WL 0 L 2R 45 22 o JUE 952 0 1912 W 3 156 P Al R o7
AR5 v e 4 A R R R B AR O S S B IR AR TR T R T IR S A AR A

75 .0 30 [ ( Echocardiography ) V5 4 W R B I 5 )92 (0 JIE AR 4R, B AT e B SEit J7 4 A
R A S5 5 50, B2 T PP AG O B RS O LR BE R PR35 g 0 ) R DA R0 IR W 4 R EF K DI RE . fE 50
{8 7 T O 200 U i ) 45 4 RIS A2 8, T ML BRDRR 7R O T O i RCSE RO BE R R LR A
2230 W) AR AT R T 40 A AL g ) R B R A S A A R R I B A BB R A e . AR A R TE R
53 B35 T AN W R i AR (E G 5 1 R Bl 2 S B P A R SO A I R S B P T AR AN T AR . 4R
M0, 38 2k A 75 20 1 i (TR AR 75 2R 1712 W BE 32 00 SAE I

BEXF N TR A R BEIE 48 T AR 22 0 T TR J 2% o] 1 A5 52 18 R MIRTS2 AR 0 43 1 7 125, Sl 1
B2 W & BBl 4 M 2% (Convolutional neural network, CNN) ARy 55 )32 I H T B2 27 B8 43 A 10
TR 2% ) LAY R A% A RO BRUR) B8 25 (B S AE , JF 78 EMR 20 BT 55 rh e 0l R4y pE R . ARERPESS #



H o3 F. 0B BEYRG S5 IR HEA 889

U-Net'™ B H AR, 78 2 Tt IE S 44 25 BT 45 ool 32 SR 0, RE A5 52 BORS 00 A9 10 587 2 o0 4t ki . 4R
M, CNN 7E S BE B K 1 5C R 07 1 A2 7E — & R PR L 2T 9 4 7 B R SUE B

T v AR BURR 48 X 4% 7E 42 SR AR BB O AR R I AR HE T 3 T i = I ALHI 89 Transformer
BaHy . Transformer S ¥ 4E H AR 1E T AL BT IS T 8 KRS8k, 11 )5 o 328 7 w5 7 FH 21 1< 2% R 43 EA T 55
e G R T AR R 2 R 4% e e AR X 8, Transformer i 33 v 722 1 AL ) 5 0% il 2 & 45 v 5 > A1 e AR
36 DX R 56 2R, DA T 48 8 42 A 45 4 UL 0 o 4 . SRR 7 9 4 TransUNet'™ Al Swin-UNet'” 4
Transformer B8 5 CNN HEAT @l A, 76 G4 20 775 /80 68 7 0 [R) B 3558 7 X 4 Jm i SR ae 7, 48 7+ 1
I EIA . B4R Transformer HA H A B RE U7 HH A {3 B I HLHIAE BR EHA R B2 42
JE R O MRT EME HE LA B 38 2~3F% . ot A58 3 B4R 1 T — o A b 48 ) 4% 22 44 Mam -
ba'®, Hi% i1 Ok P TR 245 2% 6] 4 5 ( State space model, SSM) , ‘& B4 B 5 3009 5 91 M8 1 o A
T Transformer, Mamba #% I\ by J2& — i e LA AR I B 8, 838 o e ok 2 T 4 ARl 4 R R
WA S 22, ROME REAG 1 BRI oK L OF Ll ad SSMUg /b 1A S8 BRAR T A . e BE 2R R Sy
FIAE 55, Mamba 2589 2 30 R 47 09 R BB AT B R M, O Ak BELO I A i 1R RIDRE 7R RS AT B 2 B e
PRAE T BB M B . (R B A9 Mamba-based #E 5L, 41 VM-UNet " {3 4R 77 76 J5 30 40 15 25 2% 14 1)
FEXT U LI 0T 100 5 240 77 oK R 1 A3 EUE 55 A% 58 CNIN 7 ik R i 22

PRI I, o] e Jost 4 )=y R 55 R B 40 95 RRAE L AR S TR R A BRI . — o AR T AR TR G
% % (Mixture of experts, MoE) #L il 1) fill G HE 42 MCNet(Multi-modal collaborative network) , i i % 5
PEFEALE A 3 5 b Fill 5 Mamba 1 CNN 43 3 1) i 5 57k, (585 Y 58 6% AR 95 i A R B FRAE 22 57, 3 A8 A
2Rl AR AR 15 B O 0 Rl A REAE o KRR S5 AR AEE R TR Y 3R R AR ) Mz Ak b RE
LAy a5 JB 2 43 8 S R S RO E AR AR AL T T R T R R T T R

AR EZ TR -

(1) 4t —Fh il & Mamba 5 CNN B R4 3B 0, 51 A MoE AL il A 48 i A IR P 25 552 i 8 5 Ry
E Rl G AL, DT S BB A FEAE Rl o XA SR AT 456 T Mamba P08 A4 R K R HE 01 5 CNN Xt
Jry ¥ 3 T] 4 95 1) oo A% HURE 0, ik MoE MLl AR 5 iy A EHGRRE B 3 N 43 TE 22 Rl 0 A2 1 B i o
AT 2 FH AR AE AN [m] AR B2 iz fPEfiE

(2)1E 2.0 MRI 5 8875 52 Q8 45 L iEAT T 580 W S0 30 0E , 38 5 B 3200 20 50 07 ¥ i 4T L
S DA RORT AR TR OC AR 0 T A S I . SIS 25 R WL AR SO B Y 9 T A E MRIBEAS MRS SR ITE R
B (4 Swin-Unet) Dice 2 82 T+ 24 3.1 00 , 16 #3832 A MRS U AR E V07 T 44 00 T BLA 7 12 .

1 HxIE

1.1 HRMBEME

CNN 7E 5 Ak 3 o LA 58 K 04 5 AE 32 HURE 07, 2 B8 2 B 40 B v 07 e 32 (R TR 32 2% ) 8 22
— o CNN# & Jay H gk 2 B R L s Fnd AL 4 A e 3 MR b i 2= R 250 (5 8 iT DL A e ) 2 2
W2 R R BRI g A 3h2: 2 2 2R 2 ROBEE I BMRRRE , R K3 & 1 B 22 R R 3 28 R I A 43
I RE

2 $iL 1) U-Net 45 # f1 Ronneberger %7/ F 2015 4F 41 H | H: 2 A% % -1 7% 2 0F Bk 150 1 K% Bk Bk o2 42 L 46
ARG TR A A0 5 2 SUE B K8 TR RS R R T . B 25T U-Net i
A5 AR 10 Attention U-Net' 5] A3 3 A #L i 30 4k 1 B4 AF 19 35, 3D U-Net' " P JE 5 = 4k = 2%
AR B AL B, 3 — 2D AR T T 43 H R RS PV

Bt 2 b, B 5% 2% W 4% (ResNet) ! 85 48 3% 42 ) 4% ( DenseNet) "™ 45 o g )92 15 I T 1 2 11 14 40
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B, 8 R B RRAE 2 o RUB BE R AL A AL 3G R T B AL M Re A AR E M . e Ah SRR 4 I 2%
T R P 5 PG R 4 o U PT84 0 50 i 359 26 300 050 v %) R 0 1 R A 1 A i DA B 32 W ) o
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B 2 KRR Y 9] A A5 AT: 55 6F 28023 R 3 B 03 ) S SR B ok i 8y, IR A5 2 B B B (SSMD) 7 R i 450 35 114 i
FIBI# T 72 1 . Mamba f& — Ff 5 T 26 £ 1 SSM(Selective SSM) #2846 424, thy Gu %
2023 AF 4t FEAZ O JEUAELJE TR FH 45 4 A R S 255 ] B 70 52 K I 97 A 06 3R I P I ) 18, S A% e iy
AR 4 5 AH L, Mamba 76 O3 SRR BE 04 [ B, RORBEAR T 100 2 44 48 8 T 3R .

Mamba i) E LR HAE T B LAE I LS00 788 W08, 76 GPU BSe Bl 7IRTIH 5 R 988 1 LAAE
BT IR EE A E B ALH A PR B AR A B . AE — 2 3 AR5 RS AT 55, Mamba (i R B T
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FMIALHE 2 A, DT FE PR GIE A R 2 35 B8 07 1) [ B 5 38 0l /D H 3 AR
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Fig.1 Network structure of MCNet
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2.1 BEAREX
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RS G 2R W43 SRR B IR SR U RRAE s, R 23 0 26 78 Mamba $5fIE 4 W 76 U
TEHRHLAR s X, RO HEE A A 24
R X5y S A58, MCNet BE % [l B OC 3 KR 1 4 SR 45 40 5 R 41y, A e 2 e 4 b i f o o
YT Y HRAE S
2.3 MoE Zh3SFHERE & &R
R TS BRI 2 TH ) B ARG, MCNet 5] A T —A~ 5 F MoE 19 20 248 2 BB He , A% A [R]85 A8 0 ik
AR N2 X5k A Mamba 73 3¢ FE: B2 SO RRAE BEAT 2 B8 3 38 W A Rl &
2.3.1 %dH MK
WA 2Ca) 7R B % RS S IR AE £ FfS AR SCR 6 I 46 ( Gating network) 7 19 4> 45 fiF
O3 A B A o, 20 A vk 2 Y 7 iUH — 46 2 (Rooted mean square layer normal-
ization, RMSNorm ) #] 5 & 4 FAR HEALFRTE 2R J5 280 = iR 25 26 M . 58 ( Gaussian error linear unit, GE-
LU)GIAAEL R IR, 5 BOP B E AR E I Zhad #2 o A0 B0 58 (0 X0 SRR 28 ok PR 42, 0 14> Stk 2 el e
TEARAG B AAFEE Rl S B AL L = {01, L, L, [y} AT ROR R
L= W#mean(GELU(RMSNorm(W, £™)))+ W#*mean(GELU(RMSNorm (W, £))) (3)
A W oW RIW, 50 530 0 3 AL JZ B il 22 ] 280, 40 50 3l 09 C X4 C X CRIC X C, Ho C R Rk
1438 18 44 s mean, GELUMIRMSNorm 73| & 7% V- 2 5 i 58 22 Ze e BT 4 5 A — 46 2
2.3.2 B ABAFAER SR
WE 2(b) it s, Mamba Fl 45 B 28 0 28 43 501 £ B 4 R 8RR S 40 90 15 B o BE R X 52 B 22
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Fig.2 The routing module and feature fusion module of the MoE module

T A X3 SCRFE , BE AM B A FRAE 4T DF 82 L S8 5 AN [m) 182 ik 232 1) o BRI B 2 RO RPAIE AR 5
3 o AR AT e 4, FEA8 T SimAM (Simple attention module ) Vi 25 3 B SR AL BRAE , E)
fiL s=Conv{,,(Concat( £f", £)) d={1,2,3,4} (4)
fea=SIMAM(Conv, . ; (Concat( fi\ 5, fi' 5 fi'c 3 fi3))) (5)
K d FoREMKF , Conv F/m B FUZ , Concat /R il il iE # 2, SImAM FR/x SImAM & J1 )2 . it
THER AR T R AR 0] 19 22 55, A7 B TR FHRR AR 19 X 0 B, 2 00 I 25 4 30 3 A BUORG JE
SR 5 8] SimAM 1 22 7 AL ] OB 43 SCRFAIE 1 SRS B 104 Jay 38 48 15, 70 P O T 4 BB ., 20 ) A
T B f £

fU=SImAM(£") X fuu (6)
F5=SIMAM ( ) X fou (7)

B BARI T A SREA H SImMAM BB HEMERZEREGE—E, I
£1=SimAM(Conv, . s ( fur £ £™ 4+ £)) (8)

M 0 BF AM R B G AN A2 52 BF (9 AL, 48 5 00 B B0 Sl 2o 45 05 T > 20 S R AE R 1Y ik A AR IX
BN RS AE
2.3.3 WREAFAER AL

W 2(c) firon , o 7 #E— 20 88 s R AR S 5 B9 RALRE ), AR SCBT T IR BE AL $2 U R (Deep fea-
ture extraction module, DFEM) , A T 7£ & B J5 45 FEAF A5 B 09 [5) B 5 7 2 2 08 SCHREAE A9 3Rk &0 R .
DFEM 32 B0 il J5 0 AR AR HEAT HE— 20 Ak B, S ICE N8 2 W S5 M 15 8L, S e 2 1) 70 B A T B (i S0 8

TSR P SORFIETE 8 E 4 B2 BT PR Rl BT ROR FRAE S AP RS . TERNS S RO KR
AE 511X 1 4 B AT 4538 30 48 2, DT AE I/ 11 58 52 2% B2 1) [ I 5 JCRR AIE A AR R AR i S L. oAy
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B J5 , DFEM F ] 3< 3 % BUE — 25 S R e AE vh i R 2 18 U[E B o [, 2% 1§ 3 Mamba 42 &
F1% 22 JR £ SRS 23 50 B VA P I EE 2 DF EM b Xof 225 5 A S 46 i H A 1k R0 B M0 R = 0 SRR AR 47
T IBICFE RN ISR T PS5 SORFE Z ] B B R R IE o R, G Sim AM VRS D AL X Rl B AR AE
A3 IACFI SR AN, A 25 16 3 T 4> 46 3 5 Y 3 DX, — 20 g i o) O B AR iE 10 2R 4R RE ) AN TR0
454 1 4053 e

[ =Conv, . (Concat( £i™, )+ ( "+ £)) (9)
£ =ReLU(BN(Convy . ( £ )+ f) 4 £ (10)
f#=Convy, ;(ReLU(BN(Conv,. ;( £7)))) (11)

A H1: Conv ReLU FI BN 435l 3K /R 45 #UZ (Re LU BT R LA IH — 10 )2 .
Wt FRLEE DFEM SCEE T 2 IR RRAE A9 UR BE B, a2 43 BB AL 1 1 o 3= 5 0 T e 1 R AR
X
2.3.4 R AFAEERS B S
R YA AR A R TR REE I 23 (R B 1S SR AR E R AR 9 R CRGR B T, A SCHI AT A [ AR AE LA
(Spatial feature fusion, SFF)BiHe ™ . %48 B 5 76 F) w5 J2 45 15 P rp = 6 1038 AR B 0 0% J2 4 1iF 18 3
TR, AEAR B AR )2 25 () 40709 A9 [R) B, S 03 SO a8 | DA TN 32 /35 A 280 A 2B 4 FIAT 55 h i e 1 5 &
.
R 2(d) 7R, SEF R LLUAr SERRAEAE i A, SRR AE £ 3847 B SR RS AE Bl7 1 WA FR1E TR IR
GE BRI 51N T T AL A AN R TR Y O IEE  HLAR R Qi R
U =Up( £, size( ££)) (12)
£ = Softmax (W, £" X W, " NX(W, £+ £ (13)
g AR LR FEAY Mamba 4= 55 8 HI CNN R B BC, 1T v & CNN B R B o ILEEM 2R E R
AEfE PR AL T E 5 ARG LR SO B, TR S CNINARAE LT R A0 56 R Tl H 3R R i XfE A
M HE T o
25 44> Drop B He 2 3k £ Mamba i 4 R 5 BAE R k5 J5 B RFAE , ]
fr=r" (14)
T2, 0] LAAS B B 2 (0 R AE il 45
Li=L-(f 00D (15)
2.4 KW
Sy W BB RS I 2 A R AR SOk AR S B R 7
(Cross-entropy loss) PR VE R EE 4L Hbr s % % 020
SR BT BT 24 08 U BT S5 P BB RL os)
A TN A 2R 4 A0 5 ELSE AR A A 2 ) 25 7, AN 4
SRRSO AL B R, ACDC B ERiEE 10T
YIRS O N & 3 T s, 1T LA R B 38 IE 4E 3] 50 4 epoch i
FEA WS, Vi BH A SCR 0 22 S 0 2k PR B RE B R 4

Loss

L L G T E i B TSR /N W= R Ny} 0 50 100 150 200 250 300
Epoch
L(z,y)=—ylog,P(x,) (16)

K13 ACDC Sk 5 i i 2K 28 4k it 2k
APy, RN EHIARE P (x,) R TR 2 AL AR 5341 Fig.3 Loss curve on the ACDC validation set
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3 XRSWMEER

3.1 HEEMIRIZE

R TS R A ST 5 i A 0 W R A3 B 55 v B AT R0 e A A A A 0 I I 22 SRR
AT TSRS . WA BOHE S 43 0 O 0 IE MRS AR s 5 ACDC (Automated cardiac diagnosis chal-
lenge) " 1.0 JUE 8 75 5 14 50 4R % CAMUS (Cardiac acquisitions for multi-structure ultrasound segmenta-
tion)'#',

ACDC #6420 JIE MIRT B 73 1 400088 92 fdf AT A9 o e 4, MICCAT 2017 424t , 6150k A
5 280 JUE o o5 N\ B9 L Bl C IE MIRT R 1) 48, A4 1E 3 (NOR) WO LR JEE (HCMD) (7 5K B0 JJL (DCMD) |
O HUEFE JG (MINF) B A7 0 % 7% (RV) & A HEAR AL 3R 58 s i S5 b i . 220 = (LV) D=
(RV)OFLLALMYO) .

CAMUS %4l 5 4 — 2 FF A9 0 I B 75 BUAREHE 48 L 615% 500 44 F8 & 0 0 i 20 I 75 TRIR
F AR (ES) FEF 5k K (ED) JC 8 it i B8 A= T2 b 4 o 80 19 43 %1 H b5 o8 220 %= (LV) I ZE O B
(LA), BIMECR A i B2 BA G IR 22 R i R 30 3 5 TR R A

FERCHE F A B b, A S — R [ A AR Y RST RN GE Tt 4 A, A SCR T A i A BIHS GE— 4 Tl 2 256 1%
R X256 18K, I E N SRt A7 0 — AL AL 38, DL4R s A A B e M iz AL e T o RIS 0408 46 o i) 4%
JEAE SCHERF 9 8:2: 51 8: 1 LRI ¥ Y 25/ B0k /M 4K o S8 7E NVIDIA RTX 3090 GPU -5 E#EAT,
FH PyTorch HEZRSZ B, A AL 48 BE£E Adam W, W #3274 2] 2RI 110 °, batch size 34 16, I 2R 58 ¥k A 300,

AR FEALFE LU 33843

(1) 2825 0 4 #5258 < 43 5 4E ACDC(MRD) AT CAMUS G 7 ) BE 42 & 0 Sy U 25 I 56 1 AR 7Y
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Table 1 Segmentation results of MCNet on ACDC and CAMUS datasets

B4 DSC DSCo DSCo DSCen ToU ACC
ACDC 0.780 8 0.828 9 0.925 3 0.8450 0.779 2 0.994 3
CAMUS 0.900 7 0.8557 0.893 1 0.883 2 0.796 2 0.9549

1873 Dice %03 31355 0.93.0.78 1 0.83, J& B 1 A5 AU 7F UG T BBF A AL T, % 100 53 415 RUE 5 45 4
B R EBRE J1 . 78 BB A  1 FLR T B9 CAMUS 3045 46 v, MCNet X 220 % (L V) FLZE L By
(LA) Y Dice 435135 5] 0.90 F10.89, FH 1 ANl 0B , 76 M 75 T30 55 A 75 UG b, 280 780 o i 00 E 7Y
AN [ 25 48 R AT 58 0 R 43

A 48R T MCNet /£ ACDC(MRD Al CAMUS GEE 75 ) BRI T B9 20 #1455 .l DOULER 2], B 700 7
F2 5 K B P AR TR X BE T OB S0 E 2 R (3 B S A R B A A I PEBE . MCNetiE ot
AR TR A R A il A A 40 316 B A S AR B SRR AE AT R A, I3 o i hh I 45 T30 R A R 8 (Log-
its) , % 4 Bl A5 15 2 A RFAE G INBCEE &, e R4S A 38 N Rl RRAE , I 26 ph 1) 4 T A 4 B ASE
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(a) Weight distribution of the ACDC dataset
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(b) Weight distribution of the CAMUS dataset
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Fig.4 Visualization results of multi-branch collaborative segmentation network
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F2 REHEAT MCNet &4H54E A & B R H T 15 Logits RUE 447

Table 2 Analysis of average Logits weights for MCNet feature fusion modules under different modalities

G S BFAM DFEM SFF Drop
ACDC 0.303 4 0.307 4 0.146 2 0.2430
CAMUS 0.314 8 0.169 3 0.262 3 0.253 6
Sz

ZEA kA ,MCNet MRFGH Mamba Fl CNN X453 32 45 44 A1 8h 25 F¢4E il A AL, 78 006 A [R) B AR AR 2
{14 &35 K R AIE A8 Ak 7 THD 2R 80 HE R 1Y) 1 35 VL RE T, Sk A B 2 RS A R AL T AR E A AU e O R
3.2.2 sthkEn
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Table 3 Comparison with existing segmentation methods on the ACDC dataset

J7 DSCpy DSCyvo DSC,y DSC,... IoU
U-Net 0.7356 0.787 5 0.901 9 0.808 3 0.734 3
TransUNet 0.729 7 0.755 0 0.886 2 0.790 3 0.710 3
Swin-Unet 0.7337 0.764 7 0.887 9 0.795 5 0.7139
SCUNet+ + 0.7419 0.776 6 0.897 0 0.805 2 0.723 6
VM-UNet 0.7659 0.809 6 0.910 2 0.828 6 0.755 8
MCNet (Ours) 0.780 8 0.828 9 0.925 3 0.8450 0.779 2

£ CAMUS B8 & 15 2 A J5 i M) lL 85 RN 38 4 iR 7E 2448 h5 b, MCNet 308 T HAb 75 2 .
Horp  fE X E A 20 F (LV) I 4 HIE 55 %, MCNet B9 Dice & #ik 2 0.90, #8 52 fi] 50 3% B 45 ) 1Y
U-Net 2) 4.5% , 43 3 #8 1 Transformer 45 #J # TransUNet, Swin-Unet 1 SCUNet++#J 2.5% .2.3%
2.9% , 4 A Mamba {R 45 %5 8] 25 14 i) VM-UNet 29 1.0% ; [A] B, SF- ) f# Dice . IoU 43 Jil] ik ] 88.32% F01
79.62% , Y900 T Hofl 5FP 5 32, UL A AE T AT 1 CAMUS %088 45 |, MCNet #5585 Hofl 32 3% 7 e A L
HA WP HIVERE

] B, % b S 56 A nT IR AL S5 R a1 5.6 iz o AE A B3R 48, MCNet 78 22 55 A0 B B 19 .0 R 4544
T, W RE R I AR E 1Y o HIPERE . DAL S B HT P K MR T LLE ), Swin-Unet Fl VM-UNet £ 43 #1 7] X 3
BRSO I 255 P B 00 3000 4 S R B S R 00 A, G A 0 R 5 A R A O B SER IS Ak R AT LLE
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Table 4 Comparison with existing segmentation methods on the CAMUS dataset

WiR7S DSC, . DSCyvo DSC, ., DSC,.. ToU
U-Net 0.855 2 0.761 4 0.846 8 0.821 1 0.706 0
TransUNet 0.874 9 0.813 7 0.873 8 0.854 1 0.752 1
Swin-Unet 0.876 9 0.8156 0.863 8 0.852 1 0.748 1
SCUNet+ + 0.8709 0.839 3 0.881 1 0.863 8 0.766 0
VM-UNet 0.879 7 0.840 9 0.882 7 0.867 8 0.770 5
MCNet (Ours) 0.900 7 0.855 7 0.893 1 0.883 2 0.796 2

Swin-Unet U-Net VM-UNet TransUNet SCUNet++

-.

K5 fE ACDC $ 4 b X} Eb S5 i ml #H4k 25 31

Fig.5 Visualization results of comparative experiments on the ACDC dataset
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Fig.6  Visualization results of comparative experiments on the CAMUS dataset
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Net J7 % HF 5 A T Mamba R34 25 [8] 43 326 K B B 18 SO AR RE 7, LA K 48 R0 SO6) Jeg 35 S0 B4R 19 1)
PREA ) 3 8 2l A5 R AE il G B AR 45 R N 25 B 3l R Rl SR, 1 — 20 4R i TR X R [ 45 4 1
FINEE S, 43 MCNet 75 0T 904k 25 5 o J B 10 0 S AR 38
3.2.3 Mgk

T B E MCNet H gl 25 R AE il 45 B rp 45 R AiE fil 73 A5 B X A5 780 4 8 1) s ik , A SCIRE T T A A B 1y
T4 Bl S A BAE 4 51 5 B 4 SRR Bl A L (SFF \BFAM \DFEM . Drop) Ji7 , X #8658 7 0 7 #9911 25 Al
Mz, B J5 5 58 R R HEAT 8% . T SR 7 ACDC 308 2 Fl CAMUS B0 4 b 47, JH TR 19 48
FRALEE Dice & B ToU .,

F 5.6 IR T T BR B A RRAE Al A B 0 2 PP AL Z5 5 LT 4 4T R RUA S G A A L AR S BR B
FRAE Rl B, 6 4 Mamba+ CNN/— SFF "3/ fiff 1] Mamba Fil CNN X433, 16 B SEF FEAE il G B
B 255 i Jm 247 R e A R A SE R 45 3
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Table 5 Ablation experimental results of MCNet on the ACDC dataset

Y it / A AR DSChry DSCyvo DSC,y DSC,,... IoU
Mamba+CNN/—SFF 0.749 8 0.803 4 0.907 6 0.820 3 0.748 4
Mamba+ CNN/—BFAM 0.761 1 0.798 6 0.902 2 0.820 6 0.7514
Mamba+CNN/—DFEM 0.746 5 0.790 8 0.909 8 0.8157 0.740 4
Mamba-+ CNN/—Drop 0.753 1 0.802 7 0.907 5 0.8211 0.749 0

MCNet (Ours) 0.780 8 0.828 9 0.925 3 0.8450 0.779 2

F6 TECAMUS##E5E EH MCNetiH R LI 45 R
Table 6 Ablation experimental results of MCNet on the CAMUS dataset

Y hith 4 / A A e DSC,, DSCyvo DSC,, DSC,... IoU
Mamba-+ CNN/—SFF 0.8714 0.8219 0.862 9 0.852 1 0.750 2
Mamba+CNN/—BFAM 0.876 0 0.830 3 0.856 0 0.854 1 0.754 6
Mamba+CNN/—DFEM 0.876 5 0.8123 0.8359 0.8416 0.736 4
Mamba+ CNN/—Drop 0.8850 0.8332 0.8557 0.858 0 0.760 3

MCNet (Ours) 0.900 7 0.8557 0.893 1 0.883 2 0.796 2
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CAMUS #4la £ i, 720 B (LA) FLG LMY O) 43 #1 Y Dice {8 73 M BEAIK T 3.0% F13.4%6 , ix R W] SFF
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