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Abstract

In the architecture of medical image segmentation networks, Convolutional Neural Networks (CNNs)
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are undoubtedly the most powerful networks, achieving significant breakthroughs due to their
strong local feature extraction capabilities, making them one of the mainstream methods in this
field. However, the inherent local perception mechanism of CNNs imposes clear limitations when
capturing long-distance dependency information in images, which somewhat restricts their seg-
mentation performance. Conversely, Transformer models, with their self-attention mechanism, ex-
hibit significant advantages in handling long-distance dependencies, enabling effective exploration
of the feature relationships across the entire image. However, the computational complexity of the
self-attention mechanism increases quadratically with the length of the input sequence, leading to is-
sues of excessively high computational costs and large memory usage when dealing with high-resolu-
tion medical images. To address this issue, this paper proposes a new segmentation network—M-
UNet. The innovation of this network lies in the combination of the unique VSS block structure of
the Mamba model with the dilated spatial convolution pyramid pooling module. By leveraging the
linear complexity characteristic of the VSS block, it efficiently models global information while sig-
nificantly reducing computational memory. Additionally, utilizing the multi-scale dilated convolu-
tion advantages of the ASPP module allows for precise capture of key features at different scales
within medical images, compensating for CNNs’ shortcomings in multi-scale feature extraction. To
validate the performance of M-UNet, experiments were conducted on the Synapse dataset and the
ACDC dataset. The experimental results indicate that compared to traditional CNN-based segmen-
tation methods, M-UNet shows significant improvements in both segmentation accuracy and com-
putational speed.
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G B G D EIHAR R ORI T 25 B0, X EKEE NG B S0%0T7 RS
FHRITVE I BE B | 2Rl . BR3P KKkE, LREUR D HIT R FE TR =R B
BT BAEM 7, &0 B s e A B K BIE, R R R KA S R
ATEEE, TR S R0 T 519 B R IX 3. Sandhya SE[1142 H7E BE 2 25y A HSO
(Harmony Search Optimization)¥f&, %55 # F Otsu A1 Kapur $2H 0 H b ek Bids Sk, WG E T
I A P83 24 PR R 2 (] TP A MBI AR, HSO B3~ AW A e i B 21 3k BB AR BB . Weglinski %5 A [2]
S th 1 rh R DR el M P P P DX A R AT R 1) 7 1. Kaur S5[3]#RH — MR & 2 RBIE 5%,
¥ BRI EER tsallis JAHSS &, T ABSORAIZ R0 LU B 22 1 EUE R B SR MR 20 2R X 3 28
JEFET KR B4, AKESE D722 o Osher AT Sethian [4182 H A, 1% 05 148 B 7K~ 45 R B0k R4
BHASARARIT il 2 Bt i N B s 4R )b, T SE IO G B AR SR R 5 43 % . Singh 45 A\ [5]
Bt B b i MR EIR R SR, R T — M ESIME AR T R s X it AR TR
Y EIIRE L Zabir [6]55 NARHE K TEE TV I Aa 50 BRIE £ ] L, $EH 7 —FpBE Tk AR 2 1 Ak K
SPEEIEALI 73 B 5 %, FF HIEAE BRATS2012 2 1404 45 it b e 3 >R 2 2 i % . Hachemi 55 A [7]
RZ AR, MATRKFE 5 S RBEIEHATRVG, SIAER C HMERE FCM KOS, ik 7%
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GUKPESENRFE. 58 =FhRIET XK %1757, Toennies [8]iz HEE =GB #IMFE R, 2
TR EEN XA KA ZEERL ST, BRSO X B BRI B 5 SR A RIX
B, TR ANLIBSH. Gk, Rajeswari [9]55 NiBAE DR K TR P HIAG M 7 IR FERX — RGBT, 42
T AR O XA K A BB ARG G RIS R, R A
M X N AT AR m B, B RBRR W, XL EMAIHIFEN, 500 FI07 kAL
PR BRI, AEAEXE DURSHESH A A2 X I USRI 5 5 5 IR RS, M LA = 7 IR

12. BT REFINEZERSEISE

R A 2t BB oy BV AR E RS, BAR Ge 5 AE S A UG b 7y BURS A, Ronneberger [10]%5
kAt FCN 2R R 3EAT 7 6035, $2 0 7 —Fh 444 UNet (8T LN 2% . Wang 25 A\ [11]4# H] 3DU-Net %} MRI
PG R iR 2R 4T 20 1, JFAE UNet fi ARk 1E Leaky RelU BREVE o sk 8GR TH 7 B (RS . Long
[12]58 NSO T 0037, R H T —Fhoi 2o i R 2 FI8E A FCN, FCN #% CNN 400 45 12 i e il 77
2, 8 FORFEERAERS CNN RHERK S BN IR RN, U SERMGAE AW, Lh X 45 BB fi% 3= )
AIEE A E . Yang [13]5 N H —FhE 2B . 5 U-Net AHEL, 5T T FRFEES4E. Luo 55
N[141H 3D-CNN {75 4 BN [FE S BUE A RIRFAE, 3P 73 o] 3d B K /NAS R R A8 X e 78 3ty 313ty
K1 EIBAR R RE S, Zhao 5 A [15]42H T CDDFuse B, fift ik 7 2 B0 RS v 2 B 0 i, 724
SO, FRATHEH T Mamba 5 U-Net 23 #2514 &, FIH Mamba BEEYREA 1 VSS A b 23 2% [ 4541
S MAEEGIAT RS, DR T AR KR AL S BURS EEAS R 8. 5 VM-UNet AL,
> TRV SR AR, TEAC R o R BRI SR, AERCR R, HAS R K AR AR R
1. BRJEHE —SAFEZ 4b, ESR VM-UNet (275640 CNN 12T, HIERAG R, 76 F R &
FEARRFAE I 73 R 38, T & PRSI AUA 2R 13, Ead K2 . HAESH Bl
INTF DR ) 23 B 268 o 3K A DR A 4 - BB AR B L 1) 2 T 45 R AT DAAE AN 2% 20 H 3 IO I I SRy R B2 1
B R RGIRA G TR, eE BIA R FRRE(S B

2. Rk
2.1. SSM JEIE

RZS R R ALAE RS o7 ) U, B AR A B P 5, i de 5t b B IR G &R . SSML A% 0
B RGN HAPRS AT R R, W B FORE R 7 51 P QIR B o RS2 AR 2
RA T RERILI 7 FEAG 8, F AR 20 t4 N x(t) e R RIS y(t) e R ISR &R o Hoofy, BRBUIRA h(t) e R
FI4ERE e — BB N:

h'(t) = Ah(t)+Bx(t) (1)

o, () RS EPRA h(t) BREL x(t) ARG L ZIMHN, AeR™ ZRAMR, BeR™%ER
LS N TR TR, IR 2 B % 75 B0 E 2L FRES 2 (B A AT B B b, K%
SR [B) FRPIRES 5 FEFIAIN 7 FR % 3 o B et (Rl T2 =, DMEAE T BN AT B . B2k, SIA—A
ARS8 A, 4 [ 5 1 B8 B LUK AR B k9 ARIB, — RN

A=eM )
B=(aA)"(e*-1)AB @)

FTEA, it m] LR (1) 22 -
h'(t) = Ah(t)+Bx(t) (4)
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BRI 4 R I 7 RO SR ()T 5
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2.2. ASPP
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Figure 1. ASPP structure diagram
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Figure 2. VSS framework diagram
& 2. vSS =3 E

2.4, BFIES

M-UNet [ 2 B4 43 BIEARFERE N E0E AR EE . Jmidasdmit, SEEURRIE. MDAk E 407y,
o RIE, SRR & SE = AR H], E 5, MABIE AL Patch Embedding 55E 2 R
J&E BL Al 24 ¢ S J@ i Patch Embedding BBt N EUG AT WIAE AL AR, K JF 4R UG RI 70 RS 4 % 4
MAESEGA T, JEEE NN TR R 96 ERHE =M. R FZEE T REE, e/ EREE R
A, PTG R E R 3 N w28, @i “VSS (Visual State Space)t + Patch Merging /=7 4 & 45
¥, SEILZ 2 RRFESR B 155 B R kR

HW, BB GrER AN gwmiLes, S gmisasr 20 T RFFAE . X — A T 2 REFRE
HER A B, SEE 4 E S  PRR (Bh AS E,  SE HE T N 4 % BG R S A S 4 R SRS R A
RS, (R0 S ML as 2 MBREREREZ, 51N ASPP BB, iZHUEL AT KR 1SRG
e, AR 2 RUE R SUE R SR S i as BRI gs i deit, BL “VSS #t + Patch Ex-
panding JZ” %, S5A BRERIERE SCBURFE R S A E R 5 WA IKE . K 25 PR, R4l
AR KR B S NG — SR IE R . [FIR, R BERERIEAE 2 IR R RS R R R B R
OGBS (RIS, JmAS S5 MRS AS 8] I NBRBRIERE 2, 12N it 38 %5 250 I @ o PR R e, Bt
T 5 fRRD 2% T B2 2R

WG, AR E g ST IRE S, MERLHL SMmAREBR —BoSI% %R, Hii
AT . M-unet [f 8 ARHESE B0 ] 3 BIT7R

3. XWELHR
3.1 BIESE

3.1.1. Synapse ZREB RGN EIHIEE
ZHARE R AT RS, BATLE MICCAI 2015 2 3 i i bric Bk 28 op (i 7 30 JKAREE CT F14,
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Figure 3. Overall framework diagram
3. BFIEZRE

3.1.2. ACDC (Automatic Cardiac Diagnosis Challenge) #iE£

ZEAR R — AT O RS TR E S W EE A, S T 100 AAREEE K MRI F#E
B, ZBIR SR OO BEAT TR HEbRE, BRSO E . A0 E LU= R0 XK. WEE
YEFERE, FALEF I MRIAMEEE 28 2 40 JZ#ELETI Mk, VI RG]y 5 2K % 10 2K,
TEEARER o> b, B EARE £ 7:1:2 BRI =414

3.2. ¥ iEHR

2K %)%, Dice £%. HDI5 (95% Hausdorff FHES). A&Hi/E (Precision). 7 [m# (Recall).
loU (B¢ Lb) VAR AL PE RE A% O 4B AR . Dice REUHT M ANEA (HINFAL P I SLHM T E S
B, BUETEREIAN[O, 1], E Bk RN 73 RSO R AT

Dice =

(6)

Hausdorff g i AN & 2 [ ¥ R AN ILRCER S, 117 HD95 J& 3 95% 7 R #ithiuAs, 2 59% 11
Ui PSR A, B R P B (B A SRR, T HD95 Xt Ak, TP AL SN ) B bRl S
HSN I mZERE L . HDO5 /N, R TN 5 S SR )30 F e it

HD(P,T)=max{supinfd(p,t),SUDinfd(tv p)} @
pep teT teT PeP
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HD95(P,T ) = 95th percentile of all distances in HD calculation (8)

FEAE XPRAER R, A O MR TN B ARBER R b, HIER H AR R E ) ——BI Al Tt 45
R4 . BHMETP), BEEMEFEP), HEBPETN), REEMFEP).
TP

Precision = )
TP+FP

1 1] R A7 B TS IE AR AS P B A IE AR TSN A0 L5, e B AR 3 41 H b ) R

Recall =17 (10)
TP+FN
loU &1 & U A% 5 B SRS ) B 38 X Ik 5 P 3 R AR O L s, BRELYE RN, 1], RO K 3RIR 7 )
R RS
_ [TP|

loU = |PUG| (11)

4, SCIGUAYS

XFTEA RS, N 7RSS, AT 7R BB . IRIEA T, A M 2%
(R G A2 FH MR 1 T SRR A A, AT SGD ALk #s AT I %k, %% 21 %05 0.01, Zh&EH 0.9, BUEERCHN
0.0001. ACDC #i#atE It /Ny 24, Synapse a2 BRIA N ZRiEARREL 15 20k A 14 k. BT LB 1)
7t python3.13. pytorch2.6. cudal2.6 Fl ubuntu22.4 [Fj¥A5s, FH# F#4> Nvidia RTX4060Ti GPU 4T .

4.1, SKIREERIIEE

4.1.1. Synapse %88 E 7S EIBIEE LRSI ER

% 1 BT M-UNet #8U7E Synapse £ #8B 70 BI85 ERSCIRgi . WL OFRoRE, 1ZB81E
734 dice AL R E(DSC) S % FAN 2 B 1) DSC # b5 B35 1 Ul R, 73 DSC & F1 80.79%,
FHAE T [E) 5256 b 1 HoAt ot L s (4 48 CNIN B8 . 3 Transformer [0 IR A14%), %5008 S
EPERESETE, AAIAE T M-UNet /£ 2 288 B 2 EUES T LGRS . #1550 WL, M-UNet 7£4 [
S AFEREHIE AR T B P I B & k. Fod, A R, BRIRS H 14 %) DSC
73S %) 86.01%. 94.76%. 64.19%H1 82.38%. JUHIZ BTN HHIF X ARFER . U FAHRHEW 285, B
RISEZEL T 94.76%M) 1R DSC 73 %, iX—45 R 78/ EH, M-UNet fE 288 B 2B, AMOTRRR 8
B8 R SR, (R I 5 AR S A RS T 201 bt R LR O S v R

Table 1. Experimental results on the Synapse dataset

= 1. Synapse & FHISLINLER

Methons DSC? HD| Aorta Callbladder Kidney (L) Kidney (R)  Liver Pancreas Spleen Stomach

V-Net [16] 68.81 / 75.3 51.87 77.1 80.75 87.84 40.05 80.56  56.98
DARR [17] 69.77 / 74.7 53.77 72.31 73.24 94.08 54.18 89.9 45.96
U-Net [18] 76.85 39.70 89.1 69.72 T71.77 68.6 93.43 53.93 86.67  75.58
R50 U-UNet [19]  74.68 36.87 87.7 63.66 80.6 78.19 93.74 56.9 85.87  75.58
R50 Att-UNet [19]  75.57 36.97 55.9 63.91 79.2 72.71 93.56 49.37 87.19 7495
R50 ViT [19] 71.29 32.87 73.7 55.13 75.8 72.2 91.51 45.99 81.99 73.95

M-Unet 80.79 26.31 87.5 69.1 86.01 78.64 94.76 64.19 86.74  82.38
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4.1.2. ACDC ¥i#iEeE FRYSCIR R

% 2 BT M-UNet BERUZE [ 50 IF 2 Wik i (ACDC) Bdi 45 F szt 45 1. MAZ O PREHR R R E
7E dice MLl 2% (DSC). # [9% (Recall) 552 3 e (loU) = KBt 38 bR b, $-4 i ILdons b 7k, Bk
HE 57153 88.01%. 89.01%7F1 80.71%. 5 MHTHRAMIA! Swin-UNet AHLL, X =Tifabr 42+ 22 7
BN 223 ANE A 2,08 ANE AT R 207 AN E AL SRTPRUR R . R EUR R IESRBUS R BE % SR
HEHDAPE OO T S5 M 1) SRS SUE R, HAZAIE &R b SCEBZ I, 2B SO0 A T AR IR
TESRTE, NRER oy BURE FEPE T 205 T 3mt . A, SO sl F 2 F A AL 1) — ke fE Ak . 3L 95%
S 2 R IEE (HDOS) FEbrAH X &L . X —ILR K, /R M-UNet B4R 7] X3k 5 B SR M E S
A5, (BRI ONEAMAER A LA, 57 AE R AR M. T 4 B Il S sibs
T INMm ZE IS, AT SR 2 S T R 2 S R, 53 HD95 BUE Tt & -

G kE, RE M-UNet fEIAG 0BG 5 EOVE BE— BRI 23 18], (HAEf§HAE DSC. Recall. loU
RO I AR, O I HTE 5 BT S s R .

Table 2. Experimental results on the ACDC dataset
= 2. ACDC #iiE&k VLR R

Average Right ventricle Myocardium Left ventricle

Methons DSCt HD95] Precision? Recallf IoUt DSCt HD95, DSC?  HD95] DSCt HD95]
V-Net[16]  80.87 3.06 8921 8138 7276 8143 366 7579 306 8538 247
U-Net[19] 8423 273 8971 8272 7551 8572 175 7741 372 8955 273

TransUNet [20] 86.56 2.28 84.63 8342 76.77 8715 297 83.34 1.89 89.2 1.97
Swin-UNet [21] 85.78 2.47 86.56 86.83 78.54 8854 2.08 81.82 2.03 86.97 3.31
M-UNet 88.01 2.86 88.53 89.01 80.71 8846 281 83.96 2.43 91.62 3.35

5. jEimhSCIE
5.1. TN

KT NSRBI . LR IIBRN RN 20y 224 x 224, FE3XH, IRATEH T 5503 512
x 512 FIZRIZEE, W 3 fir. 24 512 x 512 /E AN, Fof R A F R AN, % 2% 0

2%, KGR 224 x 224 TR 512 x 512, ST DSC 15 T 6.89%, {Hit, XE&SHERMNITE
WA, Kk, FRE R RA, ASCH T 26 LA DL 224 x 224 )4 HER AT .

Table 3. The impact of input resolution

= 3. MAD PRI

Resolution Average DSC Aorta Callbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach

224 80.79 87.46 69.1 86.01 78.64 94.76 64.19 86.74 82.38
512 87.68 90.76 72.33 86.04 83.41 95.43 74.39 88.37 84.36
5.2. ASPP

NERAUE S BEHR A RE, AWFFE ACDC il 58 Bt sl . NSHEYERE, 21 VMamba B3
JEIL AR R AL S, SEE VT MU ), (HZIRTRAESRIGE /7, H DSC (W] RAK T
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FARSE OB AR . 245 VMamba 51\ ASPP #EHUS, A S40E BA /MBI, {0 DSC {f S 3%
ERTE, HEASHE T T B4 VMamba MO AR, H 8 T SEORR I 724 5] A\ B ASPP
BLHLES, JEAl Mamba £ 807E ACDC $idi 4 1 [1°F15 DSC M 86.31%. 151 A\ ASPP Bl 5, 1 AY7EH
e B BIVERER BIRBIESR T, ~F 1 DSC 70T+ £ 87.79%. X —45 R 78 /ME], ASPP Ui £
BAFY KR MBI, e mBahit 2 R L FUER. NiEE—PRIFE VMamba 5 ASPP 41L& 11k
ek, FELRFE ASPP BEERAUFTIR R, #Z.0 1 VMamba 23 5 B o SwinUNet 33X — Fii SR A, s2g6
SR, SwinUNet 5 ASPP {414 BEREAE M MR 48 LSOl DSC $2 7, (EAEBE S 40E 1 B S,
HEA& R 5T VMamba 5 ASPP (41L& . W 4 AR,

Table 4. Ablation experiment of ASPP
=z 4. ASPP HUTHRRSEIG

Dataset Methods Params DSC?
Swin-UNet 27.16 85.78
Vmamba 19.12 86.31

ACDC
Swin-UNet + ASPP 33.84 86.93
M-UNet 25.81 87.79

6. KB4

FEASCH, AT M-UNet #5241, @i GUF A VSS S ASPP #idk, miTh 28k /44t CNN
FEARHE K R B AR B G R PR, (A EF ST T TR AR A R A« SR 25 SRR B, A BU7E ACDC
K Synapse £ a3 Ty EI R G FRIMN T, BRI S IRHE @ BEE 5 4R E BRRERE . SR,
AW FAIAFAE— B o5, 55—, AR 450 1k B T S AL R I WT AR A A AR R AR L, 5 B TR R AR S
UG BT SRR B s B T 2071k, DR R RIS ) SR, A IX IR o BIAE E
4R TFA 6], JCHAE ACDC BdE4Erh, BAL) HDO5 Fahm kx5, 3¢ BT o JIF 4 e e 350 30 25 1) T
FEEA R, AR T E AL EAF IR Wml DU S8R s, 3 = AP Aax A
. =, PHRHACRET PEESESEGSEULS, B8 BEZHEES 5, HREEAE
3D &G EI Iz A RE

gr bR, SRR BRSBTS R W AR, 5, VSS HUEME R THE R A BRI
LT AR R SO, 5 Swin-UNe FIREAUAELE, M-UNet 75 52 2 FRAR TS 44 10 R, A7 PR R
TR ENGEE, R T 155 Transformer A58 fmykE B A1 Bl im TS RAAS 7 B9 5. LUK, ASPP Ak
Wi 2 REEIRGERGE, s 7RO B2 22 B b A [ RBERHIE AR BERE 77, ReSg RS MERR AL . 2%
HIAREREEER, EOEgasd. 28RS SIEEREAES T, BER T HRIERN
TR

SE
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