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Abstract: Medical image segmentation is a key technology in the field of smart healthcare, aiming to accurately iden-
tify and segment organs or pathological regions within images, thereby providing reliable quantitative evidence for clinical
diagnosis and treatment decision-making. In recent years, medical image segmentation methods based on convolutional neural

network (CNN) have been widely adopted due to their excellent capability in extracting local features. However, due to the
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inherent local receptive field of convolution operations, CNN still suffers from limitations in modeling long-range spatial de-

pendencies and global contextual information. Although Transformer-based methods achieve global feature modeling

through the self-attention mechanism, their computational complexity grows quadratically with sequence length, limiting

their efficiency in practical applications. To mitigate the aforementioned issues, this paper proposes a new medical image

segmentation network, which mainly consist of two core modules: cross-vision state space (C-VSS) and multi-branch inter-

active attention (MBIA). The C-VSS module integrates the local perception advantage of convolutional operation with the

long-sequence modeling capability of state space model. Through a dual-branch collaborative strategy, it achieves effective

extraction and fusion of local and global features while maintaining linear computational complexity. The MBIA module en-

hances the representation of multi-scale contextual information through a multi-branch architecture and establishes bidirec-

tional information interaction pathways between the encoder and the decoder to enable dynamic fusion of cross-level fea-

tures, thereby improving the model’s ability to perceive complex structures. Experimental results on four public medical im-
age segmentation datasets, including CVC-ColonDB, ISIC2017, ISIC2018, and COVID-19, demonstrate that our method

outperforms the second-best approach by approximately 0.94, 0.83, 1.04, and 2.28 percentage points in intersection over

union (IoU) and 0.63, 0.50, 1.56, and 1.51 percentage points in dice similarity coefficient (DSC), respectively. In addition,

the proposed method achieves average (Avg) scores of 91.51%, 91.74%, 91.30%, and 88.78% on the four datasets, respec-

tively, all of which are higher than those of the comparative methods, demonstrating its superior segmentation performance.

Furthermore, ablation studies show that removing the C-VSS module alone leads to a decrease of 3.62, 2.15, 1.69, and 2.13

percentage points in IoU, and 2.25, 1.29, 1.02, and 1.40 percentage points in DSC, respectively. Removing the MBIA mod-
ule alone results in a decline of 10.11, 0.50, 1.08, and 1.97 percentage points in IoU, and 6.54, 0.30, 0.65, and 1.30 percent-

age points in DSC, respectively. The experimental results fully verify the effectiveness of the C-VSS and MBIA modules,

indicate that the MBIA module contributes more significantly to performance improvement, and reveal a notable synergy

between the two.
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tion, MAO) , BI= (3) R AL AAE L , DATTHG 5 T8 )2 ) 2631l
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Ja B RS R BRI O G MLP 2 PR TR AE AR B, P
i1 BN (BatchNorm ) 1 ReLu 37% sREC, i — L AL RR1E
Fik. BRI BRFRWT
I, <~ LN(En,,),s €[1,4]

I,=MAO(Mamba(/,))
(3)

Olnter - kernel
Hor 1 R RHE IR En, B9 70 HI 452 5 1 3R I 45 2R
MAO % 75k & il # /5 ; MAO(Mamba(,)) =/%(1 +
Mamba(/,)); 0 1er - remel 271 Inter-kernel % . o T 5
fifp T 45 F) 25 A A X I, AR SOBE 0 e emmer T 180 3 4E JBE
W53 0 5 A9 3, IF R 5 A3 S AT MAO #: 45, JISX
(4) DAHS 58 FEAE (9 52 T, MBIA B B 19 302 3% 3% C
Wy

:ReLu(BN(MLP(LN(Cat(Zs )))))

En,,=Cat(En,)
D_ek <~ Olnter»kemel (Enall ) (4)
De,=MAO(De, ).k €[1, 5]
Horfr De IR 04— emer 1T TE KI5 Y S5 5L s De, R
MBIA 1) 5 4~ % H 45 5 ; MAO(De, )=En, (1 + De; )=

Enk* (1 + OImer-kemel (Enall )) .

Eng _>‘ MAO |—|>{ De } (BS.3Cs,H, W)
(Bs,Csg.H, ) (Bs,.Csg,H V)
En; —>[ MAO ]—({ De; }
(Bs,Cs,H,W) (Bs,Csy,H, W) i
= H
B H
& s
En, é‘ MAO De, ;
(Bs,Csp,H, ) (31, (Bs,Csy,H ) ( )
. : ’ LN ‘ (Bs,=Cs,H, V)
Enj —»[ MAO ]—o[ Dej } : |
T e | (M40 J (a0 J( w0 J{ wao | |
[Mamba] [ Mamba][ Mamba] [ Mamba]
- —{ w0 J{Ba | A o
1 s ' ) (Bs,(ZCs)/4.H.IV)
i (BsCsyH W) (Bs.Csg W) ‘ LN ‘ :
En; i-th Encoder Interactive kernel
i-th Decoder MAO Multiply and add Feaj, (BsXCs 1))
H operation

(@) MBIA

(b) Inter-kernel

%3 MBIA 4544 S 4% 05313849 Inter-kernel

3.4 RKTH

AR — o638 U (Binary Cross Entropy, BCE)
5 A Dice K (TR G40 SRR . Horh, BCE 45}
K TARTHE R G0 09 73 JUETR P, 107 Dice 5 2% %2
FH 384 55 500 DX I B SR 2 () A 23 (] FE A . Oy
T HERG IR AR s R, LN FOR EHR B R R AR,
VRN MR R E IR, p, Ros HHU 255, BCE
RN N

N

Lys=1 Do)+ -y -p)]  (5)

i=1

Dice ik 7R A

N

2> Py, +e

i=1
N N
2Pt yite
i=1 i=1

Horp, e R I 25 b Ak AR SO R 9 S5 2K pRi
%{7"7 Lo =Lper+ Lpice -

LDicezl_ (6)
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4 LIEE
4.1 HIEsELE

CVC-ColonDB 45 1 115 5. 4 43 K 42 | FCIl %
AL E 304 5k G, 504 AT AR 45 1 B 38 5K IFIMR
A B & A BT KT TAREM R E LB R
AL . ARSI W R B S R S ik K
CVC-ColonDB i £ 73 Ml 2 A g i A A a4k

1SIC2017 41,55 2 000 3K 57 kA5 FE% , A 3 AR R
R R R . FEAR S Wiz B s A A 4 43,
W1 250 SRR M IINZREE , 150 5KAE M BGIE4E , 4% 600 5K
YA IR , DAVEAG IR ) 72 fE P RE .

ISIC2018 741 5 2 594 3K % , 5 7 AN IR 26 580 11 g
JRAAE . A BRI B A 1R T 14 4 BIAR 4 . FEASE
g rh, XA S HEA TR 43, 3 IR E 1 750 5K 250 5K
1 594 5K FMGAE R 5256 A I 2R 4 5604 AR 4R | L)
FHFRER B 25 GBS B0 LA AEREEAS .

COVID-19" 2 1 Tiih 5 43 EI4T: 45 (e T 4%
BB ZER AR LS 2 534 3KA A AH N A B RR A 1
CT MG Bz R 44K 1 750:250: 534 19 FL %143
YIZREE Bk 4 A 4 H TR 25 S 50R A8 2
PEREIEAL .

S B TR R (2 A M RE L AR SCFE B 1AL B Y B
Xif BT R S 2R F R AL s 45 . LR =, X
ABUE AT bR fE AL AR ], I FLAK UCR FH BE ALK - i 2
ELEEE BEALAR B REPLIE S BRAE LAY SRR A 1) 2R
PE . BRSNS AR A KO 2 [R) 4 BE i —B0bE | BT R
AAE B N2 SR FH OBUE M A (B B8 78 40 i 8 256 % 256
K.

4.2 TEHriERR

A AT A2 3 (Intersection over Union, ToU) .
Dice 1) 2 %7 (Dice Similarity Coefficient, DSC) \ MERf R
(Accuracy, Ace) \fﬁ?je‘fﬁf(Specificity s Spe) HURE (Sen-
sitivity , Sen) FIFEI%L (Average , Ave ) VE R 43 EIPEBEAY T
W 48 b, DA kE G B — F5 bR 0 R B . Hodr, ToU =
TP/(TP + FP + FN) H] - fij 12 00 45 SR 5 S 45 R 2 1]
i S 2 B ; DSC = 2TP/(2TP + FP + FN) H] T~ 4 12t 75 0]
8 5 B 92 {H 2 (8] /9 A5 L2 B 5 Aco=(TN + TP)/(TN +
TP + FP + FN) FH T~ 5 25 A5 750 11 ff 0000 A A SR AR 5
B e 48] 5 Spe = TN/(TN + FP) Jiz B A%E 74 1 A 15 531) £ S A%
ABYHE JT ; Sen = TP/(TP + FN) F Tt A% 74 1 A 8 531 1
REEARBYEE JT 5 Avg=(ToU + DSC + Acc + Spe + Sen)/5 JH
T AR e bR R P . 7E R AR AR, TP
PR B IE W, FP R B IE B, FN Fm B i, TN & m
EL .

4.3 XLEEEXRE5SHILE

AR 3L 1 B 22 i HLAT AR P BB R U AT X HE S
BARIN R 5T CNN 289 1Y U-Net'" | ACC-UNet"?" il
MADGNet'”! ; 3L T Transformer 22 14 [ UCTransNet™ |
Swin-Unet ' ; 3£ T SSM Z2 #4 f) VM-UNet'**' | VM-UNet
V22 Hovmunet ™. ZERORIE A7 T, AR SCR A AdamW
AL IEAT S B0 B AR TR Zhod B2 0 RS e M Rl 84
M FRYIZR B bR 2 R B R 1x107°, IF
G55 A% AR K ) SRR P SR WS AT s A R i
TIHTYN LR 250 B IR, IARIE AR AR RE 7843 1084 .

5 SCIGHER

AR SCHE AR5 A [F) 52 56 150 B B R4 R, 6 4 21 S 50
M7 T 3K, U bR 0T B (B RRR o 22 4 Ry e 2 1P A
SE TR E FEHLRRF 0 25 F T, BB AR R B
5.1 EELER

h T VA TR DT A B RE L R 1~FK 45
BN T A R TR RS TS b L B S g L.
oML R TR R 8 bR T B ek RE TR ik
PREs A . REN LR F 2 A SO $E B A $2 5, 3402 5k
PREERIATX L . ISEER 25 R nT LA A SCr 2 07 vk
FE AR B Z A TEM A8 b b SR T i3,
FoAr W UE T AR SC 5 VA AR B 2 BSR4 FT 55 b R
PERE.

TE CVC-ColonDB % #i5 4 I+, CVMBNet 7£ {ij 5 1~ 1F
Wragtn BB LA R M TR B T ik, PERE o
HHRETFE#90.94(10U) ,0.63(DSC) .0.06(Acc) .0.02(Spe)
H10.80(Sen) A~ 43 4, . X W] : CVMBNet 7545 17 8 A
Sy EVBARSE AR B, JUHURAE ToU F1 DSCE - #27+
B . 7E 1SIC2017 %4 45 b, CVMBNet £ loU . DSC Al
SpeiX 3T bR B F A4 5, M FIRIE I i, o
SIHETF T £50.83.0.50 F10.11 A4S 43 55 . SR, 76180
P Ace 1 SenFE 45 |, VM-UNet V2 Fil ACC-UNet [
IR . X — 25 F KW . CVMBNet 7£ 1SIC2017 £ 45
&R EEA RIFHIE A= EBIRE 7, BB S AT 2RI 17 2
FEAR AEAE WERAPE AR BE i i — 25 Ak i 25 1]
1 ISIC2018 % #8 45 |, CVMBNet 7E |ij 4 3 PEA #6845
BIUS T R R R, o Bl i e 45 R AR TH T 1.04,
1.56.0.37 F10.131F 43w, {H 2 HAE Sen WEMN b5 1%

H UL . [RIREHE, 76 COVID-19 54 #i4E |, CVMBNet

@D https://www.kaggle.com/datasets/pavancshekar/cve-colondb/data.

@ https://challenge.isic-archive.com/data/#2017.

(3 https://challenge.isic-archive.com/data/#2018.

@ https://www.kaggle.com/datasets/piyushsamant11/ pidata-new-names/

data?status=pending&suggestionBundleld=974&selected Only=true.



3338 CER S R 2025 4F:
#1 CVC-ColonDB ##E L5 R i %
gzt U-Net ACC-UNet | MADGNet | UCTransNet | Swin-Unet VM-UNet | VM-UNetv2 | H-vmunet CVMBNet
XF 2015 2023 2024 2022 2022 2024 2024 2025 Ours
IoU | 72.97+1.87 | 73.98+0.14 | 78.25:1.81 | 77.78+0.36 | 69.06+0.50 | 70.92+7.63 | 78.99+0.24 | 79.98+3.99 | 80.92:0.65
DSC | 81.41+1.41 | 8233+0.36 | 86.21x1.46 | 85.91x0.31 | 79.92+0.34 | 82.75:523 | 88.26+0.15 | 88.82+2.46 | 89.45+0.39
Acc | 98.60+0.12 | 98.31x0.01 | 98.61x0.21 | 98.83+0.00 | 98.40+0.09 | 98.03:0.57 | 98.69+0.00 | 98.79+0.24 | 98.85:0.04
Spe | 98.88+0.01 | 98.32+0.00 | 98.86+0.28 | 98.92+0.01 | 99.03+0.13 | 99.05£0.22 | 99.57+0.07 | 99.41+0.04 | 99.43+0.04
Sen | 83.14x2.09 | 87.58+0.46 | 88.08+1.31 | 86.87+0.39 | 81.42+0.90 | 81.51%6.19 | 84.42+121 | 88.00+3.83 | 88.88+0.14
Avg | 87.00+1.10 | 88.10£0.19 | 90.00+1.01 | 89.66+0.21 | 85.57+0.39 | 86.45+3.97 | 89.99+0.33 | 91.00+2.11 | 91.51+0.25
R2 ISIC2017THBELER AL %
Szt U-Net ACC-UNet | MADGNet | UCTransNet | Swin-Unet VM-UNet | VM-UNetv2 | H-vmunet CVMBNet
Xtk 2015 2023 2024 2022 2022 2024 2024 2025 Ours
IoU | 78.46x333 | 80.61+2.66 | 80.79+2.62 | 80.91x1.93 | 79.71+3.28 | 77.79+7.41 | 78.15+5.67 | 83.01+0.51 | 83.84x0.02
DSC | 86.30+2.63 | 87.91x2.02 | 87.96x1.97 | 88.09+1.32 | 87.43x2.22 | 87.31x4.70 | 87.62+3.57 | 90.7120.30 | 91.21:0.01
Acc | 9597+0.19 | 96.29+0.16 | 96.400.17 | 96.34+0.07 | 96.26x0.29 | 97.09+0.02 | 97.18+0.32 | 96.43x0.11 | 96.61+0.00
Spe | 97.06x0.04 | 96.67+0.25 | 97.37+0.09 | 97.01x0.14 | 96.95:0.51 | 98.20+0.19 | 98.17+0.26 | 98.55+0.05 | 98.66+0.04
Sen | 89.78x1.49 | 91.27:0.45 | 89.84x1.32 | 90.67+0.55 | 90.73:0.44 | 88.89+2.46 | 85.64+4.11 | 87.85:0.36 | 88.36=0.18
Avg | 89.51+1.54 | 90.55+1.11 | 90.47+123 | 90.60+0.80 | 90.22+1.35 | 89.86+2.96 | 89.35+2.79 | 91.31x0.27 | 91.74+0.05
3 ISIC2018 HiRELR T %
Ei L7 U-Net ACC-UNet MADGNet | UCTransNet | Swin-Unet VM-UNet | VM-UNetv2 | H-vmunet CVMBNet
X 2015 2023 2024 2022 2022 2024 2024 2025 Ours
IoU | 79.88+0.87 | 81.05+1.00 | 81.58+1.21 | 80.90+1.09 | 81.08+1.20 | 75.93+5.42 | 74.52+6.48 | 80.09+2.55 | 82.62+0.28
DSC | 87.58+0.46 | 88.10+0.56 | 88.77x0.69 | 88.11x0.75 | 88.45+0.68 | 86.2123.50 | 85.24+4.26 | 88.92+1.57 | 90.48+0.17
Ace | 9453092 | 94.81+1.19 | 9491+1.13 | 94.64+1.19 | 95.06+1.10 | 95.55+0.06 | 95.32+0.24 | 94.69+1.32 | 95.92+0.08
Spe | 95.86+0.63 | 95.22+1.83 | 94.52+1.50 | 94.92+1.03 | 94.80+1.50 | 97.40+0.06 | 97.44+0.21 | 96.57+1.64 | 97.57+0.12
Sen | 89.57+0.99 | 89.86+0.59 | 92.03+0.03 | 90.67+1.00 | 91.86+0.84 | 85.98+2.90 | 84.31+3.63 | 88.46+0.43 | 89.93+0.06
Avg | 89.48+0.77 | 89.81x1.03 | 90.36x0.91 | 89.85+1.01 | 90.25+1.06 | 88.21+2.39 | 87.37+#2.96 | 89.75+1.50 | 91.30:0.14
F4 COVID-19EiRELR AT %
LA U-Net ACC-UNet | MADGNet | UCTransNet | Swin-Unet VM-UNet | VM-UNetv2 | H-vmunet CVMBNet
X 2015 2023 2024 2022 2022 2024 2024 2025 Ours
IoU | 69.34+0.24 | 71.30:0.24 | 69.99+0.25 | 69.25+0.50 | 62.74+0.20 | 62.09+8.35 | 72.41+0.07 | 72.06+1.01 | 74.69+1.41
DSC | 80.13x0.11 | 81.97+0.11 | 80.89+0.25 | 80.02+0.65 | 75.24+0.17 | 76.28+6.37 | 83.99+0.04 | 83.76x0.68 | 85.50+0.93
Acc | 99.36+0.03 | 99.41+0.04 | 99.38+0.01 | 98.33+1.00 | 99.20+0.00 | 99.29+0.17 | 99.51+0.00 | 99.50+0.02 | 99.56+0.02
Spe | 99.43+0.03 | 99.55+0.03 | 99.45+0.01 | 98.93+0.45 | 99.28+0.01 | 99.69+0.06 | 99.77+0.00 | 99.76+0.01 | 99.79+0.00
Sen | 86.28+0.72 | 85.97+0.11 | 86.7120.18 | 86.98+0.40 | 84.41+0.49 | 73.84x7.48 | 82.76+0.02 | 83.03x0.59 | 84.34+1.36
Avg | 86.91+0.23 | 87.64x0.11 | 87.28+0.14 | 86.70+0.60 | 84.17+0.17 | 82.24+4.49 | 87.69+0.03 | 87.62+0.46 | 88.78+0.74

TE AT 4 TV 8 b v ¥ 3 B A A B2 0 BE 4 I
228 .1.51.0.05 F10.02 1 H 43 i . LR SEg 25 R 3R .
CVMBNet 75 P/ A 7] B 2 RSB 45 35 e i o R 47
Mz A BE 7 AR OE Pk (H R TR A A U AR
PR ZS (a] . g — 20 M, SCIR A5 SRR ] A S Y O
RAE AN B B9 Aveg 3R AR IIOLF oAb 5 1%, 23 513k
#191.51% .91.74% .91.30% F1 88.78% , 7o /3 B Uk T 1% )7
RAEAN R B B L B e e e i

{BARE RIS 78 4 DR A R SE I a5 R Aty
ZE B 2 BHAE i YE VM-UNet.VM-UNet V2 #1 H-vmunet 77,

T S Y B I L SSM A4 A4 i 11, 35 DA T 55 E T
SSM 7 I 24 % 43 ET 55 _E B9 al A5, DA R AR SCAf
SSM 47 42 R REAE $E U s 1) & B . b4, AniEl 4 B
7N, CVMBNet iR 425 7 4.69 G, % 7 2.99 M,
AT HA 5% , CVMBNet FEAR 804 19 40 P E 14 ]
B, A 3 5 R TSR ROR, A A T IR A7 BRI IR
5.2 EMHER

] 5~ 8 7R T T4 J7 vk Kk b O YA AE 4 A %idls
£ LMEMES TR, Hd . (o) FREIREIR, (b) IR 5
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o I () ) BB LA 5 (o) T B LA 5 Ch) )
@] ACC-UNet S\»ivn-lhm @ l-}-vmunct %iﬂ% . )H:l H:Z"T s Z,Kiﬁ l':[j E’\] Tﬁiﬂ]‘ ﬁgﬂzmﬂj’%ﬁz ‘E‘I\ m
MADGNet VW-UNet Y CVMBNet - )

DX dol 55 3R S A DX o) 8 440 Y LA R R PR A L ) 2

o S, DT A 20 3% AR ) DX R LY ke 1Y 15 23 50 1y IS
Z 4ot mE 6(a) FE 7(a) i, £ ISIC2017 F1ISIC2018 %4k
Z 8 b T R X ek S R R B AN AL A
T L W RF P, B T IR AR 1 G o BVIORG BE AN i, B T i
oL % , , . , B TR LmE e (d) FE 7() T8 F 4 Wk [

0 10 20 30 40 50 60

FLOPs/G

4 AEHIE] Params Fll FLOPs %F [

FIEMR R B ShR S, (k) 7R AR SCRT 4 7 1 1 43 1 25
F, (o)~ () Fm HA T H ik iy oy IS5 5. e s R
FEU AR SCHRE HH T T REAE HER IX 43 H AR L 415 TR I Y
DX 35 5 A5 B s T A L 4 R S I o B A R A Rk
o T A 7 A G AR Bt BE 40 1) A7 7 A 1)
BRI H L W 5(a) iR, 7E CVC-ColonDB 545 4E |,
T B P X8 5 AR T R S PR X e 25 4 A S BR AR AE |
BRI , B D i B TRl A X5 Sk B IX
I, PB4 R A X IR AR — S A 5 (e) ~

\“\

JE I

() UCTransNet

) Swin-Unet ) VM-UNet

) U-Net

Bl6(g) M 7Ch) THITEOL . 52 M, AR ST B T
T i C-VSS AR e sz 3 6 i 2k A5 B B & L AR E 1k
$&, I 38 £ MBIA B E T 243 32 1 F X BT 2 |
G $E T TR & e SRR IE 2R A RE T . T
FEHE , W& 8 (a) At 7 , 76 COVID-19 B8 45 |, i T hii
TS g A DX 3y AL e AR | T R DX sk A S g ke X
S EE R ARG, B T R BT ek R
LR3I M 5 ) Rk A O, an i 8 ()~ 8 (R ). ARSL
JIT 4 5 iE ok C-VSS R H 1 53 A 4 R £ B S A
K MBIA A5 e % 15 2 20 R AE 10 LI 43 LA 38, A] DA
Tj“(ﬁﬂ’fﬁm 3030 ) R R 68 AR il 38 9 A DX 3k 7 15
I

) ACC-UNet ) MADGNet

) VM-UNet V2 ) CVMBNet(Ours)

) H-vmunet

5 CVC-ColonDB H¥a4E 1Y e M 45

R E S A R R AR SRR Y T A 4
AN FERCE S 00T 2400 00 3250 2, U R AR 4y
FIERE . AR, C-VSS AL i X5 S UME R
SEHLT SRR AN AR S 4R R SUE B R A R A
T T T A A RO 11 S U A RE A7 5 IR, MBIA
BB A L0 3R AL, 3 2 5 RO AR (R B
&3 5 Rl A, B0 T R R 2 AR Ak TR 2 Y A
it
5.3 HELCIY

N T B2 B UE TR 5 vk A R AR G i A
H I AN R T — %@JH’J(QHMQA Hzs R

F 9 s . B, i AR 278 U-Net (with Conv) , B[
A (1 FH C-VSS Rl MBIA ¥4 42285 110 31 fl 2 51 5 18 e
IR 8 26755 U-Net (with MBIA ) , B 5 fdi ] MBIA 3% #2545 b
A 7 i 5t AL 5 8 (o AR R IR B U-Net (with C-VSS) , Bf X

{8 FH C-VSS LR A 71 il 245 R 5 2% (0 A obR Tl U 3R 7R SE 4 1Y)
CVMBNet, BJI [ Bt F C-VSS Fi1 MBIA 755 B 114 52 46
5L E 9 R, A SCHE Y C-VSS LR MBIA 15
e fl S 06 v 24 2R B B A PR RE SR T AIUR , B
TN : C-VSSBIHL A 51 ASG 5% T A 7E Ry S 4019
TEA 4 5y B SCRRAE A R BRE 1, DT 2 7 T AR AR
PR oy EIVERE . M MBIA BLH (%) 5] A — 25350 T 2 R
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T

F
e
| |

% ) U-Net ) ACC-UNet e) MADGNet

) JE

) UCTransNet ) Swin-Unet ) VM-UNet ) VM-UNet V2 ) H-vmunet ) CVMBNet(Ours)

F6  ISIC2017 B4 1 P45

DEQD

) A (b) tR% ) U-Net ) ACC-UNet ) MADGNet

006 QQD

(f) UCTransNet ) Swin-Unet ) VM-UNet ) VM-UNet V2 ) H-vmunet ) CVMBNet(Ours)

&7 1S1C2018 B 4E (1) 5 P4

ACC-UNet ) MADGNet

(f) UCTransNet (g) Swin-Unet (h) VM-UNet (i) VM-UNet V2 (/) H-vmunet (k) CVMBNet(Ours)

K8  COVID-19 Kudi gk i) 45 R
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EIU-Net(with Conv) B U-Net(with MBIA)  E U-Net(with C-VSS)  EICVMBNet

99.28

98.60 9830 99.62
98.60 98.85  98.88 \ 99.43

89.45 sos1

70.81 87.20 201
\

7730 8092 8141
80

X et
o
&
40
20
0
loU DSC A Sp s
ks
T
(a) CVC-ColonDB $UHE4E i T4 R 45 S
W U-Net(with Conv) B U-Net(with MBIA) [ U-Net(with C-VSS) B CVMBNet
9567 9572 9592 98.50 97.89 9757 y
o 8946 1\ 50,53 9453 | 95.86 ST gsas S8
9 [ 5093 13 g758 | \ 9048 §9.57 8993
- 82.62
w0 17988
70
60
x
=50
o
ﬁ 40
30
2
10
0
v pse Ace Spe Sen
fabr

(c) 1SIC2018 Hirdha 4 ) mil 25 5

3 SEXABEIRZS A )5 200 AL HE FERE S
B RS BT RS A ) RHERE S E A EIR 53E 3341
W U-Net(with Conv) B U-Net(with MBIA) [ U-Net(with C-VSS) ECVMBNet
100 8946 g0 g7 T s o 2 T st s
90 | 003 8154 o $7.58 \ 9048 89.57 89.93
80 |79.88
70
60 |
§ 50
«
ﬁ 40 -
30
20
10
0
ToU DSC Acc Spe Sen
fist
(b) 1SIC2017 BA AL 1) K Ah 2
B U-Net(with Conv) H U-Net(with MBIA) [H U-Net(with C-VSS) ECVMBNet
120
wst s T m
100
8410 8420
\ 8:
80
<
po
= 60
E=d

ToU DSC Ace Spe Sen
e
Eista

(d) COVID-19 BRI b Z

P9 IHREh S

BERFAE 0] (4 38 BRIl 7, Toie J& #£ U-Net (with MBIA )
it J& CVMBNet, 5 8 80 H B3 [ AR AE KRB )y . HLAK
M & , #E CVC-ColonDB %4 4 I, A1 #¢ T U-Net (with
Conv) FTH Fl 25 5, U-Net (with MBIA) 7E 5 MM 15 bR
Ay BRI T 4.33.5.79.0.00,0.40 F13.67 4N [ 43 A,
1M A1 %8 T U-Net (with C-VSS) , CVMBNet £ %1 U] 43 5]
T T 10.11.6.54.0.55 . -0.19 A 1350 N H /. 5
M [F B, #H %8 T U-Net (with Conv) , U-Net (with C-VSS)
1E DSC 1 Spe $8 41 b 43 42 7+ 17 1.50 F1 0.74 1~ 43
ALK SRR e O R L AT C-VSS
e, MBIA A58 78 12 5040 42 ) 1 B I J . (A5 1
[ J& , CVMBNet 7 Spe $& b5 I H 3 0.19 4~ 43 55 1) T
B, A R 24 I s h BN S IEE R X
WSO AR A AL, 3 BOBE R 1 SR A 1 1R BE )
ZF| —E W . 7E ISIC2017 3548 45 |, 55 U-Net (with
Conv ) Fll U-Net (with C-VSS) B 74 fl 45 5 41 t , U-Net
(with MBIA ) Fl1 CVMBNet #5284 73 I E 77 4 4645 L AT
AT B L T, Ho U-Net (with MBIA) 2 7+ T
3.23.3.62.0.19.1.59 1~ H 43 55, 1fii CVMBNet 1| 43551 $&
F+ 7 0.50.0.30.,0.11,0.10 1~ H 43 s, . db4h, M T
U-Net (with Conv) , U-Net (with C-VSS) 7E i 4 P15 %5 I
SR TE T 4.88.4.61.0.53 F1 1.50 1 4 . R4
FFWT A ST MBIA BB 7E — e FE B 1 4R i 1A%
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