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Abstract: Objective Medical image segmentation is crucial for identifying anatomical structures and regions of interest in

medical images, playing a critical role in diagnosis and treatment planning. Although traditional convolutional neural net-
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work (CNN)-based models have shown notable success, they often struggle to capture long-range dependencies, resulting
in suboptimal feature extraction and segmentation performance. This limitation is particularly problematic in medical imag-
ing, where accurate and detailed segmentation is necessary for reliable diagnoses. Transformer-based models that use the
self-attention mechanism excel in global context modeling but demonstrate quadratic computational complexity with image
size, increasing their computational cost for dense medical image segmentation tasks and hindering efficient real-world
applications. Recent studies indicate that state-space models such as Mamba can simulate long-range dependencies with
linear complexity. Furthermore, Kolmogorov-Arnold networks (KAN) possess powerful nonlinear modeling capabilities
suitable for complex medical image features. However, traditional static weighting strategies ineffectively adapt to the
dynamic nature of medical image data. Aiming to address these challenges, VMAML-UNet, a novel medical image segmen-
tation framework combining KAN, is proposed to regulate multiscale weighted losses and visual Mamba for efficient long-
range dependency modeling. Method The VMAML-UNet method adopts an encoder-decoder architecture, a widely used
and effective design in deep learning for image segmentation tasks. In the encoding stage, a novel visual Mamba block
(WCVM block) is introduced, incorporating wavelet convolutions to extract precise and localized features from lesion
regions with linear computational complexity. The use of wavelet convolutions enables the model to expand its receptive
field, which is critical for capturing long-range dependencies within the image. The visual Mamba block enhances feature
extraction by improving the representation of critical areas within the image, thereby addressing the issue of insufficient fea-
ture capture. Furthermore, the encoding stage incorporates downsampling through block merging, which effectively
reduces data dimensionality while retaining important features. In the decoding phase, WCVM blocks are reused, and
block expansion is employed to perform upsampling. This approach aids in accurately reconstructing the segmentation
mask with high accuracy, ensuring that fine details are preserved throughout the process. The skip connections between the
encoder and decoder are designed to transfer critical information from low to high layers of the network. This study intro-
duces a new component: the wavelet convolution attention aggregation (WCAA) module. The WCAA module is designed
to fuse and refine features from multiple scales, both spatially and across channels, which allows the model to capture more
complex, multidimensional patterns within the image. This module is particularly useful for improving the quality of seg-
mentation in images where the regions of interest are surrounded by similar tissue, making them harder to differentiate.
Additionally, a KAN-regulated multiscale weighted loss module is introduced to dynamically capture the nonlinear features
and inter-layer dependencies among outputs from different stages of the model. This module addresses the limitations of tra-
ditional static weighting strategies, which fail to adapt to the dynamic nature of feature representations extracted at different
layers. Specifically, the KAN module applies KAN convolutions to the final three decoder layers to generate multiscale seg-
mentation masks, which are then used to compute hierarchical losses. These losses are then combined with the correspond-
ing encoder outputs to form the multiscale weighted loss. Finally, this loss is integrated with the loss computed from the
true labels and predicted masks, enabling effective backpropagation and model training. Result Aiming to evaluate the per-
formance of the proposed VMAML-UNet model, experiments on three diverse and heterogeneous medical image datasets
were conducted : the BUSI dataset, the GlaS dataset, and the CVC dataset. These datasets were selected because they rep-
resent different types of medical images with varying complexity and noise levels. Experimental results show that the
VMAML-UNet outperforms other segmentation methods, such as VM-UNet, which also employs VSS blocks for segmenta-
tion. Specifically, on the BUSI dataset, the VMAML-UNet model achieved an improvement in intersection over union
(IoU) and an improvement in F1 score by 2. 72% and 2. 02%, respectively, compared to VM-UNet. The BUSI dataset,
which contains breast ultrasound images, presents challenges due to the noise and variability in image quality. However,
the proposed model showed notable improvements in addressing these issues. On the GlaS dataset, which contains eye fun-
dus images for glaucoma detection, the VMAML-UNet model achieved 3.38% and 1. 89% improvements in IoU and F1
score, respectively. Glaucoma is a leading cause of blindness, and accurate segmentation of the optic nerve head is crucial
for effective diagnosis. The strong performance of the VMAML-UNet model on this dataset highlights its capability to cap-
ture fine details in medical images. Similarly, on the CVC dataset, which comprises colonoscopy images, the model dem-
onstrated improvements of 2. 51% in IoU and 1. 42% in F1 score. These results further confirm that the proposed VMAML-

UNet model substantially improves segmentation performance across different types of medical images. Conclusion
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Through the integration of wavelet convolution-enhanced visual state-space (VSS) blocks, the proposed VMAML-UNet

notably reduces computational costs and effectively addresses the limitations of CNN and Transformer-based models in

medical image segmentation. The superior performance of this model across three datasets highlights its broad applicability

and efficiency in various medical imaging scenarios, offering valuable insights into the development of highly efficient and

robust medical image segmentation methods.
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loss; continuous flow
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B Rl (muti-scale fusion) (%5 [A] 2 55 (spatial aggrega-
tion) F/13# i 28 & (channel aggregation)3 >#43 (Liu
85,2024a) . F,Seilad 1 x 1 BRI TEE RS 5]

FRAE P, JEEEE RN C %3 C,, v, C, =

Fon UE SCHYEE PR K 1. 7E 2 RERLE 85T,
T Jo 8 i AN [ 8 BU R/ IN R /N A BRUE AT i ik
W, I K i 1 5 SR AT Ik s AR B 2 RO Rl 5
fEF,. B REraRiks

G
a

, O

F, = Concat(F;, F;, F;) (4)
F, = Com)k:l(Fin) (5)
F, = EWTConvk(Fl) (6)

ke KS

K, Concat FRPHERAE , Conv, -, 7R 1 x 1 194
BL WTConw, s /NFERBL, P KS 3 LT — A&
B, HAE {3 % 3,5 x5,7%x 7},

e 23 A A 003, B 5 F, 1 38 4 B 53531
P47 42 JarF 233t £k (average pooling, AvgPool ) 1 ¢
Kt £k (max pooling , MaxPool ) , 75 2| PG A4~ H x W x
1AYRFAE P, I3 33K P > o A P A 7 PR A1 15 5]

p——

(b) FHE G

E3 2Dk

Fig. 3 2D selective scan module ((a) scan expanding; (b) scan merging)

wAAL
I (k=5) I
WTConv
(k=17)
Z RS

MaxPool

HxWxC,

HxWxC,

HIER
© piEE D BaFtn @ BItHEMHE
K4 /NEERER R R

Fig. 4 Wavelet convolution attention aggregation
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FRAE Fys BE IS 2208 7 x 7 19 4 BR e — 2D SR UK AE LA
M sigmoid G PRAAL #E 5 5 F, 51T Hadamard 7€
MU AR REE DR F,, FiRdBRECERSE
S|
F, = Concat(AvgPool(F,), MaxPool(F,)) (7)
F_ = sigmoid(Conv,_,(F,))OF, (8)
i, sigmoid KR AT PREL, Conv, -, R8T X T 145
i, Concat F2 78 PFEHRAE | AvgPool Fo 7 V- ¥4k
MaxPool 7R i KA o
TEIEE R AT, B SN AR R 4E R 5
HEAT 4 Ry A A 24k s Bl 5 A R 280 1 x 1
BB ReLU (rectified linear unit) #7 pRECRI 1 x 1 45
TR PR 5 A5 BVRRE F R0 F g5 8245 4 W4 43 3 1 i
PATINE B8, s 48 sigmoid PG PRELAL BRI
5 F, 3047 Hadamard 3 FL LA A= i 38 1 5T 181 F 5
S S A TR A PRI 3 T AT ks 58
ARl 2 [a] 5 A 0 38 T8 8 AE , R i i 245 2R 08 i
1 x 145 BF 38 T8 B 52 01 C L 15 2208 e 1Y i
F, = Conv,_,(ReLU(Conv,_,(MaxPool(F,))))

(9)
F, = Conv,_, (ReLU(Conv,_,(AvgPool(F,))))
(10)
F. = sigmoid(F, + F,)OF, (11)
F, = Conw,_(F +F,) (12)

KM, ReLU . sigmoid F2 /= 0% PREL . WCAA BIHLRE
{3 448 5 72 (1) 24 J32 R0 T A8 B2 1) R iR R 3K, AT A =
2 [ 2% 2 e B R R R R AE R R o A gl A
WCAA BRI AL P W 22 ROEE /N TR, AN BE
B R AR IOICR i RE U I 215 B RO R AE I B &
BB 2% 8] 5 B E (5 R
2.3 HEKTIH

TEAR SCHY R 2 B o FIE 55, R T T —o0 a2
SUJE A Dice AH 1L 2 %X (binary cross-entropy and Dice
loss, BCEDice) {3401 2% R AR W A B AEAL Y F B
BRI R o AR R B S 4 A 0T A8 SR 4 2k
(binary cross entropy loss, BCE) 5 Dice #H 1 & 5461
R AR TR R Yoy NS B2 5 DX & R A
B bR, HE L

Licepiee = Ay X Lyeg + Ay X Ly (13)

N

Ly =—%Z[y,log(jl,) + (1 - y,)log(l - }A'L)}

alxny| (14)

[ X[+]Y]
A, NRIRFEAR BB, y, Fl g, 3 5l e LS AR 2
TN . BEE | X RN Y | 7350 27 B AR I R F
5 SN A T 2 A [ 4 2 30 %) A
XA, HEBRNE LT 3 M 1.
2.4 KANiEZ REmMERK

YA HERAE G AT EIEN PLUS 3 iRt A 2

H_w

G AR AE O FY e RET 57 R e R A
Fi e RIGTE S P4 285 7 1) KAN 3
SR e P B 2 1% 2 T S (B M,
M, M, [E]EF, {6 FH T 2B 9 (1 (nearest ) B BL5E

FRAE S B TR FE SIS0 o -, LU R

L5 4 9 TIN5 43 R A ) 1 B SRR 28 B
G, G, Gy BEJGHG I 50 55 X 1 1) T S 4 15 4 7
AR K ) 038 U AN Dice M R BUR A K3
PR EZ R ER KR Qe R, Lk FEE

Dice

M, = KANConv, _, (F?) (15)
G. = Downsample(G) (16)
L, = BCEDice(G.,M,) (17)
Q = Concat (L, ,L,.L,) (18)

A ,iell,2,3}, KANConw, ., 7~ 1 x 1 Y KAN #&
T, Downsample F7n T RAE , M, F 7R 45 J2 9% T 0 448
W, G RRERERETE ., ¢ R ABBRYE
SihR%s , BCEDice 378 —.T038 XM Dice AHLL 2 £
HIR pREL, L RN 2R AR
WE S FR B FOFDRF— 315 A E] KMWL
R, 430 48 42 Jrg dre KA s E i T 4k b TR R
PR3 F )G 3 A KAN 2 (Li%F,2024a) Dk —
AR HEAR L BRI, I 28 softmax PR IH — AL b B S
B HACE 2B W e R, e 52 REMR K M &
HEAT ) 5 BB BB A5 ) KMW LA B iy i1, B 22 R
FERNIAUR R L, o B2 A MG ) B SR 25 5 i
2451k BT S T AR =k 5 2 R I 2k ik
TN A RS R R AR L.
F,A = Concat(MaxPool(F{l,F;,F;’)) (19)
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= soﬁmax(KANLayer(Fm)) (20)
L, ={QW¥) (21)
L, = BCEDice(G, P) + ulL, (22)

HH, KANLayer 375 KAN JZ , softmax &7 IH— AL Ab
H, BCEDice 32718 —. 7038 X Dice R F H50IR £ 41
KRB, )RR I = BUS B u B S8, 1
HAE 02 1 Z [0 B KAN 45 23 A
] J2 R AR B A AR, A R 28 FE I R B vp A 3
o7 V8 2% RUBE AR IR Y DTG . A EAR G i aS AL
D7, A HLHIAE KAN B AR LR RAERE S SCHF T,
FE SRS WAL 2 9 0] A RR T AR G 3R

KAN JZ

HIEES O,
2 RER

© Pz () lsm

KI5 KAN T2 R AU R p ik
Fig. 5 KAN-regulated multi-scale weighted loss module

3 WAL

3.1 HiE&E

ABE X BT ER O VA R AT T AT AL I T
34 HA B IR 2 5 557 T B 1) B 4R L BB
P A0 S 0 R R R RRAE A [ A B RS LA B 4y
PR R R ER . ik SR 458 5 T Bl
FIRAE BT 55, SR 7 vk A 50 i o P A T
o A I oA
3.1.1 BUSIZLHRE R

BUSI(breast ultrasound images dataset ) F| i 7
H5 4 (Al-Dhabyani % , 2020) H1 #8745 SR04 W,
Ml B T | R RO L R o 151 ) RIS I B
AHRE Y 53 F AR B . FEARBEFE A T 647 i)
FEUR R TR SRR I e . A R
15— 2 256 x 256 8 K 1 R %A
SEPRAL T 2 R B RAR B A B T LR R Y
Rl 5 32, IF B2l N+ R F o N B it T
HERYFARN L
3.1.2  GlaS A s 5

GlaS(gland segmentation in histology images chal-

lenge dataset ) JE A B HE £E (Valanarasu %5 ,2021)
H 31 5214 77 51 19 612 iy i 15 Wi & (standard
definition, SD) KR A i, 45 Wi IRI5 1Y 73 B3 384
x 2888 K I REH 23 B BH . ZBURERIE T
VUL IR BB IR R S e o H5ai 45 rh A AR )7
51134 % FH Olympus Q160AL F1 Q165L 1% #5 AT R4,
FFHL 4 Extra 1T AURAL BERR HE AT AL BE . $22 BECR DL 1Y)
AR FRAAE , AR HL T GlaS Eila & 1Y 165 1
K%, -0 — 90 512 x S1248 R 0 HER L T
3.1.3  CVC-ClinicDB S\ A %dh 4k

CVC(CVC-ClinicDB dataset) &, A 4 £ (Bernal
45,2015) ,H PR CVC EE 4R, )& —Fh A JF AT H
MIBEIR , 2 T 45 e Ao A I rh i) 2 2 W F
o BRI 612 MR KGR, B B8 73 B
N 384 x 28813 K GBI A 31 LA [RI 45
B KA S, X LE IR IR T 2R B A S
5], A LAE B ARG I B B I e S PEAG ROt B
R T B DR [R) BSOS SR AEF 58 v i — BrE AR SOH
CVC-ClinicDB i 4E i) T A PR G — R 2 256 X
256 R E M HER
3.2 EWNESEE

ARSI LT Python3. 8 Fll PyTorch1. 13. 0-
cudall. 8 SEBLHY, Fir A7 S8 #8617 — > NVIDIA
Tesla V100 GPU, N #7432 G, X} F BUSL. GlaS
CVC Bda 4 , 2R, 2% 2] Z2 (learning rate ) B & N
1 x 107, R Adam HE AL gR IIZRBEAL, Il A2 5%
iR 2k (cosine annealing) 2% >J & 8 B 5 i, A /N2
RBGE N1 x 107, BidladEi 80% H T4k .20%
FHF 5 UE AT LI BEALR 23 o Bds b i v ] T
FEA Y RS ¥, B AR REBLIE 5% A 0L . A si Al
YIZILHT T 60048 .
3.3 EfHIEER

AT ST PE T I R S X 73 R 4 SR A T
PR, I8 A 28 3T H (intersection over union, IoU) 1
F1 7340 (F1 score, F1) AN R bRifE AT LL3E . ToU
A 15 I S5 DX G S R X A 2 () S AR
JE, A R A 25 TR DR RORS B2, DG R kg
RGRZE € O A2 B AR S AR T ALY L
fHo F1BURKE# (precision) 5 1 [F1 3 (vecall ) )
PRS2, 38 2 I AT YRR AORS 8 5 R
i fer , 255 VEAG I AL Ar FIPERE . —#45 A AT 4T
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WIS A3 B PR RE o ToU T F 14345014 R0 2 15 I A 7
I3 RIROR BT
3.4 tERETRA

AR SCHR ) VMAML-UNet £52 1 78 BUSI. GlaS #1
CVC i 5 1 5 e BB A 47 X b o AL 4% U-Net
(Ronneberger &5 2015) . Att-UNet ( Oktay 45 2018) .
U-Net++ (Zhou %5 , 2018) . U-NeXt (Valanarasu #l
Patel, 2022 ) . Swin-UNet (Cao % ,2023) . Rolling-UNet
(Liu % ,2024b) ,U-Mamba (Ma % ,2024) ,U-KAN (Li
%%, 2024a) . KAN-Mamba FusionNet (Agrawal % ,
2025) .KM-UNet(Zhang,2025) Fl1 VM-UNet( Ruan % ,
2024)

A SCAd A VM-UNet £5 7 18 Sy F 1 A 7 (base-
line) , PEREVTPAS R ToU A1 F 1 43 BOPT IR b, 45 SR
F1FR. ATLAA 1, VMAML-UNet 76 57 4 £ 40 42
IO TR AR A AR

F1 FBFMOEFEIL
Table 1 Comparison of various segmentation methods
1%

BUSI GlaS CVC
Tk
loU F1 loU F1 loU F1
U-Net 57.22 7191 86.66 92.79 83.79 91.06
Att-UNet 55.18 70.22 86.84 92.89 84.52 91.46
U-Net++ 57.41 72.11 87.07 92.96 84.61 91.53
U-NeXt 59.06 73.08 84.51 91.55 74.83 85.36
Swin-UNet 52.11 68.51 82.44 90.38 73.49 84.72

Rolling-UNet 61.00 74.67 86.42 92.63 82.87 90.48
U-Mamba 61.81 75.55 87.01 93.02 84.79 91.63
U-KAN 63.38 77.42 87.64 93.37 85.05 91.88
KAN-Mamba FN = 62.41 76.41 84.92 91.82 84.93 91.72

KM-UNet 65.42 78.79 87.51 93.27 85.01 91.79
VM-UNet 62.76 77.12 87.33 93.24 87.13 93.12
VMAML-UNet

65.48 79.14 90.71 95.13 89.64 94.54
(A30)

L PR TR R 45 5 . KAN-Mamba FN %78 KAN-

Mamba FusionNet .

Wb, B — 2L Bk 1R AR SCTT YRR Dy 0 46 JE i
BORY R () B 2k o ANk 2 s fE 2 B4R L4t
T TR A9 2 50 (params ) FTF 45038 55 B (float-
ing point operations per second , FLOPs), Sz ik

WY AR ST ANAE 53 A JEE L A 22 o R 3
TEFH AR T7 AR R B AR K o BRI L A8
I3RS BE 5 TR BT A rf AR SO kR B
MR ZE G PERE

RIS, A SO TSR AR RE RN, 45
U3 fras, AT, 2 0= 0. SRS

®2 EMKBFENSHESFREERBMGITE
Table 2 Comparison of parameters and FLOPs across

various segmentation methods

7k Params/M FLOPS/G
U-Net 35.53 524.20
Att-UNet 35.90 533.10
U-Net++ 36.60 1109
U-NeXt 1.470 4.58
Swin-UNet 27.17 9.02
Rolling-UNet 1.78 16.82
U-Mamba 86.30 2087
U-KAN 6.35 14.02
KAN-Mamba FusionNet 13.96 6.67
KM-UNet 17.66 7.35
VM-UNet 27.43 4.11
VMAML-UNet(A4<30) 35.18 6.60

T O TR R R % S e L4 R

x3 BEHuITERIERER RN
Table 3 The influence of hyperparameter x on
model performance
1%

BUSI GlaS CvC

M
loU F1 loU F1 loU F1

040 6533 78.69 90.52 95.05 8931 94.23

045 6512 78.63 90.67 9511 89.28 94.18

0.50 6548 79.14 90.71 95.13 89.64 94.54

0.55 6487 7844 9056 95.06 89.13 94.12

0.60 64.82 7841 90.58 95.08 89.24 94.16
T L P SRR 5 8 B A2 2R

3.5 HBERIE

R4 T A3 A7 AR SC T 3, DA VM-UNet Ay 3 i A5
I E BUSI. GlaS 1 CVCE 64 L E1TTH Al Sc 5, 245
RNF 4R ATLE BRI Th 5] A WTCony
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JZI, 78 BUSL. GlaS Il CVC BB 4E 1 ToU M F1 4y RAEHUMAUKN B R B A [B 2 SUERE (45 25 R 5k, g
5053 5 B2 T 0. 88% F1 0. 66%. 1. 19% F1 0. 67%.  FELFHLHE T 45 2% 2] X 43 AN [ R /INFITHE B2 7 5L TR IXC
1.28% F10. 73%. 51 A WCAABLERIT, £ B 5 1 8, JUHAERGHEth SRR 5 T T i 2k sR 4L
1) ToU F1 F1 0800 SR TF 1. 65% F11.23%.1.21% 3.6 S EIZERATHL

F10. 68% 1. 65% F10. 94%. 51 A KMWLE, 5% AL — 2% BT A ER s A A T 4 T ) A L
BoPs 5 L ToU A1 FL 20 80 B8 T 1.90% A 558, 8 HoAth )y v 5 BT 4 HE 9 VMAML-UNet J5 75 43
1.42%.0.95% F10.52%.2. 75 F1 1. 55, [A] B 5] A H a5 Rt AT T AL, g5 At 6 s 5 1 512 IR A
WTConv )22 \WCAA FI KMWL BIHR R4S 3 — L2 T B, 58 2 58 B AChRas , AR &5 52 A ) 7 vk i
PERE , F B LI ToU FTF1 800 e Tt 2. 72%  FIZ5 5. M2 R AR SO R T HAb Jr ik 7= A4
F12.02%.3.38% F1 1. 89%.2. 51% Fl 1. 42%, 1}i T/ AR PP A SR Tk B CECAE 0 o W RS 0
WTConv . WCAA FI KMWLA S A EAESEEH . BARZEMLH. RIE AR SO #1285 RAE A E
T L5 B FE CVCBRAE 5] A KMWLEL  d0 SURUE A 40T 5 1t 2 30 o BE0RS 400 1Y SR AE B
PR, PTRE R o B R B ARl R KN JESAS X eS5 BB AE 70 00 50 U H: S BURS 40 4k 40 1 Y
St AT R 1 KMWL X AP aeag [adE e JE

il

B

N
H

oY

o

F4 HEMXWER
Table 4 Ablation test results
1%

BUSI GlaS CVC
Tk
ToU F1 IoU F1 ToU F1
Baseline 62.76 77.12 87.33 93.24 87.13 93.12
Baseline+WTConv 63.64 77.78 88.52 93.91 88.41 93.85
Baseline+WCAA 64.41 78.35 88.54 93.92 88.78 94.06
Baseline+tKMWL 64.66 78.54 88.28 93.76 89.88 94.67
Baseline+WTConv+WCAA+KMWL 65.48 79.14 90.71 95.13 89.64 94.54

T IO P RS 7R % 8 B Al 2 2R

6 AN[E]Jy gk il #Ak o #I4525R
Fig. 6 Visualization of segmentation results from different methods
T CNN A4 B2 27 RIS 23 5 05 05 R B MO O R 1Y
4 & it LA AT B AR A 4R LR P 3 AL 9F
H 5T Transformer [ J5 75 52 2% B X7, T Mamba B
BE2E BUR A EIWE RS E BT SPRIZ Wi OCsE B DIZME R 0 K IR R OC &R o [W]IF, KAN
HOR NG SRORNEOR AW T, AR SRR L AR RE )y A B T S b 4 %) 52 0%
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(B F R 548 o X IR J R AR SO —Fb R
FTKAN P45 22 ROBE In A0 25 AP 5 Mamba 19 5 °:
EUG #7100, TEgnts a4 s 2% B Bt 245
AT /N BT L5 Mamba R, AN{URS MESREL T 95
75 DXIURRAE YR T IRAZ Y 3 DA 2R B A B A
BT R IR BRI OC 2 5 FLIR FEBR R H2 B B it 1
AN R T E R A B RE A AU A AN R B Y
I’SH%% ?Hp.u,ﬁélzﬁmﬁ A PR 255 (] 3 3 4
1R8] T F &AM 5 , R S H S IACE
HJ%E’J)%’BE,&iJrT KAN 98 45 19 22 ]XUBE Jin A4 2k 5
Yo, TERTR] 2 G0 et 2% b Al FH KAN SRR 1 22 R
JE FU RS IF 5 22 ROEE A o 2K i s A
P& 2 HAURACE NG HERTHE T )2 900 i R At
KFR o TEINRNTFM B EAR AR L AT 17X L 52
5o SEERAE R R ARSI IRAESS I LA F L 380X
WIS 8 bn L 3RAS T B B AR T LB T SR i i 3%
o KB — AT A PR RE RISOR , I AR Lk
PRGTAGRUAE FADAT 55 b B L FE , A LGRS | P {4 i
MG DL b2 SO S ) T2 A A
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