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Current U-Net based medical image segmentation methods often rely on stacked static nonlinear functions
to model inter-pixel relationships, resulting in suboptimal segmentation performance. To address this, we
propose a multi-path Mamba fusion-based U-KAN medical image segmentation method. Firstly, the U-Net
architecture is reconstructed using Kolmogorov-Arnold Networks to enhance the nonlinear modeling capacity.
Then, a dualpath encoder is designed to extract multi-granularity semantic representations, and the Mamba is
introduced to achieve adaptive cross-path feature fusion. Finally, a multi-stage supervised decoding process
generates the precise segmentation results. Experiments on three medical datasets demonstrate that the
proposed method outperforms state-of-the-art approaches in both Dice and mIoU metrics, confirming its
superiority.
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1. Introduction

Precise semantic segmentation of medical images stands
as a cornerstone in the contemporary digital healthcare
paradigm [1–3], providing critical morphological evidence
for computer-aided diagnosis, treatment planning, and
intraoperative navigation [4, 5]. By partitioning com-
plex anatomical structures or pathological regions, such
as tumors, vascular networks, and organ boundaries, into
biologically meaningful subsets, segmentation enables
clinicians to perform quantitative analysis of volumetric
changes and spatial correlations [6–8]. However, the in-
herent characteristics of medical modalities, including low
contrast-to-noise ratios in Ultrasound, intensity inhomo-
geneities in MRI, and the pervasive presence of speckle
noise, pose significant challenges to robust boundary de-
lineation [9–11]. Furthermore, the substantial inter-patient
variability in anatomical topology and the subtle semantic

differences between healthy and lesion tissues necessitate
highly sophisticated feature representations [12–14]. While
traditional manual contouring remains a gold standard,
it is increasingly becoming a bottleneck in clinical work-
flows due to its labor-intensive nature and susceptibility to
inter-observer variability [15–17]. Consequently, develop-
ing automated, high-precision segmentation frameworks
that can capture both intricate local textures and long-range
contextual dependencies has become an imperative frontier
in medical image analysis.

In recent years, various medical image semantic seg-
mentation models based on the U-Net architecture have
evolved into three primary categories: CNN-based U-Net,
Transformerbased U-Net, and Mamba-based U-Net models
[18–20]. CNN-based U-Net models focus on constructing
convolutional encoder-decoder architectures with diverse
skip connections. These models leverage the powerful in-
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ductive bias of convolutional kernels to capture detailed
boundaries and textural information for segmentation. For
instance, Shu et al. propose a dual-attention-guided con-
volutional U-Net, which employs joint channel and spatial
attention within skip connections across different layers
to adaptively fuse low-level structural details with high-
level semantic information [21]. Rahman et al. embedded a
multi-scale convolutional attention decoder into the U-Net
framework, utilizing a grouped gating mechanism based
on channel and spatial attention to enhance the capture
of complex pixel interdependencies during decoding [22].
Similarly, Dai et al. introduce a dual-stream convolutional
U-Net that facilitates the reuse and re-exploration of histori-
cal features through cross-path and cross-layer interactions,
thereby extracting comprehensive information to improve
segmentation performance [23]. Transformer-based U-Net
models aim to leverage self-attention mechanisms to extract
global dependencies between pixels. Yin et al. propose a
U-Net model with a dual-encoder and single-decoder struc-
ture; the former captures longrange dependencies in seman-
tic encoding at a low computational cost via lightweight
multihead self-attention, while the latter utilizes graph
feature pyramids and Kolmogorov-Arnold Networks to en-
hance image resolution recovery [1]. Lin et al. construct a
U-Net driven by dual-stream encoders and a single-stream
decoder, using Transformers to adaptively fuse contextual
information of varying granularities [24]. Hatamizadeh et
al. presented a pure Transformer U-Net, where window-
based and shifted-window self-attention are employed in
both the encoder and decoder to model global pixel depen-
dencies [25]. Mamba-based U-Net models introduce State
Space Models (SSMs) as the foundational building blocks
for U-shaped architectures, capturing long-range depen-
dencies across pixels with linear computational complex-
ity. For example, Wu et al. proposed a selective scanning
Mamba U-Net that enhances performance by leveraging
high-order feature interactions between local and global
scans [26]. Kui et al. designed a dual-encoder U-Net com-
bining Mamba and CNN to capture both global and local
information, utilizing multi-stage attention to fuse com-
plementary cross-path information and strengthen feature
representation [27].

Despite their success, these U-Net variants typically
rely on stacking sequences of static nonlinear activation
functions within deep neural networks to model the intri-
cate interactions between image pixels. Such a paradigm
often leads to suboptimal semantic segmentation perfor-
mance due to the constrained flexibility of traditional MLP-
based structures. Inspired by the robust and adaptive func-
tional approximation capabilities of Kolmogorov-Arnold

Networks (KAN), we propose a novel Multi-path Mamba-
fused U-KAN framework for medical image semantic seg-
mentation. In this approach, we re-architect the U-Net
encoder-decoder backbone using KAN to significantly en-
hance the learning of complex nonlinear patterns among
pixels. Furthermore, a multi-path encoding mechanism is
designed to extract multi-scale semantic representations,
which are subsequently aggregated via Mamba blocks. This
fusion strategy strengthens the skip connections by effec-
tively integrating cross-path semantic contexts, thereby
advancing the state-of-the-art in high-precision medical
image segmentation.

The contributions are as follows: (1) We propose a novel
U-shaped segmentation framework based on KAN, which
replaces traditional static linear layers with learnable acti-
vation functions to enhance non-linear modeling. (2) We de-
sign a dual-path encoding mechanism that processes multi-
resolution inputs to simultaneously capture coarse-grained
anatomical contours and fine-grained textural details. (3)
We introduce a Mamba selective state spacebased fusion
module to achieve dynamic, content-aware cross-path in-
teraction, significantly strengthening feature representation
during skip connections. (4) We demonstrate through ex-
tensive experiments on three heterogeneous datasets that
our MMU-KAN outperforms state-of-the-art methods in
both accuracy and robustness.

2. Method

As illustrated in Fig. 1, the proposed Multi-path Mamba-
fused U-KAN (MMU-KAN) framework for medical im-
age semantic segmentation primarily consists of three core
modules: the multi-path semantic representation extraction
module, the cross-path adaptive fusion module, and the
multi-stage supervised decoding segmentation module.

2.1. Multi-path Semantic Representation Extraction

This module aims to capture multi-granularity semantic
representations by constructing two parallel encoders to
enhance the model’s understanding of medical imagery.
Specifically, the Kolmogorov-Arnold Network is intro-
duced to architect the U-KAN encoders. Each medical
image is resized into sub-images of varying resolutions
and fed into these encoders to extract both coarse-grained
and fine-grained semantic features. These features provide
rich and robust semantic information for the subsequent
decoding process via skip connections.

U-KAN Encoder: The encoder is composed of three
convolutional stages followed by two KAN stages. Each
convolutional stage includes a convolutional layer (Conv),
a normalization layer (Norm), and a pooling layer (Pool),
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Fig. 1. The illustration of MMU-KAN. It consists of the multi-path semantic representation extraction module, the
cross-path adaptive fusion module, and the multi-stage supervised decoding segmentation module.

where the convolutional kernel size is 3 × 3 with a stride
of 1 , and the pooling layer size is 2 × 2. Given an input
medical image X ∈ RH×W×C, the computational flow of
the i-th convolutional stage is defined as:

Xi = Pool (Norm (Conv (Xi−1))) (1)

Here, Xi and Xi−1 represent the output and input of the
i-th convolutional stage, respectively, where i ∈ {1, 2, 3}.
The final output of the convolutional stages in the U-KAN
encoder is X3. Each KAN stage consists of a vector projec-
tion layer VP(·), a KAN layer Φ(·), and a vector inverse
projection layer VIP(·). The computational flow of the j-th
KAN stage is as follows:

Zj = VIP
(

Φ
(

VP
(

Zj−1

)))
(2)

where Zj and Zj−1 denote the input and output of the j-th
KAN stage, respectively. j ∈ {1, 2} and Z0 = X3. The
specific mathematical formulation of the KAN layer Φ(·)
is given by:

Φ
(

Zj−1

)
=


ϕj,1,1(·) · · · ϕj,1,nj−1 (·)

...
...

...
ϕj,nj ,1(·) · · · ϕj,nj ,nj−1 (·)

 Zj−1 (3)

where nj and nj−1 represent the number of neurons in
the j-th and (j − 1)-th KAN layers.

By adopting learnable and parameterized activation
functions as edges and weights instead of traditional linear

weight matrices, KAN significantly enhances the model’s
capacity to capture complex nonlinear relationships be-
tween pixels in medical images while improving inter-
pretability and flexibility.

Multi-granularity representation learning: Medical im-
ages encompass rich semantics ranging from large-scale
tissue contours to cell-level details. Feature extraction at a
single granularity often struggles to balance global and lo-
cal information, leading to imprecise segmentation results.
To address this, multi-granularity representation learning is
constructed by designing sub-image inputs with different
resolutions to extract both coarse-grained and fine-grained
semantic representations. This approach provides rich and
robust semantic information for subsequent segmentation
stages.

First, a global U-KAN encoder is defined for the high-
resolution image branch to extract coarse-grained repre-
sentations. The inputs for the five representation extrac-
tion stages are defined as H ×W, (H/2)× (W/2), (H/4)×
(W/4), (H/8)× (W/8), and (H/16)× (W/16). Next, a lo-
cal U-KAN encoder is defined for the low-resolution image
branch to extract finegrained representations. The inputs
for its five stages are defined as (H/2)× (W/2), (H/4)×
(W/4), (H/8)× (W/8), (H/16)× (W/16), and (H/32)×
(W/32). Through this method, two different resolutions of
semantic representations can be obtained at each extraction
stage for skip connections, greatly enriching the semantic
information required for the decoding process. Finally, the
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semantic representations of the five stages for the global
and local U-KAN encoders are defined as follows:

FH =
{

XH
1 , XH

2 , XH
3 , ZH

1 , ZH
2
}

FL =
{

XL
1 , XL

2 , XL
3 , ZL

1 , ZL
2
} (4)

where FH and FL represent the sets of semantic represen-
tations captured by the global and local U-KAN encoders
across the five stages, respectively.

2.2. Cross-path Adaptive Fusion

Cross-path adaptive fusion aims to effectively and effi-
ciently aggregate multi-granularity semantic representa-
tions extracted from the dual-path encoders. Therefore, the
Mamba selective state space model is introduced to con-
struct a stage-wise, refined interaction mechanism for dy-
namic cross-path semantic aggregation. Cross-path adap-
tive fusion consists of a Mamba interaction phase and a
Mamba aggregation phase. The Mamba interaction phase
simulates a cross-attention mechanism, using the semantic
representation of one path to enhance the expression of
the other. The Mamba aggregation phase performs con-
catenation on the enhanced semantic representations and
applies a selective scanning mechanism to obtain the final
skip connection representation. Given the coarse-grained
representation FH

k and fine-grained representation FL
k ex-

tracted from the k-th stage of the dual-path encoders, the
calculation process for the k-th stage skip connection is as
follows:

F̄H
k , F̄L

k = CroMB
(

FH
k , FL

k

)
Hk = FusMB

([
F̄H

k , F̄L
k

]) (5)

where F̄H
k and F̄L

k denote the two granularities of semantic
representations enhanced by the Mamba interaction stage
CroMB(·).[·] represents the concatenation operation, and
Hk represents the k-th stage skip connection representation
generated by the Mamba aggregation stage FusMB(·).

Mamba interaction: This phase aims to enhance two
different granularities of semantic representations through
a cross-selective scanning mechanism, thereby achieving
mutual reinforcement. Specifically, for the coarse-grained
representation FH

k and fine-grained representation FL
k at

the same encoding stage, the Flatten(·) operation is first
used to convert 2D spatial feature maps into 1D sequences
to adapt to the sequential processing characteristics of the
State Space Model:

SH
k = Flatten

(
FH

k

)
, SL

k = Flatten
(

FL
k

)
(6)

Then, based on the 1D sequences, linear projection lay-
ers are used to dynamically generate State Space Model

(SSM) parameters. Specifically, the SSM parameter set for
SH

k is
{

BH
k , CH

k , ∆H
k
}

, and for SL
k it is

{
BL

k , CL
k , ∆L

k
}

. Dis-
cretization is performed to convert the continuous-time
system into a discrete-time system:

ĀH
k = exp

(
∆H

k AH
k
)

, ĀL
k = exp

(
∆L

k AL
k
)

B̄H
k = exp

(
∆H

k AH
k
)

, B̄L
k = exp

(
∆L

k AL
k
) (7)

where AH
k and AL

k are predefined learnable state transition
matrices. Next, for each time step t, the following calcula-
tion process is executed sequentially, achieving cross-modal
information exchange by swapping the output matrix C :

TH
k (t) = ĀH

k TH
k (t − 1) + B̄H

k SH
k (t),OH

k (t) = CL
k TH

k (t)

TL
k (t) = ĀL

k TL
k (t − 1) + B̄L

k SL
k (t),O

L
k (t) = CH

k TL
k (t)

(8)

During this process, TH
k (t) and TL

k (t) represent the hid-
den state vectors at time step t, while SH

k (t) and SL
k (t) rep-

resent the feature vectors of the input sequence at time step
t. After T steps, the Reshape(·) operation is utilized to map
the 1D sequences back to 2D spatial feature maps F̄H

k and
F̄L

k .
Mamba aggregation: This phase first fuses the cross-

enhanced semantic representations of different granular-
ities into a unified representation and employs a bidirec-
tional scanning mechanism to fully capture contextual in-
formation within the sequence. Specifically, the Flatten(·)
operation is used to convert the 2D spatial feature maps
into 1D sequences, and a concatenation operation is exe-
cuted to obtain an initial fused representation:

Qk =
[
Flatten

(
F̄H

k

)
, Flatten

(
F̄L

k

)]
(9)

To capture bidirectional context, the Reverse(·) oper-
ation is used to generate the reverse sequence QR

k , i.e.,
QR

k = Reverse (Qk). The standard State Space Model is
applied to the forward and reverse sequences respectively
for feature extraction:

Q̂k = SSM (Qk) , Q̂R
k = SSM

(
QR

k

)
(10)

where SSM(·) represents the complete forward propaga-
tion process of the State Space Model, including parameter
generation, discretization, and sequence scanning. The
processed forward and reverse sequences are integrated
via average fusion, and the Reshape(·) operation is used to
map the 1 D sequence back to the 2 D spatial feature map
Hk:

Hk = Reshape
(

Q̂k + Q̂R
k

)
(11)
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2.3. Multi-stage Supervised Decoding Segmentation

To improve segmentation accuracy, a deep hierarchical loss
is proposed to force the model to maintain prediction con-
sistency across different resolutions. This enhances the
collaborative optimization of high-level semantics and low-
level structures during image segmentation. Specifically,
supervisory signals are added at three stages to train the
overall segmentation network: the final output of the U-
KAN encoder, the output of the first stage of the U-KAN
decoder, and the final output of the U-KAN decoder. The
deep hierarchical loss is defined as follows:

L = λ1L1 (Y, Ȳ1) + λ2L2 (Y, Ȳ2) + λ3L3 (Y, Ȳ3) (12)

where λ1 = 0.2, λ2 = 0.2, and λ3 = 0.6 are the hyper-
parameters for the supervision loss at the three stages. Y
represents the ground truth segmentation mask. Ȳ1 denotes
the predicted segmentation mask generated from the final
output of the U-KAN encoder H5 · Ȳ2 denotes the predicted
segmentation mask generated from the first stage output of
the U-KAN decoder H̄1. Ȳ3 denotes the predicted segmen-
tation mask generated from the final output of the U-KAN
decoder H̄5. Each loss Li (Y, Ȳi) consists of two sub-losses:

Li (Y, Ȳi) = LIoU
i (Y, Ȳi) + Lbce

i (Y, Ȳi) (13)

Among them, LIoU(·) denotes the weighted Intersection
over Union (IoU) loss, used to measure the overlap between
the predicted and ground truth boundaries. Lbce(·) denotes
the weighted binary cross-entropy loss.

3. Results and discussion

3.1. Set up

Dataset: Three heterogeneous medical datasets were se-
lected as benchmark datasets to verify the superiority and
effectiveness of the proposed method in medical image
semantic segmentation. Among them, the BUSI dataset
contains 647 breast tumor images and corresponding se-
mantic segmentation masks. The CVC-ClinicDB dataset
consists of 612 colonoscopy sequence images and their cor-
responding masks. The Kvasir-seg dataset includes 1,000
polyp images and their corresponding masks. In the exper-
iments, all three datasets were divided into training and
testing sets with a ratio of 8:2, and all images were resized
to 256 × 256 pixels.

Implementation detail: The entire network architecture
of the proposed method is implemented using PyTorch and
runs on a Linux system equipped with an NVIDIA GTX
A100 GPU. The encoder consists of three convolutional
stages and two KAN stages, and the decoder is constructed

with a symmetrical architecture to the encoder. During
the training process, the Adam optimizer is employed to
optimize the entire network with a learning rate of 0.0001
, a training cycle of 350 epochs, and a batch size of 8 .
Dice and mIoU were selected as evaluation metrics for
semantic segmentation performance. Both Dice and mIoU
range from [0, 1], where a higher value indicates better
segmentation performance.

3.2. Performance Comparison

Comparison methods:

We selected nine state-of-the-art medical image semantic
segmentation models as baseline methods for comparison.
These include three CNN-based U-Net models (CU-Net
[21], EU-Net [22], and IU-Net [23]), three Transformer-
based U-Net models (LKAFormer [1], TransU-Net [24],
and MFormer [28]), and three Mamba-based U-Net models
(HMAFNet [26], MambaNet [29], and VMamba-Net [30]).

Comparison analysis: As shown in Table 1, the pro-
posed method demonstrates a significant performance ad-
vantage over all comparative baseline models across three
distinct medical imaging datasets. In comparison to tra-
ditional CNN-based architectures, our approach provides
more coherent segmentation results, particularly in delin-
eating complex anatomical boundaries. Furthermore, while
Transformer-based and recent Mamba-based models show
competitive performance on specific datasets, the proposed
framework maintains superior consistency and robustness
across different imaging modalities. These results indicate
that our method effectively handles the inherent variability
in medical data, ranging from subtle breast tumor lesions
to large-scale polyp structures, ultimately achieving the
highest segmentation precision among all evaluated meth-
ods.

The performance gain can be attributed to the synergis-
tic integration of KAN and the Mamba-based multi-path fu-
sion mechanism. First, unlike conventional U-Net variants
that rely on static activation functions, the U-KAN architec-
ture utilizes learnable activation functions as edges, which
significantly enhances the model’s ability to approximate
complex, non-linear pixel relationships inherent in medical
images. Second, the Multi-path Mamba-fused mechanism
effectively captures both coarse-grained and fine-grained
semantic representations by processing multi-resolution in-
puts. The selective scanning capability of Mamba allows for
dynamic cross-path information aggregation, ensuring that
long-range contextual dependencies are preserved while
maintaining linear computational complexity. Finally, the
multi-stage supervised decoding forces prediction consis-
tency across resolutions, leading to more refined boundary
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Table 1. Comparison results of three heterogeneous medical datasets. Bold represents the best results.

Method
BUSI CVC-ClinicDB Kvasir-seg

mIoU Dice mIoU Dice mIoU Dice
CU-Net 0.5785 0.7157 0.8029 0.8695 0.7075 0.8171
EU-Net 0.5692 0.6911 0.7756 0.8224 0.6889 0.8014
IU-Net 0.6073 0.7267 0.8118 0.9007 0.7628 0.8310

TransU-Net 0.5989 0.7172 0.8117 0.9092 0.7701 0.8456
MFormer 0.5528 0.6664 0.7526 0.8043 0.6770 0.7852

LKAFormer 0.5924 0.7373 0.8200 0.8923 0.7557 0.8277
HMAFNet 0.6073 0.7267 0.8118 0.8997 0.7528 0.8210
MambaNet 0.6025 0.7364 0.8194 0.9001 0.7474 0.8247

VMamba-Net 0.5895 0.7257 0.8171 0.8929 0.7457 0.8233
Ours 0.6284 0.7654 0.8447 0.9124 0.7792 0.8684

delineation.

Beyond the quantitative superiority, several noteworthy
observations can be made regarding the comparative base-
lines. While Transformer-based models such as TransU-Net
and LKAFormer show strong performance on the Kvasir-
seg dataset due to their global receptive fields, they are of-
ten hindered by high computational overhead and subopti-
mal performance on smaller datasets like BUSI. Conversely,
while recent Mamba-based models like MambaNet and
VMamba-Net improve efficiency, they may struggle with
fine-grained local textures. Our method effectively bridges
this gap by combining the high-capacity non-linear mod-
eling of KAN with the efficient global context capture of
Mamba. The results suggest that the "learnable-activation-
on-edge" paradigm of KAN, coupled with multi-fidelity
feature fusion, provides a more versatile solution for med-
ical image segmentation than traditional MLP-based or
pure attention-based architectures.

3.3. Ablation Analysis

To thoroughly evaluate the individual contributions and
effectiveness of each component in the proposed frame-
work, we constructed three ablation variants for compar-
ative analysis. Ours w/o MPE: Replacing the multi-path
encoder with a conventional single-path encoding struc-
ture. Ours w/o MMF: Substituting the Mamba-based
multi-path fusion with standard concatenation-based skip
connections. Ours w/o KAN: Reverting the KAN-based
encoder-decoder architecture to a standard convolutional
backbone. As reported in Table 2, the ablation results across
all three heterogeneous datasets consistently indicate that
the removal of any single module leads to a discernible
degradation in segmentation performance. Specifically,
the following observations and conclusions can be drawn:
The variant w/o KAN exhibits a substantial drop in both
mIoU and Dice metrics. This phenomenon suggests that
traditional convolutional layers, which rely on static acti-

vation functions, are less efficient at modeling the complex
non-linear inter-pixel dependencies found in medical im-
ages. The superior performance of our full model under-
scores the effectiveness of KAN in enhancing the model’s
non-linear approximation capacity through learnable ac-
tivation functions. In the w/o MPE variant, the loss of
multi-granularity semantic features results in suboptimal
segmentation, particularly for lesions with varying scales.
This demonstrates that the multi-path encoding mechanism
is crucial for capturing both global anatomical contours and
local textural nuances simultaneously. The performance
decline in the w/o MMF variant validates that traditional
skip connections struggle to effectively integrate cross-path
information. In contrast, the Mamba-based fusion strat-
egy leverages selective scanning to adaptively aggregate
complementary features, thereby significantly enriching
the robustness of the feature representations. In conclusion,
these ablation findings provide strong empirical evidence
for the rationality and necessity of each design choice, con-
firming that the synergy between U-KAN, MPE, and MMF
is the key to achieving state-of-the-art medical image seg-
mentation.

3.4. Visualization Analysis

To further qualitatively evaluate the segmentation per-
formance, we visualize the results of four representative
methods across three heterogeneous datasets, as illustrated
in Fig. 2. A comparative observation reveals several dis-
tinct advantages of our proposed framework: First, in the
BUSI dataset, which is characterized by blurred boundaries
and low contrast, traditional models often produce over-
segmented or fragmented masks. In contrast, our method
effectively delineates the tumor contours with high smooth-
ness, demonstrating that the learnable activation functions
in the U-KAN blocks possess superior non-linear fitting
capabilities for capturing subtle edge gradients. Second, for
the CVC-ClinicDB and Kvasir-seg datasets, where polyp
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Table 2. Ablation results of three heterogeneous medical datasets. Bold represents the best results.

Variant
BUSI CVC-ClinicDB Kvasir-seg

mIoU Dice mIoU Dice mIoU Dice
Ours w/o MPE 0.6098 0.7386 0.8256 0.9095 0.7503 0.8422
Ours w/o MMF 0.6133 0.7429 0.8337 0.9087 0.7474 0.8398
Ours w/o KAN 0.6002 0.7284 0.8224 0.9014 0.7444 0.8427

Ours 0.6284 0.7654 0.8447 0.9124 0.7792 0.8684

targets exhibit significant scale variations and complex
backgrounds, our model shows remarkable structural con-
sistency. While Mamba-based baselines occasionally miss
small-scale lesions or generate artifacts in shadowed ar-
eas, our Multi-path Mamba-fused architecture successfully
preserves the global topological structure while capturing
fine-grained textures. This suggests that the dual-path en-
coding mechanism, combined with Mamba’s selective scan-
ning, provides a more robust contextual understanding of
diverse pathological shapes. Finally, a closer inspection of
the prediction masks indicates that our method achieves
the highest degree of overlap with the Ground Truth. The
reduction in false positives and the precision in localized
details confirm that the deep hierarchical loss effectively
guides the model to maintain multi-resolution semantic
consistency. Overall, the visualization results align with
the quantitative metrics, providing strong evidence that our
framework excels in generating high-fidelity segmentation
masks for clinical diagnosis support.

Fig. 2. Visualization results of semantic segmentation of
four methods on three heterogeneous datasets.

4. Conclusion

This study presents MMU-KAN, a novel medical image
semantic segmentation framework that redefines the tradi-
tional U-Net paradigm by synergizing KAN with a multi-
path Mamba fusion strategy. By replacing static activation
functions with learnable, edge-based nonlinearities, the
architecture significantly enhances the model’s capacity

to approximate complex inter-pixel relationships. The in-
tegration of a dual-path encoding mechanism allows for
the concurrent extraction of multi-granularity semantic fea-
tures, while the Mamba-based selective scanning facilitates
adaptive cross-path interaction to resolve the semantic gap
between global context and local textures.
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