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Abstract—Medical image segmentation remains challenging
due to complex anatomy, ambiguous boundaries, and elongated
structures, where structural inconsistency is frequently observed
during feature reconstruction. In many encoder—decoder archi-
tectures, local upsampling operations are insufficient to preserve
geometric continuity and long-range dependencies, resulting
in fragmented predictions and boundary artifacts. To address
this issue, a reconstruction-consistent segmentation framework,
termed RKANet, is presented, in which decoding is explicitly
strengthened as a structured reconstruction process. A coop-
erative modeling module is designed to jointly enforce local
geometric refinement and global dependency propagation. In
addition, a Boundary-Guided Skip Branch is incorporated to
enhance skip feature fusion with boundary-aware shallow fea-
tures. Extensive experiments on five public datasets demonstrate
that RKANet achieves consistent performance improvements over
representative methods, yielding a 3.00% Dice gain on BUSI and
stable improvements of 0.25% - 0.55% on other benchmarks,
with an average Dice score of 88.22%.

Index Terms—Medical image segmentation, encoder—decoder
networks, state space models, Kolmogorov—Arnold networks,
boundary-aware decoding

I. INTRODUCTION

Medical image segmentation is a fundamental task in
computer-aided diagnosis and image-guided clinical applica-
tions. Beyond pixel-wise classification, accurate segmentation
requires the reconstruction of anatomically consistent struc-
tures, which remains challenging in the presence of elongated
targets, blurred boundaries, and complex anatomical topolo-
gies. Despite notable progress in recent years, structural degra-
dation is still frequently observed during decoding, leading to
fragmented predictions and boundary distortions.

Encoder—decoder architectures represented by U-Net [1]
have become the dominant paradigm for medical image seg-
mentation. Numerous variants have been proposed to enhance
feature representation through improved encoders and skip
connections, such as UNet++ [2], UNet 3+ [3], and Mul-
tiResUNet [4]. However, the decoding stage in most existing
approaches is still largely simplified as a sequence of local
upsampling and convolution operations, as exemplified by
SegNet [5], resulting in a strong-encoder—weak-decoder asym-
metry. Consequently, high-level semantic information cannot
always be reliably reconstructed during spatial resolution
recovery, especially in complex anatomical scenarios.

To alleviate the limitations of local decoding, global con-
text modeling has been introduced into encoder—decoder
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frameworks. To address this issue, Transformer-based meth-
ods have been incorporated into encoder—decoder architec-
tures to enhance global context modeling. Representative
approaches, including TransUNet [6], DS-TransUNet [7], and
Swin-UNet [8], have demonstrated improved capability in
capturing long-range dependencies, while their quadratic com-
putational complexity has been found to limit scalability at
high-resolution decoding stages.

As an efficient alternative, structured state space mod-
els have been explored for long-range modeling with lin-
ear computational complexity. Mamba-based segmentation
networks, such as U-Mamba [9], BEFNet [10], and Swin-
UMambea [11], have been shown to effectively preserve global
structural dependencies. In parallel, Kolmogorov—Arnold Net-
works (KAN) [12] have been explored for strong nonlinear
approximation and geometric modeling capability, as evi-
denced by U-KAN [13] and KANSeg [14]. Despite these
advances, existing methods have typically focused on ei-
ther global dependency modeling or geometric representa-
tion in isolation, while effective strategies for their cooper-
ative integration within encoder—decoder architectures have
remained insufficiently explored. The source code is available
at https://github.com/xiao-170/RKANet.

Motivated by these observations, the main contributions of
this work are summarized as follows:

e« A reconstruction-consistent segmentation network,
RKANet, is proposed to mitigate structural degradation
during decoding.

¢ A cooperative modeling module is introduced to jointly
enforce local geometric consistency and global topologi-
cal dependencies.

¢ A Boundary-Guided Skip Branch (BGSB) is designed
to suppress background propagation in skip connections
using boundary-aware features.

« Extensive experiments on five multimodal datasets are
conducted to validate the effectiveness of the proposed
framework.

II. RELATED WORK

A. Encoder-Decoder Segmentation Networks

Convolutional encoder—decoder architectures represented by
U-Net [1] have been widely adopted for medical image
segmentation due to their effectiveness in multi-scale fea-
ture extraction. Numerous variants, including UNet++ [2],
UNet 3+ [3], KiU-Net [15], and MultiResUNet [4], have



been developed to enhance feature representation via im-
proved encoders and skip connections. However, in most
existing approaches, the decoding stage has been simplified
as successive upsampling and local convolution operations, as
observed in U-Net and SegNet [5], which may lead to the
loss of structural details and boundary accuracy during spatial
resolution recovery.

To alleviate the limitations of local decoding, global context
modeling has been introduced into encoder—decoder frame-
works. Transformer-based models, such as Vision Trans-
former [16] and Swin-UNet [8], have been employed to
capture long-range dependencies, but the quadratic computa-
tional complexity of self-attention has limited their scalability,
particularly for high-resolution medical images.

B. State Space Models and Kolmogorov—Arnold Net-
works

Structured  state space models [17], particularly
Mamba [18], have been explored as an efficient alternative
to Transformers for long-range dependency modeling with
linear computational complexity. Mamba-based segmentation
networks, including U-Mamba [9], SegMamba [19], Semi-
Mamba-UNet [23], and Swin-UMamba [11], have been
shown to effectively capture global structural dependencies.
In parallel, Kolmogorov—Arnold Networks (KAN) have been
introduced for high-order nonlinear geometric modeling via
learnable spline functions, and their effectiveness has been
demonstrated in segmentation tasks by U-KAN [13] and
KANSeg [14]. Nevertheless, global dependency modeling
and geometric representation have typically been addressed
in isolation, while effective strategies for their cooperative
integration within encoder—decoder architectures remain
insufficiently explored.

C. Boundary-Aware Skip Connections

Skip connections are widely adopted to recover spatial
details during decoding by reintroducing high-resolution en-
coder features. However, they may also propagate background
noise and boundary artifacts, particularly in low-contrast and
complex scenarios. To alleviate this issue, attention- and
boundary-aware mechanisms have been introduced to empha-
size informative features or incorporate boundary-related cues,
as exemplified by Attention U-Net [21], ET-Net [22], and
BASNet [25].

More recent studies have explored structure-aware designs
to enhance shallow feature utilization. For example, GBA-
Net [26] employs multi-scale Gaussian boundary attention
to emphasize structural information. Despite these advances,
skip feature propagation is typically left unconstrained during
decoding, and explicit regulation using structural constraints
remains insufficiently explored.

III. METHODOLOGY

A. Overall Architecture

Structural inconsistency is frequently observed during de-
coding, as local upsampling operations fail to preserve geo-
metric continuity and long-range dependencies. To address this
issue, decoding is reformulated as a structured reconstruction

process to achieve reconstruction consistency, where local
geometric refinement and global dependency modeling are
jointly considered, while skip feature propagation is regulated
to suppress background interference.

As shown in Fig. 1, RKANet adopts a U-Net-like en-
coder—decoder architecture reinterpreted as a reconstruction
pipeline. A convolutional encoder extracts multi-scale local
features, and T-KMamba blocks are integrated to enable co-
operative local-to-global modeling. In addition, a Boundary-
Guided Skip Branch (BGSB) refines skip connections using
boundary-aware features, suppressing irrelevant information
and enhancing structural coherence. Through this coordinated
design, the proposed framework promotes structurally consis-
tent reconstruction during decoding.

B. Convolutional Encoder Module

Reliable low-level cues are required to support geometric
refinement during reconstruction. Therefore, a convolutional
encoder is employed to extract stable edge- and texture-level
features at multiple scales. Cascaded convolutional stages are
adopted. At stage /¢, the input feature is processed by two
3 x 3 convolutional layers with batch normalization and ReLU
activation, followed by a 2 x 2 max-pooling operation for
spatial downsampling:

Ee = POOI(]:(Eg_l)), (1)

where F(-) denotes the composite mapping of the double
convolution and nonlinear activation, and ¢ = 1,..., L. This
hierarchical encoding produces multi-scale feature maps {E,}
for subsequent decoding and structural modeling.

C. T-KMamba Cooperative Modeling Module

When feature modeling relies primarily on local operations,
fine-grained geometric continuity and long-range dependen-
cies are difficult to preserve simultaneously. To address this
limitation, a cooperative modeling strategy is employed, in
which local nonlinear geometric details are first enhanced
and global dependencies are subsequently propagated. A serial
KAN—Mamba design with post-normalization residual blocks
is adopted to ensure stable and efficient feature modeling,
where ordered local-to-global modeling plays a critical role
in maintaining reconstruction consistency.

Given an input feature map X € REXCXHXW it jg
projected into a sequence representation:

S=P(X), SeRPx )

where P(-) denotes the flattening and linear embedding op-
eration, and L = H x W. The sequence is first refined by
KAN-based nonlinear modeling,

S1 =8+ KAN(S), 3)

and then processed by Mamba to propagate long-range depen-
dencies,

SQ = Sl + Mamba(Sl) (4)
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Fig. 1. Overall architecture of the proposed RKANet.

The sequence features are reshaped back to the spatial domain:
X' =R(S2). ®

where R(-) denotes the reshape operation.

D. Boundary-Guided Skip Branch (BGSB)

The proposed Boundary-Guided Skip Branch (BGSB)
consists of a Boundary Compensation Enhancement Block
(BCEB) for boundary-aware feature extraction and a
Boundary-Guided Skip Fusion (BGSF) module for gated resid-
ual fusion, enabling refined skip representations with reduced
noise propagation.

Given a shallow encoder feature F, multi-scale boundary-
aware features are generated via hierarchical downsampling

and BCEB. A learnable scale parameter «;, constrained by a
softplus function, controls the modulation strength:

Bi = softplus(ai) . BCEB(Dl(FQ)) . (6)

At skip level i, the boundary-aware feature is aligned to the
channel dimension of the skip feature and used to enhance the
encoder feature 7; through a gated residual mechanism:

M; = o(Convyxi ([T3, Ai(By)))), )
T! = T; + softplus(g;) - (]Vfi ® Ai(Bi))v ®)

where () denotes the sigmoid function, A;(-) denotes chan-
nel alignment implemented by a 1 x 1 convolution followed by
normalization, and [, -] denotes channel-wise concatenation.
The gating map M, adaptively modulates A;(B;) and injects
it into 7; in a residual manner, suppressing irrelevant responses
while enhancing structure-relevant information.



TABLE 1
QUANTITATIVE COMPARISON WITH REPRESENTATIVE SEGMENTATION METHODS ON FIVE MEDICAL IMAGE SEGMENTATION DATASETS.

Method BUSI ' CVC-ClinigDB GlaS . COVID-19 ISIC-17
TIoU  Dice ToU Dice ToU  Dice ToU F1 ToU F1
U-Net(2015) 58.10 73.49 8345 9098 81.87 90.03 5576 71.60 76.81 86.88
Att-UNet(2018) 5845 7378 84.52 9146 8255 9044 68.80 81.52 78.13 87.72
Roll-UNet(2024) 60.27 74.89 8597 9240 85.69 9228 69.94 7955 84.70 91.49
U-Mamba(2024) 6299 7442 8479 9163 87.01 93.02 71.08 78.70 86.23 91.37
U-KAN(2025) 6259 76.77 8520 91.88 86.25 92.55 6741 79.47 85.86 92.34
KANSeg(2025) 64.08 7426 83.66 8946 8829 9352 6198 6986 8336 89.76
RKANet(ours) 66.65 79.77 86.90 92.76 88.36 93.77 7144 82.07 86.59 92.75
Through this gated residual fusion mechanism, boundary- TABLE II

aware features effectively suppress background noise propa-
gation and enhance structure-relevant representations, thereby
improving structural continuity and supporting reconstruction
consistency during decoding.

IV. EXPERIMENTS
A. Datasets

Experiments are conducted on five publicly available med-
ical image segmentation datasets, including BUSI [27], CVC-
ClinicDB [28], GlaS [29], COVID-19 [30], and ISIC-17 [31].
The BUSI, CVC-ClinicDB, GlaS, COVID-19, and ISIC-17
datasets contain 647, 612, 165, 894, and 2000 images, re-
spectively. These datasets cover diverse imaging modalities
and anatomical structures, and involve challenging scenarios
such as low-contrast regions, elongated targets, and ambiguous
boundaries. For each dataset, images are independently divided
into training and testing subsets with a ratio of 8:2, and the
two subsets are mutually exclusive.

B. Implementation Details

RKANet is implemented in PyTorch and trained on an
NVIDIA A800 GPU. Images from the GlaS dataset are resized
to 512 x 512, while all other datasets are resized to 256 x 256.
The network is trained for 400 epochs with a batch size of 8.
The Adam optimizer with an initial learning rate of 1 x 107
and a cosine-annealing schedule is adopted. Standard data
augmentation, including random rotation, flipping, resizing,
and normalization, is applied. A composite BCEDice loss
is used for optimization, and all methods are trained under
identical settings for fair comparison.

C. Results

1) Quantitative Results Quantitative evaluation is per-
formed using IoU and Dice scores, which jointly reflect
region overlap accuracy and boundary consistency. RKANet
is compared with six representative segmentation networks,
including U-Net [1], Attention U-Net [21], Rolling-UNet [24],
U-Mamba [9], U-KAN [13], and KANSeg [14], under iden-
tical experimental settings. The quantitative results on five
datasets are summarized in Table I. Overall, RKANet demon-
strates competitive and often superior performance across all
evaluated datasets.

In particular, on the BUSI dataset, which is characterized
by severe boundary ambiguity and elongated lesion structures,

OVERALL COMPARISON WITH STATE-OF-THE-ART SEGMENTATION
MODELS IN TERMS OF SEGMENTATION ACCURACY AND COMPUTATIONAL

EFFICIENCY.
Method Average Seg. Efficiency
IoU Dice Params (M) FLOPs (G)

U-Net(2015) 71.19  82.59 34.53 65.52
Att-UNet(2018) 74.49  84.98 34.88 66.63
Roll-UNet(2024) 7731  86.12 1.78 420
U-Mamba(2024) 7842 85.83 64.01 1147.65
U-KAN(2025) 77.46  86.02 6.36 1.75
KANSeg(2025) 76.27  83.37 6.70 15.64
RKANet(ours) 79.99  88.22 8.05 6.26

RKANet outperforms the second-best method by 3.00% in
terms of Dice score. On CVC-ClinicDB, GlaS, COVID-19,
and ISIC-17, consistent performance gains are observed, with
Dice improvements ranging from 0.25% to 0.55%, indicating
stable segmentation performance across diverse anatomical
targets and imaging modalities.

2) Qualitative Visualization Results Qualitative visual-
izations are provided to further analyze segmentation quality
beyond numerical metrics, particularly in terms of boundary
delineation and structural continuity. As shown in Fig. 2, for
challenging scenarios with irregular contours and low contrast,
such as BUSI and ISIC-17, RKANet preserves fine-grained
geometric details while reducing boundary over-smoothing.
On the GlaS dataset, adjacent glands with ambiguous bound-
aries are more clearly separated. For COVID-19 samples with
scattered infection regions, improved topological continuity
is observed, indicating effective long-range dependency mod-
eling during decoding. In CVC-ClinicDB, the reduction of
background interference caused by reflections and uneven
illumination leads to sharper polyp boundaries.

3) Computational Efficiency In addition to segmentation
accuracy, computational efficiency is evaluated to assess the
practical applicability of the proposed method. As reported in
Table II, RKANet achieves a competitive balance between seg-
mentation accuracy and computational cost. Compared with
lightweight models such as Roll-UNet and U-KAN, RKANet
introduces moderately higher complexity due to additional
structural modeling components. Nevertheless, this increase
enables RKANet to achieve the highest average Dice score of
88.22% among the compared methods.

4) Response Heatmaps To provide further insight into
the model’s focus during decoding, response heatmaps are
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Fig. 2. Qualitative comparison of segmentation results produced by different methods on multiple medical image segmentation datasets.

TABLE III
ABLATION STUDY ON THE CVC-CLINICDB DATASET.
Method IoU Dice
U-Net 83.45 90.98
U-Net + KAN 85.20 91.88
U-Net + KAN + Mamba 86.14 92.39
U-Net + KAN + Mamba + BGSB 86.90 92.97

visualized in Fig. 3. For BUSI and ISIC-17, concentrated
activations are aligned with irregular lesion boundaries, with
minimal response in surrounding background regions. In the
GlaS dataset, distinct activations corresponding to individual
glands are observed. Similar focused responses are obtained
for infection and polyp regions in COVID-19 and CVC-
ClinicDB, respectively, indicating consistent feature attention
across.

D. Ablation Study

An ablation study on the CVC-ClinicDB dataset is con-
ducted to evaluate the contribution of each component. As
summarized in Table III, starting from the U-Net baseline,
successive performance improvements are observed with the
introduction of KAN-based geometric modeling, Mamba-
based global dependency modeling, and the Boundary-Guided
Skip Branch, with the full model achieving the best results.

Table IV further investigates different fusion strategies
within the T-KMamba module. Compared with parallel fusion,

Mask Input

Result

Heatmap

ISIC17 Busi

COVID-19 Glas Ccve

Fig. 3. Visualization of response heatmaps generated by RKANet on different
datasets.

serial fusion yields better performance, and among the serial
designs, the K—M configuration achieves the best results.
This suggests that ordered local-to-global feature modeling
facilitates more stable and coherent feature reconstruction
during decoding.



TABLE IV
ABLATION STUDY OF DIFFERENT KAN-MAMBA FUSION STRATEGIES
WITHIN THE T-KMAMBA MODULE ON THE BUSI DATASET.

Model Variant Fusion Strategy IoU Dice
Variant A Parallel (K [[ M) 63.82 71.72
Variant B Serial (M — K) 64.14 77.89
Ours Serial (K — M) 66.65 79.77

V. CONCLUSION

In this work, a reconstruction-consistent medical image
segmentation framework, termed RKANet, has been presented
to address structural degradation during the decoding stage.
By reformulating decoding as a structured reconstruction
pathway, local geometric refinement and global dependency
modeling are jointly considered, highlighting the importance
of strengthening the decoder beyond simple upsampling op-
erations. A cooperative modeling strategy is employed to
integrate nonlinear geometric representation with long-range
dependency propagation in an ordered local-to-global manner,
while skip feature fusion is regulated using boundary-aware
features. This design improves reconstruction consistency,
leading to more structurally coherent and reliable segmentation
results. Experimental results on multiple public medical image
segmentation datasets demonstrate that the proposed frame-
work effectively enhances structural continuity and boundary
fidelity across diverse anatomical scenarios. These findings
suggest that cooperative and structure-aware decoding designs
provide a meaningful direction for improving the robustness
and reliability of encoder—decoder segmentation networks.
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