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transform to capture local spatial features and frequency-domain characteristics.
Additionally, we design two convolution strategies——DiscWideFusion and
RepLKWideFusion——to enhance the capability for fine-grained segmentation.
DiscWideFusion expands the receptive field through dilated convolutions, effectively
capturing multi-scale local features while reducing parameter count and computational
complexity. Meanwhile, RepLKWideFusion employs a combination of small-kernel and
large-kernel convolutions, leveraging FFT-based acceleration for large-kernel
convolutions to improve sensitivity to intricate structures. To balance local and global
segmentation effectiveness, we propose the Metric-Adaptive Loss (MAL) function,
which adaptively integrates multi-level key metrics to dynamically gate segmentation
task characteristics. This approach significantly improves training efficiency and overall
model performance. Experimental results demonstrate that our model achieves state-
of-the-art (SOTA) performance across four modalities and nine datasets. Notably, on
the ACDC dataset, the model achieves an average Dice coefficient of 93.77%, setting
a new benchmark for segmentation accuracy.
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Abstract

To address the challenge of balancing coarse-grained and fine-grained segmentation in medical image segmentation, we propose
a comprehensive solution that integrates State space mode(SSMs) with innovative convolutional methods for superior local and
global segmentation performance. In the SSMs, we incorporate DSConv and wavelet transform to capture local spatial features
and frequency-domain characteristics. Additionally, we design two convolution strategies——DiscWideFusion and RepLKWide-
Fusion——to enhance the capability for fine-grained segmentation. DiscWideFusion expands the receptive field through dilated
convolutions, effectively capturing multi-scale local features while reducing parameter count and computational complexity. Mean-
while, RepLKWideFusion employs a combination of small-kernel and large-kernel convolutions, leveraging FFT-based acceleration
for large-kernel convolutions to improve sensitivity to intricate structures. To balance local and global segmentation effectiveness,
we propose the Metric-Adaptive Loss (MAL) function, which adaptively integrates multi-level key metrics to dynamically gate
segmentation task characteristics. This approach significantly improves training efficiency and overall model performance. Exper-
imental results demonstrate that our model achieves state-of-the-art (SOTA) performance across four modalities and nine datasets.
Notably, on the ACDC dataset, the model achieves an average Dice coefficient of 93.77%, setting a new benchmark for segmenta-
tion accuracy.

Keywords:
State space model (SSM), Reparameterization, Large Kernel Convolution, Wavelet Transform

1. Introduction

Medical semantic segmentation is a critical subfield of im-
age segmentation that has gained considerable attention due
to its impact on clinical diagnostics and treatment planning.
Over the past decade, advancements in deep learning have
driven substantial progress in segmentation tasks, particularly
in organ segmentation, tumor detection, and vascular segmen-
tation, where precise delineation of anatomical structures is vi-
tal. However, medical image segmentation remains a highly
challenging task due to inherent difficulties in medical imaging
data, including the complexity of anatomical structures, varia-
tions in pathological conditions, and low signal-to-noise ratios.

One of the primary challenges in medical segmentation is
balancing coarse- and fine-grained segmentation. Coarse-
grained segmentation typically involves the identification of
large anatomical structures, such as organs, with the goal of
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rapid and accurate identification and segmentation. However, in
medical images, complex backgrounds, inter-organ variations,
and noise often complicate this task, leading to models strug-
gling to accurately delineate these large structures, particularly
in the presence of pathological abnormalities or low-quality
imaging.

On the other hand, fine-grained segmentation focuses on the
detection and segmentation of smaller, more complex struc-
tures, such as tumors, lesions, or fine anatomical boundaries.
This task demands that the model capture subtle details with
a high degree of precision. However, fine-grained segmenta-
tion in medical images presents unique challenges because of
the high resolution of the images and the complex relationships
between various fine structures. Moreover, the fine details of
these structures can often be disrupted by noise, small artifacts,
or ambiguous boundaries, potentially leading to overfitting or
poor generalization, especially when applying models to new
or unseen datasets. The challenge is further compounded by the
necessity for the model to generalize effectively across varying
imaging conditions, patient populations, and pathological sce-
narios.

A key challenge in current methods is the difficulty of si-
multaneously addressing both coarse-grained and fine-grained
segmentation tasks. While some models excel in specific tasks,
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they often underperform in others. For instance, models fo-
cused on large structures may fail to capture fine boundaries,
while models optimized for details may overlook global con-
text or larger anatomical features. This limitation affects the
effectiveness of many methods in clinical applications requir-
ing both segmentation types.

Therefore, the core challenge is to develop a framework ca-
pable of efficiently handling both coarse and fine-grained seg-
mentation tasks. The model must maintain strong contextual
awareness for large structures, be sensitive to fine details, and
dynamically balance these tasks, adapting to the varying com-
plexities of different regions within the image.

An example illustrating this dual challenge is the ACDC
cardiac segmentation dataset[1]. Models must accurately seg-
ment large regions such as the left ventricle, right ventricle,
and myocardium while delineating fine boundaries within these
structures, even under pathological conditions like myocardial
infarction or heart failure. The structural variations in these
regions underscore the need for models capable of balancing
global and fine-grained segmentation, which is critical for ad-
dressing complex medical imaging challenges.

Developing models capable of handling both coarse and fine-
grained segmentation tasks is essential for advancing medical
imaging. Successfully addressing this challenge will not only
enhance segmentation performance but also broaden clinical
applications, ultimately improving patient diagnosis and treat-
ment outcomes. In this study, we introduce the PCMamba ar-
chitecture, a novel framework designed to dynamically balance
multi-scale attention for precise anatomical segmentation. Our
key contributions are as follows:

(1) We designed the SFiBlock module to combine DSConv
with Wavelet Transforms to effectively extract both local spatial
and frequency domain features, thereby substantially improv-
ing the feature extraction and global modeling capabilities of
SSMs.

(2)We introduce two novel convolution modules: DiscWide-
Fusion, designed to capture multi-scale features via dilated
convolutions, reducing both model parameters and computa-
tional load; and RepLKWideFusion, which optimizes accu-
racy and efficiency by combining kernels of various sizes. This
is further accelerated by leveraging reparameterization to merge
kernels during inference, and by incorporating FFT for efficient
large-kernel convolution computation, achieving superior per-
formance in both speed and accuracy.

(3) We present the PCMamba architecture, a novel paradigm
that combines Mamba’s long-range dependency modeling ca-
pabilities with CNNs, demonstrating superior performance in
both coarse and fine-grained segmentation tasks. Notably, on
the ACDC dataset, we achieved the highest recorded Dice score
to date (93.77%).

(4) We propose the Metric-Adaptive Loss (MAL) func-
tion, which adaptively adjusts key parameters in response to
the model’s performance across various tasks, significantly en-
hancing the segmentation accuracy of the PCMamba model and
other segmentation frameworks, demonstrating its broad appli-
cability and flexibility.

Figure 2: Performance Comparison of Our Models (Ours Disc, Ours Rep) with
State-of-the-Art Methods on the ACDC Dataset: Evaluation in Terms of GFlops
and Parameters

2. Related work

2.1. Methods Based on CNN
Convolutional Neural Networks (CNNs) have gained promi-

nence in computer vision tasks due to their ability to capture
local spatial information. The ResNet architecture[2] mitigates
the gradient vanishing problem through the use of skip connec-
tions, facilitating the training of deeper networks. ConvNeXt[3]
and its subsequent version, ConvNeXt V2[4], further refine net-
work structures to enhance performance.

In medical image segmentation, CNNs are frequently inte-
grated with decoders, with U-Net being the predominant model.
Variants such as RA-UNet[5] enhance accuracy for small organ
segmentation by incorporating residual and attention mecha-
nisms. The nnU-Net[6] further improves segmentation preci-
sion through automated hyperparameter optimization.

2.2. Vision Transformers and Their Variants
Inspired by the success of attention mechanisms in natu-

ral language processing, researchers have incorporated self-
attention into computer vision, leading to the develop-
ment of models such as Vision Transformer (ViT[7]), Swin
Transformer[8], and PVT[9]. ViT strikes an effective balance
between speed and accuracy by partitioning images into fixed-
size patches, achieving performance comparable to top CNN
models on ImageNet[10]. However, a key limitation of ViT
is its dependence on large datasets, which increases the risk
of overfitting when applied to smaller datasets. Additionally,
the self-attention mechanism requires significant computational
resources and memory, especially for high-resolution images,
which has spurred various optimization strategies.

2.3. Combination of Transformer and CNNs
U-Net-based architectures, such as TransUNet[11], Swin-

Unet[12], Medical Transformer[13], and MPU-Net[14], lever-
age the combined strengths of Transformers and CNNs. These
models typically employ Transformers, including ViT and Swin
Transformer, as core encoders to incorporate visual attention
during downsampling for feature extraction, followed by de-
coders for upsampling to produce segmentation results. How-
ever, the uniformity in the size of feature extraction units across

3



both the encoder and decoder underscores the necessity for
optimizing Transformer block utilization and refining network
structures for effective upsampling and downsampling.

Swin-Unet overcomes the limitations of CNNs in effec-
tively capturing global information during feature extraction by
leveraging Transformer-based architectures. It employs Swin-
Transformer Blocks as the primary feature extraction units
within both the encoder and decoder, using linear layers to learn
implicit spatial feature representations. This approach strength-
ens the model’s capability to capture global context, thereby im-
proving segmentation accuracy and achieving outstanding per-
formance across a range of medical image segmentation tasks.
PVT is designed to reduce memory consumption while main-
taining high performance. It utilizes specific combinations of
CNN modules for downsampling, resulting in pyramid-like fea-
ture maps that not only minimize memory usage but also en-
hance the diversity of extracted features.

2.4. Mamba for Medical Image Segmentation

State Space Models (SSMs)[15] are mathematical frame-
works for describing the behavior of dynamic systems. How-
ever, early models were constrained by high computational and
memory demands, limiting their widespread application. The
Structured State Space Sequence Model (S4) improved the effi-
ciency of convolution kernel computations by leveraging a Nor-
mal Plus Low-Rank (NPLR) representation and the Woodbury
identity. These advancements enabled the integration of SSMs
into end-to-end neural network architectures, driving the devel-
opment of multiple SSM variants.

Despite these advancements, fixed sequence transformations
in SSMs still limit their ability to perform context-based reason-
ing. To overcome this limitation, Mamba (Selective SSM)[16]
introduced time-varying parameters and hardware-aware algo-
rithms, significantly improving both training and inference effi-
ciency, particularly in long-sequence modeling.

Following the success of SSMs, researchers began applying
them to computer vision tasks, similar to the adaptation process
of Transformers. VMamba[17] incorporated cross-scan mod-
ules with Mamba to address the directional sensitivity between
1D sequences and 2D images, while Vim introduced a bidirec-
tional SSM for global context modeling using position embed-
dings.

In medical imaging, U-Mamba[18] integrated Mamba layers
into the nnUNet encoder, improving the CNN’s ability to model
long-range dependencies. Meanwhile, VM-UNet[19] estab-
lished a new benchmark as the first purely SSM-based medical
image segmentation model. Additionally, Swin-UMamba[20]
showcased the benefits of ImageNet pre-training for enhanc-
ing Mamba’s performance in medical segmentation. LMa-
UNet[21] introduced a large-window mechanism to improve
context capture, while Weak-Mamba-UNet[22] proposed a
weakly-supervised learning framework that integrates the fea-
ture learning capabilities of CNNs, ViTs, and VMamba, signif-
icantly reducing annotation costs and resource demands.

3. Proposed Method

3.1. Preliminaries

In contemporary approaches based on state space models
(SSMs), such as the Structured State Space Sequence Model
(S4) and Mamba, both rely on a classic continuous system.
This system maps a one-dimensional input function or sequence
x(t) ∈ R through an intermediate hidden state h(t) ∈ RN to an
output y(t) ∈ R. This process can be described by a linear ordi-
nary differential equation (ODE):

h′(t) = Ah(t) + Bx(t) (1)
y(t) = Ch(t)

where A ∈ RN×N represents the state matrix, while B ∈ RN×1

and C ∈ RN×1 denote the projection parameters.
To make these continuous systems more suitable for deep

learning scenarios, S4 and Mamba adopt a discretization strat-
egy. They introduce a time-scale parameter ∆ and transform A
and B into discrete parameters A and B using a fixed discretiza-
tion rule. Typically, the zero-order hold (ZOH) is used as the
discretization rule, defined as follows:

A = exp(∆A) (2)

B = (∆A)−1(exp(∆A) − I) · ∆B

After discretization, SSM-based models can be computed in
two ways: linear recurrence or global convolution, defined as
equations 3 and 4, respectively.

h′(t) = Ah(t) + Bx(t) (3)
y(t) = Ch(t)

For the global convolution method, we have:

K = (CB,CAB, . . . ,CA
L−1

B) (4)

y = x ∗K

where K ∈ RL represents a structured convolutional kernel,
and L denotes the length of the input sequence x.

3.2. WideFusion Module

We designed two convolution modules: DiscWideFusion
and RepLKWideFusion, each tailored for specific optimiza-
tions in convolutional operations.

DiscWideFusion leverages three discrete convolutions with
varying dilation rates to effectively expand the receptive field,
enabling precise capture of multi-scale local features. Un-
like traditional large-kernel approaches, this design achieves re-
markable segmentation performance while significantly reduc-
ing parameter count and computational overhead by utilizing
variable dilation rates.
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Figure 3: Architecture Overview: Multi-level inputs extract multi-scale features. The DS-Up module restores the original scale for loss computation, guided by a
Metric-Adaptive loss function.

In the DiscWideFusion module, the convolution operation
can be described as follows:

Xout = Conv3(X) + Disc5(X) + Disc7(X) (5)

For an input feature map of size H ×W, input channels Cin,
output channels Cout, and a kernel size of K × K, the computa-
tional complexity (FLOPs) of a standard convolution is is given
by Fstd = H×W×K2×Cin×Cout, and the number of parameters
is Pstd = K2 ×Cin ×Cout.

The introduction of dilated convolutions significantly ex-
pands the receptive field without substantially increasing com-
putational complexity (FLOPs). Let d be the dilation rate, and
the effective coverage of the kernel is K′ = (K−1)·d+1. There-
fore, the computational complexity of dilated convolutions is
Fdil = H × W × K′2

d2 × Cin × Cout. The use of d reduces the
number of elements involved in the computation, maintaining a
lower computational cost compared to direct use of larger ker-
nels.

In terms of the number of parameters, dilated convolutions
have the same parameter count as standard convolutions, Pdil =

K2 ×Cin ×Cout. This indicates that dilated convolutions extend
the receptive field and enhance feature extraction capabilities
without incurring additional parameter costs, unlike direct use
of larger kernels that require extra parameters.

However, at high dilation rates, the grid effect can lead to un-
even coverage and reduced long-range information correlation,
limiting segmentation accuracy. While dilated convolutions can
effectively expand the receptive field without increasing pa-
rameters, the introduced sparsity can reduce feature extraction
capabilities. To overcome these limitations, we drew inspira-

tion from RepLKNet[23] (CVPR 2022) and explored the use
of large-kernel convolutions. Large-kernel convolutions pro-
vide continuous coverage and better maintain information cor-
relation. This shift not only avoids the drawbacks of uneven
sampling but also significantly enhances feature extraction per-
formance.

The inevitable issue with large kernel convolutions is their
computational inefficiency. To address the computational bur-
den of large convolution kernels, we propose the RepLKWide-
Fusion module, which combines reparameterization and FFT
for accelerated convolution, and optimizes computational over-
head through multi-scale feature fusion and kernel merging.
This method surpasses traditional large kernel convolutions in
terms of detail retention and feature representation, signifi-
cantly improving computational efficiency.

Traditional spatial-domain convolution is computationally
expensive, particularly when the kernel size increases. Let the
input image be I and the convolution kernel be K, , and the con-
volution output be O. The spatial-domain convolution can then
be expressed as:

O(i, j) = (I ∗ K)(i, j) =
∑

m

∑
n

I(i − m, j − n)K(m, n) (6)

This 2D sliding window calculation in the spatial domain
quickly becomes computationally expensive as the image and
kernel sizes grow. To accelerate convolution, Fourier transform
provides an efficient solution.

According to the convolution theorem, the spatial-domain
convolution can be transformed into a pointwise multiplication
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Figure 4: Overview of PCMamba, We propose a parallel architecture combining VSSBlock and WideFusion, highlighting the re-parameterization strategy of the
WideFusion module. DiscWideFusion captures multi-scale features using two discrete convolutions and one standard convolution in parallel; RepLKWideFusion
fuses convolution kernels with BatchNorm through reparameterization to reduce computational overhead.

operation in the frequency domain:

O = F −1 (F (I) ⊙ F (K)) (7)

Here, F (I) and F (K) denote the frequency domain repre-
sentations of the input image and the convolution kernel, re-
spectively. The element-wise multiplication, denoted by ⊙, is
performed in the frequency domain. The resulting product is
then transformed back to the spatial domain using the inverse
Fourier transform (IFFT), as expressed in the following equa-
tion:

Figure 5: FFTConv: Accelerating Large Kernel Convolution by Transform-
ing Spatial Convolution to Frequency Domain Pointwise Multiplication Using
Fourier Transform.

The Fourier transform simplifies the convolution operation
by converting it from addition in the spatial domain to element-
wise multiplication in the frequency domain, thereby signifi-
cantly reducing computational complexity. In the spatial do-
main, the traditional computational complexity of convolution
is O(CinCoutK2HW), where Cin and Cout represent the number
of input and output channels, K is the kernel size, and H and W
are the height and width of the input image. By leveraging the
Fourier transform to accelerate convolution, the complexity is
reduced to O(CinCout(HW) log(HW)). This reduction is partic-
ularly advantageous for large kernel sizes, leading to substantial
speedup in computation.

To further enhance efficiency, we employ a patch-wise com-
putation strategy. Instead of applying the Fourier transform to

the entire image globally, the input image is divided into smaller
patches. The Fourier transform is then applied to each patch in-
dividually, and convolution is performed independently within
the frequency domain. This patch-wise approach significantly
reduces both computational and memory overhead compared
to a global Fourier transform, making it especially effective for
processing high-resolution images. By combining Fourier ac-
celeration with patch-wise computation, this method achieves a
marked improvement in efficiency while maintaining scalabil-
ity.

To further optimize computational efficiency during infer-
ence, the RepLKWideFusion module introduces reparameter-
ization of convolution kernels. The core idea is to merge multi-
ple convolution kernels of different sizes, thereby reducing re-
dundant computations and memory usage. Specifically, during
training, the model uses convolution kernels of various sizes
(e.g., 3×3, 5×5, 7×7) for multi-scale feature extraction. During
inference, the reparameterization technique merges these ker-
nels into a single equivalent kernel, thus reducing the compu-
tational burden while preserving the advantages of multi-scale
feature fusion.

Suppose we have two convolution kernels, Wlarge and Wsmall,
with sizes klarge and ksmall, respectively. The reparameterization
process involves padding the small kernel to match the size of
the large kernel and then combining them into a single equiva-
lent convolution kernel Weq, as follows:

Weq =Wlarge + Pad(Wsmall,
klarge − ksmall

2
) (8)

Where Pad(Wsmall, p) represents padding the small kernel
to match the size of the large kernel. This strategy not only
reduces computational complexity but also ensures effective
multi-scale information fusion, which further improves the
granularity and expressive power of feature extraction.

Additionally, Batch Normalization (BN) parameters are
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tightly coupled with convolution kernels. To preserve the
model’s performance during inference, we fuse the scaling (γ)
and shifting (β) parameters with the kernels. The fused convo-
lution kernel Weq and bias beq are computed as:

Weq =
Wconv · γ
√
σ2 + ϵ

, beq = β −
γ · µ
√
σ2 + ϵ

(9)

Where µ and σ2 are the mean and variance of BN, and ϵ
prevents division by zero. This fusion reduces computational
cost and ensures stability and accuracy during inference.

During inference, the RepLKWideFusion module combines
reparameterization and FFT acceleration to reduce computa-
tional and memory overhead. Multiple convolution kernels are
merged into a single equivalent kernel during training, and the
convolution is accelerated using FFT. This approach signifi-
cantly reduces the computational burden while retaining multi-
scale feature fusion for efficient handling of complex features.

Specifically, the fused kernel Weq is used for convolution,
with FFT-accelerated pointwise multiplication speeding up the
process. Compared to traditional convolution, FFT acceleration
reduces redundant computations and memory usage, enabling
faster inference while preserving multi-scale feature represen-
tation.

3.3. VSSBlock

The SS2D module is based on the continuous state space
model (S4) and focuses on capturing long-range dependencies
in images. SSMs are designed to model sequential data and
capture long-term dependencies. SS2D employs a precise dis-
cretization for long-range modeling, reducing computational
complexity compared to traditional self-attention mechanisms
while increasing efficiency. It also integrates the DropPath
mechanism and residual connections to enhance robustness and
feature learning.

In the Mamba framework, SS2D primarily focuses on mod-
eling long-range dependencies, demonstrating excellent perfor-
mance in sequential tasks. However, images exhibit strong
spatial-local features, and relying solely on long-range model-
ing is insufficient for effectively capturing fine-grained details.
This issue is particularly evident in ultrasound images, which
are prone to significant noise, where long-range modeling alone
tends to be less effective. To address this limitation, we intro-
duce DSConv and Wavelet Transform. DSConv is primarily re-
sponsible for extracting local spatial features Fspatial, while the
Wavelet Transform captures frequency-domain features Fwavelet

through multi-scale decomposition, further enhancing the abil-
ity to capture image details.

The convolution operation is formulated as follows:

DSConv(x) = DWConv(x) + PWConv(x) (10)

Here, DWConv operates on each channel of the input, cap-
turing local spatial information across the RC×H×W dimensions,
while PWConv performs a 1x1 convolution to mix the infor-
mation across channels. After this step, the feature dimensions

map from RC×H×W to Rhidden dim×H×W , where hidden dim is de-
termined by the number of output channels in the pointwise
convolution.

Wavelet transform effectively extracts multi-scale image de-
tails by decomposing the image into components of different
frequencies. For a one-dimensional signal f (t), its discrete
wavelet transform (DWT) can be represented as:

DWT( f (t)) =
∫ ∞
−∞

f (t)ψa(t) dt (11)

where ψa(t) is the wavelet basis function and a is the scal-
ing parameter that controls the degree of frequency decomposi-
tion. In image processing, the two-dimensional discrete wavelet
transform (DWT) decomposes the image into four subbands:
low-frequency approximation coefficients (cA) and three high-
frequency detail coefficients (cH, cV , and cD). This decompo-
sition allows us to separately capture the global structure of the
image (low-frequency part) and the fine details (high-frequency
part). This multi-scale analysis enables the wavelet transform
to efficiently capture image details in the frequency domain, es-
pecially in terms of edges, textures, and subtle changes.

Figure 6: SFiBlock: Extracting Local Spatial Features with DSConv and Cap-
turing Multi-Scale Frequency Domain Information with Wavelet Transform

The operation of VSSBlock module is described by the fol-
lowing equation:

y = x + DropPath(SS2D(LN(Fspatial ⊕ Fwavelet))) (12)

3.4. PCVSSBlock

In the PCVSSBlock module, the VSSBlock and WideFu-
sion components are employed to capture both global and lo-
cal information from the input features. The VSSBlock module
enhances the network’s global perception by combining local
features with global context, achieved through modeling long-
range dependencies. This approach enables the network to cap-
ture long-term relationships across the entire image. On the
other hand, the WideFusion module specializes in extracting
broadly focused features by mapping local features into a wider
contextual space, which allows it to effectively capture fine-
grained details from various receptive fields. This approach
significantly strengthens the model’s overall macro perception
ability, especially when handling large-scale image contexts.

Subsequently a 1×1 convolution layer is then applied to fuse
these features. This process effectively combines the comple-
mentary features extracted by both modules.
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Output = Conv1×1(VSSBlock(x) ⊕WideFusion(x)) (13)

By effectively merging features from different modules,
the model can process multi-scale information simultaneously,
which is particularly important for handling input images with
varying resolutions. This fusion significantly enhances the
model’s overall performance in segmentation tasks.

3.5. Metric-Adaptive Loss and Dynamic Weight Adjustment

In medical image segmentation tasks, models often exhibit a
tendency to prioritize larger, easily segmented regions while ne-
glecting smaller and more intricate structures. For instance, in
the ACDC cardiac segmentation dataset, the left ventricle (Lv),
being relatively large and having strong contrast against the
background, is segmented with high accuracy. However, this
strong performance does not generalize well to more complex
regions. For example, smaller structures like the myocardium
(Myo) present fine and intricate details that models often fail
to capture, resulting in lower segmentation accuracy for these
regions.

To address this issue, we propose a novel Metric-Adaptive
Loss (MAL) leveraging gated updates. MAL combines two
critical metrics and a difficulty measure to dynamically bal-
ance the model’s attention across different semantic regions.
This design ensures the model allocates sufficient focus to small
but crucial areas without compromising performance on larger
regions, significantly enhancing segmentation quality in fine-
grained areas and improving overall accuracy.

The difficulty measure is central to MAL, combining Focal
Loss and Dice Loss to automatically identify challenging sam-
ples and assign them higher weights. By prioritizing these diffi-
cult areas, the model is encouraged to refine its segmentation of
complex regions. The difficulty weight is computed as follows:

WDifficulty =
1

1 + γ(LDice +LFocal + ϵ)
(14)

where γ is a hyperparameter that adjusts the influence of dif-
ficult samples. This dynamic weighting mechanism helps guide
the model towards more accurate segmentation, particularly for
small or complex structures that are traditionally harder to iden-
tify.

3.5.1. Uncertainty Measurement (UM)
Uncertainty Measurement (UM), often quantified using en-

tropy, provides a means to evaluate the confidence of a model’s
predictions. Entropy measures the unpredictability or uncer-
tainty inherent in the predicted probability distribution. A
model confident in its predictions will exhibit low entropy, indi-
cating a certain outcome, whereas high entropy reflects greater
uncertainty in the prediction.

The entropy is calculated as H(p) = −
∑

p(c) log p(c), where
p(c) represents the predicted probability of class c. To avoid
issues related to computing log(0), we clamp the probability to
a small range p(c) = clamp(p(c) ∈ (1.0).

3.5.2. Gradient Information (GI)
To further enhance the adaptability of the loss function, we

incorporate gradient information from the input image. Gra-
dients effectively measure the intensity of local changes in the
image, particularly in regions where there are significant varia-
tions in edges and details. In medical image segmentation tasks,
especially when dealing with complex organs or structures, gra-
dients help the model better identify boundary regions and fine
structural features.

In this study, we use the Laplacian operator to compute the
second-order gradients of the image, effectively revealing the
intensity of regional changes and highlighting edge informa-
tion. Specifically, the mathematical expression of the Laplacian
operator is as follows: ∇2I = ∂2I

∂x2 +
∂2I
∂y2 .

Where I represents the input image, and ∇2 is the Laplacian
operator, representing the second-order spatial derivatives of
the image. By computing the second-order derivatives for each
pixel in the image, it measures the rate of intensity change at
each pixel. Edge regions in an image typically have larger gra-
dient values, as pixel intensity changes most rapidly at bound-
aries. To implement this, we use a 3 × 3 convolution kernel to
apply the Laplacian operator:

Klap =

0 1 0
1 −4 1
0 1 0

 (15)

3.5.3. Dynamic Weight Adjustment
Dynamic Weight Adjustment is designed to dynamically ad-

just weights based on metrics like entropy, gradients, and diffi-
cult samples. This approach aims to direct the model’s focus to-
ward challenging, uncertain, or critical regions during training,
enhancing segmentation performance. The formula for adap-
tive weight calculation is as follows:

WUM =
1

1 + αH(p) + ϵ
(16)

WGI =
1

1 + β|∇2I| + ϵ
(17)

In this formulation, α controls the contribution of entropy,
while β governs the influence of gradient information. The en-
tropy term, H(p), quantifies the uncertainty in the model’s pre-
diction for each pixel. Higher entropy values indicate regions
where the model is less confident, signaling the need for in-
creased attention during training. Gradient information, |∇2I|,
represents the magnitude of intensity variation in the image,
often corresponding to edges and other significant structural
features. The Laplacian operator (∇2) captures this second-
order derivative information, revealing areas of rapid intensity
change, which are crucial for accurate segmentation. Regions
with larger Laplacian values are typically more critical for ac-
curate segmentation. Additionally, the difficulty measurement
dynamically adjusts the loss weight for challenging samples,
encouraging the model to prioritize hard-to-segment regions.
This mechanism ensures that the model focuses on areas that
are essential for improving overall segmentation performance.
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The final adaptive weight for each sample is the product of
the individual weights:

W =WUM · WGI · WDifficulty (18)

This product form ensures that the model focuses on the crit-
ical regions of the image during training, rather than treating
all regions uniformly. It helps prevent the model from overem-
phasizing easily segmentable areas while neglecting more chal-
lenging, smaller regions.

To avoid excessive weight fluctuations that may lead to in-
stability during training, we incorporate weight smoothing. By
computing an exponentially weighted average between the cur-
rent and previous weights, we smooth the weight updates,
thereby enhancing the stability of the training process. The for-
mula for the smoothed weights is as follows:

Wfinal = λ · Wcurrent + (1 − λ) · Wlast (19)

Here, λ is the smoothing factor, typically set to 0.1. The
smoothing process effectively mitigates issues such as gradi-
ent explosion or vanishing gradients due to excessive weight
fluctuations, ensuring better convergence and stability during
training.

The final total loss is computed as the weighted sum of Fo-
cal Loss and Dice Loss, with adaptive weights applied. This
loss function effectively amplifies the contribution from diffi-
cult, uncertain, or critical regions, guiding the model to per-
form more accurate segmentation in these areas. The total loss
is calculated as:

LMAL =W · (LDice +LFocal) (20)

This weighted loss function enables the model to effectively
prioritize fine-grained and challenging regions during training,
thereby improving overall segmentation performance. It en-
hances segmentation accuracy and robustness, particularly for
small and complex structures in medical images.

4. Experiment

4.1. Implementation Details

We conducted our experiments using two NVIDIA Titan V
and Titan XP GPUs, both equipped with 12GB of memory
each, using CUDA version 11.8. The model training was imple-
mented in PyTorch 2.0.0, employing the Distributed Data Par-
allel (DDP) strategy for efficient GPU utilization. Input images
were resized to 224×224 pixels and standardized to promote
stable training. The dataset was divided into training and vali-
dation sets in an 80:20 ratio. The AdamW optimizer was used,
incorporating weight decay to enhance generalization. A cosine
annealing learning rate schedule was applied, starting with an
initial learning rate of 3e-4. To further improve model robust-
ness and generalization, data augmentation techniques, such as
affine transformations, image flipping, and rotation, were em-
ployed during training.

4.2. Datasets and Evaluation Metrics

To comprehensively evaluate the performance of our pro-
posed model, we conducted experiments across four rep-
resentative medical imaging modalities and nine associated
datasets, including Magnetic Resonance Imaging (MRI), Com-
puted Tomography (CT), Ultrasound Imaging, and Dermato-
scopic Imaging. These modalities cover a wide range of com-
mon medical image types, enabling us to assess the generaliza-
tion capability of our model in multi-modal environments.

To comprehensively assess the performance of our model in
medical image segmentation tasks, we utilized several standard
evaluation metrics, including the Dice coefficient, Intersection
over Union (IoU), Accuracy (ACC), Specificity (SP), and Sen-
sitivity (SE). These metrics provide a multidimensional evalu-
ation of the segmentation results, capturing precision, robust-
ness, and comprehensiveness, and ensuring that the overall per-
formance of our model is effectively represented across various
datasets.

Acknowledging that different models may exhibit strengths
in specific organ segmentation tasks, we included a range
of state-of-the-art (SOTA) models in our comparative exper-
iments. These models comprise Transformer-based architec-
tures, U-Net variants, and various adaptations of the Mamba ar-
chitecture, representing the leading methodologies in the field.
This selection ensures a comprehensive evaluation across a di-
verse spectrum of model capabilities. Through comparisons
with these advanced models, we demonstrate the superior per-
formance of our proposed Mamba paradigm in multi-modal
segmentation tasks.

4.2.1. ACDC Dataset
The ACDC (Automated Cardiac Diagnosis Challenge)

dataset contains cardiac MRI scans from 100 patients, divided
into five subgroups (Normal, MINF, DCM, HCM, ARV), with
30 cases per group. Each case includes a 4D MRI of a full car-
diac cycle with detailed annotations at the end-diastolic (ED)
and end-systolic (ES) frames. The subtle boundaries between
the left ventricle, right ventricle, and myocardium present sig-
nificant challenges for accurate segmentation tasks.

4.2.2. MM-WHS2017-CT Dataset
The MM-WHS2017 dataset[24] contains 120 multimodal

cardiac images (60 CT/CTA and 60 MRI) from the MICCAI
2017 Challenge, covering seven cardiac structures: LV, LA, RV,
RA, MYO, AA, and PA. The data are anonymized and ethically
approved. Cross-sectional, coronal, and sagittal slices were ex-
tracted for evaluation, with the cross-sectional view as the pri-
mary focus.

4.2.3. LAHeart2018 Dataset
The LAHeart2018 dataset[25] contains 154 3D MRI images

of atrial fibrillation patients, with a grayscale range of [0, 255]
and a spatial resolution of 0.625×0.625×0.625 mm³ across 88
Z-axis slices. Although the left atrium segmentation is a mono-
semantic task, accurately segmenting its fine structures remains
challenging.
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4.2.4. Synapse Dataset
The Synapse dataset[26] consists of 3,779 high-quality ab-

dominal axial CT images from 30 patients. It provides compre-
hensive coverage of key abdominal organs, including the aorta,
gallbladder, spleen, kidneys, liver, pancreas, and stomach, serv-
ing as a valuable resource for automatic organ segmentation and
diagnostic research.

4.2.5. ISIC Dataset
The ISIC2016[27] and ISIC2017[28] datasets, released by

the International Skin Imaging Collaboration (ISIC), support
melanoma diagnosis research. ISIC2016 contains 1,279 im-
ages with a color depth of 24-bit and dimensions ranging from
722×542 to 4,288×2,848 pixels. The larger ISIC2017 dataset
includes 2,750 images, with sizes varying from 540×576 to
4,499×6,748 pixels, and all images are fully annotated.

4.2.6. PH2 Dataset
The PH2 dataset[29] consists of 200 high-quality dermo-

scopic images of skin lesions, sourced from the Pedro Hispano
Hospital in Matosinhos, Portugal. It features common lesion
types like melanocytic nevi, melanoma, and basal cell carci-
noma, with annotations by experienced dermatologists to en-
sure accuracy. The fuzzy and complex boundaries pose chal-
lenges for precise segmentation.

4.2.7. DDTI Dataset
The DDTI[30] dataset consists of 637 ultrasound thyroid im-

ages with pixel-level annotations, provided by Pedraza et al.
This dataset holds significant value in the analysis of thyroid
ultrasound images, encompassing a diverse range of cases in-
cluding thyroiditis, goiter, nodules, and cancer. The complexity
of these images reflects the challenges of nodule detection.

4.2.8. TN3K Dataset
TN3K[31] is a challenging dataset for thyroid nodule seg-

mentation, comprising 3,493 ultrasound images with precise
pixel-level nodule mask annotations. The images are sourced
from various devices and multiple views, ensuring diversity and
quality in the dataset. This dataset was collected by Zhujiang
Hospital, Southern Medical University.

4.3. Experimental Results

4.3.1. Results on ACDC Dataset
On the ACDC cardiac segmentation dataset, the DiscWide-

Fusion module achieves a computational complexity of 30.6
GFlops and a parameter count of 21.4M, demonstrating perfor-
mance competitive with current state-of-the-art models in car-
diac segmentation. The RepLKWideFusion module achieved
an average Dice coefficient of 93.77%, significantly outper-
forming all other models, particularly in segmenting the left
ventricle (96.61%) and right ventricle (94.43%), demonstrat-
ing exceptional accuracy. Compared to recent models based
on CNN, Transformer, and Mamba architectures (e.g., LHU-
Net (92.66%), FCT (93.02%), and UU-Mamba (92.79%)), our

Table 1: Performance Comparison of Different Methods on the ACDC Dataset
(Bold: Best, Underline: Second Best)

Methods Year Avg RV Myo LV
SwinUNet[12] 2021 90.00 88.55 85.62 95.83

MISSFormer[32] 2021 90.86 89.55 88.04 94.99
nnUNet[6] 2018 91.61 90.24 89.24 95.36

TransCASCADE 2023 91.63 89.14 90.25 95.50
Mamba-Unet[33] 2024 91.08 90.80 88.09 94.45
MS-TCNet[34] 2024 91.43 89.43 89.09 95.77

PVT-CASCADE[35] 2023 91.46 88.90 89.97 95.50
TC-CoNet[36] 2023 91.58 90.27 88.98 95.47

UD-Mamba[37] 2024 91.99 90.85 90.69 94.45
LUCF-Net[38] 2024 92.19 90.46 90.13 95.96

U-Mamba 2024 92.22 91.83 90.22 94.54
Parallel MERIT[39] 2023 92.32 90.87 90.00 96.08

LHU-Net[40] 2024 92.66 91.15 90.56 96.26
UU-Mamba[41] 2024 92.79 92.41 90.90 95.04
BATFormer[42] 2022 92.84 91.97 90.26 96.30

FCT[43] 2023 93.02 92.64 90.51 95.90
Ours Disc 2024 93.59 94.12 90.32 96.33
Ours Rep 2024 93.77 94.43 90.27 96.61

model sets a new SOTA record for multi-semantic region seg-
mentation of the heart, surpassing the previous performance of
FCT. Additionally, we present a comparative analysis of the
model’s segmentation performance (Dice coefficient) in rela-
tion to the number of parameters and computational complexity
(GFlops); the corresponding results are shown in Figure 2.

4.3.2. Results on MM-WHS2017 Dataset
In experiments conducted on the MM-WHS 2017 dataset, we

evaluated state-of-the-art models, including Transformer-based
and traditional convolutional networks. While Transformer ar-
chitectures have made significant strides in image segmentation
tasks, traditional convolutional networks still perform excep-
tionally, especially in managing complex boundaries and blurry
regions due to the unique properties of convolution operations.
The comparison between U-Net and Transformer architectures
highlights convolutional networks’ effectiveness in cardiac and
vascular segmentation.

The DiscWideFusion model achieved a Dice coefficient of
89.65% for the Myo region, outperforming all other mod-
els and demonstrating its accuracy in segmenting cardiac re-
gions. The RepLKWideFusion model achieved a Dice coeffi-
cient of 97.53% for the AA region, confirming its superiority in
complex region segmentation. The RepLKWideFusion model
achieved an average Dice coefficient of 94.04%, surpassing ex-
isting models and showcasing the benefits of the hybrid convo-
lutional and Mamba architecture in multi-semantic segmenta-
tion. These results show that our model excels in multi-region
cardiac and vascular segmentation, especially in small and com-
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Figure 7: Experiments conducted on the MMWHS-CT, ACDC, and LAHeart2018 cardiac datasets demonstrate the model’s effectiveness in handling ambiguous
boundaries and fine structural details in both single-region and multi-region segmentation tasks, as well as in single- and multi-class segmentation across diverse
cardiac imaging modalities, including MRI and CT.

Table 2: Performance Comparison of Different Methods on the MMWHS2017-CT dataset (Bold: Best, Underline: Second Best)

Methods Year Myo LA LV RA RV AA PA Avg
Swin-Unet 2021 68.90 84.15 82.07 74.87 72.73 91.02 76.08 78.55

PVT-V2-b3[44] 2021 76.46 82.14 86.97 72.24 74.89 85.85 75.51 79.15
V-net[45] 2016 79.10 85.30 81.30 90.90 81.60 76.30 71.70 80.89

KTH 2017 85.60 93.00 92.30 87.10 85.70 89.4 83.50 88.09
MISSFormer 2021 85.63 93.38 92.48 84.79 84.68 96.35 84.19 88.79

Unet 2015 86.86 92.93 94.03 86.29 87.96 95.87 82.56 89.50
GUT 2017 88.10 92.90 91.80 88.80 90.90 93.30 84.00 89.97
FCT 2023 88.77 94.30 92.06 87.91 92.19 93.49 81.68 90.06

LUCF-Net 2024 88.80 93.64 93.16 86.58 90.74 96.44 83.79 90.44
MAUNet[46] 2020 89.30 91.00 92.50 92.80 88.60 92.50 86.60 90.47

Ours Disc 2024 89.65 94.97 94.43 91.07 91.68 97.20 90.99 92.86
Ours Rep 2024 89.57 96.19 95.16 95.22 92.14 97.53 92.47 94.04

plex areas.

4.3.3. Results on LAHeart2018 Dataset
In the experiments on the LAHeart2018 dataset, we evalu-

ated multiple models, and our DiscWideFusion and RepLK-
WideFusion versions demonstrated superior segmentation per-
formance. The DiscWideFusion version achieved a Dice coef-
ficient of 93.85% and an IoU of 88.44%, outperforming other

models, especially in segmenting fine left atrium structures.
The fine structures in the left atrium (such as the atrial ap-
pendages and septum) pose challenges due to complex mor-
phology and blurred boundaries. Despite a slightly lower Dice
score, RepLKWideFusion achieved an IoU of 87.98%, main-
taining high precision and showcasing its advantage in small
region segmentation.
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Table 3: Performance Comparison of Different Methods on the LAHeart2018
dataset (Bold: Best, Underline: Second Best)

Methods Year Dice IOU
Unet 2015 85.15 74.24

LUCF-Net 2024 89.52 81.11
MISSFormer 2021 89.96 81.80
FAT-Net[47] 2022 90.42 82.54
Swin-Unet 2021 90.57 87.81
Ours Disc 2024 93.85 88.44
Ours Rep 2024 93.32 87.98

Our models outperformed those submitted to the 2018 Atria
Segmentation Challenge, where the highest Dice coefficient
was 93.20%. They excelled in segmenting small, mono-
semantic regions of the left atrium, particularly in difficult-to-
segment fine structures. This superior performance is attributed
to the multi-scale feature extraction and fusion capabilities of
the WideFusion module, which significantly enhanced the seg-
mentation accuracy of fine structures. These results highlight
our method’s advantage in segmenting small structures and
complex anatomical regions, particularly those with intricate
morphology and unclear boundaries.

4.3.4. Results on TN3K and DDTI datasets
Ultrasound image segmentation faces challenges from high

noise and blurred boundaries, especially with fine structures
and complex backgrounds. Traditional models often perform
poorly under such conditions. Our proposed models, Dis-
cWideFusion and RepLKWideFusion, effectively address these
issues. Using the Mamba framework’s long-sequence model-
ing and wavelet transforms for high-frequency extraction, our
models excel in capturing fine details and accurately segment-
ing target regions in noisy, blurred environments.

On the TN3K dataset, DiscWideFusion achieved a Dice score
of 89.29% and an IoU of 70.67%, while RepLKWideFusion
reached an IoU of 74.95%, showing strong performance in
complex ultrasound images. Compared to traditional models
like UNet and Swin-Unet, our approach outperforms in noisy
and unclear boundary regions, especially for small lesion seg-
mentation.

Wavelet transforms enhance robustness by extracting high-
frequency details for precise edge detection and better under-
standing of complex structures. The Mamba framework’s long-
sequence modeling strengthens feature extraction, enabling ac-
curate segmentation of diverse structures.

These results show that our models, using the Mamba frame-
work and wavelet transforms, provide significant advantages in
ultrasound image segmentation, particularly under high noise
and blurred boundary conditions, enhancing precision for fine
structures.

4.3.5. Results on Synapse datasets
Experimental results on the Synapse multi-organ dataset

show that our models excel in segmenting multiple organs, es-

Table 4: Performance Comparison of Different Methods on the Thyroid Ultra-
sound Image Dataset (Bold: Best, Underline: Second Best)

Methods Year
TN3K DDTO

Dice IOU Dice IOU
SwinUnet 2021 46.02 38.18 46.70 30.36

UNet 2015 79.51 65.99 59.74 42.59

SGUNet[48] 2021 79.55 66.05 69.92 45.90

SegNet[49] 2015 79.91 66.54 65.19 48.36

FCN[50] 2015 81.08 68.18 69.96 53.80

TRFE[51] 2023 81.19 68.33 69.04 52.72

TransUNet[11] 2021 81.84 69.26 74.43 59.28

CPFNet[52] 2020 82.70 70.50 74.77 59.70

Deeplabv3+[53] 2018 82.77 70.60 74.40 59.23

TRFE+ 2023 83.30 71.38 75.37 60.47

LUCF-Net 2024 84.86 69.89 75.83 58.49

FAT-Net 2024 85.18 65.80 75.19 59.86

Ours Disc 2024 89.29 70.67 77.33 62.97

Ours Rep 2024 87.36 74.95 77.43 63.79

Figure 8: Segmentation results of various methods on the Synapse multi-organ
CT dataset, illustrating our models’ ability to accurately delineate complex
structures and achieve precise results, even in challenging backgrounds.
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Table 5: Performance Comparisons Of Various Techniques On Synapse Abdominal Multi-Organ Dataset. (Bold: Best, Underline: Second Best)

Methods Year Aorta Gallbladder Kidney(R) Kidney(L) Liver Pancreas Spleen Stomach Avg
UNet 2015 89.07 69.72 68.60 77.77 93.43 53.98 86.67 56.98 76.85

TransUnet 2021 87.23 63.13 77.02 81.87 94.08 55.86 85.08 75.62 77.48
Swin-Unet 2021 85.47 66.53 79.61 83.28 94.29 56.58 90.66 76.60 79.13

PVT-CASCADE 2023 83.01 70.59 80.37 82.23 94.08 64.43 90.01 83.69 81.06
VM-UNet 2024 86.40 69.41 86.16 82.76 94.17 58.80 89.51 81.40 81.08

MISSFormer 2021 86.99 68.65 82.00 85.21 94.41 65.67 91.92 80.81 81.96
SegFormer3D[54] 2024 90.43 55.26 86.13 86.53 95.68 73.06 89.02 81.12 82.15

LUCF-Net 2024 89.66 71.14 85.04 87.88 95.52 67.32 91.54 85.05 84.22
MERIT[39] 2022 87.71 74.40 87.79 84.85 95.26 71.81 92.01 85.38 84.90

nnFormer[55] 2021 92.04 70.17 86.57 86.25 96.84 83.35 90.51 86.83 86.57

Ours Disc 2024 89.35 75.77 92.57 93.50 95.49 73.17 92.07 89.99 87.74
Ours Rep 2024 90.14 77.16 94.24 94.68 96.59 75.00 95.32 81.78 88.11

pecially complex anatomical structures. The RepLKWideFu-
sion model achieves an average Dice score of 88.11%, with
outstanding right kidney (94.68%) and spleen (95.32%) seg-
mentation results. These results highlight the model’s ability to
accurately delineate intricate structures and maintain high pre-
cision, even in challenging backgrounds.

The DiscWideFusion model, with an average Dice score
of 87.74%, shows strong segmentation performance for cer-
tain organs. The liver segmentation achieves a Dice score
of 95.49%, showcasing the model’s precision in segmenting
large organs. The gallbladder and stomach segmentations
achieve Dice scores of 75.77% and 89.99%, respectively, show-
ing competitive performance. Our approach outperforms other
Transformer and Mamba-based models in various segmentation
tasks.

Table 6: Performance Comparison of Different Methods on the ISIC2016
dataset (Bold: Best, Underline: Second Best)

Methods Year Dice IOU ACC SE SP
Unet 2015 88.57 81.53 94.37 91.76 95.71

Attention-Unet[56] 2018 88.75 81.58 94.14 90.31 96.45

UNext[57] 2022 90.48 83.66 - - -

BAT 2021 90.63 86.76 94.89 91.25 95.69

DuAT[58] 2022 90.65 86.89 95.09 97.99 94.88

DAGAN[59] 2022 90.85 84.42 95.82 92.28 95.68

SLP-Net[60] 2024 91.12 - 95.70 91.45 96.94

LUCF-Net 2024 91.18 84.98 96.18 93.38 97.75

FAT-Net 2022 91.59 85.30 96.04 92.59 96.02

GFANet[61] 2023 91.78 85.92 96.04 92.95 97.25

EIU-Net 2023 91.90 85.50 95.90 91.80 94.30

Ms RED[62] 2022 92.66 87.03 96.42 - -

MobileUNETR[63] 2024 92.80 87.47 96.59 93.03 96.87

TC-Net[64] 2023 92.82 86.68 96.06 93.17 97.12

Ours Disc 2024 93.22 87.98 96.28 92.72 96.53

Ours Rep 2024 93.40 88.16 96.97 93.10 98.03

4.3.6. Results on Skin Lesion Image datasets
Dermatological datasets face challenges including diverse

lesion areas, inconsistent image quality, and blurred bound-
aries. Although many models can accurately locate lesion ar-
eas, they often struggle with fine boundary delineation. Our
model demonstrates significant advantages across datasets, es-
pecially in detail segmentation and handling complex bound-
aries.

On the ISIC 2016 and ISIC 2017 datasets, RepLKWide-
Fusion achieved average Dice scores of 93.40% and 90.81%,
outperforming state-of-the-art methods, especially in complex
lesion boundary handling. The model also excelled in accu-
racy (ACC) and specificity (SP), reaching 96.97% and 98.03%
on ISIC2016, indicating its strong ability to identify lesions
and differentiate normal skin. On the PH2 dataset, the model
achieved a Dice score of 96.37%, IoU of 93.04%, and ACC of
98.71%, further validating its fine lesion segmentation and nor-
mal skin differentiation. The model also achieved a sensitivity
(SE) of 98.75%, demonstrating its effectiveness in detecting le-
sions and minimizing false negatives.

In summary, our model delivers high precision and robust
segmentation across dermatological datasets, excelling in fine-
grained tasks and showing significant practical potential.

4.3.7. FeatureMap Analysis
To evaluate the effectiveness of the WideFusion module,

VSS Block, and their fused representation, we conducted a de-
tailed analysis of feature maps at various network stages, in-
cluding Encoder1–4, Decoder1–4, and the BottleNeck. Specif-
ically, we visualized the feature maps generated by WideFu-
sion, VSSBlock, and their fused representation (PCVSSBlock)
to explore their individual contributions to the segmentation
task.

The analysis shows that WideFusion focuses on capturing
multi-scale local structures, such as subtle edges and bound-
aries, essential for fine-grained segmentation. VSSBlock, on
the other hand, excels at modeling global semantic information
and contextual relationships by using wavelet transformations,
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Figure 9: Results from the Skin Lesion and Thyroid Ultrasound Image datasets. Despite challenges such as diverse, blurred lesion areas and the high noise in
ultrasound images, our models achieve precise segmentation.

Table 7: Performance Comparison of Different Methods on the ISIC2017
dataset (Bold: Best, Underline: Second Best)

Methods Year Dice IOU ACC SE SP
UNet 2015 81.59 72.34 91.64 81.72 96.80

Attention-Unet 2018 80.82 71.73 91.45 79.98 97.76

DAGAN 2022 84.25 75.94 93.04 83.63 97.16

GFANet 2023 85.74 77.75 93.97 81.37 97.87

FAT-Net 2022 85.00 76.53 93.26 83.92 97.25

Ms RED 2022 86.48 78.55 94.10 - -

MobileUNETR 2024 86.84 79.00 94.46 85.18 96.93

EGE-UNet[65] 2023 88.77 79.81 96.42 89.31 98.16

LeaNe[66] 2024 88.89 78.93 95.72 90.63 97.72

VM-Unet-2[67] 2024 90.45 82.34 87.68 87.69 98.49

VM-Unet 2024 90.70 80.23 96.45 88.37 98.42

LightM-Unet[68] 2024 90.80 - 95.83 88.39 98.46

LUCF-Net 2024 91.16 83.79 92.74 93.23 97.77

MUCM-Net[69] 2024 91.20 - 96.72 88.24 98.29

Ours Disc 2024 90.15 82.75 94.86 93.98 98.72

Ours Rep 2024 90.81 84.10 96.95 94.72 99.48

Table 8: Performance Comparison of Different Methods on the PH2 dataset
(Bold: Best, Underline: Second Best)

Methods Year Dice IOU ACC SE SP
Unet 2015 89.00 81.70 93.16 90.66 95.07

Attention-Unet 2018 90.03 85.82 92.76 92.05 96.40

DAGAN 2022 92.01 - 94.25 83.20 96.40

HiFormer[70] 2023 94.27 89.48 95.49 94.98 94.18

FAT-Net 2022 94.40 89.62 97.03 94.41 97.41

Ms RED 2022 94.65 90.14 96.80 - -

MALUNet[71] 2022 94.76 90.06 - 94.23 97.72

AttSwinUNet[72] 2022 95.04 - 96.85 94.39 95.76

GFANet 2023 95.06 90.98 97.09 96.08 97.57

UNext 2022 95.16 90.81 - 95.24 97.75

ULFAC-Net[73] 2023 95.29 91.28 97.01 95.63 97.42

TransCS-Net[74] 2023 95.30 91.09 96.74 95.53 96.58

LUCF-Net 2024 95.50 91.44 97.25 96.51 95.81

MobileUNETR 2024 95.70 92.30 97.71 96.05 96.60

Ours Disc 2024 95.83 92.51 97.98 97.63 97.36

Ours Rep 2024 96.37 93.04 98.71 98.75 98.91
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enabling a comprehensive understanding of overall structure
and key boundaries. The fused PCVSSBlock feature map com-
bines the strengths of both modules, preserving local detail sen-
sitivity while incorporating global context. This complemen-
tary effect underscores the benefits of the two modules working
together, striking a balance between local precision and global
consistency in segmentation.

We also analyzed the multi-scale input-output characteris-
tics of our U-Net-based model. We used upsampling to align
the feature maps from various decoder depths with the origi-
nal image size, generating the DS-Out 1–3 outputs. Although
the understanding and recovery abilities of the decoders differ
by level, all decoders demonstrate strong recovery performance
at their respective feature levels. This indicates that the U-Net
architecture has strong multi-scale reconstruction capabilities
across different decoder levels, supporting segmentation tasks
effectively.

Figure 10: Comparison of Local and Global Feature Map Representations:
WideFusion, VSSBlock, Fused Representations, and DS-Out 1–3 Outputs

4.4. Ablation Study

4.4.1. Ablation Experiment on WideFusion Module

Table 9: Ablation Study of Convolution Selection in RepLKWideFusion Mod-
ule

Methods RV Myo LV Avg GFlops Params(M)
[3×3, 5×5, 7×7] 94.12 90.32 96.33 93.59 30.6 21.4
[5×5, 7×7, 9×9] 91.15 87.20 95.50 91.02 30.6 21.4

[3×3, (5, 3), (7, 3)] 94.43 90.27 96.61 93.77 68.8 47.2
[3×3, (7, 3), (9, 3)] 92.49 89.68 95.85 92.50 97.7 66.7

[(5, 3), (7, 3), (9, 3)] 92.43 90.11 96.14 92.55 110.6 75.4

This ablation study investigates the impact of various con-
volutional kernel configurations in the WideFusion module,
comparing traditional discrete convolutions in DiscWideFusion
with the reparameterized kernel design in RepLKWideFusion.

Using a combination of three discrete convolutional kernels
([5×5, 7×7, 9×9]), the model achieved an average DSC of

93.59%. This configuration effectively captures local details
and maintains low computational complexity but struggles with
fine detail capture in complex images. In contrast, the repa-
rameterized kernel configuration, such as [3×3, (5, 3), (7, 3)],
showed significant advantages. In this design, (5, 3) repre-
sents a combination of a 5×5 large kernel and a 3×3 small
kernel. Combining a larger kernel (5×5) with a smaller one
(3×3) expands the receptive field while maintaining low com-
putational complexity and capturing richer contextual informa-
tion. The reparameterization design leverages the complemen-
tary strengths of large and small kernels, enhancing the model’s
ability to capture fine details and model global contexts. This
configuration achieved an average DSC of 93.77%, with seg-
mentation accuracies for the right ventricle (RV) and left ven-
tricle (LV) at 94.43% and 96.61%, respectively.

Small kernels, such as 3 × 3, are effective at capturing fine
details and delineating boundaries, while larger kernels, such
as 7 × 3, increase the receptive field, allowing for a broader
contextual understanding. This strategic combination enhances
the model’s ability to perform precise segmentation in com-
plex medical image regions. Although the reparameterized con-
figuration introduces an increase in computational complex-
ity—evidenced by the rise in GFlops and the number of pa-
rameters to 68.8 and 47.2M, respectively—the performance
improvement, especially in fine-grained segmentation tasks, is
considerable.

4.4.2. Ablation Experiment on Loss Function Module

This experiment evaluates the generalizability of the pro-
posed Metric-Adaptive Loss (MAL) by testing it on our model,
the baseline U-Net, and FAT-Net, which is one of the top-
performing models in the current batch. The experiment uses a
skin lesion segmentation dataset containing lesions with com-
plex boundaries and diverse morphologies, making segmenta-
tion more challenging. The results show that MAL effectively
improves segmentation performance across various model ar-
chitectures, confirming its strong generalizability.

Table 10: Ablation Study of Loss Function

Methods Loss
ISIC2016 ISIC2017 PH2

Dice IOU Dice IOU Dice IOU

Unet
MAL 88.57 81.53 83.96 72.34 89.00 81.70

Dice Loss 86.52 75.13 79.98 63.43 88.58 79.50
Focal Loss 87.49 77.83 81.59 72.22 87.55 76.13

FAT-Net
MAL 92.03 85.98 86.18 76.75 94.95 90.38

Dice Loss 91.59 85.30 85.00 76.53 94.50 89.57
Focal Loss 91.39 84.21 83.35 74.07 94.40 89.62

Ours Disc
MAL 93.22 87.98 90.15 82.75 95.83 92.51

Dice Loss 92.96 86.89 86.18 76.75 94.40 89.55
Focal Loss 91.92 85.47 85.40 75.08 93.19 87.39

Ours Rep
MAL 93.40 88.16 90.81 84.10 96.37 93.04

Dice Loss 92.90 86.76 86.08 75.35 91.68 84.96
Focal Loss 90.37 80.02 90.32 83.73 93.95 88.77
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5. Conclusion

The PCMamba architecture introduced in this study inte-
grates the Mamba model with optimized convolutional struc-
tures, significantly boosting both coarse and fine-grained per-
formance in medical image segmentation tasks. For the Mamba
model, we designed SFiBlock, which enables joint feature ex-
traction in both time and frequency domains using DSConv and
wavelet transforms, strengthening Mamba’s ability to model
long-range dependencies. Additionally, we introduced two
innovative modules for the convolutional structure: the Dis-
cWideFusion module, which relies on discrete convolutions
and features a smaller number of parameters and reduced com-
putational complexity; and the RepLKWideFusion module,
which incorporates large kernel convolution reparameterization
techniques, focusing on improving segmentation accuracy and
accelerating large kernel convolution through FFTConv. More-
over, we proposed the Metric-Adaptive Loss (MAL) function,
which dynamically adapts training parameters based on key
metrics, significantly enhancing segmentation accuracy, partic-
ularly for complex regions like low-contrast boundaries.

Extensive validation on multiple medical datasets demon-
strates that PCMamba achieves exceptional efficiency and
strong generalization ability. The model has achieved SOTA
performance across multiple tasks, proving its stability and
outstanding performance in medical image processing. Our
research explores an innovative method that parallelizes the
Mamba architecture with convolutional operations, achieving
an effective trade-off between parameter size, computational
complexity, and segmentation performance. This approach suc-
cessfully addresses the challenge of balancing coarse and fine-
grained segmentation in medical image tasks and provides a
new perspective for future work, while offering a robust base-
line for related research.

In future work, we aim to delve deeper into dynamic kernel
adaptation mechanisms to further enhance PCMamba’s flexi-
bility and adaptability. Specifically, we will dynamically adjust
the size and shape of the convolutional kernels based on local
information in the input feature maps, enabling the model to
adaptively select the most suitable convolutional operation for
the current image characteristics. Furthermore, the scanning
mechanism of Mamba will also be explored as a potential inno-
vation direction in future research.
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