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ARTICLE INFO ABSTRACT
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pse.org/Synapse:syn3193805/wiki/217789, ht
tps://datasets.simula.no/kvasir-capsule-seg/, h
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Accurate medical image segmentation necessitates precise localization of global structures and local boundaries
due to the high variability in lesion shapes and sizes. However, existing models are limited by conventional
spatiotemporal features and single-network architectures, which restrict the simultaneous captures of semantic
information and boundary details, thereby challenging generalizable medical image segmentation. To overcome
these limitations, we propose a heterogeneous network-driven adaptive frequency-domain enhanced deep
model(AFDSeg). First, we introduce the Frequency Domain Adaptive High-Frequency Feature Selection(FAHS)
module, which adaptively extracts high-frequency features to enhance contour and detail representation while
integrating spatiotemporal and frequency-domain features for improved consistency. Additionally, Prototype-
Guided Low-Frequency Feature Aware(PFLA) and Local High-Frequency Salient-Feature Denoising (LHSD)
modules are developed, which extract discriminative low-frequency features while suppressing local noise in
high-frequency components, thereby facilitating efficient multi-scale feature fusion. Furthermore, the Multi-
Level Prototype Feature Refinement(MPFR) Module is introduced to align low- and high-dimensional features
during decoding and enhance semantic consistency. Finally, a heterogeneous network framework capable
of accommodating multiple network architecture for medical image segmentation is proposed. Our method
achieves mDice scores of 93.91%, 88.64%, 91.27%, 90.74%, and 81.38% on the Kvasir-SEG, BUSI, ISIC-
2017, ACDC, and Synapse datasets, respectively, and attains 92.09%, 93.50%, and 83.92% in cross-domain
experiments on three unseen datasets (Kvasir Capsule-SEG, BUS42, and M&Ms). Our approach consistently
outperforms state-of-the-art methods on both benchmark and cross-domain datasets. Extensive quantitative
and qualitative experiments demonstrated that AFDSeg accurately segments global structures and local details
while maintaining superior generalization, underscoring its clinical significance. The Code is available at
https://github.com/promisedong/AFDSeg.
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1. Introduction In recent years, end-to-end deep learning methods have achieved

remarkable performance in medical image segmentation [4-6]. These

Medical image segmentation is the process of partitioning medi-
cal images into meaningful regions, each corresponding to a specific
anatomical structure or pathological feature, thereby providing accu-
rate quantitative information and visualization support for clinical ap-
plications, such as precise diagnosis, treatment planning, surgical nav-
igation, and organ reconstruction [1]. However, the rapid increase in
medical image volumes in recent years, along with diverse image types,
complex pathological features, blurred lesion boundaries, and noise,
has introduced significant challenges to accurate segmentation [2,3].
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methods can be classified into three categories based on their net-
work architecture. The first category includes CNN-based methods,
which rely on convolution and pooling operations. Notable examples
include DeepLabV3 [4], which employs dilated convolution, and the
U-Net series [7], characterized by its U-shaped architecture; Spatial
information embedding-boundary shape characteristics (SIE-BSC [8])
captures multimodal spatial information and boundary shape charac-
teristics using a convolutional neural network. These models effectively
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Fig. 1. Segmentation performance of various model architectures on the Synapse
dataset [21]. Most previous methods rely on a single network architecture and
overlook adaptive joint spatiotemporal and frequency-domain feature extraction for
the progressive coupling of normal tissues and lesions (organs) in medical images. We
revisit the role of the frequency domain in feature extraction and introduce AFDSeg,
which outperforms previous state-of-the-art methods in segmentation performance.

extract local features but have limited global context awareness and a
weaker ability to capture long-range dependencies. The second cate-
gory consists of Transformer-based methods, such as SETR [9], Swin
Transformer [10], and DAE-former [5], which utilize self-attention
mechanisms. These models excel at capturing global dependencies
and generalize effectively. However, pixel-level feature extraction and
high computational resource requirements limit such methods. The
third category includes the Mamba method based on the Selective
State Space Model (SSM) [11], such as the VM-Unet [6] and VM-
Unetv2 [12], which are computationally efficient and perform well
with long sequences. However, due to its specialized scanning mode,
it can exacerbate domain-specific biases, limiting its adaptability to
new domains. Despite the promising segmentation performance of
these methods, challenges remain in achieving precise medical image
segmentation.

Recently, two emerging techniques have garnered significant atten-
tion in medical image segmentation. Developing heterogeneous deep
learning frameworks that integrate the strengths of different architec-
tures can enhance segmentation accuracy. For instance, the popular
TransUnet [13] integrates Transformer with U-Net by embedding the
self-attention mechanism of Transformer into U-Net’s backbone. This
combination leverages the advantages of both architectures, making it a
powerful tool for medical image segmentation. Similarly, GED-Net [14]
proposes a heterogeneous network architecture that combines a dual-
branch network with a graph neural network, substantially improving
the accuracy and robustness of lesion segmentation in ultrasound im-
ages. These approaches offer new insights into feature complementarity
in heterogeneous networks, effectively boosting segmentation perfor-
mance by utilizing the strengths of different frameworks. Contrarily,
the frequency domain offers a novel analytical perspective to capture
frequency characteristics that are challenging to extract using spa-
tiotemporal domain features in deep learning frameworks [15-17]. This
approach mitigates the impact of significant feature variations such as
morphology, size, and color, thereby enhancing the generalization abil-
ity of deep learning networks. For instance, methods like GLFNet [18],
GFUNet [19], and FreqMamba [20] extract frequency domain features
within Transformer, CNN, and Mamba architectures, respectively, each
demonstrating enhanced performance in related vision tasks.

However, despite advancements in recent studies, several challenges
remain unaddressed. (1) Efficient feature interaction in heterogeneous
networks: Although existing heterogeneous networks have improved
feature fusion, the complementary enhancement effect across mod-
els remains insufficient. This limitation is particularly pronounced in
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the precise segmentation of complex anatomical structures, restrict-
ing their applicability to a limited range of lesions and leading to
poor generalization performance. (2) Joint learning of temporal and
frequency domain features: Although some studies have attempted to
integrate frequency-domain and spatiotemporal-domain features within
a single deep learning framework, most rely on simple feature concate-
nation or linear weighting strategies, exhibiting significant limitations
in cross-domain feature interaction mechanisms. (3) Effective coupling
of different frequency band features: Current frequency-domain meth-
ods primarily focus on extracting global high-frequency features while
neglecting low-frequency components. This imbalance hinders the rep-
resentation of fine-grained details, leading to blurred boundaries and
topological distortions. To address these challenges, this paper plans
to utilize frequency-domain features as a bridge for heterogeneous
network learning and design a generalized heterogeneous network with
adaptive feature enhancement across temporal and frequency domains,
enabling precise segmentation of irregular lesions and organ boundary
details.

This study introduces an adaptive frequency-domain enhanced deep
model driven by heterogeneous networks (AFDSeg) for medical image
segmentation. Experimental results (see Fig. 1) demonstrate that AFD-
Seg significantly outperforms existing methods, validating the effective-
ness of our approach. AFDSeg adaptively learns both high-frequency
and low-frequency features in the frequency domain while facilitating
the integration of diverse heterogeneous networks for feature percep-
tion and interaction. First, we propose the Frequency domain Adaptive
High-Frequency Feature Selection (FAHS) module, which selectively
extracts high-frequency features and amplifies their most informative
components to enhance feature representation. Next, we develop the
Prototype-Guided Low-Frequency Feature Aware (PFLA) module to
improve the extraction of low-frequency features and ensure their
effective coupling with high-frequency features. To suppress the noise
interference in shallow detail features, we introduce the Local High-
Frequency Salient-Feature Denoising (LHSD) module to mitigate local
noise in high-frequency features. We then develop the Multi-Level
Prototype Feature Refinement (MPFR) module to align low-dimensional
and high-dimensional semantic features. Finally, we propose a het-
erogeneous network framework that supports multiple deep learning
architectures, embedding the aforementioned modules as plug-and-
play components, providing a versatile heterogeneous network-driven
frequency-domain enhanced learning network. With the proposed de-
sign, our AFDSeg model accurately captures both global boundary
structures and local details. Extensive experiments on medical image
segmentation across multiple modalities and disease types, including
rigorous evaluations on five public datasets and three unseen cross-
domain datasets, demonstrate the superior performance of the proposed
method.

In summary, the main contributions of this paper are as follows:

(1) We propose a novel heterogeneous network-driven adaptive do-
main enhancement deep model, which enables efficient cross-
model feature interaction, cross-temporal-frequency domain fea-
ture coupling, and adaptive frequency-domain feature selection
within a dual-stream heterogeneous network composed of a lo-
cal perception branch and a global context branch. These ad-
vancements significantly improve medical image segmentation
performance.

(2) A multi-scale frequency band selection mechanism is introduced
to enable the adaptive fusion of high-frequency fine-detail fea-
tures and low-frequency structural components. Specifically, the
FAHS module adaptively selects high-frequency domain features
by progressively coupling temporal- and frequency-domain fea-
tures, ensuring spatially invariant feature representation and
enhancing precise lesion boundary localization. Meanwhile, the
PFLA module amplifies pathological response signals in low-
frequency features, significantly improving sensitivity in detect-
ing diffuse lesions.
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(3) The Hierarchical LHSD module is designed to create dedicated
channels for fine-detail components and contextual features dur-
ing the encoding stage, effectively reducing semantic interference
from detailed features in the contextual representation. Addi-
tionally, the MPFR module ensures semantic alignment across
diverse scales through a dynamic feature calibration mechanism,
preserving structural integrity in feature representations.

2. Related work
2.1. Medical image segmentation

Recently, deep learning has significantly enhanced image feature ex-
traction, through data-driven network architectures, achieving remark-
able success in medical image segmentation. Based on their backbone
architectures, medical image segmentation methods can be categorized
into CNN-based, Transformer-based, Mamba-based, and Heterogeneous
network-based approaches.

CNN-based. CNNs can automatically learn hierarchical features
from image; remain robust to image noise, blurring, and contrast
variations, and provide high segmentation accuracy, adaptability, and
scalability [4]. Among them, the U-Net series [7] with its symmetric
structure and skip connections, effectively overcomes the limitation
of CNNs in capturing pixel-level contextual information, leading to
widespread use in medical image segmentation and the development
of numerous various variants [22-25]. For instance, Res-UNet [26] in-
corporates residual connections between convolutional blocks to ensure
that lesions or tissues are preserved as the network deepens. AFC-
Unet [24] integrates a Multi-Scale Fusion Attention Gate (MFAG) mod-
ule and pyramid sampling to combine multi-scale features, reducing
spatial information loss caused by traditional convolution features. SIG-
Unet [25] introduces a shape-intensity attention block to refocus the
decoder on shape and intensity features, minimizing texture bias and
further improving the generalization of U-Net variants in medical image
segmentation. AHF-Unet [27] incorporates spatial and channel-level
dual attention mechanisms, along with hierarchical attention-enhanced
skip connections, enhancing the model’s ability to comprehensively
understand images. These variant models have achieved performance
improvements in different medical image fields through unique in-
novations, but still face challenges such as weak global information
modeling and heavy reliance on large annotated datasets [28].

Transformer-based. The Transformer [29] replaces convolution
with an attention mechanism as its core component. By assigning differ-
ent weights to information across various spatial positions, the model
enhances its ability to capture features in distinct subspaces. The Swin
Transformer [10] utilizes shifted windows to independently compute
self-attention within each local window, facilitating feature interac-
tion across windows while reducing computational load and improv-
ing local feature extraction capabilities. Accordingly, SwinUnet [30]
employs Swin Transformer blocks to construct an encoder, decoder,
and bottleneck, enabling the capture of both local and global im-
age features. SETR [9] designs three upsampling methods Naive up-
sampling, progressive upsampling, and multi-level feature aggregation
within the encoder-decoder framework, enhancing segmentation per-
formance. SDV-TUNet [31] incorporates sparse dynamic encoding and
edge feature extraction into a Transformer-based backbone, thereby
achieving outstanding performance in MRI brain tumor segmentation.
MISSFormer [32] enhances medical image segmentation by designing
an improved Transformer feature alignment module and a context
bridging module, capturing more valuable dependencies and contextual
information. DAE-former [5] constructs a dual-attention mechanism
and a skip connection crossover module to model contextual features
and effectively preserve low-level features, yielding finer segmentation
results. NA-SegFormer [33] utilizes a neighborhood attention mecha-
nism and overlapping patch fusion to improve edge segmentation ac-
curacy within the Transformer framework, achieving significant results
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in colorectal polyp segmentation. In summary, Transformer excels in
global context modeling, but its generated low-resolution features may
lack fine-grained details, potentially leading to insufficient boundary
localization accuracy.

Mamba-based. The Mamba framework is built on the Structured
State Space Model (SSM) [34], which efficiently handles long sequence
data through selective scanning mechanisms and hardware-aware algo-
rithms. In visual tasks, images need to be transformed into sequential
data. VMamba [34] introduces a cross-scan module (CSM) and a four-
way scanning mechanism to traverse the spatial domain, achieving
linear complexity without sacrificing global receptive fields, thereby
enhancing visual feature learning. VM-Unet [6] combines VMamba
with U-Net to propose a U-shaped architecture for medical image
segmentation. It replaces the convolutional modules in U-Net with the
Visual State Space (VSS) block from VMamba, capturing context, and
constructs an asymmetric encoder-decoder structure. VM-Unetv2 [12]
further incorporates semantic and detail attention mechanisms to en-
hance the fusion of features at different levels. Overall, the Mamba
model overcomes the limitations of traditional models with its excel-
lent computational efficiency and flexibility, demonstrating significant
potential in medical image segmentation.

Heterogeneous network-based. Recently, heterogeneous networks
that integrate two or more distinct deep learning frameworks have
gained significant attention [35]. For instance, as mentioned earlier,
TransUnet [13], VM-Unet [12], and NA-SegFormer [33] have explored
the use of dual-framework approaches to enhance segmentation per-
formance. Specifically, heterogeneous network-driven approaches for
medical image segmentation can be categorized into two types: (1)
Feature fusion-based approaches. For example, Mamba-UNet [36] en-
hances multi-level feature modeling and integration by incorporating
the VMamba module into the encoder-decoder architecture with skip
connections. This design effectively captures long-range dependencies
in medical images while maintaining computational efficiency. Sim-
ilarly, Zhu et al. [37] integrate Swin Transformer and CNN, where
the Transformer performs global semantic modeling and the CNN fo-
cuses on local edge detection. Multi-level feature fusion is further
achieved through graph convolution. (2) Knowledge distillation-based
approaches: These methods employ entropy or divergence measures
for adaptive feature alignment in heterogeneous networks [38]. For
instance, DW-KD [39] enhances the robustness of brain tumor seg-
mentation by introducing a regularized cross-entropy loss with con-
trolled noise in a knowledge distillation-based heterogeneous network.
Meanwhile, AWM-KD [40] improves medical image segmentation by
focusing on intermediate and high-level feature mapping relationships
between multiple teacher and student models. Overall, although the
aforementioned approaches have advanced multi-level feature fusion
and feature alignment, further improvements are required to achieve
more efficient feature interactions. Moreover, current heterogeneous
network methods are primarily designed for specific application sce-
narios, and a general heterogeneous network-driven framework for
universal medical image segmentation has yet to be developed. This
study proposes a heterogeneous network-driven framework for medical
image segmentation, laying the foundation for seamlessly integrating
CNNs, Transformer, and Mamba frameworks across different medical
applications to achieve superior segmentation accuracy.

2.2. Frequency domain feature learning

Existing neural networks continue to exhibit suboptimal perfor-
mance in image segmentation tasks involving lesions and surrounding
tissues with high similarity or organs with unclear boundaries. This
occurs because they rely solely on spatio-temporal domain feature
analysis, leading to the loss of object-level features between differ-
ent structures. Conversely, frequency-domain feature analysis yields
higher accuracy, as distinct object features are preserved in different
frequency components. Recent studies have explored the integration
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of frequency domain feature learning into deep learning models. For
example, FFC [17] leverages Fourier spectral theory to enable non-local
receptive field feature extraction in deep learning models. GFNet [16]
employs Fourier transforms and learnable global frequency-domain
filters to balance computational complexity and classification accuracy.
GLFNet [18] integrates the Transformer architecture with a global-
local filter module to efficiently extract frequency-domain features,
thereby accelerating feature extraction computations. Huang et al. [41]
proposed the frequency domain attention (FDAM) workflow, which
introduces a small number of parameters in CNNs to capture intra-
class frequency relationships and suppress interference noise. Although
existing studies offer solutions for frequency domain feature extrac-
tion, they still face limitations in medical image segmentation tasks
under complex conditions. Therefore, GFUNet [19] introduced a global
frequency domain architecture for medical image segmentation, com-
bining Fourier transforms with the U-net structure to achieve powerful
feature extraction while reducing computational complexity. FDFU-
Net [42] designed a multi-scale frequency domain filter that com-
bines frequency domain and spatio-temporal domain features to extract
global and local features, effectively utilizing feature information from
all channels. PSTNet [43] proposed a frequency characteristic attention
module that integrates frequency cues from low-level features into
feature representation, efficiently merging global and local features.
This allows the model to accurately distinguish polyp tissues from sur-
rounding normal tissues in RGB images with low contrast and blurred
polyp boundaries.

These studies demonstrate that incorporating frequency domain fea-
tures in image segmentation tasks can effectively enhance the feature
extraction capabilities of networks, improve model generalization, and
reduce interference between lesions and normal tissues in medical

images. However, current research primarily focuses on integrating
frequency domain features within a single disease type and a single net-
work architecture. Further exploration is required to develop general-
purpose medical image segmentation models and improve feature inter-
actions across different network architectures. Accordingly, this study
introduces an adaptive coupling mechanism for spatio-temporal and
frequency domain features driven by heterogeneous networks, to en-
hance the ability of the model to capture both local and global features
for medical image segmentation. Our approach addresses feature mis-
alignment at the object level, enabling general-purpose medical image
segmentation.

3. Methodology
3.1. Overview of the AFDSeg

Fig. 2 illustrates our proposed AFDSeg, a hybrid encoder-decoder
architecture driven by heterogeneous CNN-Transformer components,
where modular design enables flexible integration of diverse feature
extractors. The CNN component in the feature encoding stage consists
of three branches: (1) the denoising branch, (2) the spatial-domain
branch, and (3) the frequency-domain branch. Through feature inter-
action and aggregation from multiple perspectives during encoding,
it effectively addresses the challenges posed by highly irregular le-
sions and the poor segmentation accuracy of diffuse tissues in medical
images.

Specifically, the denoising branch is composed of the Local High-
Frequency Salient-Feature Denoising (LHSD) module, which aims to
remove low-frequency noise from local high-frequency features. The
spatial-domain branch consists of the Prototype-Guided Low-Frequency
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Feature Aware (PLFA) module, which highlights the low-frequency
components of high-frequency features by leveraging prototype fea-
tures obtained through multi-level pooling operations. The frequency-
domain branch is built upon the Frequency Domain Adaptive High-
Frequency Feature Selection (FAHS) module, which utilizes a Fourier
transform to convert spatial-domain features into frequency-domain
features, enabling adaptive extraction of high-frequency textures and
detailed features in the frequency domain.

The feature encoding layer is designed based on ResNet50 and
integrated with the aforementioned modules to form the feature en-
coder. Additionally, in the decoding stage, we introduce the Multi-Level
Prototype Feature Refinement (MPFR) module, which enables efficient
perception and alignment of multi-scale feature components.

The Transformer part includes an encoder composed of Overlap
Patch Merging and Transformer Blocks, while the decoder consists of
Linear layers and convolutions.

It is particularly worth noting that the framework we propose is
a universal heterogeneous network framework. Specifically, the core
components of the framework in Fig. 2(a) are plug-and-play and can
be freely combined with other networks such as Transformer and
Mamba. We will conduct a detailed evaluation of their combinations
in Section 4.6.

3.2. Prototype-guided low-frequency feature aware module

During the feature extraction process, existing models typically
use convolutional operations for downsampling because convolution
operations exhibit good spatial invariance, promoting effective feature
associations between key points and neighboring features. However,
neither skip nor residual connections in convolutional operations can
capture global semantic information (low-frequency features). This
study introduces representative global features using prototype features
and develops a PLFA module to enable the model to focus on perceiving
low-frequency feature information related to the segmentation target
while retaining high-frequency features. Thus, the study resolves the
challenge that convolution cannot effectively utilize low-frequency fea-
tures. The PLFA module is shown in Fig. 2(c) and its specific operation
is as follows:

(1) First, we divide the input feature Z, € RMwXe jnto two branches.
The first branch applies a 1 x 1 convolution operation to obtain Z, €
RMwXer  Subsequently, Z, undergoes max pooling and average pool-
ing respectively along the channel dimension. Through these different
pooling operations, the network further enhances its perception ability
of multi-scale low-frequency features. Then, the features are superim-
posed along the channel to obtain the feature Z; € R'*!X2, Next, a
fully connected operation is utilized to construct the low-frequency
prototype feature and further smooth the low-frequency feature to
obtain the feature P, € R™!X¢1, Finally, considering that multi-scale
pooling operations may disrupt the spatial continuity and local feature
expression to some extent, we perform a tensor dot product between Z,
and Py, resulting in a new feature P, € R"™™“*¢1 that retains continuous
expression and can perceive the strength of low-frequency features.

Z, = Conv,,(Zy), (@]
f1 = Avgpool(Z,), [, = Avgpool(Z,), Z3 = cat((f,, f>), axis = —1), 2

P, = Sigmoid(Transpose(Linear(Z3))), P2 = Z, @ P,. 3)

(2) In the second branch, we perform local feature extraction on the
input feature Z, € RMwXe ysing the CBA (Conv + BN + ReLU) module
and a 3 x 3 convolution to obtain F € R/™*wxci,

F = Convsy5(CBA(Z))). @

(3) Finally, we concatenate the features of P, and F to obtain F, €
RMwXe " enabling effective feature aggregation of different modalities.

Fy = cat((P,, F), axis = —1). 5)
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Herein, Sigmoid is an activation function mapping inputs to [0,
11, Transpose refers to feature tensor transposition, Linear denotes a
fully connected layer, Conv is the convolution operation, Avgpool is the
average pooling operation, ® represents element-wise multiplication,
and cat indicates feature concatenation along the specified axis.

Through the above operations, the perception of strongly correlated
low-frequency features is further enhanced through prototype guid-
ance, thereby improving the generalization ability of feature extraction
in complex medical image segmentation scenarios.

3.3. Local high-frequency salient feature denoise module

Further denoising of easily interfering low-frequency features from
shallow detailed features is a crucial issue that requires considera-
tion in medical image segmentation. Existing methods primarily ex-
panded feature perception by altering feature dimensions; however,
high-frequency details are often lost during this process. To further
remove noise interference from high-frequency features, we design
the Local High-Frequency Salient-Feature Denoising (LHSD) Module to
denoise low-frequency features interfering with high-frequency features
through multi-stage convolution operations, as illustrated in Fig. 2(b).

First, to extract salient low-frequency features from the high-freq
uency compo?eur}ts of local features, 'yviperforrn down-sampling on the
input F, € R2*2% to obtain F, € Rs* ", Then, we conduct two 3 x 3
convolution operations on F; without changing the feature resolution
but only altering the feature channels to obtain P € R"<“*¢1, Afterward,
P and the upsampled F, are concatenated along the channel dimension
to obtain P, € Rgx%’“‘. This simple sampling operation allows the
model to further enhance local features at minimal cost while enabling
effective interaction between local and global features. Subsequently,
P, undergoes a 3 x 3 convolution, a 3 x 3 dilated convolution with
a dilation rate of 2, and a 1 x 1 convolution in sequence, aiming to
suppress feature noise ugind produce the refine feature representation,
denoted as feat € R2*2%¢, Finally, the PLFA module is used to denoise
the features via multi-scale prototype guidance. Egs. (6)-(7) can be
used to describe the above process.

F, = Downsamoley(F),

P = Conuj  (F)).
P, = Convsys(cat((Up(F,), P), axis = —1)), 6)
feat = PLF A(Conv,y(Convgysy g2 (P))))- )

where Downsample;, Up and C"””ékxk), 4=y Tepresent downsampling,
upsampling and convolution operations, respectively, j denotes the
downsampling factor, i indicates the number of convolution operations,
k refers to the convolution kernel size, and d represents the dilation

rate.

3.4. Frequency domain adaptive high-frequency feature selection module

Compared to convolution and pooling operations, the frequency
domain accurately reflects the distribution of low- and high-frequency
features. The key step in medical image segmentation is to efficiently
extract the most discriminative high-frequency features.

To fully leverage the progressive coupling of temporal and fre-
quency domain features for feature extraction, we propose the FAHS
module(see Fig. 2(b)), which effectively combines the spatial invari-
ance of convolution and pooling in the spatiotemporal-domain to
capture feature correlations. Additionally, it adaptively selects high-
frequency features in the frequency domain to further enhance the
effective components of the high-frequency features, thereby improving
the ability to capture high-frequency details.
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The FAHS module first applies the Discrete Fourier Transform (DFT)
to map the input features f; € R"*W*C into the frequency domain:

H-1W-1
1 —27j(kh+lw
F(e,k,1) = h,w, jlkh+hw) 8
(e k.0) wa%%f‘( w, c)e ®

where F € RH*XWXC represents the complex domain output from the
DFT. H and W denote the height and width of the feature, respectively,
while h, w and ¢ correspond to the feature f,’s position in the feature
map. The height and width in the frequency domain are defined by |k|
and |/|, where k is drawn from the set {0. L , % }, and [ is drawn
from the set {0, % e %}.

Further, the frequency domain feature F and the high-pass mask
feature mask € RH#*W*C are subjected to a tensor dot product operation
to obtain the sharpened high-frequency feature F € R¥**WXC  Then,
the inverse Fast Fourier Transform (iFFT) is applied to convert the
frequency domain features back to the spatio-temporal domain. The
above operations are expressed in Egs. (9)-(11).

B RREE

mask = Ones(H, W, C). (C)]

mask ”%] — filter window size : [%] + filter window size,

10)
[%] — filter window size : [%W + filter window size] =0.
FM09 = i FFT(F"9 @ mask ). a1

Subsequently, through pooling and convolution operations, the feature
space invariance is efficiently utilized to establish feature correlations
in the time domain. A global denoising operation is applied to the
input high-frequency feature f, to obtain the low-frequency, high-
perception signal f, € R™!XC from the high-frequency features in the
spatiotemporal-domain, as shown in Eq. (12).

f> = Convyy  (Avg Pool(f))). 12)

Herein, f,, F) contain high-response low-frequency features and high-
frequency salient feature information, respectively. To enable effective
feature interaction across different modalities, an adaptive approach is
adopted for the network to mine feature information. Specifically, we
introduce learnable tensors |¢| = 0.995, |a|] = 1 — [¢|. In the feature
mining process, F, € RFXWXC gerves as the guiding feature, and after
adaptive feature interaction, we obtain feature P € R¥*WXC which
possesses both global high-response and local high-frequency feature
representation capabilities. Considering that with increasing network
depth, some representative fine-grained high-frequency features such
as details and textures may be easily lost, we employ skip connections
to concatenate the input features f, and P along the channel dimen-
sion. Subsequently, convolution operations are applied to obtain the
adaptive high-frequency features P; € RI*W*C  as shown in Eq. (13).

F, =¢x*(F ® f),
P=F+axF,
P, = Conv,y(cat(f, CBA(P)), axis = —1). 13)

Herein, ® denotes the tensor dot product operation, and * represents
multiplication by a scalar.

To provide a more detailed description of the execution process of
the above modules, we present the following pseudocode (see Algo-
rithm 1):

3.5. Multi-level prototype feature refinement module

Multi-scale features exhibit inconsistent semantic feature expres-
sions, which present challenges for feature alignment. In the learning of
frequency domain features, the interference of certain high-frequency
feature components may cause category shifts among features, thereby
influencing segmentation performance [15]. Further investigation re-
veals that the deep semantic features of low resolution are primarily
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Algorithm 1 Frequency Domain Adaptive High-Frequency Feature
Selection Module

Input: Spatial domain feature f, € RI*WXC| Learnable parameters
a,¢, Frequency domain filtering window size patch_h.
Output: Coupling high-frequency features P, € REXWXC,
1: Get spatial domain low-frequency feature capture: f, <«
Conv, . (AvgPool(f)))
2: Get features transformed (based on Eq. (8)) F(c,k,!) from the
spatial domain via Fourier transform (FFT).
3: Get high-frequency filtering window mask generated: mask <«
Get_highfilter mask(h, w, c).
: for h = [%] — patch_h to [%] + patch_h do
for w = [%] — patch_h to [%] + patch_h do
maskl[h,w] < 0
end for
: end for
: Apply iFFT to convert frequency domain features to spatial domain
feature: F{"'° « {FFT(F"©) @ mask("-1)
10: Adaptive spatial-frequency domain feature coupling: F, « ¢ =
(F; ® 1)
11: Progressive feature fusion: P = F, + a * F;
12: Residual enhancement of coupled
Conv, (cat(f,, CBA(P)), axis = —1)
13: return P,

features: P, -

dominated by low-frequency feature signals, while the detailed fea-
tures of high resolution comprise high-frequency signals. Expressing
the high-response features in the low-frequency domain can effectively
mitigate the offset problem in the process of feature alignment.

Accordingly, we design the MPFR(see Fig. 3) to use prototype
features for the correction and alignment of multi-scale features. The
specific operations are as follows.

(1) A top-down feature alignment approach is employed. For the
input high-resolution detahil features X € R>wXer and low-resolution
semantic features ¥ € Rix%xq, Y is first upsampled and then con-
catenated with X along the channel dimension. Subsequently, feature
alignment and refinement are performed using a 3 x 3 convolution and
an activation function to obtain f € R™®X¢  as shown in Eq. (14).

f = ReLU(Convsys(cat(X,Up(Y)), axis = —1)). 14

(2) Then, f is successively subjected to average pooling, a 3 x 3
convolution, and an activation function to obtain the low-frequency
prototype feature p € R™*1%¢, as shown in Eq. (15).

p = ReLU(Convs,5(Avg Pool(f))). (15)

(3) Further, we perform global-scale low-frequency semantic infor-
mation interaction on p: First, the prototype feature p is subjected
to feature probability mapping, expressing the prominent part of the
low-frequency feature information to obtain p; € R"™®X¢, Then, the
corrected feature f is tensor-multiplied with p, to explore the semantic
consistency between different modal features, resulting in a more re-
fined p, € R"¥“X¢_Finally, P, and f are integrated and fused to obtain
the decoded feature F,,, € R"*X¢  as shown in Eq. (16).

out
7 = Sigmoid(p),
1

1+ e Phie)
p(ziqjsf) — f(ivjvf) ®p(1i’j’c),
(ije) _ (0..0) (i.j.c)
FEI9 = i) g flige, (16)

where i and j are the coordinate mappings of the feature points of f,
and c is the feature category information, @ represents the tensor plus
operation, ® represents element-wise multiplication.
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Fig. 3. Multi-Level Prototype Feature Refinement (MPFR) module.
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Fig. 4. General heterogeneous network architecture. (a + b) Our proposed the heterogeneous network-driven architecture; (b) CNN-Transformer network; (c) CNN-Mamba network.

3.6. Architecture of heterogeneous networks

To fully leverage the advantages of different network architec-
tures, a universal heterogeneous network framework is proposed for
medical image segmentation, as shown in Fig. 4. Specifically, we use
the CNN architecture as a local feature extractor and employ the
Transformer/Mamba architectures for capturing long-range contextual
semantic features. In the decoding layer, we perform deep soft su-
pervision learning between the heterogeneous networks features and
compute the L, (as detailed in Section 3.7). Among them, multiple
networks can be selected for CNN, Transformer, and Mamba archi-
tectures, including ResNet50 and ResNet101 for CNN, MiT-B1 and
MiT-B5 for Transformer, while Visual-Mambav1l and Visual-Mambav2
for Mamba. We will conduct a detailed evaluation of the different com-
binations of these heterogeneous networks in the ablation study. No-
tably, our heterogeneous network structure and the proposed frequency
domain feature learning module follow the plug-and-play model.

3.7. Loss function

In this section, we elaborate on the loss functions utilized by AFDSeg
during the training process. For the classification loss, we employ L ;..
and L., for pixel regression discrimination. For feature soft supervision
between heterogeneous models, we use L, for feature alignment.

Lyice(pir1) =1
N «J c
AT, Ly T A 4
Y C  (mje) | (nj0) N v/ C | (mj.0) (mjc) >
2o ijo Zc:U(Pi +N -2, Ej:(l Zr:()(pi ) +e

C-1H-1W-1

L.o(pir) =— 2 Z rih.w)lag(pih,w.c)).
c=1

where n and j represent the value of the jth element in the nth batch of
data. To prevent division by zero, ¢ is introduced as a smoothing factor.
p; € RIXWXC denotes the predicted class probability, 1, € RFXW*C

17

represents the true class label, and r;, € R indicates the true
classification One-Hot label.
For the soft supervision between features, we use L4, as shown

below.

B-1H-1,W-1
£SA( (h,w. c) (h w, c)) Z Z (h w,e) _ qsh,w,c))z. (18)
b— h,w=0

where B represents the batch size, i denotes the feature layers at
different scales, and A, w, and ¢ represent the feature resolution in
terms of height, width, and channels, respectively.

Finally, our loss function can be represented as £, .

L,rq(0) = arggnin(exp(ﬁdim(e) + L,..(0)+ Lga(0)). (19)
Herein, 0 denotes the network parameters optimized by the loss func-
tion. Overall, deep feature soft supervision between heterogeneous
networks effectively facilitates the interaction between their features.
We apply an exponential function to scale the classification loss, en-
abling the network to address the pixel distribution imbalance be-
tween positive and negative samples and promote weak gradients from
fewer pixels to positively contribute to the classification gradients. For
an ablation study, we conducted a more detailed evaluation of the
combinations of loss functions.

4. Experiments and analysis
4.1. Experimental datasets

In this study, we conducted extensive experiments on five publicly
available datasets involving different medical imaging modalities and
disease types, i.e., the Kvasir-SEG dataset [44] for polyp segmenta-
tion in colonoscopy images, the BUSI dataset [45] for breast tumor
segmentation in ultrasound images, the ISIC 2017 dataset [46] for
melanoma segmentation in dermoscopic images, the ACDC [47] for car-
diac segmentation in MRI, and the Synapse dataset [21] for abdominal
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Description of training samples in the datasets and explanation of relevant parameters during model training.

DatasetName Train Test Data augmentation Max epoch Division mode
Kvasir-SEG 800 200
ISIC 2017 2000 750 1000
Benign 349 88 HFlip, VFlip, RandomRotate Random
BUSI Malignant 168 42
Mixed 517 130 2000
SA;rfe)l(;:)se 1222 égg() HFkip, VFlip, RandomHue, RandomSaturation; RandomBlur, RandomBrightness ;gg Official division

multi-organ segmentation in CT images. Among them, the Kvasir-SEG,
BUSI, and ISIC 2017 are binary segmentation tasks, while ACDC and
Synapse are multi-class segmentation tasks. The following are detailed
descriptions of each dataset.

1. Kvasir-SEG: The Kvasir-SEG is a pixel-level colorectal polyp
endoscopic dataset, consisting of 1000 gastrointestinal polyp im-
ages along with their corresponding segmentation masks. These
images have been annotated and verified by experienced gas-
troenterologists from Vestre Viken Health Trust in Norway.

2. BUSIL: BUSI is a breast tumor ultrasound image dataset, con-
sisting of 780 images from 600 female patients aged 25 to 75,
collected using the LOGIQ E9 Agile ultrasound system. Each
image has an average size of 500 x 500 pixels. The images are
classified into three categories: normal, benign, and malignant.
In this paper, we perform binary segmentation tasks for the be-
nign, malignant, and mixed benign and malignant breast tumors
in the BUSI dataset respectively.

3. ISIC 2017: The ISIC 2017 dataset is a large-scale dermoscopic
image collection released by ISIC, aimed at melanoma detection
on the skin. It consists of 2750 dermoscopic images, with 2000
images allocated for training, 150 for validation, and 600 for
testing. Each image is annotated with binary masks by profes-
sional dermatologists. To assess the performance of our method,
we combine the validation and test sets during the evaluation
phase, resulting in a total of 750 test images. This introduces a
certain level of challenge for our approach.

4. ACDC: The ACDC dataset originates from the MICCAI 2017
Automated Cardiac Diagnosis Challenge, which focuses on the
segmentation of the left ventricle (LV), right ventricle (RV),
and myocardium (MYO) in the diastolic and systolic phases of
cardiac MRI. Accurate segmentation of these cardiac structures
is crucial for evaluating heart function. Specifically, the ACDC
dataset includes data from 150 patients, with a total of 2978
image slices.

5. Synapse: The Synapse dataset comes from the MICCAI 2015
Multi-Atlas Abdomen Labeling Challenge and consists of 30
abdominal CT scans, comprising a total of 3779 axial contrast-
enhanced clinical abdominal CT images. Following TransUnet
[13], the dataset is split into 18 scans for training and 12
scans for testing. We resize the resolution of each slice image
to 224 x 224. The segmentation involves 8 abdominal organs,
i.e., Aorta, Stomach, Left Kidney, Right Kidney, Gallbladder,
Pancreas, Liver, and Spleen.

4.2. Implementation details

The hardware environment for this study consists of a computer
configured with an Intel Xeon Gold 6326 CPU and NVIDIA A100 GPU.
The software environment is developed on an Ubuntu 20.04.4 LTS
system, featuring Python 3.9.13 and the PyTorch 2.5.1+cul24 deep
learning library. The AdamW optimizer is used with a cosine annealing
learning rate schedule. The minimum learning rate is set to 1e—6, the
maximum learning rate to 2.5e—4, and the weight decay rate is 1le—3.
During network training, all images are resized to 224 x 224. The

number of training and testing samples for each dataset, along with
the data augmentation methods and relevant parameters, are listed in
Table 1.

4.3. Evaluation metrics

For experimental evaluation, we use dice coefficient (Dice), Inter-
section over union (IoU), sensitivity (SEN, i.e, Recall), specificity (SPN),
overall pixel Accuracy (ACC), and mean class pixel Accuracy (mCPA)
as the primary evaluation metrics. They are defined as:

Dice = — 2XTP (20)
2XTP+ FP+ FN

JoU=— TP 21)
TP+ FP+ FN

Sen(Recall) = L (22)

TP+ FN
TN

SPE = —— 2
TN+ FP 23)

AcC - TP+TN o0
TP+ FP+TN+ FN

cpa= TP (25)
TP+ FP

where true positive (TP), true negative (TN), false positive (FP), and
false negative (FN).

4.4. Comparison with state-of-the art methods

For a comprehensive comparison, fourteen state-of-the-art methods
are selected for comparison, including CNN-based (i.e., Unet [7],
DeepLabv3 [4], ResUnet [26], AHF-Unet [27]), Transformer-based
(i.e., SETR [9], MISSFormer [32], Swin-Unet [30], DAE-Former [5],
HiFormer [48]), Mamba-based (i.e.,VM-Unetvl [6], VM-Unetv2 [12])
and heterogeneous networks based methods (i.e., NA-SegFormer [33],
TransUnet [13], GED-Net [14]). A majority of these methods have been
published within the last three years. Especially, over half of these
methods were published within the last two years and all achieved
the state-of-the-art in image segmentation upon publication. To ensure
fairness in the experiment, we reproduced all comparison methods
based on the source code provided in the original paper, and the
training parameters for all networks were consistent with those in
Section 4.2.

4.4.1. Quantitative results

(1) Results of the Kvasir-SEG Dataset:

The quantitative comparison results of the polyp segmentation are
presented in Table 2. Notably: (1) Our AFDSeg attained the optimal re-
sults in seven of the eight metrics and surpasses all comparison methods
in comprehensive metrics such as mCPA, ACC, mloU, and mDice. (2)
Models based on pure convolutional neural networks (e.g., ResUnet,
DeepLabv3) achieved competitive performance in polyp segmentation.
Particularly, the recent AHF-Unet method achieved the second-best re-
sults for SPE and mCPA. This, designing effective convolutional blocks
and multi-scale feature learning structures can significantly enhance
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Table 2

Quantitative comparison with state-of-the-art methods on the Kvasir-SEG dataset. The optimal results are marked as black bold while the suboptimal results are underlined ‘-
Method Venue IoU Spe Sen Dice mCPA ACC mloU mbDice

Background Polyp Background Polyp Background Polyp

Unet MICCAI 2015 94.88 74.81 96.48 90.18 97.37 85.59 89.87 95.56 84.85 91.48
DeepLabv3 CVPR 2017 95.91 79.24 96.85 94.17 97.91 88.42 91.17 96.46 87.58 93.17
ResUnet(ResNet50) ISM 2019 95.94 79.82 97.22 92.42 97.93 88.78 92.03 96.50 87.88 93.36
SETR CVPR 2021 88.34 44.06 91.22 74.43 93.81 61.17 74.23 89.32 66.20 77.49
MISSFormer TMI 2022 94.33 72.69 96.36 87.76 97.08 84.18 89.35 95.08 83.51 90.63
Swin-Unet ECCV 2022 91.33 58.89 94.04 81.18 95.47 74.13 82.57 92.29 75.11 84.80
DAE-Former MICCAI 2023 94.97 75.49 96.71 89.60 97.42 86.03 90.44 95.65 85.23 91.73
HiFormer WACV 2023 96.19 80.99 97.36 93.16 98.06 89.50 92.45 96.73 88.59 93.78
TransUnet Medical Image Analysis 2024 96.17 80.71 97.21 93.73 98.05 89.32 92.11 96.70 88.44 93.69
NA-SegFormer Scientific Reports 2024 96.06 80.31 97.23 93.00 97.99 89.08 92.11 96.60 88.18 93.54
AHF-U-net Information Fusion 2024 95.73 79.28 97.45 90.24 97.82 88.44 92.45 96.33 87.50 93.13
GED-Net ESWA 2024 95.24 77.03 97.12 89.18 97.56 87.02 91.49 95.89 86.13 92.29
VM-Unetvl Arxiv 2024 94.64 74.34 96.75 87.68 97.24 85.28 90.38 95.36 84.49 91.26
VM-Unetv2 ISBRA 2024 94.56 74.06 96.74 87.36 97.21 85.10 90.32 95.29 84.31 91.16
Ours - 96.23 81.39 97.59 92.22 98.08 89.74 92.99 96.76 88.81 93.91

Table 3

Quantitative comparison with state-of-the-art methods on BUSI datasets. The optimal result are marked as black bold while the suboptimal results are underlined ‘-’.
Method Venue mCPA mloU mDice

Benign Malignant Mixed Benign Malignant Mixed Benign Malignant Mixed Benign Malignant Mixed

Unet MICCAI 2015 79.40  83.64 84.53 93.26 95.73 7493  77.05 77.73 83.87 86.18 86.34
DeepLabv3 CVPR 2017 87.56 82.62 85.90 91.77 95.94 79.21 73.73 78.90 87.29 83.77 87.22
ResUnet(ResNet50) ISM 2019 88.48  88.93 88.14 91.67 95.99 81.79  75.87 79.80 89.16 85.50 87.90
SETR CVPR 2021 - 83.07 - 91.47 - - 73.39 - - 83.54 -
MISSFormer TMI 2022 72.53  84.33 81.87 92.29 95.55 69.39  75.40 76.15 77.97  85.03 85.11
Swin-Unet ECCV 2022 82.07 86.36 87.18 92.72 96.31 77.55 76.98 80.59 84.47  86.21 88.44
DAE-Former MICCAI 2023 78.97  80.84 82.93 89.10 95.12 70.09 68.68 75.30 79.75  79.39 84.48
HiFormer WACV 2023 87.71  88.11 86.08 93.40 95.97 81.83 78.96 79.05 89.18 87.60 87.33
TransUnet Medical Image Analysis 2024 88.36 89.30 88.21 92.50 96.17 81.03 77.48 80.37 88.62 86.62 88.29
NA-SegFormer Scientific Reports 2024 83.54  86.03 86.75 92.94 95.98 7853  77.29 79.31 86.74  86.41 87.53
AHF-U-net Information Fusion 2024 81.16  84.96 86.03 92.48 96.23 74.80  75.99 7991 8379  85.47 87.95
GED-Net ESWA 2024 82.84 86.30 88.18 92.54 95.86 77.71 76.61 79.42  86.11 85.95 87.62
VM-Unetv1 Arxiv 2024 79.84  82.54 80.39 92.77 95.32 7281  75.60 74.82 8212 8512 84.05
VM-Unetv2 ISBRA 2024 79.52  85.94 82.01 92.04 9598 7497 7551 77.57 8390  85.16 86.18
Ours - 91.23  87.47 88.39 97.75 93.76 96.28 83.27 79.51 80.86 90.20 87.97 88.64

segmentation performance. (3) Among Transformer-based methods,
HiFormer demonstrated superior performance, achieving sub-optimal
results for five metrics. Thus, the efficacy of the Transformer is vali-
dated in terms of global modeling capabilities. In addition, TransUnet,
which integrates Transformer into Unet, has also attracted consider-
able attention. It significantly improved the baseline and achieved the
second-best experimental results in both SEN and ACC metrics. There-
fore, designing effective heterogeneous networks can further enhance
model performance. (4) Mamba-based methods, such as VM-Unet and
VM-Unetv2, exhibit average performance in polyp segmentation tasks,
attributed to their limited attention to the overall structure of the
polyps. Overall, our proposed approach advanced polyp segmentation
to the state-of-the-art by effectively learning frequency-domain features
within a heterogeneous network.

(2) Results of the BUSI Dataset:

The quantitative comparison results of the BUSI dataset for breast
tumor segmentation are presented in Table 3. It can be observed that:
(1) In breast tumor segmentation tasks, whether benign, malignant, or
mixed benign-malignant, our AFDSeg achieves the best performance
across the majority of metrics. Notably, in the benign tumor segmen-
tation task, we obtained the best performance for all mean metrics,
surpassing the second-best method, HiFormer, by 1.44%, 1.02%, and
3.52% for mloU, mDice, and mCPA, respectively. (2) In the case of
scarce malignant breast cancer data and highly variable lesion regions,
our method still achieved the best performance in 3 out of 4 repre-
sentative mean metrics, with an ACC of 93.76%, mlIoU of 79.51%,
and mDice of 87.97%; (3) In the mixed training of benign and malig-
nant breast cancer, our method demonstrated superior segmentation
performance. Despite inconsistent lesion characteristics, our method
achieved the best results for 4 average metrics. Notably, the mIoU of

80.86% outperformed that of the DAE-Former by 5.56%, highlighting
the strength of our heterogeneous network in handling fine-grained
edges and high-frequency features.

(3) Results of the ISIC 2017 Dataset:

A comparison of the experimental results on the ISIC 2017 dataset
is presented in Table 4. Our method achieved the best performance
on four key segmentation IoU (melanoma), Dice (melanoma), mloU,
and mDice with values of 75.89%, 86.29%, 84.33%, and 91.27%, re-
spectively, while obtaining the second-best ACC (94.11%). This further
demonstrated the effectiveness of our method in large-scale medical im-
age segmentation. A noteworthy observation is that TransUNet achieves
the highest ACC but ranks second in mIoU and mDice. This can be
attributed to its use of strong pre-trained weights (ImageNet-21k +
ImageNet2012_R50 + ViT-B_16).

(4) Results of the ACDC Dataset:

ACDC is a multi-class cardiac segmentation task (segmenting LV,
MYO, and RV). Therefore, the experimental results from both the
category-level and global average perspectives were analyzed, as shown
in Table 5. For the IoU and Dice metrics, our AFDSeg method achieved
the best results in all three categories (LV, MYO, and RV), indicat-
ing excellence in mloU and mDice metrices. Therefore, the proposed
method achieved superior performance in medical image segmentation
tasks. Regarding the Recall metric, AFDSeg achieved the highest score
in MYO segmentation and maintained the top four rankings in LV and
RV segmentation. Although the Unet method performed well in the SEN
metric, its mIoU and Dice scores were relatively low, indicating over-
segmentation. Notably, in the cardiac segmentation task, the target
heart tissue was typically small with indistinct boundaries, especially
as the MYO was closely connected to the LV and RV, making the
boundary unclear. Compared to the latest studies (including TransUnet,
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Table 4

Quantitative comparison with state-of-the-art methods on the ISIC 2017 dataset. The optimal results are marked as black bold while the suboptimal results are underlined ‘-
Method Venue IoU Spe Sen Dice mCPA  ACC mloU mbDice

Background Melanoma Background Melanoma Background Melanoma

Unet MICCAI 2015 91.81 72.29 93.26 93.18 95.73 83.92 87.32 93.25 82.05 89.83
DeepLabv3 CVPR 2017 92.55 75.56 94.53 91.67 96.13 86.08 89.46 93.95 84.06 91.11
ResUnet(ResNet50)  ISM 2019 92.39 74.16 93.65 94.19 96.04 85.17 88.14 93.75 83.28 90.61
SETR CVPR 2021 89.44 67.34 93.41 83.67 94.42 80.48 86.50 91.33 78.39 87.45
MISSFormer TMI 2022 91.11 70.28 92.97 91.32 95.39 82.55 86.58 92.65 80.70  88.97
Swin-Unet ECCV 2022 92.00 73.00 93.48 91.19 95.83 84.40 87.71 93.42 82.50 90.12
DAE-Former MICCAI 2023 91.49 71.21 93.01 92.80 95.56 83.19 86.81 9297 81.35 89.38
HiFormer WACV 2023 91.34 69.64 92.14 95.79 95.47 82.10 85.44 9277 80.49 8879
TransUnet Medical Image Analysis 2024  92.83 75.62 94.01 94.66 96.28 86.12 88.83 94.14 84.23 91.20
NA-SegFormer Scientific Reports 2024 92.53 75.64 94.67 91.11 96.12 86.13 89.64 9393 84.08 91.13
AHF-U-net Information Fusion 2024 91.64 71.76 93.16 92.83 95.64 83.56 87.10 93.10 81.70 89.60
GED-Net ESWA 2024 92.12 73.28 93.45 93.83 95.90 84.48 87.73 93.52 8270 90.19
VM-Unetvl Arxiv 2024 92.09 73.79 93.95 91.85 95.88 84.92 88.43 93.53 82.94 90.40
VM-Unetv2 ISBRA 2024 91.95 72.95 93.52 92.81 95.81 84.36 87.76  93.39 8245  90.09
Ours - 92.77 75.89 94.34 93.16 96.25 86.29 89.30 9411 84.33 91.27

Table 5

Quantitative comparison with state-of-the-art methods on ACDC dataset. The optimal results are marked as black bold while the suboptimal results are underlined “-”.
Method Venue IoU Recall Dice mloU mDice

RV MYO LV RV MYO LV RV MYO Lv

Unet MICCAI 2015 78.89 69.98 86.07 95.85 81.48 96.10 88.20 82.34 92.51 78.31 87.68
DeepLabv3 CVPR 2017 75.82 60.67 82.08 92.26 71.27 91.27 86.25 75.52 90.16 72.86 83.98
ResUnet(ResNet50) ISM 2019 83.28 72.13 87.19 89.50 78.04 91.22 90.88 83.81 93.16 80.87 89.28
MISSFormer TMI 2022 76.55 64.30 85.58 92.74 82.20 92.05 86.72 78.27 92.23 75.48 85.74
Swin-Unet ECCV 2022 81.80 68.59 86.24 89.59 75.95 90.18 89.99 81.37 92.61 78.88 87.99
DAE-Former MICCAI 2023 82.28 70.35 87.89 88.25 76.33 92.34 90.28 82.59 93.55 80.17 88.81
HiFormer WACV 2023 81.27 69.94 87.57 93.41 80.23 93.51 89.67 82.31 93.37 79.59 88.45
TransUnet Medical Image Analysis 2024 80.65 73.53 88.53 94.11 80.11 95.92 89.29 84.74 93.92 80.90 89.32
NA-SegFormer Scientific Reports 2024 82.54 72.06 88.39 92.42 78.52 93.11 90.44 83.76 93.84 81.00 89.35
AHF-U-net Information Fusion 2024 82.60 74.19 88.17 91.04 83.75 93.63 90.47 85.18 93.71 81.65 89.79
GED-Net ESWA 2024 81.99 71.16 87.52 90.83 79.74 93.98 90.10 83.15 93.35 80.22 88.87
VM-Unetv1 Arxiv 2024 79.97 67.01 86.16 91.03 79.16 90.99 88.87 80.25 92.57 77.71 87.23
VM-Unetv2 ISBRA 2024 75.48 61.22 85.05 92.83 79.30 91.74 86.03 75.94 91.92 73.92 84.63
Ours - 84.61 75.32 89.80 93.35 84.42 94.95 91.66 85.93 94.62 83.24 90.74

Table 6

Quantitative comparison with state-of-the-art methods on Synapse dataset. The optimal results are marked as black bold while the suboptimal results are underlined “-.
Method Venue IoU Dice mloU  mbDice

Aorta  Gallbladder LV RV Liver Pancreas Spleen Stomach Aorta Gallbladder LV RV Liver Pancreas Spleen Stomach

Unet MICCAI 2015 64.30 47.37 58.30 57.32 88.04 28.42 63.89 56.97 78.27 64.28 73.66 72.87 93.64 44.26 77.97  72.59 58.08 72.19
ResUnet(ResNet50) CVPR 2017 76.52 31.73 81.10 7462 91.10 3880  87.15 69.53 8670 48.17 89.56 8547 9534 55.91 93.13 82.03  68.82 79.54
DeepLabv3 CVPR 2017 56.84 37.72 7110 70.61 87.71 30.25 70.39 57.49 7248 54.78 8311 8277 9345 4645  82.62 73.01 60.26 73.58
MISSFormer TMI 2022 50.61 26.84 50.58 42.29 8594 7.80 61.43 49.18 67.21 42.32 67.18 59.44 92.44 14.47 76.11  65.94 46.83 60.64
Swin-Unet ECCV 2022 59.11 41.73 55.43 4262 8516 11.37 64.94 47.21 74.30 58.89 71.32  59.77 91.98 20.42 7875 64.14 50.95 64.95
DAE-Former MICCAI 2023 65.93  34.62 66.64 5839 86.94 27.12 78.82 51.36  79.47 51.44 79.98 7373 92.01 42.66 88.16 67.86 5873 71.91
HiFormer WACV 2023 67.26 26.29 65.69 66.12 88.14 19.77 77.26  61.14 80.43 41.63 79.29 79.61 93.69 33.02 87.17  75.89 58.96 71.34
TransUnet Medical Image Analysis 2024 75.69 40.89 71.74 71.22 91.01 32.90 82,52  60.51 86.16 58.05 83.55 83.19 95.29 49.51 90.42  75.40 65.81 77.70
NA-SegFormer Scientific Reports 2024 79.32 31.16 73.21 67.34 8812 30.06 72.08 58.82  88.47 47.52 84.53 80.48 93.68 46.22 83.78 7407 6251 74.84
AHF-U-net Information Fusion 2024 65.01 30.35 64.61 55.32 89.40 10.97 76.48  51.65 78.80 46.57 78.50 71.23 94.40 19.77 86.67 68.12 55.47 68.01
GED-Net ESWA 2024 68.78 30.12 75.98 69.11 90.44 26.44 80.45 62.82 8150 46.29 86.35 81.73 94.98 41.82 89.17 7716  63.02 74.88
VM-Unetvl Arxiv 2024 64.50 17.36 57.15 51.23 89.29 18.07 77.92  59.46 78.42 29.58 7273 67.75 94.34 30.61 87.59  74.58 54.37 66.95
VM-Unetv2 ISBRA 2024 60.71 26.28 73.09 6247 87.43 23.16 77.67  57.99 75.55 41.62 84.45 76.90 93.29 37.61 87.43 73.41 58.60 71.28
Ours - 77.64 53.99 84.54 79.80 91.48 31.67  83.05 64.30  87.41 70.12 91.62 8877 9555 48.11 9074 7872  70.81 81.38

NA-SegFormer, AHF-U-net, GED-Net, VM-Unetv1, and VM-Unetv2), our
AFDSeg model achieved an average improvement of 4.0% in mlIoU
and 2.54% in mDice. Moreover, the proposed method outperformed all
other methods across all metrics in the most challenging MYO category,
demonstrating that AFDSeg effectively addressed the issues of small
targets and blurry boundaries.

(5) Results of the Synapse Dataset:

A comparison experimental results of the Synapse dataset is pre-
sented in Table 6. Our AFDSeg method achieved the best results in
an abdominal multi-organ segmentation task. Specifically, compared
with classical methods such as Unet, DeepLabV2, and MISSFormer,
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AFDSeg demonstrated significant improvements across all organ seg-
mentation tasks. Among all methods, the proposed method achieved
the best performance in both mloU and mDice, with improvements
of 1.99% and 1.84%, respectively, over the second-best method. In
terms of the IoU metric, AFDSeg achieved the best performance in
four organ segmentations and the second-best performance in the other
three segmentations. The Dice metric, achieved the best performance
in five organ segmentations and the second-best performance in the
remaining three. Thus, the superior performance for our method for
multi-segmentation tasks was validated.
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Fig. 5. Visualization of the quantitative comparison results between AFDSeg and state-of-the-art methods across five datasets.

In summary, the visualized quantitative comparison results (Fig.
5) demonstrated that our AFDSeg method achieved outstanding per-
formance across the five datasets involving different modalities and
disease types.

4.4.2. Qualitative results

For an intuitive experimental comparison, the qualitative results of
our AFDSeg and state-of-the-art methods for binary segmentation tasks
(conducted on the Kvasir-SEG, the BUSI, and the ISIC 2017 datasets)
and multi-segmentation tasks (conducted on the ACDC and Synapse
datasets) were analyzed, as shown in Figs. 6 and 7, respectively. As
illustrated in Fig. 6, our AFDSeg achieved more accurate segmentation
results than other methods in binary segmentation tasks. Even for
challenging small targets, our method generated segmentation results
that were closer to the ground truth, as seen in the fourth row of Fig.
6(a), and demonstrated superior performance for binary segmentation
of breast lesions. The proposed method effectively captured the true
breast boundaries by segmenting benign or malignant lesions. Notably,
in the mixed benign and malignant experiments (Fig. 6(b)), our method
accurately fitted the boundaries of highly variable and irregular benign
and malignant lesions, while significantly reducing false negatives com-
pared to other methods. Additionally, on the ISIC 2017 dataset, our
method more effectively captures highly irregular melanoma contours
compared to other approaches, further demonstrating its robustness
(see Fig. 6(c)).

As depicted in Fig. 7, in multi-class segmentation tasks, existing
methods exhibited numerous false positives and false negatives, par-
ticularly in multi-organ tasks, where the overall structure could be
partially missing or the boundaries were inaccurately segmented. Con-
versely, the proposed method not only maintained high segmentation
accuracy for both large and small targets, but also improved the com-
pleteness of the overall structure in medical image segmentation. These
results confirmed that our approach, driven by heterogeneous net-
works and adaptive frequency-domain learning, effectively enhanced
the performance of medical image segmentation.

4.5. Cross-domain segmentation for generalization performance analysis

To evaluate the generalizability of the proposed method, cross-
domain segmentation experiments were conducted using three unseen
datasets:

(1) Kvasir Capsule-SEG dataset [49]: It includes 55 endoscopic im-
ages of intestinal polyps and their corresponding segmentation masks.
It is used for cross-domain polyp segmentation, where models are

11

trained on the Kvasir-SEG and tested on Kvasir Capsule-SEG, denoted
as Kvasir-SEG — Kvasir Capsule-SEG.

(2) BUS42 dataset [50]: It consists of 42 ultrasound images provided
by the Imaging Department of the First Affiliated Hospital of Shantou
University. As BUS42 does not distinguish between benign and malig-
nant tumors, we merged the benign and malignant tumor subsets from
the BUSI dataset to form a training set for this study. This setup is used
to assess the generalization performance of different models on BUS42,
denoted as BUSI — BUS42.

(3) M&Ms dataset [51]: This dataset presents a highly challenging
cardiac magnetic resonance (CMR) segmentation task owing to its
multi-center, multi-device, and multi-disease nature. For this study, we
used its test set, comprising 4868 images, for cross-domain cardiac
segmentation, where models were trained on ACDC and tested on
M&Ms, denoted as ACDC — M&Ms.

The quantitative results of the three cross-domain segmentation
experiments are presented in Tables 7, 8, and 9, with the qualitative
visual comparisons are shown in Figs. 8, 9, and 10, respectively.

The experimental results demonstrated that our method achieved
the highest mIoU and mDice across the aforementioned three cross-
domain segmentation tasks: Kvasir-SEG — Kvasir Capsule-SEG, BUSI
— BUS42, and ACDC - M&Ms. Notably, our method outperformed
the second-best approach considering mDice by 8.69%, 0.52%, and
0.59%, respectively, validating the superior generalization ability of
the proposed method. As shown in Figs. 8 and 9, our method consis-
tently achieves more anatomically coherent, complete, and continuous
segmentation results, both in global structure representation and local
detail preservation. To further demonstrate the effectiveness of our
method in multi-class cross-domain segmentation, we utilized entropy
maps [52] and t-SNE maps [53] in the ACDC— M&Ms task to visualize
prediction uncertainty and feature space distribution. As shown in Fig.
10, our method exhibited a more concentrated entropy distribution
along clear and complete boundaries across all entropy maps, indicat-
ing higher confidence and better certainty in segmentation predictions.
Additionally, in all t-SNE maps, the proposed method demonstrates
well-defined and distinctly clustered categories, suggesting superior
feature extraction and class discrimination capabilities. Moreover, the
performance improvement of the proposed method in cross-domain
segmentation of endoscopic polyp images was more significant than in
breast tumor ultrasound and cardiac MRI segmentation tasks because
our adaptive domain enhancement strategy was particularly effective
in capturing the frequency characteristics of endoscopic polyp images.

Overall, these rigorous experiments fully validated the strong gen-
eralization capability of the proposed method.
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(c) Vlsual comparison of segmentation results for melanoma segmentation on ISIC 2017
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Fig. 6. Visual comparison between AFDSeg and state-of-the-art methods for binary segmentation tasks on the Kvasir-SEG [44], BUSI [45] and ISIC 2017 datasets [46].

4.6. Ablation study

To validate the effectiveness of AFDSeg, we conducted a series of
ablation experiments, including: (1) module ablation studies; (2) the
impact of pre-training and non-pre-training on network performance;
(3) module parameter analysis; (4) evaluation of the impact of different
heterogeneous network architectures on medical image segmentation
performance; (5) effect analysis of feature distillation alignment loss
between heterogeneous networks; (6) ablation studies on the filter
window size in the FAHS module to investigate its influence on feature
response patterns.

Ablation study for proposed modules: As shown in Table 10, our pro-
gressive module fusion achieves significant improvements in key met-
rics, validating the effectiveness of our design. The proposed method
achieves the best optimum performance across five key metrics (IoU,
Dice, mIoU, and mDice). Specifically, our method attained a mIoU of

12

83.24% and mDice of 90.74%, representing improvements of 2.37%
and 1.46%, respectively, compared to L1. Notably, the heterogeneous
network for feature distillation (L2) enhances mDice by 0.39% and
mloU by 0.58%, indicating improved long-range feature modeling. The
LHSD module (L3) significantly boosts Recall, effectively suppressing
low-frequency noise in high-frequency features and enhancing fore-
ground feature discrimination. The FAHS module (L5) further improves
Recall and reduces false positives by adaptively coupling spatial and
frequency domain features, enabling better multi-view feature interac-
tion. As modules are progressively combined (L6-L8), Table 10 shows
consistent improvements in mloU, mDice, and Recall.

Additionally, Section 4.7 analyzes the computational complexity
and mDice across five public datasets.

For qualitative analysis, we selected five cardiac cross-sectional
image covering multiple views, various shapes, irregular structures. As
illustrated in Fig. 11, L1 primarily focused on the internal regions of the
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Fig. 7. Visual comparison between AFDSeg and state-of-the-art methods for multi-class segmentation tasks on ACDC [47] and Synapse datasets [21] (Left: Cardiac Segmentation;
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Cross-domain quantitative analysis (training on the Kvasir-SEG Dataset, model generalizability testing on the Kvasir Capsule-SEG dataset). The optimal results are marked as black

bold while the suboptimal results are underlined “-”.

Method Venue CPA IoU Spe Sen Dice mCPA ACC mloU mbDice
Background Polyp Background Polyp Background Polyp Background Polyp
Unet MICCAI 2015 97.84 43.20 50.02 42.65 50.58 97.11 66.68 59.80 70.51 63.56 46.33 63.24
DeepLabv3 CVPR 2017 92.56 72.70 63.42 69.62 66.83 94.27 77.62 82.09 82.63 80.10 66.52 79.86
ResUnet(ResNet50) ISM 2019 96.11 48.76 51.61 47.66 52.71 95.47 68.08 64.55 72.44 66.41 49.63 66.32
SETR CVPR 2021 98.15 25.07 43.41 24.80 43.77 95.79 60.54 39.74 61.60 52.31 34.10 50.14
MISSFormer TMI 2022 93.35 70.55 62.41 67.87 65.32 94.69 76.86 80.86 81.95 79.05 64.14 78.86
Swin-Unet ECCV 2022 99.59 10.78 39.81 10.76 39.88 97.79 56.95 19.43 55.19 43.88 25.29 38.19
DAE-Former MICCAI 2023 98.23 52.35 54.51 51.81 55.06 98.03 70.56 68.26 75.29 69.45 53.16 69.41
HiFormer WACV 2023 94.47 66.23 60.24 64.12 62.44 95.28 75.19 78.14 80.35 76.75 62.18 76.67
TransUnet Medical Image Analysis 2024 96.02 59.65 57.25 58.27 58.64 96.18 72.82 73.63 77.84 72.23 57.76 73.23
NA-SegFormer Scientific Reports 2024 97.91 45.44 51.05 44.89 51.61 97.35 67.59 61.96 71.68 65.00 47.97 64.78
AHF-U-net Information Fusion 2024 87.96 76.70 63.19 71.58 69.17 91.47 77.44 83.44 82.33 80.90 67.38 80.44
GED-Net ESWA 2024 92.95 78.27 68.07 75.13 71.77 94.92 81.00 85.80 85.61 83.74 71.60 83.40
VM-Unetvl Arxiv 2024 90.71 75.96 64.58 71.98 69.15 93.23 78.48 83.71 83.33 81.46 68.28 81.10
VM-Unetv2 ISBRA 2024 93.40 56.44 53.89 54.31 56.03 93.50 70.04 70.39 74.92 70.22 54.10 70.22
Ours - 91.34 93.29 82.06 8872 89.00 94.77 90.15 94.02 92.31 92.56 85.39 92.09
Table 8
Cross-domain quantitative analysis (training on the BUSI Dataset, model generalizability testing on the BUS42 dataset). The optimal results are marked as black bold while the
suboptimal results are underlined “-”.
Method Venue CPA IoU Spe Sen Dice mCPA  ACC mloU mbDice
Background =~ BUSI Background  BUSI Background ~ BUSI Background ~ BUSI
Unet MICCAI 2015 98.33 78.14  95.33 70.01  96.90 87.07  97.61 82.36 88.23 9579 82,67 89.99
DeepLabv3 CVPR 2017 96.56 88.36 94.97 71.33  98.29 78.72 97.42 83.26  92.46  95.53 83.15 90.34
ResUnet(ResNet50)  ISM 2019 98.01 85.02 95.94 74.71  97.85 86.04  97.93 85.53 91.52 96.38 85.33 91.73
MISSFormer TMI 2022 98.16 76.88  95.00 68.16  96.72 85.74  97.43 81.07 87.52 9548 81.58 89.25
Swin-Unet ECCV 2022 98.57 81.39 96.00 74.03 97.35 89.12 97.96 85.08 89.98 96.41 85.01 91.52
DAE-Former MICCAI 2023 98.72 78.86  95.81 72.43  97.01 89.88 97.86 84.01 88.79  96.22 84.12 90.94
HiFormer WACV 2023 97.47 86.20  95.57 73.31  98.22 83.06 97.73 84.60 91.84 96.05 84.44 91.17
TransUnet Medical Image Analysis 2024  98.30 82.37 95.88 73.67 97.49 87.47 97.90 84.84 90.34 96.31 84.78 91.37
NA-SegFormer Scientific Reports 2024 87.72 77.10  94.60 66.57  96.74 8298 97.23 79.93 87.41 9513 80.59 88.58
AHF-U-net Information Fusion 2024 98.49 81.75 95.97 73.98  97.40 88.61 97.94 85.04 90.12 96.38 84.97 91.49
GED-Net ESWA 2024 98.58 80.56 95.89 73.31 97.24 89.07 97.90 84.60 89.57 96.31 84.60 91.25
VM-Unetvl Arxiv 2024 98.47 79.39  95.63 71.76 ~ 97.07 88.19 97.77 83.56 8893 96.07 83.70 90.67
VM-Unetv2 ISBRA 2024 99.02 83.28 96.69 77.98 97.63 92.45 98.32 87.63 91.15 97.04 87.34 92.98
Ours - 97.74 92.21  96.65 79.69 98.86 85.45  98.30 88.70 94.97 97.04 88.17 93.50
Table 9

Cross-domain quantitative analysis (training on the ACDC dataset, model generalizability testing on the M&MS dataset). The optimal results are marked as black bold while the

suboptimal results are underlined “-”.

Method Venue IoU Recall Dice mloU mbDice
RV MYO LV RV MYO LV RV MYO LV
Unet MICCAI 2015 65.38 59.85 72.62 91.78 75.10 96.00 79.07 74.88 84.14 65.95 79.36
DeepLabv3 CVPR 2017 66.78 53.94 68.80 91.11 65.83 90.82 80.08 70.08 81.52 63.17 77.23
ResUnet(ResNet50) ISM 2019 73.91 63.38 73.87 85.41 72.35 91.49 85.00 77.59 84.97 70.39 82.52
MISSFormer TMI 2022 61.45 50.04 70.51 88.51 77.48 94.64 76.12 66.70 82.70 60.67 75.17
Swin-Unet ECCV 2022 70.67 60.32 76.59 82.55 70.18 91.52 82.82 75.25 86.75 69.19 81.61
DAE-Former MICCAI 2023 71.80 61.77 77.85 82.12 69.82 93.16 83.59 76.37 87.55 70.47 82.50
HiFormer WACV 2023 72.32 60.83 76.65 91.09 73.34 93.32 83.94 75.64 86.78 69.93 82.12
TransUnet Medical Image Analysis 2024 70.77 65.30 72.87 93.34 73.45 94.87 82.88 79.01 84.31 69.65 82.07
NA-SegFormer Scientific Reports 2024 72.18 63.19 77.88 90.19 72.81 94.20 83.84 77.45 87.57 71.08 82.95
AHF-U-net Information Fusion 2024 73.41 63.93 77.50 87.53 76.35 93.28 84.66 77.99 87.33 71.61 83.33
GED-Net ESWA 2024 72.44 61.12 7550 86.80 71.25 95.72 84.02 7587 86.04 69.69 81.98
VM-Unetvl Arxiv 2024 69.84 56.37 75.39 87.63 72.75 93.00 82.24 72.10 85.97 67.20 80.10
VM-Unetv2 ISBRA 2024 64.12 51.99 74.69 89.87 73.33 93.29 78.13 68.41 85.51 63.60 77.35
Ours - 76.57 64.83 76.00 89.74 77.11 94.23 86.73 78.66 86.37 72.47 83.92

heart while lacking attention to its boundary regions. Contrarily, L3 and
L5, incorporating LHSD and FAHS, respectively, enabled the network
not only to enhance its focus on the heart’s internal structures but
also better delineateits contour boundaries . Our proposed model (L8)
further refined this process by accurately capturing responses within
the internal regions of the heart while simultaneously guiding the
network to emphasize the contours of the heart, ultimately achieving
precise segmentation.

14

Ablation study for the impact of pretrained and non-pretrained
weights on model performance: Additionally, to further investigate
the impact of pretrained weights on the proposed method, we conduct
an ablation study by removing the pretrained weights. As shown in
Table 11: (1) The mloU and mDice achieved by our method without
pretrained weights are 82.92% and 90.55%, respectively, which exhibit
negligible differences compared to the results obtained with pretrained
weights. This finding indicates that our AFDSeg is largely independent
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Fig. 9. Visual comparison between AFDSeg and state-of-the-art methods for cross-domain segmentation BUSI — BUS42.
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Fig. 10. Visual comparison between AFDSeg and state-of-the-art methods for cross-domain segmentation ACDC — M&Ms. Left: Entropy map [52] shows a better certainty for the

predictions of our AFDSeg. Right: T-SNE [53] shows a better category separability for our AFDSeg.

of pre-trained weights. (2) Moreover, with the effective contribution
of each module, AFDSeg can directly fit the data distribution based on
the training samples, leading to a steady improvement in segmentation
performance. This further highlights the robustness of our approach.
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Ablation study for module parameter analysis: Finally, we report
the parameter count and computational complexity of the proposed
method. With an input resolution of 224 x 224 x 3, our model has
117.248M parameters and a complexity of 46.615G, primarily due to
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Ablation study of each module on the ACDC dataset(using pretrained model parameters). The optimal results are marked as black bold while the suboptimal results are underlined
“~”. L1 denotes a single-branch CNN (ResNet50), while L2 represents a heterogeneous network employing a dual-branch distillation framework that integrates CNN and Transformer.

L3-L8 correspond to methods augmented with different additional modules.

Method Distill LHSD PLFA FAHS MPFR [IoU Recall Dice mloU mbDice
RV MYO LV RV MYO LV RV MYO LV
L1(Baseline) X X X X X 83.28 72.13 87.19 89.50 78.04 91.22 90.88 83.81 93.16 80.87 89.28
L2 v 83.71 73.61 87.04 9291 80.25 95.17 91.13 84.80 93.07 81.45 89.67
L3 v v 82.16 73.00 88.43 94.29 84.22 9440 90.21 84.39 93.86 81.20 89.49
L4 v v 80.81 71.59 8595 93.88 7991 95.87 89.38 83.44 9245 79.45 88.42
L5 v v 77.48 7271 8521 95.28 83.00 9459 87.31 84.20 92.02 7847 87.84
L6 v v v 81.00 7092 8573 91.23 75.69 95.00 89.50 82.99 92.32 79.22 88.27
L7 v v v v 83.36 73.98 87.21 9197 79.87 91.60 90.92 85.04 93.17 81.52 89.71
L8:0ur v v v v v 84.61 75.32 89.80 93.35 84.42 9495 91.66 85.93 94.62 83.24 90.74
Table 11

Ablation study of each module on the ACDC dataset(does not use pretrained model parameters). The optimal results are marked as black bold while the suboptimal results are
underlined “~”. L1 denotes a single-branch CNN (ResNet50), while L2 represents a heterogeneous network employing a dual-branch distillation framework that integrates CNN and
Transformer. L3-L8 correspond to methods augmented with different additional modules.

Method Distill LHSD PLFA FAHS MPFR [JoU Recall Dice mloU mDice
RV MYO LV RV MYO LV RV MYO LV
L1(Baseline) X X X X X 81.26 68.73 86.74 93.41 8371 95.39 89.66 81.47 9290 7891 88.01
L2 v 79.20 68.56 86.53 9291 80.25 95.17 91.13 84.80 93.07 78.10 89.67
L3 v v 7859 68.92 86.59 93.87 8351 93.66 88.63 81.60 92.81 78.03 87.68
L4 v v 78.94 68.67 83.43 94.05 77.16 95.74 88.23 81.43 90.96 77.01 86.87
L5 v v 80.87 69.05 86.94 92.10 84.63 91.67 89.43 81.69 93.01 7895 88.04
L6 v v v 80.21 69.85 87.01 91.24 80.32 92.69 89.02 8225 93.06 79.02 88.11
L7 v v v v 81.41 70.65 86.98 91.90 76.43 9443 89.75 8280 93.03 79.68 88.53
L8:Our v v v v v 84.79 75.10 88.86 93.42 84.02 93.73 91.77 85.78 94.10 82.92 90.55
Table 12

The number of parameters and computational complexity in the proposed module (MPFR receives low-resolution features
(y_feature) and high-resolution features (x_feature) for multi-scale feature aggregation).

Module Params(M) FLOPs(G) Resolutions

LHSD 0.617 9.957

PLFA 0.063 0.886 1x64x128x 128

FAHS 0.017 0.207

MPFR 0.369 6.063 x_feature: (1 x 64 x 128 x 128)

y.feature: (1 x 128 x 64 x 64)

the high parameter count of the baseline model and the additional
plug-and-play modules in our heterogeneous network. To fairly assess
module efficiency, we compute their FLOPs separately. As shown in
Table 12, our plug-and-play modules have low parameter counts and
computational complexity, enabling efficient expansion for lightweight
medical image segmentation while balancing performance and compu-
tational cost.

Ablation study for heterogeneous networks: As seen in Table
13, with different heterogeneous network combinations, the overall
mDice performance exhibited a slight decline compared to M1, which
achieved an mbDice of 90.74%. When the Transformer component
was replaced with MiT-B5 while maintaining the CNN component as
ResNet50 (i.e., M2), the mDice decreases by 1.34%. Further analysis
in Fig. 12 reveals that M2 exhibited excessive coupling with the red
region features, leading to an increased prediction entropy and de-
graded segmentation performance. Subsequently, replacing the Mamba
component in the heterogeneous network with Mambavl or Mambav2
resulted in a slight improvement in mDice compared with M2. This
can be attributed to Mamba’s ability to integrate both global and local
features. However, as shown in Fig. 12(M5-M6), the segmentation
performance remained suboptimal for small targets. Further, replacing
the CNN component with ResNet101 and replacing the Transformer
and Mamba components with MiT-B1, MiT-B5, Mambav1l, and Mam-
bav2 led to a performance decline compared with M1. As shown in
Fig. 12(M3-M4, M7-M8), this can be attributed to interference from
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global features and insufficient responsiveness to local features resulted
in the decline due to the increased difficulty of feature alignment
introduced by ResNetl01 and partly due to challenges in adapting
to the ACDC dataset. Overall, the differences among heterogeneous
network combinations on the ACDC dataset were relatively small. Com-
pared with a single network, each combination achieves competitive
results, demonstrating that our framework effectively enabled feature
coupling and interaction between heterogeneous networks, thereby
offering selection flexibility in the optimal combinations for different
medical imaging scenarios.

Ablation study for feature distillation alignment loss: To further
investigate feature alignment in heterogeneous networks, we used L1
loss, BCE loss, and Lg, to align features across different network
architectures. As shown in Table 14, S3 achieved the highest mDice
of 90.74%. S1 and S2 exhibited reductions of 2.53% and 2.85%,
respectively, compared to S3 because L1 loss produced significantly
small gradients, leading to insufficient feature alignment, whereas BCE
loss coupled features from different architectures excessively, resulting
in over-alignment. As illustrated in Fig. 13, S3 effectively captured both
the internal and contour boundary features of the heart, whereas other
methods exhibited inconsistencies in the boundary and small target fea-
tures, adversely impacting the precise segmentation of medical images.
In conclusion, S3 achieved a balanced performance in feature alignment
for heterogeneous networks.
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Fig. 11. Visuals of the attention regions of different modules on features using Grad-CAM [54].
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Table 13

Results of ablation study of heterogeneous network on the ACDC dataset. The optimal results are marked as black bold while the suboptimal results are underlined “-”.
Method ResNet50  ResNetl01 ~ MiT-B1 ~ MiT-B5 Mambavl Mambav2 IoU Recall Dice mloU  mDice

RV MYO Lv RV MYO LV RV MYO Lv

M1:Ours v v 84.61 75.32 89.80 9335 84.42 9495 91.66 85.93 94.62 83.24 90.74
M2 v v 82.45 7314 87.48 9296 81.89 9475 90.38 8449 93.32 81.02 89.40
M3 v v 81.22 71.97 89.59 92.01 83.57 95.75 89.63 83.70 93.39 80.93 88.91
M4 v v 81.53 71.52 87.26 91.72 8197 92,55 89.83 8340 9320 80.10 88.81
M5 v v 82.81 73.69 88.01 9298 84.34 9410 90.59 8485 93.62 8150 89.69
M6 v v 82.07 73.64 88.25 94.23 82.33 95.34 90.15 84.82 93.76 81.32 89.58
M7 v v 81.11 71.03 8752 91.46 8214 9329 89.57 83.06 93.34 79.89 88.66
M8 v v 83.11 72.66 88.72 93.61 81.14 84.52 90.78 84.16 94.02 81.50 89.65
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Fig. 12. Visualize the recognition accuracy of different heterogeneous networks on medical image features (red circles indicate regions with stronger feature coupling, where other

models fail to perform fine-grained segmentation).

Table 14
Results of ablation study of feature distillation alignment loss on the ACDC dataset. The optimal results are marked as black bold.
Method L1 BCE Lgu IoU Recall Dice mloU mbDice
RV MYO LV RV MYO Lv RV MYO Lv
S1 v 81.11 70.05 86.34 91.72 77.13 89.45 89.57 82.39 92.67 79.17 88.21
S2 v 81.30 67.51 87.56 92.14 71.14 94.15 89.69 80.60 93.37 78.79 87.89
$3:(Ours) 4 84.61 75.32 89.80 93.35 84.42 94.95 91.66 85.93 94.62 83.24 90.74

Ablation study for a filter window size of the FAHS module: As
shown in Table 15, selecting moderate filter window sizes 10 in the
first stage and 8 in the second stage yielded the highest value of mDice.
As illustrated in Fig. 14, a moderate filter window size enabled a more
efficient extraction of discriminative high-frequency cardiac features.
Overall, regardless of the parameter combination, the proposed method
consistently achieved competitive segmentation results, demonstrating
its robustness.

4.7. Computational complexity analysis of the models

To further analyze the computational complexity, we used FLOPs as
the evaluation metric and visualized the trade-off between FLOPs and
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mDice for all comparison methods, as shown in Fig. 15. The proposed
method exhibited relatively high FLOPs, second only to AHF-UNet. The
result was attributable to two main factors: first, the considered hetero-
geneous network incorporated multiple feature fusion and interaction
modules; second, our frequency-domain feature learning introduced
additional computationally intensive operations, such as frequency
domain transformations, which increased the overall computational
load. However, compared to state-of-the-art methods, our approach
achieved significant improvements in segmentation accuracy, attaining
the highest value of mDice and mloU across all five datasets, despite
the higher FLOPs. The trade-off between increased computational cost
and substantial accuracy gains was justified, particularly in precision
medicine applications where accuracy is paramount. Overall, the com-
putational complexity of our remained acceptable among all methods.
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Table 15

Results of ablation study for the size of the filtering window of the FAHS module on the ACDC dataset. The optimal results are marked as black bold. (Size: Filter Window

Size).
Method Size IoU Recall Dice mloU mbDice

2| 4] RV MYO Lv RV MYO LV RV MYO LV

L1 5 2 82.46 71.93 87.41 90.20 85.83 91.64 90.38 83.67 93.28 80.60 89.11
L2 10 2 83.31 73.17 88.47 90.82 84.51 93.81 80.89 84.51 93.88 81.65 86.43
L3 10 5 80.16 71.13 85.71 88.91 79.16 91.25 88.99 83.13 92.31 79.00 88.14
L4:(Ours) 10 8 84.61 75.32 89.80 93.35 84.42 94.95 91.66 85.93 94.62 83.24 90.74
L5 15 8 82.85 72.53 87.83 87.87 79.94 91.78 90.62 84.08 93.52 81.07 89.41
L6 15 10 81.33 71.59 86.38 89.91 82.61 91.31 89.71 83.44 92.69 79.77 88.61
L7 20 10 82.73 72.80 88.05 90.36 82.78 95.00 90.55 84.26 93.65 81.19 89.49
L8 20 15 82.31 72.56 87.95 90.51 82.68 94.83 90.29 84.10 93.59 80.94 89.33

Il Right Ventricle(RV)

Myocardium(MYO) [l Left Ventricle(LV)

Original
Image

(Ours)

Fig. 13. Visualize the recognition accuracy of distillation alignment loss on medical
image features (red rectangles indicate regions with stronger feature coupling, where
other models fail to perform fine-grained segmentation).

With its high accuracy, the proposed method offers substantial potential
for clinical applications.

5. Limitation analysis

Extensive experiments were performed to establish the superiority
of our approach; however, it presents certain limitations. First, the
model has a relatively large number of parameters, owing to its design
as a general heterogeneous network framework for medical image
segmentation. Although the dual-branch architecture enables cross-
domain feature interaction, it introduces additional computational costs
compared to single-branch models. Second, the performance of the
frequency-domain enhancement mechanism is contingent upon the
quality of the input images. For highly noisy or low-resolution medical
images, the frequency decomposition process can amplify artifacts or
lose critical structural information, potentially degrading performance.
In future studies, we aim to address these limitations by optimizing the
knowledge distillation framework and leveraging large-model-driven
frequency-domain learning.

6. Conclusion and further work

This study introduces AFDSeg, a novel heterogeneous network-
driven model designed to effectively extract and integrate multi-level
frequency domain features in medical images, thereby enhancing seg-
mentation performance. This improvement is realized through a dual-
branch encoding structure, that facilitates feature learning. First, the
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FAHS module is designed to adaptively extract high-frequency texture
and detailed features, while the PLFA module enhances the most in-
formative low-frequency features to strengthen structural consistency.
Second, an additional segmentation branch is incorporated, employing
the LHSD module to suppress noise in the high-frequency feature
extraction, thereby ensuring the effective integration of discriminative
features for enhanced segmentation accuracy. Finally, a heterogeneous
network architecture is employed to enable effective feature interaction
and seamless fusion across diverse components.

To rigorously assess. the effectiveness of our method, comprehen-
sive experiments on five widely used public datasets were performed:
Kvasir-SEG. BUSI, ISIC 2017, ACDC, and Synapse. Both qualitative
and_quantitative _comparisons._against. state-of-the-art_methods, were
conducted to comprehensively evaluate the segmentation performance
of our approach. The experimental results demonstrate that our method
consistently outperforms all baseline models in key performance met-
rics, . including mloU. ACC, and Dice, scores. Additionally, extensive
ablation studies were performed to systematically analyze the contribu-
tion of each module. To improve the interpretability of model predic-
tions, we leveraged visualization techniques including Grad-CAM [54],
entropy maps.[52], and t-SNE maps [531. These tools provide strong vi-
sual evidence that our AFDSeg effectively attends to and accurately de-
lineates target segmentation regions in medical images. Furthermore, to
assess the generalization capabilitv of our method, we conducted cross-
domain experiments on three external datasets: Kvasir Capsule-SEG,
BUS42, and M&Ms. The results indicate that our method consistently
captures key features efficientlv and achieves superior generalization
performance across diverse medical imaging domains, outperforming
all competing approaches.

Beyond medical image segmentation, our heterogeneous AFDSeg
exhibits strong adaptability to other fine-grained visual recognition
tasks, such as remote sensing image segmentation and industrial defect
detection. Specifically, the FAHS module enhances high-frequency tex-
ture feature extraction, allowing for precise delineation of fine details
such as building edges and road networks, while the PFLA module
strengthens the representation of low-frequency structural patterns,
including land cover categories, to improve the semantic segmentation
of satellite/aerial imagery. The denoising capability of LHSD module
and multi-scale alignment through MPFR enhance anomaly detection
in manufacturing, where subtle surface defects often result in localized
high-frequency perturbations.

Future studies will focus on: (1) developing a more computation-
ally efficient heterogeneous network by optimizing the knowledge
distillation framework, allowing AFDSeg to transfer its learned repre-
sentations to a compact single-branch model and reduce computational
costs while maintaining accuracy. (2) dynamically optimizing filter
window sizes using learnable neural operators and reparameteriza-
tion techniques to adaptively determine optimal window sizes. (3)
modeling temporal variations and frequency-domain features in 3D
medical image segmentation through a dual-path 3D segmentation
network (the spatiotemporal path integrates a lightweight 3D Swin
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Fig. 14. Visualize the feature response of different filter window sizes after FAHS using Grad-CAM [54].
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Fig. 15. Bubble plots of FLOPs and mDice composite metrics for each dataset.

Transformer to capture localized anatomical changes, whereas the
frequency-domain path leverages a learnable wavelet transform to
extract multi-scale frequency features, allowing for a more robust fea-
ture representation and segmentation accuracy for complex anatomical
structures). (4) exploring large-model-driven frequency-domain learn-
ing by leveraging the cross-domain transferability of large models to
reduce dependency on extensive annotated datasets and improve the
segmentation performance on low-quality medical images. (5) perform-
ing clinical integration studies in collaboration with radiologists by
deploying AFDSeg as a PACS plugin to evaluate its impact on diagnostic
workflows and reduce inter-observer variability.
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