Advertisement

Findajournal  Publishwithus  Trackyourresearch (QQ search [] savedresearch J Cart

Home > Signal, Image and Video Processing > Article

FDM-Net: Frequency-domain modulation
network for medical image segmentation

Original Paper | Published: 24 April 2026

Volume 20, article number 284 (2026) Cite this article ) ) )
R Signal, Image and Video Processing

Aims and scope -
D Save article Submit manuscript -

ShuMin Ma & Cao Shi

Access this article
@'_J 93 Accesses Explore all metrics >

Loginviaaninstitution —

Abstract

Subscribe and save
Due to the inherent noise and artifacts of 3D medical imaging, issues such as low contrast

and signal interference make segmentation still highly challenging. Existing methods @ Springer+ from €37.37 /Month
mainly focus on modeling spatial information, while the intrinsic texture and directional

) _ _ ) ® Starting from 10 chapters or articles per
cues embedded in frequency-domain representations remain underexplored. To address

month
this, we propose a Frequency-Domain Modulation Network (FDM-Net), which ® Accessand download chapters and articles
incorporates frequency-domain cues into the segmentation process. To differentiate from more than 300k books and 2,500
journals

between the global morphological components of primary features and the fine-grained

texture components, we develop a Frequency Decomposition (FD) module that separates ® Cancelanytime

images into heterogeneous frequency components, thereby highlighting overall contours
( Viewplans — )

and microscopic edges. To capture the characteristics of both high-frequency and low-

frequency features, we introduce a Frequency-domain Adaptive Convolution (FAConv),

Buy N
which dynamically models convolutional kernel weights to enhance the dual-branch gdtas

F



FDM-Net: Frequency-Domain Modulation Network for Medical
Image Segmentation

ShuMin Ma! and Cao Shil*

" College of Information Science and Technology, Qingdao University of Science and
Technology,Qingdao, 266061, Shandong, China.

*Corresponding author(s). E-mail(s): caoshi@yeah.net;
Contributing authors: shuminma418Qqq.com;

Abstract

Due to the inherent noise and artifacts of 3D medical imaging, issues such as low contrast and signal inter-
ference make segmentation still highly challenging. Existing methods mainly focus on modeling spatial
information, while the intrinsic texture and directional cues embedded in frequency-domain represen-
tations remain underexplored. To address this, we propose a Frequency-Domain Modulation Network
(FDM-Net), which incorporates frequency-domain cues into the segmentation process. To differentiate
between the global morphological components of primary features and the fine-grained texture com-
ponents, we develop a 3D Frequency-Domain Decomposition (FD) module that separates images into
heterogeneous frequency components, thereby highlighting overall contours and microscopic edges. To
capture the characteristics of both high-frequency and low-frequency features, we introduce a Frequency-
domain Adaptive Convolution (FAConv), which dynamically models convolutional kernel weights to
enhance the dual-branch responsiveness to different frequencies. Furthermore, to effectively integrate
multi-scale and multi-branch representations, we design a Frequency-Guided Hybrid Attention (FGHA)
module that aggregates dimension-specific information. Through visualization and experimental analysis,
extensive results on three different imaging modality datasets demonstrate that the proposed FDM-Net
achieves superior performance and robustness compared to state-of-the-art methods, while maintaining

low computational cost.

Keywords: Frequency Domain,Medical Image Segmentation,Adaptive Convolution,Frequency-domain

Decomposition,Feature Fusion

1 Introduction

Accurate medical image segmentation is central to
computer-aided diagnosis, supporting tasks such
as lesion delineation, surgical planning, and dis-
ease grading [1-3]. Manual annotation, however,
is labor-intensive, inefficient, and subject to inter-
observer variability [4, 5]. In 3D imaging, pre-
cise lesion segmentation is particularly critical for
treatment planning, making the development of effi-
cient and reliable automatic methods an essential
research focus.

Over the past decade, deep learning techniques
have been widely applied in the field of computer
vision. Convolutional neural networks (CNNs) [6],
with their powerful feature representation and
capability of extracting deep semantic information,
have driven significant progress in image segmenta-
tion. In particular, the U-shaped encoder—decoder
architecture introduced by U-Net [7] has become
a fundamental approach for medical image seg-
mentation. ConvNeXt [8], inspired by the design

principles of Transformers [9], achieves competi-
tive segmentation performance while maintaining
a purely convolutional architecture. In addition,
other convolution-based networks such as [10-
12] have also demonstrated remarkable segmen-
tation accuracy. However, due to the inherently
local receptive field of convolutions, CNNs face
limitations in capturing global interactions and
structured information. To mitigate this issue, Yu
et al. [13] proposed dilated convolutions, which
expand the receptive field by increasing the sam-
pling rate. On the other hand, several Transformer-
based architectures have been proposed. For exam-
ple, Swin Transformer [14] introduces a shifted
window attention mechanism that alleviates the
heavy computational burden of conventional Trans-
formers. 12U-Net [15] incorporates a hierarchical
feature interaction mechanism between the encoder
and decoder, enabling richer information flow and
enhancing multi-scale semantic modeling and seg-
mentation accuracy. Although these methods per-
form well in integrating spatial-domain features,
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Fig. 1: Visualization of the comparison between
methods in terms of computational complexity. The
computational cost is represented using parame-
ter size (bubble size) and GFLOPs. Our proposed
method (FDM-Net) achieves better or comparable
segmentation performance while having the small-
est number of parameters and GFLOPs.

they pay limited attention to texture and direc-
tional information, which are crucial for highlight-
ing lesion heterogeneity in medical imaging [16].

In recent years, research on medical image
segmentation has increasingly recognized the role
of frequency-domain representations in enhancing
fine-grained texture capture and boundary delin-
eation [17-19]. Li et al. [20] proposed a segmen-
tation network based on global frequency-domain
information, but it exhibits low sensitivity to
local details. SFFNet [21] focuses on frequency
decomposition with particular emphasis on regions
near edges. However, most studies tend to pro-
cess frequency-domain features in a unified manner,
without explicitly separating low-frequency com-
ponents, which primarily reflect overall structural
patterns, from high-frequency components, which
characterize subtle textures and directional varia-
tions.

To address these challenges, we propose FDM-
Net, a frequency-domain—aware framework. It
employs a Frequency Decomposition (FD) mod-
ule to extract complementary high-frequency and
low-frequency components, thereby enabling sta-
ble capture of both texture and structural fea-
tures [22, 23]. FAConv enhances the network’s
sensitivity to different frequency characteristics by
learning frequency-specific representations, which
further improves contour detection and fine-grained
texture modeling. FGHA strengthens global infor-
mation correlation and local information inter-
action. By modulating features in the frequency
domain, the framework integrates frequency- and
spatial-domain information in a synergistic manner,
aligning segmentation more closely with medical
structural characteristics.

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

® To extract both low- and high-frequency features,
we design a 3D frequency decomposition mod-
ule. A Gaussian soft-gating mechanism is used to

smoothly filter high-frequency components while
separating low- and high-frequency information.
This dual-branch learning strategy enhances the
model’s ability to perceive morphological bound-
aries and micro-textures.

® We introduce a 3D adaptive convolution in the
frequency domain that constructs kernel weights
based on frequency information. By separately
learning low- and high-frequency representations,
FAConv improves the network’s responsiveness
to different frequency ranges, thereby adaptively
capturing diverse frequency information.

® To handle the microstructural patterns and het-
erogeneity of 3D medical data, FGHA leverages
cross-attention in the frequency domain to cap-
ture multi-dimensional and multi-scale informa-
tion, enabling more comprehensive representa-
tion integration and feature extraction.

e On multiple datasets, including OAI-ZIB [24],
Pancreas [25], and Hippocampus [25], our
method outperforms the comparative approaches
in segmentation performance, demonstrating
strong robustness and low computational cost
(Fig.1).

2 Related Work

2.1 Image Semantic Segmentation

Semantic segmentation methods rooted in deep
learning frameworks have developed rapidly [26-
29]. Recent approaches based on a single backbone
primarily leverage CNNs and their variants. The
pioneering U-Net framework, along with its adap-
tive successor nnU-Net and Dense UNet [30], relies
on an encoder—decoder architecture with skip con-
nections to enhance feature representation. Atten-
tion mechanisms further improve the model’s abil-
ity to focus on salient features. Attention U-Net [31]
incorporates attention gates into the standard U-
Net framework, enabling dynamic localization of
important regions while suppressing background.
ResNet [32] introduces residual connections to alle-
viate gradient vanishing issues, thereby pushing
accuracy boundaries. Transformer-only architec-
tures such as Swin U-Net [33] adopt a shifted
window attention mechanism, effectively reduc-
ing computational complexity while maintaining
strong robustness. However, these single-framework
approaches [8, 34] remain limited in contextual
understanding or require large-scale datasets for
training.

Hybrid frameworks have been widely applied
in image segmentation. UNETR [35] incorpo-
rates Transformers into a U-shaped architecture
to capture multi-scale information. TransUNet [36]
enhances the understanding of complex structures
by combining local feature extraction of CNNs with
global context modeling of Transformers. Hulin
et al. [37] proposed a dual-branch network that
improves segmentation accuracy through iterative
feature interaction between CNN and Transformer
branches, along with bilateral difference learning.



Although these architectures effectively integrate
spatial-domain information of images, they primar-
ily focus on spatial representations while overlook-
ing the potential of frequency-domain modeling.
In contrast, high-frequency information in the fre-
quency domain plays a crucial role in delineating
boundaries, capturing fine details, and improving
overall segmentation accuracy [38].

2.2 Frequency-domain Network

Frequency-domain transformations have been
widely applied in computer vision tasks, including
representation learning [39, 40], image restora-
tion [41, 42], and image generation [43]. These
techniques provide the ability to decompose infor-
mation across different spatial scales, thereby
enhancing a model’s capability to capture either
global or local information.

In the field of image segmentation, frequency-
domain transformation techniques have been widely
applied due to their effectiveness in denois-
ing and multi-resolution feature extraction. A
straightforward approach is to embed frequency-
domain operations into specific network compo-
nents, such as convolutions or Transformers. Lu
et al. [44] proposed a dual-tree complex wavelet
transform, which, by leveraging approximate shift
invariance, multi-directional selectivity, frequency-
domain aliasing suppression, and phase preserva-
tion, improves CNNs’ boundary precision and noise
suppression capabilities in images. The Frequency-
Guided Feature Network [45] incorporates fre-
quency enhancement into attention modules to
achieve multi-scale feature fusion and spatial con-
text modeling, thereby enhancing network gener-
alization. Recent work [46] further employs con-
tourlet decomposition to transfer high-order tex-
ture features and spatial structural information,
demonstrating superior performance.

An increasing number of methods are now
exploring more sophisticated strategies for
frequency-space fusion. MIFNet [47] integrates
local, global, and frequency features within a single
module, building upon the use of non-local filters
and multi-scale attention to process spatial and
frequency features. The Spatial-Frequency Network
[48] incorporates contextual feature dependen-
cies in both the frequency and spatial domains
to improve network accuracy. However, these
approaches still suffer from fragmented utilization
of frequency-domain information or treat frequency
representations as a unified feature space. There-
fore, a more comprehensive exploration of the
integration and exploitation of frequency-domain
information remains necessary.

3 Methodology

3.1 Overall Architecture

The overview of the proposed FDM-Net frame-
work is shown in Fig.2(a). FDM-Net is a

dual-branch  parallel network following an
encoder—decoder  architecture. It integrates
four key modules: Frequency Decomposition
Module(FD), 3D Frequency-Domain Adaptive
Convolution(FAConv), Frequency-Guided Hybrid
Attention(FGHA), and the fusion module. First,
FD decomposes the input image into high-
frequency and low-frequency subbands, yielding a
low-frequency component X and high-frequency
components X grouped radially and direction-
ally. To better learn spectral coefficients, a 3D
frequency-adaptive convolution kernel is employed
in the shallow encoder to enhance response dis-
crimination. Residual connections are applied
separately to process high-frequency and low-
frequency features. In the deep encoder, the
FGHA module attends to both high-frequency and
low-frequency representations, enhancing cross-
frequency consistency along spatial, channel, and
specific dimensions. The fusion module integrates
the outputs of the dual-branch encoders, while
deep decoder outputs are skip-connected to shallow
layers to facilitate supervised learning.

3.2 Frequency Decomposition
Module

As shown in Fig.3, the frequency decomposition
module initially decomposes CT or MRI scans into
a low-frequency component and multiple direction-
sensitive high-frequency subbands. These subbands
serve as inputs to the decoder, where structural
and textural cues are extracted separately. The core
idea is to map the input image to the frequency
domain via a 3D Fourier transform and construct
differentiable soft-gated masks along diagonal and
radial dimensions in the frequency domain. Specifi-
cally, after transforming the input to the frequency
domain, features are first separated into low- and
high-frequency components based on the frequency
radius. The high-frequency portion is then divided
into two directional subbands along the angular
dimension and further decomposed into several
radial bands to obtain masks. Each mask is mul-
tiplied element-wise with the input spectrum and
transformed back to the spatial domain via the
inverse fast Fourier transform, achieving multi-
directional and multi-scale decomposition. This
process can be formulated as:

Xy = 8(F{x}) (1)

Here, x denotes the input tensor, F' represents
the 3D fast Fourier transform, S is the frequency
spectrum center shift, and X; is the transformed
power spectrum. Subsequently, a polar coordinate
framework is constructed for radial banding and
directional decomposition.

MLF(R) = l[R < rratio] (2)

MHF(R) = 1 — MLF(R) (3)
Xvr = Xy - MLF(R), (4)



(a) Overview of the Frequency-Domain Modulation Network
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Fig. 2: The overall framework of FDM-Net is shown in (a). It is a dual-branch network for high-frequency
and low-frequency features, which decomposes and integrates features through FD, FAConv, and FGHA.
Two types of losses are used to align predictions, labels, and the dual branches. (b) FGHA integrates multi-
scale information via a cross-attention mechanism, enhancing the processing of features.

LE=F"{S " (Xvr)} (5)
Here, R denotes the radial radius, 7..tio 1S the
radial radius ratio, MLF(R) is the low-pass mask,
Xrr is the low-frequency component in the fre-
quency domain, F~! is the 3D inverse fast Fourier
transform, and LF is the low-frequency feature
transformed back to the spatial domain. MHF(R)
represents the complementary high-frequency set.

(R—r.)?
M adial (R) = exp (—2072_

(6)

1
r®) = = (rp-1 + 1)

(7)

¢ 2
MP(R) = M) (R)-MHF(R) (8

The above process achieves radial banding. The
high-frequency component is divided into b con-
centric radial bands along the radial direction (in
this work, b=2). These bands are evenly spaced
within the interval [ryati0, 1], and smooth transitions
are realized using a Gaussian-shaped soft mask
M, aqia1- Here, r. denotes the center radius of a

band. Mr(b)(R) represents the radial band mask.

df = min |6 — 6;| 9)

do?
Morient(a) = exp (w) (10)
My i(R,0) = MY (R) - M), (0) (1)

The above process achieves directional decomposi-
tion. Within each radial band, features are further
grouped according to the angular coordinate 6,
representing the planar angle. First, ¢ directional
centers are generated (in this work, 1=2), with d6

denoting the angular interval. A Gaussian weight-
ing Mosient (0) is applied. My ;(R,6) represents the
radial-directional decomposition mask, with ¢ =
1,2.

X(cbﬂ:) = X; N Mb,i(Ra 0) (12)
HF) = F~ {Sfl(X(cb,i))} (13)
HF = Concatczl,b:1,2,i:1,2 HF(C7b’i) (14)

The mask for each input channel is multiplied
element-wise with the frequency spectrum and con-
catenated along the channel dimension. An inverse
FFT and center shift are then applied to obtain the
high-frequency feature map HF.

3.3 3D Frequency-Domain Adaptive
Convolution

The 3D frequency-domain adaptive convolutional
structure is illustrated in Fig.4. FAConv constructs
kernel weights by learning spectral coefficients
in the frequency domain. These coeflicients are
divided into non-overlapping groups to separately
capture different frequency components . Subse-
quently, the kernel weight distribution is dynami-
cally adjusted according to the spatial information
of the input features, enabling frequency-response
adaptation across the entire kernel. Additionally,
the responses of the convolutional kernel across
different frequency bands are weighted, allowing
features at each frequency band to receive vary-
ing levels of attention, thereby achieving spatially
dependent frequency modulation. The detailed pro-
cess is shown in Algorithml.



Algorithm 1 Illustration of the FAConv process

Require: Input feature map X, static kernel set
{Wy,..., Wk},

Ensure: Output feature map Ygnal

1: Step 1: Global feature compression

Xgap < GAP(IDFT(X)) € RCmx1x1x1

X; < Sigmoid(FC(Xgap)) € R x1x1x1

Step 2: Generate dynamic attention coef-

ficients

Ay Ag, Ay, Ay <= Cross-Attention(X7)

if use Local-Attention then
Ajocal < Local-Attention(X7)

else
Alocal <1

10: end if

11: T A O A O AR ©Ap @ Algeal

12: Step 3: Generate dynamic kernel

13: W <= (W oWed...oWklo{memnd... .6
WK} € RCoutxCinxkxkxk

L

© ® 3>

14: Step 4: Convolution

15: Yina < Sigmoid(Convl(GAP(DFT(X))))
W’ c RCout X DX HXW

16: Return Y.

Specifically, a set of mutually independent static
kernel collections {Wy, Wy, ..., Wk} is first initial-
ized, where K denotes the number of kernels. The
input X is processed through ¢DFT and global
average pooling (GAP) to obtain the compressed
feature X;. X; is then fused through channel
attention, spatial attention, kernel attention, filter
attention, as well as parallel local kernel atten-
tion, to generate the final attention coefficients
{m1,m2,..., 7K }. The four attention dimensions
and the local attention dimension are eventually
aligned through broadcasting. The attention coef-
ficients are multiplied with the static kernels to
produce the dynamic weights W'. X is further pro-
cessed through DFT, GAP, and convolution, and
then multiplied with W to supplement the features
and obtain the final output Ygna;.

HX WXDXC
— Decomposition

|

HX WXDX4C HX WXDXC

FFT
T HF l LF
Input IFFT

Frequency Decomposition

Fig. 3: Structure of the Frequency Decomposition
Module. It is used to decompose the input into high-
frequency and low-frequency components.
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Fig. 4: Structure of the 3D Frequency-Domain
Adaptive Convolution. It uses non-overlapping
grouped weights to learn high-frequency and low-
frequency feature components, consisting of non-
overlapping weight parts and a modulation part.

3.4 Frequency-Guided Hybrid
Attention and Feature Fusion

As shown in Fig.2(b), the Frequency-Guided
Hybrid Attention (FGHA) module integrates and
refines deep features extracted by the dual-branch
shallow encoder, enhancing the network’s ability
to model discriminative features. FGHA employs
channel, spatial, and axial cross-attention to model
features in the frequency domain.

First, a 3D FFT is applied to map the features
to the frequency domain, obtaining the real part F;.
and imaginary part F;, facilitating attention extrac-
tion from deep features. Cross-attention operations
are then performed separately on the real and imag-
inary parts, producing attention weights F, F§, and
F,. These attention maps are aligned using broad-
casting and multiplied with the real part to obtain
the adjusted feature map. Finally, the features are
transformed back to the spatial domain.

This module integrates low-frequency and high-
frequency branch information, complementing spe-
cific details. The entire process can be expressed as
follows:

A
F, =F(F,) (15)
A
Fr; = S(SA(CA(F,))) (16)
F... = AxialAttnD(F,) 4 i AxialAttnD(F,) (17)
Fout = Fﬁl(F;ut) (18)

Here, F,, denotes the input feature map, and Fn
represents the frequency-domain features. F,. and

Fusion Block

layerS L layers H layerd L layerd H
) _ i, layerS H
FGHA & FGHA
i<— Down k\i r— Up
layer5_L layer4 I < layer5_L
(a) Layers (b) Layerd

Fig. 5: Illustration of the fusion module. It is used
to integrate dual-branch features and multi-scale
information.
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Fig. 6: Visualization of segmentation results from eight methods on representative OAI-ZIB samples. The
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F; correspond to the real and imaginary parts
in the frequency domain, respectively. C'A and
SA denote channel attention and spatial atten-
tion. & represents broadcasting. Axial AttnD refers
to axial attention along the D dimension. F.
is the reconstructed complex spectrum from the
processed real part AxialAttnD(F,) and imagi-
nary part ¢ AxialAttnD(F;). The 3D inverse Fourier
transform (IFFT) restores the features back to the
spatial domain, yielding the enhanced feature map
F, out-

Fig.5 illustrates the operations performed by the
feature fusion module, which is designed to inte-
grate information from the dual branches to ensure
robustness and mutual enhancement between them.
Taking the low-frequency branch as an example, the
high-frequency feature H5 and the low-frequency
feature L5 are the outputs of the fourth layer of
the decoder. After passing through the FGHA mod-
ule, they are concatenated and further processed
by subsequent convolutional blocks to extract fea-
tures. Meanwhile, the fourth-layer output of the
high-frequency branch is downsampled and added
in to supplement fine details, producing the final
fifth-layer output of the low-frequency branch. The
feature fusion process for the fourth layer of the
low-frequency branch is similar, but it also incor-
porates the final output of the fifth layer to enrich
the features.

3.5 Loss Function

The overall loss function (Eq.19) used by the model
can be summarized as:
Lrotal = Lcons + ALpa (19)
Here, Lcons represents the consistency constraint
loss, which is used to align the outputs of
the low-frequency and high-frequency branches.
Lpa denotes the branch alignment loss, ensuring
the consistency of predictions between the two
branches, and A represents the weighting factor.

LCons = Z Z LCons( y) (20)
fe{L,H} te{fin,side}
N I
2 iDi + €
LDwe =1- ZZ L 9P (21)

N =1 Zz 191"‘21 1pz—i_6
The Lcons loss includes both low- and high-
frequency losses, computed over the dual branches
as well as the auxiliary branch, and uses Dice
loss (Eq.21). Here, y represents the ground truth
labels, ys represents the predicted outputs, L and
H denote the low-frequency and high-frequency
branches, and fin and mid denote the intermedi-
ate layer outputs and the final outputs of the dual
branches. The Lga loss employs 3D DFL, as shown
in Eq.22, and uses the final outputs of the dual
branches as pseudo-labels for each other, enabling
mutual supervision. Here, 9 and 97 denote the
main outputs of the LF and HF branches of the



model, respectively.

Lpa = Lia (5%,9") (22)
W () = Norm (I F(5)(w) = FG@)(w)l5) (23)

Lo = hoo g D0 W) 1) () = F ) )]
ue

(24)
The final formulations of 3D DFL and Lga are pre-
sented in Eq.3.5 and Eq.24, where F'(-) represents
the 3D Fourier transform, u € {2 denotes the fre-
quency coordinates, and €2 represents the set of all
positions in the frequency domain. ||F(§™M)(u) —
F(§®)(u)||$ is the difference between two pre-
dicted points at frequency u, defined as the squared
Euclidean distance. W (u) is the frequency weight-
ing matrix, where o > 0 is the focusing factor and
Norm(-) denotes normalization by the maximum
value. || is the total number of positions in the
frequency domain, serving as the denominator for
summation normalization.

4 Experimental

Datasets. We quantitatively evaluated our method
using publicly available datasets acquired with dif-
ferent imaging modalities: OAI-ZIB, Hippocampus,
and Pancreas.

OAI-ZIB is a knee cartilage dataset with expert
manual annotations of femoral and tibial cartilage.
The dataset consists of MRI scans of 507 subjects,
with 253 used for training and 254 for testing.

The Pancreas dataset contains 420 three-
dimensional CT scans (281 for training and 139 for
testing). A major challenge lies in the imbalanced
label distribution, which involves large-, medium-,
and small-scale structures.

The hippocampus dataset aims to accurately
segment two adjacent small structures from MRI
scans. It contains 394 MRI scans, of which 263 are
used for training and 131 for testing.

Evaluation metrics. To objectively assess
the performance of different models, we used the
Dice similarity coefficient (DSC) and the average
symmetric surface distance (ASSD) as evaluation
metrics.

Implementation details. Our proposed
FDM-Net was implemented in PyTorch 1.10.1
with CUDA 11.8 and trained and tested on an
NVIDIA GeForce RTX 4090 GPU . The network
was trained for 450 epochs using the SGD opti-
mizer with a momentum of 0.9, an initial learning
rate of 0.3, a weight decay of 5 x 107, and a batch
size of 1. To improve generalization and prevent
overfitting, several data augmentation strategies
were applied during training, including random
rotations, random flipping, and random cropping.

4.1 Experimental Results.
4.1.1 Quantitative Results

To evaluate the segmentation performance of FDM-
Net on medical images, we compared it with
seven 3D segmentation networks. The segmentation
results of different models on the OAI-ZIB dataset
are shown in Table.l. Quantitative results indi-
cate that our method, FDM-Net, outperforms the
comparisons. On OAI-ZIB, FDM-Net achieves Dice
scores of 90.12% and 89.73% for Femoral Cartilage
and Tibial Cartilage, respectively, with correspond-
ing ASSD values of 0.5023 mm and 0.4753 mm.
Compared with 3D MEW-UNet, the Dice score for
Tibial Cartilage increased by 3.85%, and ASSD
improved by 0.025 mm. This demonstrates more
accurate predictions of the cartilage regions and
improved boundary delineation. This is crucial for
the clinical assessment of knee osteoarthritis, as
precise measurement of cartilage thickness and vol-
ume is a key parameter for monitoring disease
progression.

To evaluate the generalization ability of FDM-
Net across different organs, we conducted experi-
ments on the hippocampus dataset. The compar-
ison results are shown in Table.2. For the Poste-
rior region, our method has a slightly lower DSC
than nnU-Net, possibly due to the small sample
size, but achieves the best ASSD. Compared with
other methods, the Dice score also exceeds that of
3D MEW-UNet, which also uses frequency-domain
information, by 5.84%.

On the pancreas dataset, the performance of
FDM-Net is shown in Table.3. The tumor region
achieved a Dice score of 70.69% and an ASSD of
17.15 mm, representing a significant improvement
over the comparison networks. The notable increase
in DSC may be attributed to the low-frequency
branch focusing on global information. However,
segmentation performance for the Pancreas region
remains moderate. It is worth emphasizing that
FDM-Net achieves these results with extremely low
computational cost, requiring only 2.4M parame-
ters and 0.68 GFLOPs, which is several times less
than other methods.

4.1.2 Qualitative Results

Fig.6 provides a qualitative visualization of the seg-
mentation performance of the models on selected
samples from the OAI-ZIB dataset. Each row cor-
responds to one sample, with red dashed boxes
highlighting regions of segmentation discrepancy.
Consistent with the quantitative metrics, FDM-Net
shows improvements in capturing contour details
and achieving precise segmentation. As shown in
Fig.6(c), our method is more sensitive to irregu-
lar edges. In Fig.6(b), CNN-based UNet and VNet
exhibit over-smoothing at the boundaries, per-
forming worse than the Transformer-based meth-
ods and the well-optimized nnU-Net. In contrast,
the frequency-domain-based methods (Ours and
MEW-UNet) produce segmentation results that



Femoral Cartilage Tibial Cartilage Average
Methods DSC(%) ASSD(mm) DSC(%) ASSD(mm) DSC(%) ASSD(mm)
V-Net 87.71 1.1520 84.11 1.7328 85.91 1.4424
3D U-Net 89.03 0.7766 84.77 1.0323 86.90 0.9045
nnU-Net 89.05 0.6825 85.53 0.8340 87.29 0.7583
SegFormer 85.55 1.8193 83.79 3.2474 84.67 2.5334
UNETR 88.34 0.6962 85.27 0.9987 86.80 0.8475
Swin-UNETR 89.27 0.6274 85.30 0.8436 87.28 0.7355
3D MEW-UNet 89.11 0.5492 85.88 0.5003 87.50 0.5248
Ours 90.12 0.5023 89.73 0.4753 89.93 0.4888
Table 1: Results of OAI-ZIB datasets. The best results are highlighted in bold.
Anterior Posterior Average

Methods DSC(%)  ASSD(mm) DSC(%) ASSD(mm) DSC(%) ASSD(mm)
V-Net 80.02 6.5452 76.72 3.6717 78.37 5.1084
3D U-Net 88.75 1.4018 87.33 1.3113 88.04 1.3566
nnU-Net 90.00 1.4973 89.00 1.5273 89.50 1.5123
SegFormer 85.97 2.9538 84.98 2.0609 85.48 2.5074
UNETR 88.79 1.5799 87.10 1.4908 87.95 1.5354
Swin-UNETR 89.31 1.4324 87.83 1.4866 88.57 1.4595
3D MEW-UNet 83.48 1.7545 82.45 1.5914 82.97 1.6730
Ours 90.23 1.2332 88.29 1.3073 89.26 1.2703

Table 2: Results of Hippocampus datasets. The best results are highlighted in bold.

more closely match the label shapes, although
MEW-UNet’s excessive emphasis on fine features
leads to slight distortions in certain regions. Over-
all, our model better preserves contours and aligns
more closely with the label shapes. Fig.7(b) shows
segmentation visualizations on a specific sam-
ple from the Hippocampus dataset. Notably, in
Fig.7(B) and (C), MEW-UNet produces false pos-
itives in some regions, while our method achieves
accurate segmentation. Considering the overall
results, FDM-Net provides a more complete delin-
eation.

To further investigate the reasons behind
the improved segmentation performance of our
method, we conducted a comparative analysis of
Grad-CAM attention maps of FDM-Net and 3D
MEW-UNet across multiple samples. As shown in
Fig.8. FDM-Net exhibits more concentrated high-
response regions on the target structures, demon-
strating stronger localization of key structures. The
third row of Fig.8 partly illustrates the signifi-
cant improvement of FDM-Net in tumor region
segmentation. The region is shown in the deepest
red, indicating that the model focuses most on the
target. Qualitative analysis shows that FDM-Net
excels in capturing boundaries and fine details of
key structures.

4.2 Ablation experiment

To evaluate the contribution of several modules in
the network, we conducted ablation experiments
on the Hippocampus dataset. Table.4 presents the
results of the ablation experiments. In these exper-
iments, we used Dice and HD95 as evaluation
metrics.

Effectiveness of the FD module. As shown
in Table.4, introducing the FD module achieved
excellent baseline performance. In the Anterior and
Posterior regions, the Dice scores were 88.66% and
86.69%, while the HD95 values were 1.3661 mm and
1.5311 mm, respectively, highlighting the effective-
ness of the dual high-frequency and low-frequency
branches.

Effectiveness of the FD and FAConv mod-
ules. After adding the FAConv module, segmen-
tation performance was further improved thanks
to adaptive learning of high-frequency and low-
frequency features. The HD95 score in the Posterior
region reached the optimal 1.5116 mm. Dice scores
also improved by 0.58% and 0.9%. These results
indicate that the FAConv module not only effec-
tively reduces uncertainty in boundary prediction
but also enhances the model’s discriminative abil-
ity in complex regions, making the segmentation
results more precise and stable.

Effectiveness of the FD and FGHA mod-
ules. When combined with FGHA alone, the
performance improvement was limited, although
Dice scores still outperformed some comparative
methods. This may be because, without FAConv’s
dynamic feature modeling, FGHA struggles to
obtain reasonable weight distributions, and its col-
laborative modeling advantage is not fully realized.
Notably, the introduction of the FGHA module
reduced HD95 in the Anterior region, indicating its
positive role in improving segmentation boundary
accuracy.

Effectiveness of the FD, FAConv, and
FGHA modules. The full FDM-Net achieved the
highest Dice scores, with 90.23% in the Anterior



Pancreas Tumor Cost

Methods DSC(%) ASSD(mm) DSC(%) ASSD(mm) Params(M) FLOPs(G)
V-Net 74.81 2.1520 50.11 18.7328 45.60 96.00

3D U-Net 75.04 2.7766 51.77 18.2523 21.03 30.20
nnU-Net 76.75 2.6825 52.86 18.0740 11.20 250.95
Swin-UNETR 76.54 2.4401 52.65 18.59 63.58 333.64

3D MEW-UNet 75.14 2.2949 51.65 18.6174 124.28 81.34
Ours 74.61 2.9132 53.96 17.15 2.40 0.68

Table 3: Results of Pancreas datasets. The best results are highlighted in bold.

Fig. 8: Grad-CAM visualizations of FDM-Net and
3D MEW-UNet on samples from three datasets.
The first row corresponds to OAI-ZIB, the second to
hippocampus, and the third to pancreas. (a) FDM-
Net, (b) MEW-UNet. Red indicates high attention
regions, while blue indicates low attention regions.

Anterior Posterior
DSC(%) HD95(mm) DSC(%) HD95(mm)
FD 88.66 1.3661 86.69 1.5311
FD + FAConv 89.24 1.3214 87.59 1.5116
FD + FGHA  88.56 1.3292 86.68 1.5776
FDM-Net 90.23 1.2258 88.29 1.5305

Table 4: Ablation study on the Pancreas datasets.

region and 88.29% in the Posterior region. Exper-
imental results demonstrate that each component
contributes to improving segmentation accuracy
and exhibits complementary effects.

To further investigate the contribution of each
module to the feature representation of the tar-
get regions, we visualized the features using t-SNE
(Fig.9). When only the FD module was introduced,
the intra-class points were relatively scattered, indi-
cating weak feature cohesion. After adding the
FGHA module, the intra-class distribution did not
change significantly, consistent with the quantita-
tive metrics. When combining FD and FAConv, the
intra-class points became more compact, showing
higher cohesion. In the complete FDM-Net (FD,
FAConv, and FGHA), the two clusters within each
class almost completely overlapped, forming more
regular and dense clusters. This indicates that the
global structural encoding was enhanced.

5 Discussion

Conclusion. In this work, we propose FDM-Net,
a frequency-domain-based dual-branch segmenta-
tion framework. The method achieves a good

FD FD+FAConv FD+FGHA FD+FAConv+FGHA
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Fig. 9: t-SNE visualization of feature represen-
tations for the same data under different module
combinations. The background is shown in yellow,
anterior in green, and posterior in orange.

balance between computational cost and segmen-
tation performance. It also explores introducing
frequency-domain modeling into medical image seg-
mentation, providing a feasible alternative to tra-
ditional spatial-domain approaches. By employing
frequency-domain decomposition and multi-scale
feature integration, the model’s ability to capture
both fine details and global features is enhanced.

Limitation and Future Work. Our pro-
posed method has certain limitations. Although
it achieves improvements on several segmenta-
tion tasks by decomposing and integrating high-
frequency and low-frequency features, the robust-
ness of segmentation for some targets remains
challenging. Future research could further explore
improvement strategies, such as adjusting the fre-
quency decomposition approach or enhancing the
multi-scale feature fusion module, to improve the
model’s robustness and applicability.
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