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Medical image segmentation, a core technology in computer-aided diagnosis, faces persistent challenges
including high-frequency detail loss, inadequate multi-scale modeling, and limited cross-modal gener-
alization. This study proposes Frequency-Spatial Attention Network (FSA-Net) for Medical Image Seg-
mentation, anovel framework integrating frequency-spatial dual-path attention with adaptive multi-scale
Transformer architecture. The framework features two key innovations: (1) A Frequency-Spatial Adaptive
Selection (FSAS) module that decouples high-frequency edges from low-frequency structures during fea-
ture embedding, effectively preserving critical boundary information typically attenuated by conventional
downsampling. (2) A wavelet decomposition module combined with window-based attention mechanisms,
enabling simultaneous modeling of long-range spatial dependencies and channel-wise semantic correla-
tions within Transformer blocks. Extensive experiments demonstrate FSA-Net's superiority, achieving
79.36% mean Dice and 19.71mm HD95 on Synapse, outperforming Swin-Unet. The framework pioneers
dynamic frequency-domain filtering combined with wavelet-guided cross-scale attention, establishing a
novel paradigm for frequency-space synergy. It also attains 89.72% Dice for myocardium segmentation on
the ACDC dataset, validating its efficacy in low-contrast scenarios. By quantitatively verifying the critical
role of high-frequency components in boundary reconstruction and enabling efficient learning on small
datasets, this work advances clinical precision in complex anatomical segmentation while providing scal-
able technical foundations for multi-modal applications.

KEYWORDS: Medical Image Segmentation, Attention Mechanism, Multi-Scale Transformer, Frequency
Learning
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1. Introduction

Medical image segmentation has undergone signif-
icant evolution alongside advancements in imaging
technology and growing clinical demands, transi-
tioning from traditional threshold-based methods to
sophisticated deep learning frameworks. Central to
this progress lies the ongoing quest to balance local
feature extraction and global context modelling — a
tension embodied in the complementary strengths
of convolutional neural networks (CNNs) and Vi-
sion Transformers (ViTs). While U-Net’s encod-
er-decoder architecture revolutionized medical seg-
mentation through hierarchical feature learning and
skip connections, its CNN-based design struggles
with long-range dependencies and spectral aliasing
during downsampling. Even advanced self-configur-
ing frameworks like nnU-Net [14], which automate
architecture optimization for diverse tasks, fail to
mitigate high-frequency signal loss caused by pool-
ing operations. These limitations manifest in chal-
lenges like correlating anatomically linked organs
(e. g., pancreas-duodenum relationships in abdomi-
nal CT) and preserving microstructural boundaries
(e. g. hepatic vessel networks), where fixed convo-
lutional kernels fail to capture broader spatial con-
texts and pooling operations irreversibly attenuate
high-frequency signals.

The emergence of ViTs initially promised solu-
tions through global self-attention mechanisms,
yet introduced new hurdles. Though effective in
maintaining structural consistency for larger an-
atomical regions, ViTs' patch embedding process
inadvertently suppresses high-frequency details
critical for edge precision—evidenced by their 12-
15% deficit in microstructure recall compared to
CNNs for tasks like Glisson sheath segmentation
[23]. SegFormer3D [24] pioneers a 3D hierarchical
transformer, demonstrating that compact designs
can achieve competitive accuracy on Synapse and
ACDC datasets. Similarly, G-CASCADE [26] intro-
duces graph convolutional decoding to maintain
long-range dependencies while reducing decoder
FLOPs by 82.3%, validating graph operations as an
efficient alternative to traditional convolutions.
The EMCAD framework [27] further advances ef-
ficient decoding through multi-scale depth-wise
convolutions and grouped attention gates, attain-
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ing SOTA performance with 79.4% parameter re-
duction. Furthermore, their heavy reliance on
large-scale pretraining conflicts with medical im-
aging’s data scarcity realities, where datasets like
the 30-scan Synapse [17] benchmark necessitate
models capable of learning efficiently from limit-
ed samples. This tension between local specificity
and global awareness spurred hybrid architectures
seeking synergistic integration. TransUNet bridged
CNN-localized feature extraction with ViT-driv-
en global aggregation, achieving 78.6% pancreatic
segmentation accuracy, while Swin-Unet’s hierar-
chical window attention balanced computational
efficiency with multi-scale modeling [21]. In re-
cent years, State Space Models (SSMs) have shown
remarkable potential in sequence modeling, with
Mamba achieving linear-complexity long-sequence
modeling through a selective state space mech-
anism. Leveraging this framework, UNetMamba
[24] integrates a lightweight segmentation decoder
and local supervision module to enhance efficien-
cy and accuracy in high-resolution remote sens-
ing imagery; SMM-UNet [18] introduces dynamic
multi-scale fusion with ultra-low parameters for
precise segmentation of morphologically complex
medical lesions; Link Aggregation Mamba [34]
combines Mamba's cross-scale feature aggrega-
tion and Transformer’s global semantic modeling,
demonstrating complementary advantages of SSMs
and attention mechanisms in hierarchical feature
fusion for long-range dependency capture and local
detail reconstruction in remote sensing scenarios.
Meanwhile, multi-head attention networks with
feature transfer mechanisms have demonstrated
significant potential in medical image segmenta-
tion. For instance, the CM-TranCaF [8] framework
integrates cross-modality transfer learning with at-
tention gates to achieve feature alignment and com-
plementary information fusion across modalities.
Nevertheless, these approaches still grappled with
cross-organ frequency correlations and low-con-
trast boundary sensitivity, particularly in complex
abdominal regions where overlapping tissue tex-
tures demand nuanced spectral analysis.

Addressing these dual challenges of spectral pres-
ervation and contextual modeling, our proposed
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Frequency-Spatial Attention Network (FSA-Net)
framework introduces a frequency-spatial collabo-
rative architecture. At its core lies the FSAS module,
which reimagines feature downsampling through
dynamic frequency masking. By applying Fast Fou-
rier Transform to decompose features into spectral
components, FSAS employs learnable filters to se-
lectively enhance high-frequency edge signals and
low-frequency anatomical structures prior to spa-
tial subsampling — effectively mitigating traditional
CNN's spectral aliasing while preserving ViT-style
global awareness. Building upon this foundation,
a Haar wavelet-enhanced multi-scale attention
mechanism cascades spectral decomposition with
windowed attention operations, using low-frequen-
cy subbands to guide cross-organ semantic relation-
ships while retaining high-frequency texture details.
This dual-domain synergy translates to measurable
performance gains, evidenced by Dice coefficient
improvements of 1.5% (left kidney), 4.7% (right kid-
ney), and 3.1% (pancreas) on the Synapse dataset,
alongside 30% reduction in liver-gallbladder bound-
ary Hausdorff distances. By harmonizing frequen-
cy-aware feature preservation with adaptive spatial
modeling, FSA-Net advances towards clinically via-
ble segmentation where pixel-level precision meets
whole-volume contextual understanding — a critical
step in bridging the gap between computational in-
novation and bedside application.

The contributions of this study are summarized as
follows:

1 A novel "frequency-domain filtering and multi-
scale enhancement” collaborative architecture is
proposed. By integrating FSAS and Haar wavelets,
the framework reduces reliance on Swin hierarchi-
cal structures, outperform some baseline methods
in specific scenarios

2 Extensive evaluations on multiple medical image
segmentation datasets demonstrate that FSA-Net
consistently outperforms baseline models, achiev-
ing competitive performance results.

3 The study validates the effectiveness of frequen-
cy-domain attention in multi-organ abdominal
CT segmentation and highlights the critical role
of high-frequency components in the recovery of
small-target boundaries, providing a theoretical
foundation for future research.
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2. Related Work
2.1. CNN-based Medical Image Segmentation

The U-Net [28] architecture established a paradigm
for medical segmentation through its symmetric en-
coder-decoder structure and skip connections, en-
abling precise localization via multi-scale feature fu-
sion. Subsequent variants expanded this foundation
with distinct technical emphases: UNet++ [33] intro-
duced nested dense skip pathways to bridge semantic
gaps between encoder and decoder layers, thereby
enhancing feature reuse across resolutions. In con-
trast, Attention U-Net [23] incorporated spatial at-
tention gates to dynamically weight feature maps,
prioritizing anatomically salient regions such as tu-
mor boundaries. The work of Zhou et al. [32] further
cascaded attention layers for pancreatic cancer seg-
mentation, yet their fixed convolutional design limits
adaptability to multi-organ interactions in complex
abdominal regions. ResUNet-a [9] further diverged by
integrating residual blocks and dilated convolutions,
specifically targeting low-contrast scenarios through
multi-scale context aggregation. For 3D volumetric
analysis, DenseVNet [13] adopted dense connections
and anisotropic kernels, demonstrating adaptability
to heterogeneous imaging modalities like MRI and
CT. These innovations collectively underscore CNNs’
versatility in balancing computational efficiency with
localized feature extraction, particularly for organs
requiring pixel-level precision.

2.2. Evolution of Transformers and Hybrid
Architectures

Vision Transformers (ViTs) [16] redefined global
context modeling through patch-based self-atten-
tion, yet their computational intensity and spectral
insensitivity prompted domain-specific adapta-
tions. Swin Transformer [21] addressed efficien-
cy constraints via hierarchical window attention,
enabling multi-scale feature learning while reduc-
ing memory overhead — a critical advantage for
high-resolution medical data. Extensions like Swin
UNet++ [20] introduced dense skip connections for
hierarchical fusion, yet their rigid window parti-
tioning struggles with irregular organ morphologies
(e. g., pancreatic tails). Hybrid architectures pur-
sued divergent integration strategies: TransUNet
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[5] embedded ViT blocks into U-Net’s bottleneck
to enhance global organ coherence, whereas UNE-
TR [1] adopted a pure Transformer encoder for 3D
volumetric consistency. ATFormer [7] further op-
timized training stability through post-layer nor-
malization, mitigating gradient issues in low-data
regimes. The Focal Transformer [19] attempted to
balance local-global interactions via sparse atten-
tion windows, but its computational overhead hin-
ders deployment in high-resolution CT volumes.
These approaches highlight a spectrum of design
philosophies, from tightly coupled CNN-Trans-
former hybrids to purely attention-driven archi-
tectures, each tailoring global-local trade-offs to
specific anatomical challenges.

2.3. Integration of Wavelet Transforms and
Deep Learning

Wavelet-enhanced frameworks address spectral
aliasing and multi-scale ambiguity through diverse
decomposition strategies. DWT-Unet [22] replaced
conventional downsampling with discrete wave-
let transforms (DWT), preserving high-frequency
edges while reducing spatial redundancy — a de-
sign particularly effective for pancreatic duct seg-
mentation. Huang et al. advanced this concept by
introducing learnable wavelet kernels, enabling
adaptive frequency-band selection during feature
extraction. WaveFormer [40] diverged by cascad-
ing wavelet decomposition with self-attention,
using high-frequency subbands to sharpen bound-
ary predictions in retinal OCT images. Meanwhile,
DWT-TransUNet [4] combined Haar wavelets with
Transformer blocks, explicitly modeling cross-or-
gan dependencies through low-frequency anatom-
ical priors. These methods exemplify the growing
synergy between multi-resolution analysis and
deep learning, with architectural variations re-
flecting task-specific priorities in edge preserva-
tion versus structural coherence.

2.4. Medical Applications of Frequency-
Domain Attention

Frequency-domain mechanisms complement spa-
tial methods by emphasizing spectral discriminabil-
ity. FcaNet [25] pioneered frequency-channel atten-
tion, dynamically weighting Fourier-transformed
features to amplify high-frequency signals — a strat-
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egy later adapted by Zhang et al. for pancreatic tu-
mor segmentation [35]. FFTformer [31] took an or-
thogonal approach, using Fast Fourier Transforms
(FFT) to inject global frequency context into spatial
attention maps, improving consistency in whole-or-
gan segmentation. Domain-specific innovations in-
clude Guo et al.’s frequency-graph fusion [11], which
coupled spectral features with graph convolutions
to resolve abdominal adhesions, and Wang et al.’s
STFT-based boundary refinement [12], leveraging
short-time Fourier transforms to reconstruct mi-
crovascular networks in brain MRI. These method-
ologies collectively demonstrate frequency-domain
attention’s versatility, with architectural choices —
such as static versus dynamic frequency masking —
tailored to specific imaging modalities and anatomi-
cal complexities.

3. Methods

3.1. FSA-Net Architecture

FSA-Net is a U-shaped neural network architec-
ture designed to address the loss of high-frequen-
cy details and insufficient cross-organ semantic
modeling in medical image segmentation. Its core
comprises two innovative modules, the first one is
FSAS module, features are mapped to the frequency
domain via Fast Fourier Transform (FFT), where
learnable binary masks dynamically separate
high-frequency (organ edges) and low-frequen-
cy (anatomical structures) components. Spatial
features are reconstructed through inverse FFT,
while parallel depthwise separable convolutions
extract local texture information. Dual-path fea-
tures are concatenated and dimensionally reduced
to preserve high-frequency details. In addition,
Haar wavelet-enhanced multi-scale window atten-
tion module (DWT-SwinTransformerBlock), Haar
wavelet decomposition captures low-frequency
subbands (LL) for global organ topology modeling
via window self-attention. Original features and LL
subbands are concatenated and enhanced by linear
layers, achieving explicit separation of organ struc-
tures and edge textures.

As illustrated in Figure 1, the framework consists of
four components:
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1 Encoder

A four-stage hierarchical encoder based on Swin
Transformer blocks. Each stage employs patch merg-
ing for downsampling (reducing resolution by 2x
and doubling channels) followed by two consecutive
DWT-SwinTransformer Blocks. Before downsam-
pling, the proposed FSAS module dynamically filters
high- and low-frequency components via FFT-based
masking, mitigating spectral aliasing. Residual con-
nections are added to alleviate gradient vanishing.

2 Bottleneck Layer

Two DWT-SwinTransformer Blocks process the
deepest features, enhanced by the Haar wavelet de-

Figure 1
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composition module for multi-scale attention fu-
sion. Low-frequency subbands guide cross-organ
semantic modeling via window self-attention.

3 Decoder

A symmetric decoder with patch expanding layers for
upsampling (increasing resolution by 2x and halving
channels). Multi-scale features from the encoder are
fused via skip connections. Lightweight upsampling
modules combine FSAS-enhanced high-frequency de-
tails and decoder features to restore spatial resolution.

4 Output Head

A dual-path design balances structural and edge
contributions. A softmax-activated branch predicts

FSA-Net Architecture Diagram: The architecture comprises several main components: the encoder (left), the bottleneck layer
(middle), and the decoder (right). The encoder integrates the Frequency-Spatial Attention-Guided Module (FSAS) prior to
downsampling, while all three components employ wavelet-enhanced Swin Blocks to enhance feature representation.
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organ probabilities, while an edge-aware branch
highlights boundary. Dynamic fusion combines both
outputs via alearnable parameter.

3.2. Core Innovation Modules

3.2.1. Frequency-Spatial Attention-Guided
Module (FSAS)

Traditional downsampling techniques, such as
max pooling, often result in the irreversible loss of
high-frequency signals, particularly at organ bound-
aries. To mitigate this issue, the FSAS module is
introduced before patch embedding. This module
leverages a dual-path frequency-spatial collabo-
rative mechanism to extract and preserve critical
features from input feature maps, thereby optimiz-
ing the downsampling process. The FSAS module
consists of two parallel pathways: a frequency-do-
main pathway and a spatial-domain pathway. The
frequency-domain pathway begins with a Fast Fou-
rier Transform (FFT), which converts the input
feature map X € R nto its frequency-domain
representation F € C" A learnable binary mask
M, e {O,I}HXW s then applied to separate high-fre-
quency components (e. g., edges) from low-fre-
quency components (e. g., structures) through a
gating mechanism. This process is mathematically
expressed as:

wnhanced =M 7 © Fpygy + (1 -M, ) o F,, ®

where F),, nd F,, re extracted via high-pass (e. g,
Butterworth) and low-pass filters, respectively [41].
Moreover, inverse FFT reconstruction, the enhanced
frequency-domain feature F,,,., s transformed
back to the spatial domain via inverse FFT, yielding
the frequency-enhanced feature X, In parallel, the
spatial pathway employs depthwise separable convo-
lutions to extract local texture features X, signifi-
cantly reducing computational overhead [3]. Follow-
ing feature extraction, X, and X, re concatenated
along the channel dimension and further processed
through a 1x1 convolution to reduce dimensionality,

producing the final output feature map.

3.2.2. Haar Wavelet-Enhanced Multi-Scale
Window Attention

To address the limitations of fixed-window atten-
tion in modeling cross-scale organ dependencies,
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a novel Haar wavelet-based attention reweighting
mechanism is proposed. This mechanism compris-
es two key processes: wavelet decomposition and
cross-subband attention fusion. The Haar wavelet
transform is employed to decompose input signals
into low-frequency and high-frequency compo-
nents through multi-scale analysis. For an input
signal X € R" the first-level decomposition is de-
fined as:

Xy, Xy, N
:—,k:(),l,...,—_l 2
¢(x) B ) @)
KXok = Xain1 N
==t = k=0,1,...,——-1, 3
v (x) B 5 (3)

where Equation (2) represents low-pass filtering
and Equation (3) represents high-pass filtering. For
an input feature map X € R the Haar wavelet
transform decomposes it into a low-frequency sub-
band (LL) that preserves organ structural informa-
tion, expressed as:

LL=DWT(X) @

DWT(X)=¢(4(X) )T. ®)

Cross-subband attention fusion uses the LL sub-
band guides global attention by computing an organ
topology weight matrix 4,,,, € R (N =HxW) is
window based multi-head self-attention (W-MSA)
and the shifted window-based multi-head self-at-
tention (SW-MSA). Local detail enhancement is
then achieved by concatenating the original features
with the LL subband and adjusting channel dimen-
sions through alinearlayer, as shown in Figure 2, the
features processed by the DWT module are concate-
nated with the original features, and then the dimen-
sions are restored through a linear layer to maintain
the same dimensions as the original features. They
are then passed into the W-MSA/SW-MSA module
for processing, expressed as:

X = Concat (A

concat global >

LL) c RBxNxC (6)

X = Ay +1 eShape((Agluba/ X concar )’ .
[B,H,W,C])eR"
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Figure 2
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DWT-SwinTransformerBlock module: Haar wavelet-extracted low-frequency features are concatenated with original features

before window attention.
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Based on window partitioning mechanism, the
DWT-SwinTransformerBlock can be formulated as:

2 W-MSA(DWT(LNz"" () + 2" ®)
Z MLP(LN '™ O+ £/ ©
2" SW-MSA(DWT(ILNz' () + Z' (10)
Z""MLP(LN 2" ()4 2" 1)

where 2/'nd 2’ epresent the outputs of the (S)W-MSA
module and the MLP module of the /" lock, respec-
tively.

4. Experiments

4.1.Datasets

4.1.1. Synapse Multi-Organ Segmentation
Dataset

The Synapse dataset [17] contains 30 abdominal
CT scans (512x512 pixels) with slice thicknesses of
1.5-5.0 mm, annotated for eight abdominal organs
(liver, spleen, pancreas, etc.). Divided into 18 train-
ing, 12 validation, and hidden test cases, it challeng-
es models to distinguish low-contrast boundaries
and morphologically diverse structures, particular-
ly useful for evaluating multi-class segmentation
robustness.

4.1.2. ACDC Dataset

The ACDC dataset [Error! reference source not
found.] includes 100 cardiac MRI scans (short-axis
view) with 28-40 slices per case (5-10 mm thick-
ness). It provides annotations for left/right ventri-
cles and myocardium across 90 training patients
(1,720 slices) and 10 test patients (182 slices), em-
phasizing edge delineation for dynamic cardiac
structures with significant anatomical variations.

4.2. Evaluation Metrics

To quantitatively assess the performance of seg-
mentation models, this study employs two widely
used metrics: The Dice Similarity Coefficient (DSC)
and the 95% Hausdorff Distance (HD95). Addition-
ally, model complexity and computational efficiency
are evaluated through Parameter Count (Params)
and Floating Point Operations (FLOPs), respective-
ly. These metrics provide complementary insights
into the accuracy of regional overlap and boundary
alignment, respectively. The DSC measures the spa-
tial overlap between the predicted segmentation and
the ground truth (GT), calculated as:

2T P|

psc=-1"11,
I7]+[P]

(12)

where T and P represent the pixel sets of the ground
truth and predicted segmentation, respectively. The
DSC ranges from O to 1, with higher values indicat-
ing greater overlap consistency. The HD95 quanti-
fies the alignment between segmentation boundar-
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ies and ground truth boundaries by computing the
95th percentile of the maximum distance between
two surface point sets:

HD95 = max{sterin pepl = DS ,piff, . D — t}gs% . (13
Here, T and P denote the surface point sets of the ground
truth and predictions, respectively. HD95 is measured
in millimeters (mm), with lower values indicating bet-
ter boundary alignment. In medical image segmenta-
tion, DSC emphasizes overall regional accuracy, while
HD95 is sensitive to edge localization errors. Params
(in millions, M) indicate the total learnable parameters
of the model, reflecting its memory footprint. FLOPs
(in giga-operations, G) measure the computational cost
during inference, crucial for evaluating real-time appli-
cability. Together, these metrics provide a comprehen-
sive evaluation of model performance.

4 3. Implementation Details

The proposed FSA-Net framework was implemented
using Python 3.8 and PyTorch 2.0.0. To enhance the
diversity of the training data, standard augmentation
techniques, such as flipping and rotation, were ap-
plied. The input image size and patch size were set to
224x224 and 4, respectively. Training was conducted
on an NVIDIA RTX 3090 GPU with 24GB of memory.
Model parameters were initialized using pretrained
weights from ImageNet, leveraging transfer learning
toimprove convergence. The training process utilized
a batch size of 24 and the Stochastic Gradient De-
scent (SGD) optimizer with a momentum of 0.9 and a
weight decay of 1e-4, train each model for 500 epochs.
The total loss function was defined as a weighted sum
of cross-entropy loss and Dice loss:

Low =L, +wL,,., . 14)
where L., L, and L, denote the total loss,
cross-entropy loss, and Dice loss, respectively. Based
on parameter tuning, wl and w2 were set to 0.2 and
0.8, respectively.

ce?

4.4, Main Experimental Results
4.4.1. Performance Analysis on the Synapse
Multi-Organ CT Dataset

FSA-Net achieves 59.77% DSC for pancreas seg-
mentation, surpassing Swin-Unet by 3.1%, demon-
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strating its Haar wavelet attention’s efficacy in
preserving high-frequency details. For kidneys, it
attains 83.52% (left) and 81.37% (right) DSC, out-
performing TransUNet by 1.6% and 4.3%, high-
lighting its global attention in modeling cross-or-
gan dependencies.

FSA-Net reduces average HD95 to 19.71 mm (30%
improvement over Swin-Unet), notably achieving
16.8 mm HD95 in liver-gallbladder adhesion re-
gions. Its FSAS module enhances edge reconstruc-
tion, crucial for complex boundaries. For low-con-
trast stomach segmentation, FSA-Net reaches
75.36% DSC via dual-path feature fusion. FSA-Net
achieves a marginally higher mean DSC of 79.36%
compared to PVT-EMCAD (79.18%), with notable
superiority in pancreas segmentation (569.77% vs.
55.25%), demonstrating its capability in high-fre-
quency detail preservation. Against PVT-GCAS-
CADE, FSA-Net reduces HD95 to 19.71 mm (16.4%
improvement) and enhances right kidney DSC to
81.37% (vs. 77.81%), validating the effectiveness of
Haar wavelet-enhanced attention in cross-organ
modeling.

Qualitative analysis shows FSA-Net avoids
Swin-Unet’s pancreatic tail missegmentation by
dynamically enhancing edges through FSAS. At liv-
er-gallbladder boundaries, it improves continuity
via Haar wavelet-guided structural separation, ad-
dressing U-Net’s over-smoothing issues.

FSA-Net achieves an efficient balance between pa-
rameters (31.08M) and computational cost (6.62G
FLOPs). Compared to U-Net (34.53M/65.53G) and
Swin-Unet (27.17M/6.2G), FSA-Net attains superior
mean Dice (79.36% vs. Swin-Unet 78.20%) with only
amarginal increase in FLOPs (+0.42G), demonstrat-
ing its architectural efficiency. Additionally, its pa-
rameter count is significantly lower than TransUNet
(105.32M), validating its lightweight design.

The performance of FSA-Net was evaluated on the
Synapse dataset, and the results are presented in
Table 1.

Figure 3 illustrates that FSA-Net achieves more
continuous segmentation in the liver-gallbladder
adhesion region, whereas baseline models exhibit
over-segmentation. This observation demonstrates
the optimization effect of frequency-domain en-
hancement and multi-scale modeling on complex
boundaries
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b]i fil(:.-er Ki&gey Ki(drgey Liver (]:i*aéna-s Spleen | Stomach
69.72 | 7777 | 6860 | 9343 | 53.98 | 86.67 75.58
68.88 7798 | 7111 | 9357 | 5804 | 87.30 75.75
63.13 8187 | 7702 | 94.08 5586 | 85.08 75.62
6716 8201 | 7661 | 9363 @ 56.66 @ 87.83 7751
65.81 85.11 | 7961 | 94.31 | 5525 | 8947 7798
6792 80.82 | 7781 1100.0 5949 @ 8811 79.10
65.62 83.52 | 81.37 | 94.04 | 59.77 | 89.55 75.36

Table 1
Performance Comparison of FSA-Net on the Synapse Dataset.
Methods P?l\il)n S Féé)}]))s DSC HD  Aorta
U-Net 3453 | 6553 | 76.85 | 3970 | 89.07
Att-UNet 3488 | 6664 7777 | 3602 | 89.55
TransUnet 10532 | 3852 | 7748 | 31.69 | 87.23
SwinUnet 27.17 6.2 7820 | 28.13 | 84.22
PVT-EMCAD 26.76 56 79.18 | 22.04 | 85.89
PVT-GCASCADE @ 26.64 446 | 80.01 2359  86.86
FSA-Net 31.08 666 | 7936 | 19.71 8568
Figure 3

The visual comparison with previous methods on Synapse datasets, Different colors represent the segmentation results of

different organs. FSA-Net outperforms others in complex boundary regions.

liver

. aorta gallbladder . left kidney

right kidney . pancreas

spleen . stomach

Att-Unet Unet

4.4.2. Performance Analysis on the ACDC Cardiac
MRI Dataset

The performance of FSA-Net on the ACDC dataset is
compared with state-of-the-art methods in Table 2.
FSA-Net achieves 88.70% DSC for myocardium
(Myo), outperforming Swin-Unet by 0.73%, with fre-
quency-domain enhancement mitigating low-con-

TransUnet

SwinUnet MC-SwinUnet

trast blurring. For right ventricle (RV), it attains
84.58% DSC (vs. TransUNet’s 83.57%), although
PVT-GCASCADE slightly excels in myocardium
segmentation (85.14% vs. 84.58%), FSA-Net main-
tains comparable accuracy in left ventricle segmen-
tation (95.91%) and exhibits more stable boundary
continuity. maintaining structural continuity in
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Table 2
Performance Comparison of FSA-Net on the ACDC Dataset
Methods DSC Myo LV
U-Net 88.84 87.88 83.87 94.79
Att-UNet 88.86 8767 83.58 95.33
TransUnet 89.21 88.67 83.57 9541
SwinUnet 89.51 87.97 84.67 9591
PVT-EMCAD 89.56 88.64 84.51 95.54
PVT-GCASCADE 89.63 87.82 85.14 95.94
FSA-Net 89.72 88.70 84.58 9591
Figure 4

The visual comparison with previous methods on ACDC datasets: FSA-Net exhibits better edge detail segmentation capability.

Unet Att-Unet

thin-walled regions, where TransUNet yields frag-
mented predictions.

Inleftventricle (LV) segmentation, FSA-Netreach-
es 95.91% DSC, leveraging low-frequency guidance
to model cardiac morphology. TransUNet’s global
attention causes blurred myocardial edges, while
FSA-Net sharpens boundaries via frequency-do-
main masking (Figure 4). Statistical analysis con-
firms the significance of these improvements,
validating FSA-Net’s robustness in cardiac MRI
segmentation.

4.4.3. Experimental Result Analysis

FSA-Net demonstrates significant improvements
across three key aspects:

TransUnet

SwinUnet FSA-Net

1 High-Frequency Detail Preservation

The FSAS module mitigates high-frequency information
loss via frequency-spatial dynamic filtering, achieving
3.1% DSC improvement for small organs (e. g., pancreas)
and enhanced boundary continuity in liver-gallbladder
regions. Training curves (Figure 5(a)) confirm rapid con-
vergence through dynamic frequency masking.

2 Multi-Scale Semantic Interaction

Haar wavelet-enhanced attention enables cross-or-
gan topology modeling, yielding 1.5% (left kidney)
and 4.7% (right kidney) DSC gains. Stable training
on ACDC (Figure 5(b)) with minimal loss fluctua-
tion validates the robustness of wavelet decomposi-
tion in low-contrast scenarios.
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3 Generalization and Efficiency

FSA-Net achieves 79.36% mean DSC in 30 epochs,
outperforming Swin-Unet/TransUNet. Synapse
training curves (Figure 5(a)) show suppressed overfit-

Figure 5
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ting through noise-robust frequency masking, ensur-
ing reliability under data variability. From the Grad-
CAM class activation map analysis in Figure 6, it can
be seen that compared with Att-Unet, SwinUnet and

Validation Loss Over Epochs

— Att-Unet
| — Unet
— TransUnet
—— SwinUnet
FSANet
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(a) Training loss on the Synapse dataset

Validation Loss Over Epochs

— Att-Unet
— Unet
— TransUnet
—— SwinUnet
FSA-Net
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(b) Training loss on the ACDC dataset

Figure 6

The Grad-CAM comparison diagrams of the output layers of the Unet, Att-Unet, TransUnet, SwinUnet, and FSA-Net networks,
Different colors represent the level of attention paid to different parts of the image, FSA-Net pays higher attention to small organs.

Unet Att-Unet

TransUnet

SwinUnet FSA-Net
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Table 3
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Comparison of FSAS module ablation experiments on Synapse dataset.

Params = Flops

Gall-

Kidney @ Kidney

Methods o) © DSC HD Aorta bladder @ ®) Liver Pancreas Spleen | Stomach
FSA-Net 31.08 6.66 79.36 | 19.71 @ 85.68 65.62 83.52 81.37 1 94.04 59.77 89.55 75.36
FSAS 31.08 6.64 7760 | 2438 @ 8550 | 68.06 80.38 7750 9345 5541 8944 7110

FSA-Net pay more attention to detailed and specific
features during organ segmentation. Moreover, com-
pared with SwinUnet and TransUnet, FSA-Net's fo-
cus area is more concentrated on small organs (such
as the pancreas and kidneys), which indicates the
effectiveness of FSA-Net in detail control and small
organ segmentation.

4.5, Ablation Studies

To validate the effectiveness of the FSAS and Haar
wavelet-enhanced multi-scale window attention
(DWT-SwinTransformerBlock) in FSA-Net, abla-
tion experiments were conducted from three dimen-
sions: module independence, combinatorial effects,
and comparative optimization. All experiments
were performed on the Synapse dataset, with evalu-
ation metrics including the average Dice coefficient
(DSC) and Hausdorff distance (HD95).

4.5.1. Effectiveness of the FSAS Module

Torigorously evaluate the contribution of the FSAS
module to high-frequency detail preservation and
downsampling optimization, an ablation study was
conducted by removing the FSAS module and re-
placing it with traditional strided convolutions for
downsampling. The results, as summarized in Table
1, reveal a significant degradation in performance.
Specifically, the overall Hausdorff Distance (HD95)
increased from 19.71 mm to 24.38 mm, representing
a 23.7% deterioration. Additionally, the Dice Simi-
larity Coefficient (DSC) for pancreas segmentation
decreased by 4.36% (from 59.77% to 55.41%), while
the DSC for gallbladder segmentation dropped by
2.44% (from 65.62% to 63.18%). Notably, the seg-
mentation performance for the right kidney experi-
enced a pronounced decline, with the DSC decreas-
ing from 81.37% to 77.50%. These findings confirm
that the FSAS module plays a critical role in mit-
igating high-frequency information loss during

downsampling through its dynamic frequency-do-
main masking mechanism, thereby preserving fine
anatomical details and improving segmentation
accuracy. Moreover, the FSAS module introduces
minimal parameter overhead (31.08M vs. 31.08M
in Table 3) and only a marginal increase in FLOPs
(6.66G vs. 6.64G), while significantly improving
segmentation accuracy. Specifically, the absence of
FSASleadstoa3.1% DSC drop in pancreas segmen-
tation and a 23.7% HD95 degradation, highlighting
its critical role in preserving high-frequency de-
tails. This demonstrates that FSAS achieves sub-
stantial performance gains without compromising
computational efficiency, particularly enhancing
DSC for small organs through dynamic frequen-
cy-spatial filtering.

4.5.2. Contribution of Haar Wavelet Attention

To assess the impact of the Haar wavelet-enhanced
attention mechanism, the DWT-SwinTransformer-
Block was replaced with the original window atten-
tion, effectively removing the multi-scale subband
guidance. This modification led to a notable deg-
radation in model performance. The overall HD95
increased from 19.71 mm to 22.04 mm, reflecting an
11.8% deterioration. Furthermore, the average DSC
for kidney segmentation decreased by 6.6%, with
the left kidney DSC dropping from 83.52% to 80.91%
and the right kidney DSC declining from 81.37% to
75.08%. The pancreas segmentation performance
was particularly affected, with the DSC decreasing
by 10.5% (from 59.77% to 53.49%). These results
underscore the importance of Haar wavelets in ex-
plicitly separating organ main structures from edge
features through low-frequency subband guidance.
This capability significantly enhances the model’s
ability to capture cross-organ topological dependen-
cies, which is essential for accurate segmentation in
complex medical imaging scenarios. Moreover, Re-
placing the Haar wavelet-enhanced attention with
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standard window attention reduces FLOPs slightly
(5.96G vs. 6.66G) but severely degrades HD95 perfor-
mance (22.04mm vs. 19.71mm). The 10.5% DSC drop
in pancreas segmentation and 6.6% DSC decline for
kidneys further validate the necessity of wavelet de-
composition. Haar wavelets uniquely optimize edge
detection by isolating low-frequency structural pri-
ors, enabling 30% HD95 improvement in liver-gall-
bladder boundaries. This confirms that DWT-Swin-
TransformerBlock achieves superior edge alignment
with negligible computational overhead, leveraging
wavelet’s spectral localization advantages. Haar
wavelet demonstrates unique advantages in medi-
cal image segmentation due to its compact support,
computational efficiency, and sensitivity to high-fre-
quency signals. Compared to db2 and coifl wavelets,
Haar’s simple symmetric structure is more suitable
for edge feature extraction, particularly enhancing
boundary information in low-contrast regions, while
db2 and coifl wavelets exhibit superior frequency lo-
calization capabilities, their longer support lengths
may introduce redundant computations, limiting
real-time performance. From the experimental re-
sults in Table 5, it is evident that the HD95 of Haar is
significantly lower than that of the db2 wavelet and
the coifl wavelet, demonstrating the superiority of
Haar wavelet in edge feature extraction. Meanwhile,
the accuracy of Haar wavelet in the segmentation of
small organs (kidneys and pancreas) is also higher
than that of db2 wavelet and coifl wavelet, highlight-
ing the effectiveness of Haar wavelet. Based on the
Grad-CAM class activation map analysis in Figure
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Figure 7

The Grad-CAM comparison chart of FSA-Net at the output
layer using three types of wavelets: Haar, db2, and coifl: Haar
wavelet focuses on finer regions.

coifl

db2

7, compared with the coifl wavelet and db2 wavelet,
the Haar wavelet pays more attention to a wider and
more accurate range during organ segmentation. For
instance, compared with the coifl wavelet and db?2
wavelet, the Haar wavelet pays more attention to the
kidneys, thereby proving that the Haar wavelet has
its unique advantages in organ segmentation.

Table 4
Comparison of DWT module ablation experiments on Synapse dataset.
Methods Pa(.tl'cl)ms Fggl))s DSC HD Aorta bl(: Zlci;:r Ki(di‘r;ey Sl Liver | Pancreas | Spleen | Stomach
FSA-Net | 3108 666 | 79.36  19.71 | 85.68 @ 65.62 | 83.52 8137 | 94.04 59.77 @ 89.55 75.36
DWT 2717 596 | 7659 | 2204 | 8339 | 6368 80.91 7508 | 93.60 5349 86.89 75.72
Table 5
Comparative Analysis of Various Wavelet Ablation Experiments on the Synapse Dataset.
Methods DSC HD Aorta | Gallbladder = Kidney (L) @ Kidney (R) Liver Pancreas Spleen Stomach
Haar 79.36 1971 85.68 65.62 83.52 81.37 94.04 59.77 89.55 75.36
db2 76.56 25.66 85.97 62.32 76.55 7444 93.50 5540 88.19 76.09
coifl 7792 25.36 85.70 67.15 80.91 75.03 93.83 56.17 88.30 76.28
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Table 6
Comparative Analysis of Ablation Experiments on Various Attention Mechanisms on the Synapse Dataset.
Methods DSC HD Aorta = Gallbladder | Kidney (L) Kidney (R) Liver Pancreas Spleen | Stomach
W-MSA | 79.36 19.71 85.68 65.62 83.52 81.37 94.04 59.77 89.55 75.36
ASSA 67.75 30.37 72.91 59.14 71.65 5474 92.85 40.87 83.56 66.34
SHViT 73.23 34.56 80.00 60.69 8174 7315 92.90 44.66 86.060 67.25

4.5.3. Comparative Analysis of Window Attention
Mechanisms

To demonstrate the effectiveness and irreplace-
ability of window-based multi-head self-atten-
tion (W-MSA) for FSA-Net, this article compares
W-MSA with adaptive sparse self-attention (ASSA)
[30] and single head vision transformer (SHViT)
[39]. From the results in Table 6, it can be seen that
window-based multi-head self-attention (W-MSA)
achieves 79.36% DSC and 19.71lmm HD95 on the
Synapse dataset, outperforming alternative mech-
anisms (ASSA and SHVIiT) by significant margins.
W-MSA maintains a balance between computation-
al efficiency and segmentation accuracy through its
local-global collaborative design. Specifically, the
window-partitioning strategy enables explicit mod-
eling of long-range dependencies between anatom-
ically linked organs (e. g., liver-gallbladder bound-
aries) while preserving local texture details. This is
evidenced by a 3.1% DSC improvement in pancreas
segmentation and 30% HD95 reduction compared
to ASSA. The hierarchical window mechanism
(SW-MSA) further enhances cross-organ semantic
coherence, ensuring stable performance in low-con-
trast scenarios.

4.6. Discussion

The FSA-Net framework, through frequency-spatial
collaborative enhancement and multi-scale window
attention mechanisms, provides an efficient and ro-
bust solution for abdominal multi-organ segmen-
tation tasks. The innovative contributions of this
study demonstrate significant advantages across
multiple dimensions. First, the high-frequency
detail preservation and cross-organ modeling ca-
pability are enhanced by the FSAS module, which
mitigates high-frequency information loss during
traditional downsampling through the synergis-
tic design of frequency-domain dynamic filtering
and spatial local feature extraction. Experimental

results confirm a 3.1% improvement in Dice coef-
ficient (DSC) for small organs (e. g., the pancreas)
and superior boundary continuity in anatomically
complex regions (e. g., liver-gallbladder adhesion).
This capability offers reliable technical support for
clinical precision diagnostics, such as tumor margin
delineation. Second, multi-scale semantic inter-
action is innovatively addressed through the Haar
wavelet-enhanced window attention mechanism,
which achieves effective modeling of cross-organ to-
pological dependencies via low-frequency subband
guidance. The significant improvements in kidney
segmentation accuracy (left: +1.5%, right: +4.7%)
validate the module’s adaptability to abdominal CT
scenarios characterized by large organ size varia-
tions and low contrast. Concurrently, lightweight
design strategies (e. g., depthwise separable con-
volutions) ensure deployment feasibility in com-
putationally constrained environments, laying the
foundation for rapid clinical implementation. Last-
ly, performance-efficiency balance is demonstrated
under limited training data. With only 30 training
cases, FSA-Net achieves a mean DSC of 79.36%, sur-
passing state-of-the-art models such as Swin-Unet
and TransUNet. This highlights the framework’s ef-
ficient learning capability on small medical datasets,
aligning with the high annotation costs and privacy
constraints inherent to medical imaging. However,
several limitations are acknowledged. First, experi-
mental validation is primarily based on the Synapse
dataset (30 CT scans). While superior performance
is achieved on existing data, the limited sample size
may challenge generalization to broader clinical
scenarios, such as different scanning protocols or
rare cases. Second, performance gains on the ACDC
dataset are marginal (0.21% DSC improvement). Al-
though frequency-spatial enhancement provides ad-
ditional information for multi-class segmentation,
slight performance drops in certain organs (e. g., the
gallbladder) may arise from cross-modal frequency
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distribution discrepancies. To address this, dynamic
wavelet basis generation mechanisms could be ex-
plored to enhance flexibility.

5. Conclusion

In this study, we propose the FSA-Net framework to
tackle two critical challenges in medical image seg-
mentation: high-frequency detail loss and insuffi-
cient cross-organ semantic modeling. By integrating
FSAS module with Haar wavelet-enhanced atten-
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