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Abstract

In medical imaging, segmentation is a critical task for analysis and diagnosis. Deep learning-based segmentation has been
actively studied and has shown remarkable performance. Building high-accuracy segmentation models requires a large amount
of high-quality labeled data, but the cost of collecting such data is extremely high in medical imaging. In ultrasound imaging,
the differences in image features depending on the equipment are significantly greater compared to other medical imaging
modalities. Consequently, models need to be trained for each specific device, which entails substantial costs and time, leading
to various practical challenges. To address these challenges, we propose a robust and accurate segmentation network
that can operate independently of the ultrasound equipment. We integrated the Deep Frequency Filtering (DFF) module
into a U-Net-based model. The proposed model retains the U-Net’s encoder-decoder structure but applies frequency
filtering within the latent space of each encoder layer, enabling adaptive selection of frequency components for breast tumor
detection. Moreover, batch normalization was replaced with instance normalization to remove stylish features. We evaluated
the model using three public datasets acquired from different scanners, achieving superior performance on unseen testing
datasets compared to existing models. Notably, when tested on the unseen BUS-BRA dataset, DAUS-Net achieved a Dice
score of 0.76, compared to 0.6 by the conventional U-Net. This improvement is attributed to the synergy between the DFF
module and instance normalization. Our results demonstrate that the proposed model consistently detects and segments
breast tumors, highlighting its potential for generalized clinical segmentation task. The source code for implementing DAUS-
Net is publicly available at https://github.com/shlee8638/DAUS-Net.
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Introduction particularly difficult, requiring advanced algorithms to
overcome these challenges.

Deep learning techniques, such as U-Net and several mod-
ified networks, have shown great promise in automating the
segmentation of ultrasound images. Building on this prog-
ress, recent directions include saliency-guided attention,®
detect-then-segment pipelines with test-time augmentation,’

Ultrasound segmentation, particularly for detecting and
diagnosing tumors, cysts, and other anomalies, has emerged
as a crucial task in various clinical applications, particu-
larly in obstetrics, cardiology, and oncology.!” Accurate
segmentation of ultrasound images is essential for precise
measurements, monitoring disease progression, and plan-
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adaptive receptive fields via selective kernels fusing dilated
and standard convolutions,'? residual and extended-residual
encoders with mixed attention loss,!! cascaded global guid-
ance with residual refinement,'? foreground-background
saliency with morphology-aware fusion,'® hybrid channel and
spatial self-attention in place of convolutions,'* shared-weight
nested depths,'> global feature mixing with attention-gated
skips,'® and enhanced selective kernels with deep supervi-
sion.!” These models demonstrate strong performance in
extracting meaningful features and distinguishing tissue
types. However, deployment in real clinical environments
remains difficult. Devices vary across manufacturers and
scanner models, and beamforming and receive chains change
the point spread function and noise. Transducer type and cen-
ter frequency alter resolution, attenuation, and speckle grain.
Operator settings such as gain, time gain compensation,
dynamic range, and log compression reshape brightness and
contrast by depth. Probe handling and insonation angle influ-
ence shadowing and posterior enhancement. These differ-
ences shift texture, boundaries, and intensity statistics, which
makes generalization across devices, sites, and patient popu-
lations challenging for segmentation models.'® Furthermore,
the lack of sufficiently labeled data and the need for high-
quality training sets remain significant barriers to developing
robust models that can perform well in diverse clinical
scenarios.

Previous studies have reported that deep learning models,
when trained on data collected in specific clinical environ-
ments, can achieve segmentation performance comparable to
that of experienced clinicians. However, this performance is
typically observed only when tested on data from the same
domain. In real clinical scenarios, it is common for new
devices to be introduced or existing equipment to be updated.
In such cases, while experienced clinicians can achieve con-
sistent outcomes using their anatomical knowledge and
expertise, deep learning models with restricted generaliza-
tion capabilities may exhibit a noticeable reduction in perfor-
mance when applied to new environments.'%%°

To address this issue, one potential solution is to collect
data from the new devices and use it to fine-tune the
mode.!” However, the fine-tuning process is often imprac-
tical due to the high costs and time-consuming nature of
labeling additional medical data, which requires skilled
professionals to manually annotate it.2! Consequently,
retraining the model for every new device or domain shift
becomes inefficient and resource-intensive. Instead, in the
absence of input or label data from the unseen target
domain, an alternative approach, known as Domain
Generalization (DG), has been proposed to achieve high
performance across diverse domains.??

Domain shifts in ultrasound imaging stem from various
factors related to the data acquisition process. For instance,
even slight variations in parameter settings during image
acquisition can significantly affect the signal-to-noise ratio
(SNR), and differences between manufacturers can result in

substantial variations in image contrast.'s These factors pose
significant challenges for deep learning models in general-
izing across diverse ultrasound imaging settings.

Another perspective to consider is the inherent challenges
associated with the breast tumor ultrasound data used in this
study. As shown in Figure 1, breast tumors vary widely in
size and shape (e.g., benign vs. malignant) depending on the
patient’s condition. Additionally, the tumor boundaries are
often ambiguous, which can increase label uncertainty and
result in inter- and intra-rater variability among experts.?3-26
Moreover, the unique speckle noise in ultrasound imaging
contributes to a lower signal-to-noise ratio (SNR) compared
to other imaging modalities. Addressing these complex prob-
lems simultaneously is not straightforward. To tackle them,
this study proposes a feature-based approach specifically
designed for ultrasound imaging.

One approach to DG involves separating stylish features
from anatomical features.?”-? Stylish features originate from
domain-specific characteristics, while anatomical features
are derived from the underlying anatomical structure.
Therefore, an ideal model should eliminate stylish features
and rely exclusively on anatomical features to detect and
segment the target. Studies employing this approach have
often relied on additional learning paradigms. However, the
most practical and feasible approach in clinical settings is to
achieve robust generalization through a simplified learning
process, without the need for additional learning paradigms.

Instance normalization (IN) is one such method.?** From
the perspective of DG, IN normalizes each image based on
its statistics, removing its inherent style. However, IN not
only removes stylish features but may also inadvertently
eliminate discriminative information—defined in this study
as the information necessary to distinguish between the
breast tumor and the background. To overcome this limita-
tion, new approaches are required.?!*?

Meanwhile, the Deep Frequency Filtering (DFF) module
introduced in*® transforms intermediate features into the
Fourier domain, builds a compact latent representation with
1 X 1 convolutions, and computes a spatial-attention mask in
Fourier space that is applied before the inverse FFT. This
mask functions as a content- and layer-adaptive frequency
filter. From a physics standpoint, ultrasound exhibits fre-
quency-dependent attenuation (x(f ):a0|f |y and scanner-
specific  bandwidth/PSF  differences, indicating that
cross-center differences are largely spectral. From a signal
perspective, speckle behaves multiplicatively and degrades
contrast, whereas boundary cues concentrate at higher spatial
frequencies. As visualized in Figure 9, the learned DFF
mask, computed in the Fourier coordinate system and applied
before the inverse FFT, selectively reweights spectral bands,
preserving tumor-relevant anatomy while attenuating scan-
ner-specific nuisance spectra in a content- and stage-adaptive
manner (encoder depth). Additionally, while** incorporates a
gradient reversal layer during training, it can be inferred that
this was intended to guide the DFF module to filter out
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Figure |. Examples of benign and malignant cases from the three public datasets used in the experiments.

Image courtesy of Refs.*!"*?

high-frequency components (HFC). This design choice is
based on the observation that models optimized using sto-
chastic gradient descent tend to prioritize learning low-fre-
quency components (LFC) during the initial stages of
training but gradually shift toward learning HFC to improve
accuracy.>*3 However, this shift comes at the cost of reduced
robustness, which is traded off against accuracy, ultimately
diminishing DG performance. Although the gradient reversal
layer helps prevent the model from learning domain-specific
features, it faces limitations in medical imaging, where data-
set domains often overlap, making its application more
challenging.

Therefore, this study proposes a novel approach that com-
bines IN and the DFF module, leveraging their strengths while
addressing their limitations to achieve generalized segmenta-
tion performance for ultrasound images, regardless of the
device type, similar to the capabilities of a clinical expert. The
primary limitation of IN is its tendency to remove discrimina-
tive information. However, the DFF module performs
instance-adaptive frequency filtering with the breast tumor as
the target, preserving meaningful frequency information spe-
cific to each image. Conversely, the DFF module often requires
additional learning paradigms to facilitate DG. To overcome
this, IN was employed to remove stylish features, mitigating

domain differences and enhancing generalization performance
without the need for additional learning paradigms.
Therefore, the contributions of this study are as follows:

1. We propose DAUS-Net, a novel ultrasound seg-
mentation architecture that integrates Instance
Normalization and Deep Frequency Filtering to
achieve domain generalization without requiring
adversarial training or access to target domain
data.

2. The model performs instance-adaptive frequency fil-
tering in the latent space, enabling robust extraction
of anatomical features while suppressing domain-
specific style variations.

3. Weexperimentally validate DAUS-Net under domain
generalization settings using multiple ultrasound
datasets acquired from diverse scanners, demonstrat-
ing consistent improvements over U-Net and SK-U-
Net baselines on unseen domains.

As a result, this study enables robust and generalized
detection and segmentation of breast ultrasound images,
ensuring consistency across images despite domain shifts,
such as device-specific variations in image characteristics.
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Figure 2. Overall architecture of DAUS-Net: Both the encoder and decoder follow a convolution block, but the encoder includes the
DFF module. The encoder reduces the feature map size through max pooling, while the decoder restores the size through transposed

convolution.

Methods

As shown in Figure 2, the proposed model, DAUS-Net
(Domain-Agnostic Ultrasound Segmentation Network),
adopts a U-Net-like architecture with an encoder-decoder
structure comprising four down-sampling and four up-sam-
pling stages.*® However, it differs from the standard U-Net in
two key aspects. First, it replaces of Batch Normalization
(BN) with IN. Second, it incorporates the DFF module into
the convolution blocks of the encoder. These modifications
enable the model to generalize across different domains by
leveraging frequency-based feature extraction and adapting
to variations in image characteristics.

Deep Frequency Filtering Module

The DFF module was first introduced in the previous study.*?
Unlike conventional spatial attention, the DFF module oper-
ates in the frequency domain. The input feature map,
X e R enters the DFF module, where it undergoes a
Fourier transform for processing.

X, =FpiX) (M

This transform provides global context at low cost and sep-
arates phase from magnitude, enabling boundary-sensitive

phase information to be maintained while adaptively regu-
lating frequency components to mitigate scanner-dependent
low-frequency appearance drift. Due to Hermitian symme-
try, its size can be reduced by half while preserving all nec-
essary information. Consequently, the halved output,
CoxHA [
X, eC , 1s split into its real part and imaginary
parts. These values are separated into channels and concate-
2CxHX KH]
nated into a single tensor, resulting in X; e R 21 The
1 X1 layer linearly recombines the doubled real-imag chan-
nels to align phase relations and reduce cross-channel redun-
dancy, producing a compact latent that is easier for attention to
use. Finally, IN and PReLU are applied:

+1

X, = PReLU(IN(Conv,,(X,))) )

In the previous DFF module, BN was utilized*}; however,
in our proposed approach, we replaced BN with IN. IN miti-
gates scanner and preset appearance variation across centers,
and PReLU preserves informative negative responses carried
by phase sensitive channels. Following this, spatial attention
is performed in the latent space.’’ Specifically, max-pooling
and average-pooling operations are applied in the latent
space, and the resulting features are concatenated to form the
attention features.
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X, = concatenate(X5¢ , X3""). €)

In the spatial attention, a mask is generated using a 7 X7
convolution, dynamically adapting to the input image. The
mask is then refined with a sigmoid function to constrain its
values between 0 and 1, facilitating the filtering process. The
mask is conditioned on each location’s spectral signature,
which already encodes global context. It adaptively regulates
spectral components, preserving boundary-sensitive phase
cues while reducing sensitivity to low-frequency variations
introduced by factors such as TGC or log compression.

M = Sigmoid(Convs,, (X3)) 4)

The mask M is then applied to X, through element-wise
multiplication, serving as a content- and stage-adaptive fre-
quency filter.

X, =X, ®M )

The resulting feature after spatial attention contains 2C
channels. These are divided into two-halves, representing the
real and imaginary parts, which are then recombined into a

w

CxHx
(5

+1]
complex tensor, X € C . Finally, X, undergoes an
inverse Fourier transform to produce an output with the same
dimensions as the input.

X¢=Fpi{Xs} (6)

In the final step, the input and output tensors are com-
bined through element-wise summation.

Instance Normalization

BN normalizes each channel across a mini-batch.’® During
the training phase, BN learns the parameters required for
normalization from the training dataset. However, in the test
phase, these learned parameters are fixed and applied to gen-
erate outputs. If the testing dataset exhibits domain charac-
teristics that differ from those of the training dataset, this can
result in degraded model performance. In contrast, IN nor-
malizes each channel independently for a single image.*® In
this experiment, IN was configured without any learnable
parameters, ensuring normalization to a mean of () and a
variance of 1 for each channel within an image. This type of
normalization effectively removes domain-specific styles.
IN is defined as follows:

xX—
N %)
o] +¢

u, and o; denote the mean and standard deviation of each
channel within a single image.

IN(x) =

Loss Function

For the loss function, we used binary cross-entropy, which is
commonly employed in general segmentation task.*’ For breast
images, binary cross-entropy is particularly suitable as the task
focuses on separating the tumor from the background.

Lycr :—Zv(i,j)~logj/(i,j)

& ®)

In this equation, y(i, j)€{0,1} denotes the ground truth
for each pixel, while y(, j) €[0,1] represents the corre-
sponding pixel value in the predicted mask.

Datasets and Experimental Setting

Datasets

To evaluate the robustness of DG, we utilized five public
datasets in our experiments. The first dataset, Dataset B,
was collected at the UDIAT Diagnostic Center of the Parc
Tauli Corporation in Sabadell, Spain, using a Siemens
ACUSON Sequoia C512 system with a 17L5 HD linear
array transducer (8.5 MHz).*! It includes 163 images with a
mean resolution of 760 pixels x 570 pixels, comprising 53
malignant and 110 benign lesions. The second dataset,
BUSI, was collected in 2018 at Baheya Hospital using a
LOGIQ E9 and a LOGIQ E9 Agile ultrasound system with
transducers operating at 1 to SMHz on an ML6-15-D
Matrix linear probe.*? The dataset consists of 780 images
with a mean resolution of 500 pixels X 500 pixels, including
210 malignant, 487 benign, and 133 normal cases. For this
study, normal cases were excluded. The third dataset, BUS-
BRA, was collected at the National Institute of Cancer in
Rio de Janeiro, Brazil, including the GE Logiq 5 (10-
12 MHz), GE Logiq 7 (10-14 MHz), Toshiba Aplio 300 (12-
14MHz), and GE U-Systems (12-14 MHz).** It comprises
1875 images, with a mean resolution of approximately
320 X 400 pixels, including 607 malignant and 1268 benign
lesions. The fourth dataset, BUS-UCLM, comprises 683
images from 38 patients acquired at Ciudad Real General
University Hospital using a Siemens ACUSON S2000 sys-
tem with an 1816 HD linear probe.** All images have fixed
dimensions of 768 pixels X 1024 pixels. The dataset
includes 419 normal, 174 benign, and 90 malignant cases.
For this study, normal cases were excluded. The fifth data-
set, BLUI, was acquired at Shahid Beheshti University of
Medical Sciences using a SuperSonic Imagine system with
a 5 to 18 MHz linear transducer.*® The dataset comprises
232 images with radiologist-provided annotations, includ-
ing 109 benign and 123 malignant lesions, each confirmed
by histopathology (Table 1).
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Table 1. Summary of Datasets.

Dataset # cases # Benign  # Malignant # Unique Image size
name with masses findings findings patients Scanner and acquisition settings (px)
Dataset B 163 110 53 163 Siemens ACUSON Sequoia C512, 17L5 HD 760 x 570
linear array, 8.5 MHz
BUSI 697 487 210 600 LOGIQ E9/Agile, ML6-15-D Matrix linear 500 x 500
probe, | to 5MHz
BUS-BRA 1875 1268 607 1064 GE Logiq 5/7, Toshiba Aplio 300, GE 300 x 400
U-system, linear array, 10-14MHz
BUS-UCLM 264 174 90 38 Siemens Acuson S2000, 18L6 HD probe 768 x 1024
BLUI 232 109 123 Not reported  AixPlorer Ultimate ultrasound machine, linear 570 x 500
transducer, 5 to 18 MHz
the second, Dataset B, BUS-BRA, BUS-UCLM, and BLUI
T-SNE of Three Datasets were used for training and validation, and BUSI was held out
T o for testing. To construct the training and validation sets, we
0 :8UsI TS 000 6 s applied fivefold cross-validation while preserving the ratio
BusERA . of’;"o o%(gc;o o &o:\f% T of benign and malignant cases. For each protocol, the corre-
§ op o O o0, BB o sponding test set comprised the entire dataset of the held-out
. ii), O%Qé 8% o e oO‘(\;o% Lo @%g; i domain. For the BUS-BRA dataset, the provided fivefold
/O/O'i 0% %%\;go o ©° MR - i ° 5 ;’o%g;o L cross-validation splits were used. When combining multiple
S ° o, o0 © &R goagel) © i °°’ datasets for training and validation, we merged them before
S8 % 50\00 ® o/ 0o OSSK;’SSZO o o8 applying the split procedure. All input images were resized
Lo T8 0 %%, S ol o e/ to 256 x 256, and data augmentation was applied.
¥, 8%, o 90  00° @E’zj °: ° g OOO ° The Adam optimizer was employed with an initial learn-
‘ O% o, o °o°§3020 © 079, 199 8 oo 2’00 2 A ing rate of 0.001, which was reduced by a factor of 0.98 if the
00% 958 0P ° AP 2P °e %D . validation loss did not improve for three consecutive
. %o()@o: i oo ;Ooo"o epochs.** Each experiment ran for 100 epochs with a batch
e o size of 16, and the model with the lowest validation loss was
saved for testing. All experiments were performed on a sin-
gle NVIDIA RTX A5000 GPU, implemented using Python

Figure 3. T-SNE visualization of three datasets: Dataset B,
BUSI, BUS-BRA. The visualization shows that while there are
overlapping regions in the distributions of the three datasets,
each dataset fundamentally exhibits its own unique distribution.
In the case of BUS-BRA, the dataset was collected using multiple
transducers, and for the purpose of T-SNE analysis, data with
lower SNR was primarily selected.

As shown in Figure 3, T-SNE visualization was conducted
by sampling images to analyze the distribution of the three
datasets.*® For the BUS-BRA dataset, samples with lower SNR
were prioritized. The red circles indicate BUS-BRA, the blue
circles represent BUSI, and the green circles correspond to
Dataset B. The T-SNE visualization reveals that, unlike general
images, the distributions of the three datasets partially overlap
while maintaining their distinct distributions.

Experimental Settings

In our experimental design, we conducted two complemen-
tary protocols. In the first, Dataset B and BUSI were used for
training and validation, while the remaining datasets (BUS-
BRA, BUS-UCLM, and BLUI) were reserved for testing. In

3.10.16 and PyTorch 2.5.0.4

For comparison, we selected U-Net*® and its variant
SK-U-Net'? as baselines, as they are widely used and well-
established in Breast Ultrasound Segmentation (BUS) tasks.
In addition, we included NU-Net,!* CMU-Net,'® and
ESKNet,!” which represent recent architectures specifically
designed for BUS and have demonstrated competitive per-
formance. These models also share similar architectural
complexity with our proposed method, enabling a fair and
comprehensive evaluation. We did not include Vision
Transformer-based segmentation models due to their signifi-
cantly larger parameter sizes and data requirements. Such
models typically require large-scale datasets to achieve sta-
ble training and generalization, making them less suitable for
relatively small ultrasound datasets like those used in this
study.

Evaluation Metrics

The evaluation metrics included accuracy, Dice score,
Intersection over Union (IoU), sensitivity, specificity, and
the Area Under the ROC Curve (AUC).* To assess statistical
significance on a per-image basis, we compared DAUS-Net
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Figure 4. Predicted masks of U-Net, SK-U-Net, NU-Net, CMU-Net, ESKNet, and DAUS-Net trained/validated on Dataset B and BUSI,
and tested on BUS-BRA. The red boundaries represent the label, and the green boundaries represent the predicted mask.

with each baseline using two-sided Wilcoxon signed-rank
tests across all metrics.* Multiplicity across metrics and
baselines was controlled with the Benjamini—-Hochberg false
discovery rate, and we report g-values with a threshold of
0.05.% Practical significance was quantified using Cohen’s d
for paired samples.’! In the results tables, T denotes ¢ <0.05
and T denotes d_ =0.5.

Experimental Results

Figures 4 to 7 presents the predicted masks generated by the
proposed model and comparison models across the four
experiments. For clarity, the training/validation and test data-
sets employed in each experiment are explicitly indicated in
the figure captions and in the titles of Tables 2 to 5. Green
boundaries indicate the predicted mask, while red boundaries
represent the ground truth. These boundaries are overlaid on
the input images to highlight the regions the model focused
on during mask prediction.

In some datasets, lesion boundaries are relatively well-
defined, whereas in others, the boundaries appear indistinct
with lower contrast, leading to reduced performance of the
comparison models. Despite this, the proposed model, while
not achieving perfect segmentation, consistently detects

tumor regions with high accuracy. This observation will be
further analyzed in the Discussion section.

Tables 2 to 5 present the mean evaluation metrics for the
three experiments. Each table reports Dice, IoU, Accuracy
(Acc), Sensitivity (Sens), Specificity (Spec), and AUC.
Values are presented as mean * standard deviation over five-
fold cross-validation. Symbols are used to indicate statistical
significance: T denotes ¢ <0.05, and T denotes d, =0.5.

The results indicate that the performance of the compari-
son models varies across experimental settings, with certain
tables showing relatively high Dice scores and IoU values
and others exhibiting generally lower values. In Table 4,
where the overall performance is comparatively high, the
gap between the proposed model and the baselines is nar-
rower, yet the proposed model consistently achieves the best
mean performance. Conversely, in Table 3, where all models
perform worse overall, the proposed model still attains the
highest Dice score and IoU. In Table 2, comparisons between
the proposed model and the baselines reveal that the majority
of metrics yield ¢ values below 0.05. Moreover, for most
baselines, the effect size d, exceeds 0.5 in Dice, IoU, and
Sens, indicating both statistical and practical significance.

Table 4 and Figure 7 present the results obtained by train-
ing and validating on four datasets (Dataset B, BUS-BRA,
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Figure 5. Predicted masks of U-Net, SK-U-Net, NU-Net, CMU-Net, ESKNet, and DAUS-Net trained/validated on Dataset B and BUSI,
and tested on BUS-UCLM. The red boundaries represent the label, and the green boundaries represent the predicted mask.

Image Label U-Net SK-U-Net NU-Net CMU-Net ESKNet DAUS-Net

o

Figure 6. Predicted masks of U-Net, SK-U-Net, NU-Net, CMU-Net, ESKNet, and DAUS-Net trained/validated on Dataset B and BUSI,
and tested on BLUI. The red boundaries represent the label, and the green boundaries represent the predicted mask.
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SK-U-Net
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CMU-Net

ESKNet
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Figure 7. Predicted masks of U-Net, SK-U-Net, NU-Net, CMU-Net, ESKNet, and DAUS-Net trained/validated on Dataset B, BUS-
BRA, BUS-UCLM and BLUI, and tested on BUSI. The red boundaries represent the label, and the green boundaries represent the

predicted mask.

Table 2. Training/Validation on Dataset B and BUSI and Testing on BUS-BRA.

Model Dice loU Acc Sens Spec AUC
U-Net 0.61 = 0.05¢7 0.51 =0.0417 0.95 £ 0.00% 0.63 +0.0747 0.98 = 0.00} 0.96 =0.01%
SK-U-Net 0.67 = 0.05+71 0.57 = 0.05¢7 0.96 = 0.00} 0.68 +0.0617 0.99 =0.00t 0.96 =0.01F
NU-Net 0.69 = 0.08+ 0.59 = 0.08+ 0.96 0.0l 0.72+0.12¢+T 0.98 = 0.00t 0.97+0.01t
CMU-Net 0.65 + 0.0417 0.55 + 0.0417 0.96 + 0.00+ 0.64 +0.04+T 0.99 ~ 0.00+ 0.97 +0.01+
ESKNet 0.72 £0.02} 0.62+0.031 0.96 = 0.00 0.77 £ 0.047 0.98=0.011 0.98 = 0.00t
DAUS-Net 0.76 = 0.03 0.66 = 0.03 0.96 =0.00 0.82 +0.05 0.97 =0.01 0.98 -0.01
Bold values indicate the best performance for each metric.

T Denotes g < 0.05 and 1 denotes Cohen’s d, 2 0.5.

Table 3. Training/Validation on Dataset B and BUSI and Testing on BUS-UCLM.

Model Dice loU Acc Sens Spec AUC
U-net 0.56 = 0.04+71 0.46 +0.03+71 0.95*=0.00 0.61 +0.0747 0.98 = 0.00} 0.95*=0.01%
SK-U-net 0.61 £0.05 0.51 =0.04+ 0.96 = 0.00} 0.61 +0.0747 0.99 =0.00t 0.96 =0.01
NU-Net 0.65*0.03 0.55*0.02 0.96 = 0.00} 0.67 =0.041 0.99 =0.00t 0.97 =0.00}
CMU-Net 0.57 = 0.04171 0.47 = 0.04171 0.96 = 0.00 0.56 +0.0417 0.99 =0.00t 0.96 =0.01%
ESKNet 0.64 £0.02} 0.54 £0.02% 0.96 = 0.00 0.67 £0.07} 0.98=0.01% 0.97=0.01%
DAUS-Net 0.67 £0.03 0.56 - 0.03 0.95+0.01 0.74+0.04 0.98 0.0l 0.97 £0.01

Bold values indicate the best performance for each metric.
+ Denotes q < 0.05 and T denotes Cohen’s d, > 0.5.
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Table 4. Training/Validation on Dataset B and BUSI and Testing on BLUI.

Model Dice loU Sens Spec AUC
U-Net 0.75+0.02t 0.64+0.02¢ 0.93 =0.00t 0.75+0.03t 0.98 = 0.00 0.97 =0.00t
SK-U-Net 0.77 £0.02t 0.67+=0.031 0.94+0.011 0.75+0.02t 0.99 =0.00t 0.97 £0.01
NU-Net 0.78 = 0.04} 0.69 +=0.04 0.94+0.01 0.77 =0.06 0.98 = 0.00t 0.98 £0.00t
CMU-Net 0.73+0.014T 0.63 +0.0017 0.93 + 0.00+ 0.70 + 0.02+1 0.99 = 0.00+ 0.97 +0.00+
ESKNet 0.77 =0.03} 0.68 £0.03} 0.94+-0.011 0.75 = 0.04} 0.98 = 0.001 0.97 =0.00t
DAUS-Net 0.80 = 0.02 0.70 £0.02 0.94+0.00 0.79 +£0.03 0.98 +0.00 0.97 £0.00
Bold values indicate the best performance for each metric.

+ Denotes g < 0.05 and T denotes Cohen'’s d, > 0.5.

Table 5. Training/Validation on Dataset B, BUS-BRA, BUS-UCLM, and BLUI and Testing on BUSI.

Model Dice loU Accuracy Sens Spec AUC
U-Net 0.67£0.01% 0.56 = 0.00t 0.95 = 0.00t 0.67 =0.031 0.98 =0.00 0.95 *=0.00t
SK-U-Net 0.69=0.031 0.59 +£0.03t 0.95+0.00t 0.68 = 0.04t 0.98 = 0.00t 0.95*+0.00t
NU-Net 0.71 =0.01 0.62+0.01 0.95+0.00t 0.70 =0.02t 0.98 = 0.00t 0.95+0.0It
CMU-Net 0.70 =0.00 0.61 =£0.00 0.95+0.00 0.70=0.01 0.98 = 0.00 0.95+0.00
ESKNet 0.70=0.01t 0.61 =0.01t 0.95+0.00 0.67 =0.03t 0.99 = 0.00t 0.96 =0.007
DAUS-Net 0.72£0.01 0.63 £0.01 0.95+0.00 0.72 +0.02 0.98 = 0.00 0.95+0.00

Bold values indicate the best performance for each metric.
+ Denotes q < 0.05 and T denotes Cohen’s d, > 0.5.

Table 6. Computational Complexity and Efficiency of the Models.

Model Params (M) FLOPs-MAC (G) FLOPs-2-op (G) Latency mean (ms)  PeakMem (GB) Throughput (FPS)
U-Net 31.0 48.3 109.3 52 0.2 190.8
SK-U-Net 49 4.8 10.3 6.8 0.2 146.3
NU-Net 77.0 40.1 80.2 14.2 0.7 70.5
CMU-Net 49.93 91.3 182.4 10.3 0.8 97
ESKNet 44.5 61.4 122.7 16.9 I 59.1
DAUS-Net 10.6 13.5 30.2 7.5 0.9 133.3

BUS-UCLM, and BLUI) and testing on BUSI. Although one
might expect higher Dice and IoU scores with a larger num-
ber of training datasets, Table 5 shows that training on four
datasets yielded lower performance than training on only two.

We benchmarked all models with an input size of
1 X 1X256 X256, batch size 1, on an RTX A5000 GPU
using fp32 precision, averaged over 100 runs. Table 6 pres-
ents the computational complexity and efficiency of the pro-
posed and comparative models. We report FLOPs under two
counting policies. In the FLOPs—MAC policy, one MAC is
counted as a single operation, whereas in the FLOPs—2-op
policy, a multiplication and an addition are counted separately
(two operations per MAC).Ranked by FLOPs—MAC, the
order is  SK-U-Net<DAUS-Net<<NU-Net <U-Net
<ESKNet <CMU-Net. The FLOPs-2-op follows the same
ranking as FLOPs—MAC. DAUS-Net achieves 13.55 g opera-
tions, 7.50 ms latency, 0.897 GB peak memory, and 133.3 FPS,
offering the most balanced trade-off among computation,
latency, and memory usage. While SK-U-Net requires fewer

operations, its latency gains are limited. U-Net achieves the
lowest latency but at higher computational cost, whereas
ESKNet and CMU-Net exhibit greater latency and memory
consumption. Although DAUS-Net records the second-high-
est peak memory, the absolute usage remains below 1GB,
well within typical clinical GPU budgets.

Discussion

Figure 8 presents the T-SNE visualization of feature maps
extracted after the first, third, and fifth convolution blocks in
the encoder. Blue squares correspond to DAUS-Net, and
green circles correspond to U-Net. The visualized samples
were obtained by inputting BUS-BRA data and selecting a
specific channel from the output, with both models having
been trained and validated on Dataset B and BUSI. As the
feature maps progress through deeper layers, DAUS-Net,
which uses instance normalization, gradually removes style-
related variations, forming more compact clusters. In
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1st Feature Map

3rd Feature Map

5th Feature Map

Figure 8. T-SNE visualization of feature maps obtained after the first, third, and fifth convolution blocks in the encoder. Blue squares
represent feature map samples from DAUS-Net, while green circles represent feature map samples from U-Net. Each sample is derived
by inputting BUS-BRA data and sampling a specific channel from the output.
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Figure 9. Frequency-space attention masks learned by DFF at each encoder stage of DAUS-Net. Masks are computed in the Fourier
coordinate system and applied before the inverse FFT, thus functioning as content-and stage-adaptive frequency filters that selectively

reweight spectral bands.

contrast, U-Net’s feature maps remain scattered. By the fifth
feature map, both DAUS-Net and U-Net coverage into a
single distribution, likely due to the reduced feature map size
of 16 x 16 pixels, which limits the expressive capacity of a
single channel.

Figure 9 displays the spatial attention masks within the
DFF module of the proposed model. In the mask on the far
left, the red rectangular block represents LFC, while the blue
rectangular block represents HFC. Brighter regions in the
masks (values closer to 1) indicate areas where frequencies
are allowed to pass through, whereas darker regions (values
closer to 0) indicate areas of stronger filtering. From the far-
left mask, it is evident that LFC are primarily passed through,

while HFC are filtered out. As indicated by the gray arrows,
the model alternates between filtering and passing frequen-
cies as the layers progress, suggesting that it dynamically
adjusts frequency components at each layer to effectively
detect breast tumors.

Figure 10 compares the provided label with a label derived
through intensity-based thresholding. In this figure, (a) dis-
plays the original image, (b) represents the provided label
corresponding to the red boundaries and (c) shows a label
generated by applying an intensity-based threshold corre-
sponding to the blue boundaries. (e) illustrates the predicted
mask from DAUS-Net, with Dice scores and IoU values
compared against (d) for (b) and (f) for (c).
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ERDA’ QSE

Dice score: 0.77
IoU: 0.63

-

ERDA" GSE Nyice score: 0.82
o ——— IoU: 0.70

Figure 10. Comparison of the provided label and an intensity-based thresholding label. (a) Original image, (b) provided label, (c)
threshold-generated label, (d) comparison of (b and e) predicted mask from DAUS-Net, (f) comparison of (c and e).

As noted in the introduction, tumor boundaries in breast
ultrasound images are often ambiguous, resulting to high
inter- and intra-rater variability during labeling.>*® This
ambiguity makes it challenging to intuitively determine
whether the tumor extends leftward, as in (c), or appears seg-
mented, as in (b). Such uncertainty in tumor boundaries may
partially account for the slightly lower Dice scores and loU
values. Nevertheless, as shown in (f), DAUS-Net demon-
strates an intuitive ability to detect and segment breast tumors
in a manner resembling human visual perception of tumor
shapes. At the same time, we recognize that these interpreta-
tions may vary and emphasize the need for careful consider-
ation, given the inherent ambiguity in labeling breast
ultrasound images.

In typical segmentation tasks, the Dice score and IoU are
widely regarded as key metrics for assessing how accu-
rately a model delineates the target. In contrast, in the con-
text of DG, achieving perfect segmentation is particularly
challenging due to domain shifts and the inherent variabil-
ity in medical imaging datasets. For tumor segmentation,
simply detecting the tumor can be as important as precisely
outlining its boundaries. In such cases, sensitivity becomes
a critical metric, as it reflects the model’s overall ability to
identify tumors.

In this study, True Positive (TP) refers to cases where the
model correctly identifies the tumor, while False Negative
(FN) refers to cases where the model fails to identify the
tumor, such as misclassifying the tumor as background.
When models exhibit similar specificity, higher sensitivity
indicates better tumor detection. From this perspective,
results on the unseen test datasets show that the proposed
model achieves notably higher sensitivity compared to the
comparison models, indicating improved tumor detection. It
also attains relatively higher Dice scores and IoU values,
demonstrating robustness in detecting and segmenting
tumors under the DG setting.

Clinical deployment requires stable=30FPS, low per-
frame latency, sufficient memory headroom alongside beam-
forming and UI, and predictable scaling across resolutions
and devices. DAUS-Net meets these runtime constraints
with 7.50 ms latency, 133.3 FPS, and 13.55 G operations, and
its 0.897 GB peak memory fits within typical clinical GPU
budgets. Even so, its segmentation accuracy has not fully
generalized across all datasets, and the inherently ambiguous
tumor margins make it premature to replace clinical judg-
ment. We therefore position DAUS-Net as a radiologist-
assist tool that, particularly for lesions with indistinct
boundaries, provides a boundary confidence map and
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exemplar-based suggestions to transparently indicate how
the model would judge based on prior data.*

Conclusion

In this study, we proposed DAUS-Net to address the chal-
lenges of DG in breast ultrasound segmentation. The model
incorporates a DFF module in the encoder and replaces BN
with IN to enhance robustness across domains. The DFF
module and IN work synergistically to mitigate domain shifts
by preserving the discriminative information needed to dis-
tinguish breast tumors from the background while removing
stylish variations. Experiments conducted on five public
datasets—Dataset B, BUSI, BUS-BRA, BUS-UCLM, and
BLUI—showed that the proposed model achieved superior
Dice, IoU, and sensitivity relative to the baseline models.
By leveraging frequency-specific features of breast tumors,
DAUS-Net reliably detected tumor presence and segmented
their boundaries, even on unseen datasets. Given the inher-
ent ambiguity in breast ultrasound images, the model exhib-
its a tendency to adopt human-like decision-making
processes when addressing unclear tumor boundaries.
Although the proposed model demonstrates superior perfor-
mance compared to the baselines, the results vary depending
on how the training/validation and test datasets are config-
ured. Therefore, rather than positioning DAUS-Net as a
stand-alone solution, we regard it as a radiologist-assist tool
that provides exemplar-based suggestions and boundary
confidence cues to support clinical decision-making in cases
of ambiguous tumor margins.
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