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Abstract

Ultrasound imaging is widely used for early breast cancer
detection, but building automated systems that can both lo-
calize segmentation and assess classification remains chal-
lenging. These challenges stem from task interference, class
imbalance in clinical datasets, and variability in image ap-
pearance due to differences in ultrasound hardware. To ad-
dress this, we propose PhysJointNet, a physics-based aug-
mentation framework for joint segmentation and classifica-
tion in breast ultrasound. The framework enhances robust-
ness and generalization across imaging devices while sup-
porting effective multi-task learning. It includes a physics-
informed augmentation module that uses a frozen descrip-
tor to capture and align scanner-specific characteristics, re-
ducing hardware-induced variations in texture and signal
gain. Experimental results on benchmark datasets show im-
proved performance, achieving 0.853 in segmentation and
0.918 in classification, demonstrating the effectiveness of
the proposed approach for reliable clinical screening.

1. Introduction and Related Work

Breast cancer remains a major global health concern, where
early detection is critical for improving treatment outcomes
and patient survival rates. Ultrasound imaging is widely
adopted for screening due to its non-invasive nature, ab-
sence of ionizing radiation, and suitability for dense breast
tissues and diverse patient populations [3]. However, ultra-
sound interpretation is inherently challenging due to vari-
ations in scanner hardware, acquisition settings, complex
anatomical structures, and subtle pathological cues, leading
to diagnostic variability [15]. These challenges motivate the
development of automated systems for lesion localization
and malignancy assessment.

Deep learning methods have achieved strong perfor-
mance in either segmentation or classification [9], but most
approaches treat them independently, overlooking their in-
terdependence in clinical decision-making [10]. Joint learn-

ing frameworks improve feature sharing [16, 20], yet often
suffer from task interference, where competing objectives
hinder performance [4]. Additionally, breast ultrasound
datasets exhibit domain shifts due to scanner-specific char-
acteristics such as speckle patterns, signal attenuation, and
gain, which are not well captured by conventional geomet-
ric augmentations [18].

Classification methods using transfer learning and en-
sembles struggle with domain shifts and class imbalance
[12], while segmentation approaches based on U-Net vari-
ants [19] excel in localization but lack diagnostic integra-
tion. GAN-based augmentation has been explored [22],
but often fails to preserve fine anatomical structures. Neu-
ral Style Transfer using AdaIN [11] provides a stable al-
ternative for modeling appearance variations, though its
use in medical imaging remains limited. Furthermore, in-
creasing model complexity limits deployment on resource-
constrained point-of-care devices.

To address these challenges, we propose PHYSJOINT-
NET, a unified framework for joint segmentation and clas-
sification that incorporates physics-based augmentation and
an efficiency-aware design. The approach models scanner-
dependent variations using feature-wise statistics (mean
and variance) via a frozen descriptor, enabling distribu-
tion alignment that normalizes hardware-induced differ-
ences while preserving anatomical structure. This improves
robustness to domain shifts and reduces task interference.

Experiments on benchmark datasets show improved per-
formance, achieving gains of 0.853 in segmentation and
0.918 in classification.

The main contributions are:

• A unified joint learning framework, PHYSJOINTNET,
for simultaneous segmentation and classification with re-
duced task interference.

• A physics-based augmentation strategy using feature dis-
tribution alignment for robustness to domain shifts.

• Improved performance (2% classification and 4.1% seg-
mentation) compared to existing approaches.
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Figure 1. PHYJOINTNET framework. Input images are processed by a Frozen VGG Physics Descriptor to align hardware-specific texture
statistics (µ, σ). These refined features undergo latent augmentation before task-specific heads predict the lesion mask and diagnostic label.

2. Problem Formulation
Let D = {(xi, y

c
i , y

s
i )}Ni=1 denote a breast ultrasound

dataset, where xi ∈ RH×W×3 is an input image, yci ∈
{0, 1, 2} represents diagnostic labels (Normal, Benign, Ma-
lignant), and ysi ∈ {0, 1}H×W is the corresponding seg-
mentation mask. The objective is to learn a function fθ
that jointly predicts classification and segmentation outputs:
fθ : xi 7→ (yci , y

s
i ).

This joint learning is challenging due to task interfer-
ence, class imbalance in clinical data, and domain shifts
caused by variations across ultrasound scanners. Addition-
ally, deployment on point-of-care devices requires compu-
tational efficiency.

The learning objective is defined as:

θ∗ = argmin
θ

E(xi,yc
i ,y

s
i )∼D

[
Lcls(f

c
θ (xi), y

c
i )

+ Lseg(f
s
θ (xi), y

s
i )
]
,

(1)

where f c
θ and fs

θ denote classification and segmentation out-
puts, and Lcls and Lseg are the respective loss functions.
The goal is to learn a robust and efficient model under these
constraints.

3. Proposed Method
In this section, we describe the architecture of PHYJOINT-
NET (Fig. 1), a memory- and computation-efficient multi-
task framework for robust breast ultrasound analysis. The
framework consists of four key components: a physics-
informed input augmentation module (Sec. 3.1), a quan-
tized shared encoder (Sec. 3.2), an attention-driven feature
refinement block (Sec. 3.3), and a dual-path latent augmen-
tation strategy to mitigate class imbalance (Sec. 3.4). The
network is trained end-to-end using a joint multi-task loss
under strict low-bit precision constraints (Sec. 3.6).

3.1. Physics-Based Input Augmentation
Breast ultrasound images exhibit substantial variation in
contrast, gain, and hardware-specific textures due to differ-
ences in device settings and acquisition environments. To
simulate these variations while preserving anatomical struc-
ture, we introduce a Style-Stats Shift module based on a

frozen VGG-19 physics descriptor. Let xi ∈ RH×W×3 de-
note a content image and xj ∈ RH×W×3 a reference style
image sampled from a different scanner. We extract inter-
mediate feature maps using the VGG encoder f(·) and per-
form channel-wise feature normalization using Adaptive In-
stance Normalization (AdaIN) [11]. The transformed input
x̃i is computed as

x̃i = σ
(
f(xj)

)(f(xi)− µ(f(xi))

σ(f(xi))

)
+ µ

(
f(xj)

)
, (2)

where µ(·) and σ(·) denote the channel-wise mean and stan-
dard deviation of the feature maps, computed across spa-
tial dimensions. In Eq. (2), x̃i represents the augmented
input that retains the anatomical content of xi while adopt-
ing the scanner-specific style of xj . During training, this
transformation is applied with probability p = 0.3, expos-
ing the network to a diverse set of acquisition variations. By
normalizing hardware-dependent texture statistics in this
manner, the model learns to focus on diagnostically rele-
vant anatomical features, thereby improving generalization
across heterogeneous scanners while remaining compatible
with low-bit (INT4/INT8) deployment.

3.2. Shared Encoder

To enable deployment in resource-constrained clinical en-
vironments, the shared encoder e(·) is implemented using
an EfficientNet-B6 backbone. The encoder weights θe are
optimized to learn compact and expressive feature represen-
tations. Given an augmented input image x̃i ∈ RH×W×3

(from Eq. (2)), the encoder produces a latent feature tensor
zi ∈ RH′×W ′×C as

zi = e(x̃i; θe), (3)

where H ′ and W ′ are the spatial dimensions and C is the
number of feature channels. This design enables extraction
of rich multi-scale features F necessary for accurate lesion
localization while maintaining efficiency for practical de-
ployment.



3.3. Attention-Driven Feature Refinement
The latent features zi are refined to suppress irrelevant back-
ground and enhance diagnostically relevant regions using
the Convolutional Block Attention Module (CBAM) ϕ(·).
CBAM computes a channel attention map Mc(zi) to em-
phasize informative acoustic biomarkers and a spatial at-
tention map Ms(z

′
i) to localize lesion structures within the

feature map. The refinement is applied sequentially as

z′i = Mc(zi)⊗ zi, z′′i = Ms(z
′
i)⊗ z′i, (4)

where ⊗ denotes element-wise multiplication, z′i is the
intermediate feature after channel attention, and z′′i is
the final refined feature. This attention-driven refinement
(Eq. (4)) ensures that downstream task-specific heads focus
on salient lesion cues while mitigating the effects of low-bit
quantization.

3.4. Latent Feature Augmentation
To address class imbalance in the dataset, particularly for
Normal and Malignant categories, we perform latent-level
augmentation. For a minority-class sample, stochastic
Gaussian noise ϵi ∼ N (0, σ2) is injected into the refined
features z′′i to simulate intra-class echotexture variability.
Additionally, intra-class feature interpolation generates syn-
thetic latent features

z̃mix = λzi + (1− λ)zj , λ ∼ Uniform(0.3, 0.7), (5)

where zi and zj belong to the same diagnostic category. The
augmented features z̃i are then used as inputs to the multi-
task heads.

3.5. Multi-Task Forks
The refined and augmented latent features z̃i are processed
by two task-specific heads. The segmentation decoder
ds(·) employs a UNet++ style architecture with nested
skip connections to produce pixel-wise lesion masks ŷsi ∈
[0, 1]H×W , preserving fine boundary details despite low-
bit encoding. Simultaneously, the classification head dc(·)
applies global average pooling to z′′i to obtain a compact
feature vector vi, which is passed through a linear-ReLU-
softmax module to predict diagnostic probabilities ŷci ∈
[0, 1]3 for Normal, Benign, and Malignant classes.

3.6. Joint Optimization
The network parameters θ are optimized using a weighted
joint loss function that combines segmentation and classifi-
cation objectives:

L(θ) = αLDiceFocal(y
s
i , ŷ

s
i ) + (1− α)LWCE(y

c
i , ŷ

c
i ),

(6)
where ysi and yci are the ground-truth segmentation mask
and diagnostic label, ŷsi and ŷci are the predictions,

LDiceFocal addresses pixel-level sparsity, LWCE is the
Weighted Cross-Entropy loss for class imbalance, and α ∈
[0, 1] balances the tasks. Optimization is performed using
8-bit Adam (AdamW8bit) to complement the 4-bit encoder
weights. The final objective is to find the optimal quantized
parameters θ∗ by minimizing the total joint loss over the
dataset D of N samples:

θ∗ = arg min
θ∈INT4

N∑
i=1

L(θ). (7)

Eqs. (3)–(7) define a fully quantized, multi-task learn-
ing framework capable of accurate lesion localization and
classification under strict memory and computational con-
straints.

4. Experimental Details
4.1. Datasets
We evaluate the proposed framework on a subset of the
PRECISE 2025 Challenge dataset [1, 6, 17], a multi-
institutional breast ultrasound collection consisting of
3, 120 images with expert-annotated segmentation masks
and diagnostic labels across three categories: Normal, Be-
nign, and Malignant. Malignant cases comprise approxi-
mately 18% of the dataset, reflecting realistic clinical class
imbalance. For additional validation, we also consider the
Curated BUSI dataset [2], containing 450 images after du-
plicate removal, and BUS-UCLM [21] with 683 images,
each exhibiting distinct class distributions. All datasets are
partitioned in a patient-wise manner to prevent data leak-
age, ensuring that images from the same patient appear ex-
clusively in a single split during cross-validation.

4.2. Preprocessing and Implementation Details
All images are resized to 256 × 256 using bilinear interpo-
lation with zero-padding to preserve aspect ratio, and nor-
malized using ImageNet statistics [5]. To improve gen-
eralization, data augmentation is applied during training,
including random flips (p=0.5), rotation (±30◦), scaling
(0.9–1.1), translation (up to 10%), brightness/contrast vari-
ations (±15%–20%), and Gaussian noise (σ = 0.01).

The framework is implemented in PyTorch 1.13.0 with
CUDA 11.7 and trained on dual NVIDIA T4 GPUs (16 GB
each). Convolutional layers use Kaiming initialization [8],
while fully connected layers use Xavier initialization. Op-
timization is performed using AdamW [13] with a learning
rate of 1× 10−4, weight decay of 1× 10−2, and batch size
of 16. Training is conducted for 200 epochs using 4-fold
cross-validation with early stopping (patience = 10) based
on validation Dice score. Mixed-precision training (FP16)
via torch.cuda.amp reduces memory usage by 40%
without performance loss.



Figure 2. Qualitative segmentation results on BUS UCLM and
Curated BUSI datasets.

Table 1. Quantitative comparison on the BUS-UCLM dataset.

Method DSC ↑ JACC ↑ F1 ↑ AUC ↑

UNETR 0.734 0.579 0.619 0.790
SwinUNETR 0.805 0.673 0.254 0.500
nnU-Net 0.793 0.657 0.531 0.860
DeepLabV3+ 0.805 0.796 0.857 0.967
Without PhyAug 0.812 0.748 0.899 0.973
Proposed 0.853 0.788 0.918 0.968

4.3. Comparison with State-of-the-Art
Qualitative Results: We compare our approach with UN-
ETR [7], SegResNet [14], and precision variants on the
BUSI dataset. The INT8 model produces sharper bound-
aries and better structural preservation compared to base-
lines. INT4 shows mild loss in fine detail and con-
tour smoothness but remains competitive, benefiting from
physics-based augmentation that improves robustness while
lower precision limits spatial refinement.

Quantitative Results: We evaluate PhyJointNet on
the BUS-UCLM dataset (Table 1). Baseline segmenta-
tion models report HD95 of 10.06–15.76 mm and DSC of
0.734–0.805. In contrast, PhyJointNet (FP32) improves
DSC to 0.853 (+4.8%), and Jaccard to 0.788 (+17.0%).
Even without physics augmentation, it outperforms base-
lines (DSC=0.812), showing strong backbone effective-
ness. For classification, single-task segmentation mod-
els fail (AUC=0.500), while DeepLabV3+ achieves 0.967.
PhyJointNet (FP32) reaches 0.968 AUC and 0.918 F1,
slightly surpassing the best baseline, confirming that joint
learning improves performance without harming segmenta-
tion.

4.4. Ablation Study
Physics-informed Augmentation. Fig. 3 shows the impact
of integrating physics-informed style augmentation with the
baseline model. Among the evaluated strategies, the VGG

Style-Stats Shift module provides the largest gain, improv-
ing segmentation DSC from 0.812 to 0.853 and classifi-
cation F1 from 0.899 to 0.918. Qualitative results further
show more stable predictions across different scanners, with
better boundary delineation and reduced sensitivity to inten-
sity variations. These improvements demonstrate that mod-
eling acquisition-related variability is beneficial. By simu-
lating physics-driven changes such as gain, contrast, and in-
tensity shifts, the augmentation encourages the model to fo-
cus on anatomical structures rather than scanner-specific ar-
tifacts, improving generalization across heterogeneous clin-
ical settings.

Figure 3. Impact of physics-informed style augmentation on
multi-task performance.

Memory Efficiency and Deployment. The computational
and storage requirements of the proposed model indicate
that the number of floating-point operations (4.56 G FLOPs)
and model parameters (41.48 M) remain fixed, reflecting
a stable architectural complexity. While the model main-
tains high representational capacity, its design supports ef-
ficient deployment on resource-constrained hardware plat-
forms such as edge devices and embedded medical systems,
where storage and bandwidth are critical. Furthermore, the
architecture facilitates faster data transfer, improved cache
utilization, and reduced energy consumption during infer-
ence, making it well-suited for real-time clinical applica-
tions without requiring modifications to the core network.

5. Conclusion
We proposed PHYJOINTNET, a unified framework for joint
segmentation and classification in breast ultrasound. The
model incorporates physics-informed augmentation to im-
prove robustness against scanner-induced domain shifts and
reduce task interference in multi-task learning. Experiments
show that PHYJOINTNET outperforms existing baselines,
with gains of 4.1% in segmentation and 2% in classification.
Future work will focus on real-time deployment on edge
hardware such as FPGA/ASIC platforms for low-latency
clinical use.
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malik, Dominika Jaguś, Piotr Kasprzak, Rafał Matkowski,
Łukasz Fura, Andrzej Nowicki, and Norbert Żołek. Curated
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