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ABSTRACT

This thesis explores deep learning-based approaches for automated breast lesion
segmentation in Ultrasound (US) images, aiming to enhance the accuracy and
efficiency of computer-aided diagnosis (CAD) systems. Breast cancer diagnosis often
faces challenges due to the variability in lesion morphology, low contrast in US
images, and limited annotated datasets. To address these issues, this study investigates
state-of-the-art ~ segmentation  architectures,  including  U-Net  variants,
transformer-based models, and hybrid CNN-transformer frameworks, alongside
advanced preprocessing and augmentation techniques. The proposed methodology
evaluates baseline and novel models using metrics such as Dice score and
Intersection-over-Union (IoU), with a focus on improving robustness to dataset
imbalances and image complexity. Experimental results demonstrate the effectiveness
of deep learning in achieving precise lesion delineation, offering potential clinical
utility for early and non-invasive breast cancer and other tumor detection.

Keywords : computer-aided diagnosis (CAD), Breast lesion segmentation, ultrasound
(US), U-Net, attention mechanism .
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RESUME

Cette thése explore les approches basées sur l'apprentissage profond pour la
segmentation automatisée des lésions mammaires dans les images échographiques
(US), dans le but d'améliorer la précision et l'efficacité des systémes de diagnostic
assisté par ordinateur (CAD). Le diagnostic du cancer du sein se heurte souvent a des
difficultés dues a la variabilité de la morphologie des Iésions, au faible contraste des
images échographiques et a l'insuffisance des ensembles de données annotées. Pour
résoudre ces problemes, cette étude examine les architectures de segmentation les plus
modernes, y compris les variantes U-Net, les modéles basés sur des transformateurs et
les cadres hybrides CNN-transformateurs, ainsi que les techniques avancées de
prétraitement et d'augmentation. La méthodologie proposée évalue les modéles de
base et les nouveaux modeles a l'aide de mesures telles que le score de Dice et
l'intersection sur 'union (IoU), en mettant 1'accent sur I'amélioration de la robustesse
aux déséquilibres de I'ensemble de données et a la complexité de 'image. Les résultats
expérimentaux démontrent l'efficacité de l'apprentissage profond dans la délimitation
précise des Iésions, offrant une utilité clinique potentielle pour la détection précoce et
non invasive du cancer du sein et d'autres tumeurs.

Mots-clés : diagnostic assisté par ordinateur (CAD), segmentation des Iésions
mammaires, échographie (US), U-Net, mécanisme d'attention.
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GENERAL INTRODUCTION

Breast cancer is one of the most commonly diagnosed cancers worldwide, affecting
millions of women annually. In 2022, 2.3 million new cases and 670,000 deaths
occurred globally (Kim et al., 2025). With early detection and accurate diagnosis
being critical for improving patient outcomes and survival rates.

Medical imaging (Beutel, 2000), particularly breast ultrasound, and other
Modalities such as endoscopy, MRI, and CT play a vital role in diagnosing breast
abnormalities, including normal tissue, benign lesions, and malignant Tumors,
providing invaluable insights. However, interpreting US images is challenging due to
their noisy nature and the subtle differences between benign and malignant cases;
noise artifacts, inter-observer variability, and data scarcity (Zhou et al., 2021) make
manual interpretation remain time-consuming and prone to human error. This has led
to the emergence of Computer-Aided Diagnosis (CAD) systems, which leverage
artificial intelligence (AI) to assist radiologists in making accurate and timely
diagnosis.

In recent years, deep learning (DL) has emerged as a transformative force in
medical imaging, revolutionising the field of medical image analysis by automating
complex tasks from tumor segmentation to disease classification. By automating the
extraction of patterns from complex imaging data, DL has surpassed traditional
computer vision methods, which relied on manual feature engineering. This paradigm
shift is driven by continuous advancements in DL architectures, including
convolutional neural networks (CNNs) (LeCun et al., 1989) and vision transformers
(ViTs) (Dosovitskiy et al., 2020), each addressing unique challenges in healthcare.

The evolution of medical image analysis has progressed from rule-based
systems to hierarchical feature learning. CNNs, particularly U-Net (Ronneberger et
al., 2015), with its skip-connected encoder-decoder architecture, has become the gold
standard for medical segmentation .Transformers, initially designed for NLP, have
been adapted to medical imaging (e.g., TransUNet; Chen et al., 2021) to model
long-range dependencies in high-resolution images. These innovations, combined with
attention mechanisms (Vaswani et al., 2017) (e.g., CBAM) that suppress noise and
highlight diagnostically relevant regions (Woo et al., 2018), form a robust toolkit for
automating medical image analysis.

Despite significant advancements in Al-based computer-aided diagnosis (CAD)
systems for breast ultrasound (BUS) imaging, critical challenges persist in achieving
robust segmentation and classification. First, the heterogeneous appearance of breast
lesions—varying in shape, echogenicity, and boundary clarity—complicates
consistent feature extraction, particularly for architectures lacking spatial-channel
attention mechanisms (Cho et al., 2022). Second, BUS images are inherently prone to



noise and artifacts (e.g., speckle, shadowing, and reverberation), which degrade image
quality and mislead conventional CNNs, as evidenced by the high false-positive rates
in single-network approaches (Zhou et al., 2021). Third, dataset imbalance skews
model training toward overrepresented classes (e.g., benign cases), reducing
sensitivity to malignancies and limiting generalizability across clinical populations
(Wu et al,.2024).

To address these gaps, this work proposes a hybrid deep learning framework
integrating state-of-the-art architectures (eg., Attention U-Net) with a dynamic data
augmentation strategy targeting misclassified samples during training. The model
aims to achieve pixel-level segmentation accuracy (Dice > 0.76), improve
classification performance (precision >90%, recall >88%) through *self-multi-head
attention and squeeze-excitation blocks ; and enhance generalizability. Evaluation will
benchmark against BUS and other domain dataset using metrics aligned with clinical
standards (DSC,IoU) , addressing both technical and translational gaps in current
CAD systems.

This project has the potential to significantly improve the accuracy and
efficiency of breast cancer diagnosis. By automating the segmentation process,
employing several DL architectures and techniques and achieving the generalizability
of the proposed model, it can assist radiologists in making faster and more reliable
diagnoses, ultimately improving patient outcomes.



This report is organized as follow :

Chapter 01 : OVERVIEW : Computer Aided Diagnosis.

This chapter introduces Computer-Aided Diagnosis (CAD) systems in medicine,
covering key imaging modalities like ultrasound, MRI, and mammography. It
examines core CAD tasks—classification, detection, and segmentation—and their
clinical applications. Challenges in medical image analysis and preprocessing
techniques are discussed, setting the stage for deep learning solutions.

Chapter 02 : LITERATURE REVIEW : Deep Learning Applications for Medical
Images and Breast Cancer Diagnosis.

Focusing on breast lesion segmentation in ultrasound, this chapter reviews U-Net
variants, transformer-based models, and hybrid approaches. Training strategies
(Dice/BCE loss) and evaluation metrics (Dice, IoU) are analyzed, highlighting gaps in
robustness and generalizability for clinical use.

Chapter 03 : Proposed Approach.

A novel methodology addresses key challenges: limited data, class imbalance, and
image complexity. Combining advanced preprocessing with hybrid CNN-transformer
architectures, the approach aims to improve segmentation accuracy. Training protocols
and validation frameworks ensure reproducibility.

Chapter 04 : Result And Discussion.

Proposed models are evaluated on breast US datasets, showing improved Dice/IoU
scores over baselines. Qualitative results and clinical applicability are discussed, along
with limitations like computational costs. Benchmarks confirm the superiority of
hybrid models.
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MEDICAL COMPUTER AIDED DIAGNOSIS
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1 Chapter 1 : OVERVIEW : MEDICAL COMPUTER AIDED DIAGNOSIS

1.1 Introduction

Medical imaging has become an indispensable tool in modern healthcare, offering
non-invasive and detailed visualization of anatomical structures and pathological
conditions. As imaging technologies evolve, the volume and complexity of acquired
data continue to grow, creating new demands for efficient and accurate interpretation.
Computer-Aided Diagnosis (CAD) systems have emerged to address these challenges
by augmenting radiological decision-making through automated analysis powered by
machine learning (ML) and deep learning (DL) techniques. This chapter introduces
the core principles of medical imaging and CAD, providing a foundation for
understanding how different imaging modalities and intelligent algorithms contribute
to disease detection, classification, localization, and segmentation. It also outlines the
fundamental components of CAD pipelines, establishing the groundwork for the
specialized methods developed and evaluated in later chapters.

1.2 Medical Imaging

Medical imaging (Beutel, 2000) refers to the generation of visual representations of
internal or external organs and tissues of the human body for disease diagnosis and
monitoring progression (Farhat, Sakr, & Kilany, 2020). This process can involve
either invasive or non-invasive techniques and is based on various physical
phenomena such as sound, light, electromagnetic radiation, nuclear magnetic
resonance, and radioactivity (S. K. Zhou et al., 2021).

It utilizes specific regions of the electromagnetic spectrum, which includes all
types of electromagnetic radiation with varying wavelengths and frequencies, each
serving different diagnostic purposes.

The advent of digital medical imaging began in 1993 with the introduction of
the DICOM (Digital Imaging and Communications in Medicine) standard . This
standard allows the use of digital technology to capture, store, manipulate, display,
and exchange medical images, replacing conventional film-based imaging methods
(Hosseini & Dixon, 2016). DICOM enables medical images and associated metadata
to be encoded from various imaging devices and integrated into Picture Archiving and
Communication Systems (PACS), making them exchangeable via Health Information
Exchange (HIE) networks (Mildenberger, Eichelberg, & Martin, 2002).

Digital medical imaging encompasses a wide range of techniques for
visualizing different body organs called Multi-Organ Medical Imaging Modalities,
such as X-rays, Ultrasound (US), Computed Tomography (CT), Positron Emission
Tomography (PET), and Magnetic Resonance Imaging (MRI). Additional tools that
serve specialized purposes are called Specific-Organ Medical Imaging Modalities ,
including Retinal Photography, Dermoscopy, Endoscopy, and Histopathology (Ker,
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Wang, Rao, & Lim, 2018). The following subsections provide an overview of some of
these commonly used medical imaging modalities in healthcare.

1.3 Computer Aided Diagnosis in Medicine

Computer-Aided Diagnosis (CAD) is a transformative technology in the field of
medical imaging, formally defined by the FDA as "a system that provides image
analysis to aid in detection, characterization, or diagnosis of disease" ( Shiraishi et
al.,2011), known for its capacity to support clinicians through automated analysis of
images such as ultrasound (US), X-rays, CT scans, MRIs, and mammogrames,
leveraging algorithms, often based on machine learning (ML) or deep learning (DL),
to detect, localize, and quantify pathological patterns, offering a "second opinion" that
may complement the clinician’s diagnosis (Davidson A, 2023).

Unlike autonomous diagnostic tools, CAD systems are assistive rather than
substitutive. Their design philosophy hinges on augmenting clinical decision-making,
especially in scenarios demanding high sensitivity such as early-stage cancer detection
or subtle pathological signs that might elude even expert radiologists; subtle
abnormalities may be missed due to human fatigue or variability (Santos et al., 2019).
Through tasks like abnormality classification, ROI (region of interest) detection, and
disease progression tracking, CAD tools bring quantitative rigor and reproducibility to
diagnostic interpretation.

Moreover, in large-scale screening programs such as breast cancer, lung
cancer, and diabetic retinopathy detection ,CAD systems play a critical role in
reducing false negatives and standardizing diagnostic accuracy (Litjens et al., 2017;
Al-masni et al., 2018). With the increasing shift toward data-driven diagnostics in
medical imaging, CAD systems are becoming critical components of precision
oncology, especially in breast cancer imaging. Their integration into multidisciplinary
clinical workflows supports more consistent interpretations, reduces diagnostic
variability ( McKinney et al., 2020) , and enables triage by prioritizing high-risk
lesions, identifying 98.3% of invasive cancers in the top 10% of suspicious cases
(Rodriguez-Ruiz et al., 2019), ultimately improving diagnostic throughput and patient
outcomes.

1.4 Key Components of a CAD System

A robust CAD system involves a multi-stage pipeline that includes image acquisition,
preprocessing,feature  extraction, employment of classification/ detection/
segmentation , and post-processing. Each stage ensures that medical images are
properly standardized, analyzed, and interpreted with clinical relevance.
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1.4.1 Image Acquisition and Modalities

Image acquisition is the foundational and indispensable first step in the pipeline of any
Computer-Aided Diagnosis (CAD) system. It involves capturing medical image data
from patients using specialized imaging modalities. The quality, resolution, contrast,
and type of acquired data directly influence the effectiveness of subsequent
preprocessing, segmentation, and classification tasks in CAD workflows.
Consequently, image acquisition not only establishes the structural and spatial context
of anatomical or pathological findings but also imposes critical constraints on the
performance and generalizability of deep learning models used for analysis (Ker et al.,
2018; Shen et al., 2017). Here come the most used modalities :

a*  Ultrasound Imaging : Ultrasound (US)

Ultrasound (US) or Sonography uses high-frequency sound waves to create 2D
images of internal organs and tissues. Ultrasound imaging does not employ any
ionizing radiation and is widely available and extremely affordable (Farhat et al.,
2020; Goel et al., 2016). This medical imaging modality is commonly used for clinical
applications related to cardiology, genecology, obstetrics, and abdominal imaging (see
Figure 1.1) (Ali, Magee, & Dasgupta, 2008).
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Figure 1.1 Examples of ultrasound images : breast US '

be  Optical imaging : endoscopy

It consists of a medical examination and visualization procedure that uses a flexible
lighted tube with a camera called endoscope inside the body to assess the interior
organs or cavities. This imaging technique is commonly used for gastrointestinal (e.g.
upper and lower gastrointestinal (GI) endoscopy in Figure 1.2 below) , respiratory
(bronchoscopy) , and urological examinations (cystoscopy)

1 https://screening.iarc.fr/atlasbreastdetail.php?Index=79
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Figure 1.2 Example of polyps in GI Endoscopic images ’

ce Radiologic Imaging : Mammography

Mammography is a radiographic imaging technique that uses low-dose X-rays for
breast tissue visualization (see Figure 1.3). The use of mammograms enables
visualizing abnormal lesions in breasts such as cancerous masses and calcifications.
Thus, this medical image modality is qualified as a standard technique for the early
detection of breast cancer in asymptomatic patients and it is largely used for breast
cancer screening alongside breast ultrasound (Sree, 2011)

Figure 1.3 Examples of Mammography’

de Magnetic Imaging : Magnetic Resonance Imaging (MRI)

MRI incorporates radio waves and the electromagnetic field to generate 3D images of
human body internal anatomy (Goel et al., 2016). The application of a magnetic field
to a human body results in a uniform alignment of hydrogen atoms in the direction of
the magnetic field, particularly those with a positive charge. By transmitting radio
frequency waves into the body, these aligned hydrogen atoms revert to their original

2 hitps: mdpi.com/2075-4418/13/4

8 https://www.researchgate.net/figure/Example-mammographic-density-segmentation-Images-digitised-
Mammograms-from-left-to_figS 279231305
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positions and emit energy received by the device as signals. The intensity of these
signals is employed to generate cross-sectional images plotted in grayscale. The
acquisition of MRIs involves an important trade-off between the signal-to-noise ratio
(SNR) and spatial resolution. A higher SNR means stronger signal allowing the
production of an improved contrast and clarity images. On the other side, a higher
spatial resolution means finer details that can be resolved in the image. Besides,
achieving high SNR enhances the spatial resolution, since receiving a stronger signal
provides more information for the MRI system to differentiate structures and details
within the image. However, in practical terms, acquiring high spatial resolution MRI
scans at an optimal SNR requires a longer acquisition time due to the repeated
acquisition and averaging strategy employed .This conflicts with patient comfort and
physiological constraints. For this reason, radiologists tend to strike a balance between
SNR and spatial resolution by respecting specific clinical requirements to achieve the
desired image quality. Unlike X-Rays and CTs, MRI produces high-resolution images
without the use of any ionizing radiation. Nevertheless, it is less accessible and
available compared to the other medical imaging techniques (Farhat et al., 2020).

1.4.2 Preprocessing

Raw medical data, whether derived from CT, MRI, or X-ray scanners, often contain
noise, artifacts, and intensity variations that obscure clinically relevant information.
Therefore, before any diagnostic analysis, Preprocessing in CAD systems standardizes
medical images by enhancing quality and reducing noise while preserving
diagnostically relevant features, which bridges the gap between acquisition hardware
and analytical algorithms.

1.4.3 CAD tasks employment

a*  Classification

Classification serves as the triage step in CAD, categorizing an entire image or a set of
medical images (full medical exam) or lesion patches extracted from medical images
into diagnostic classes such as normal / abnormal, or grading disease severity (e.g.,
benign vs. malignant lesions (see Figure 1.4 )) (Ker et al., 2018; Litjens et al., 2017;
D. Shen et al., 2017) .
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Figure 1.4 Diagram of Classification of skin lesions *

Traditional machine learning approaches relied on handcrafted features—texture
descriptors like Haralick features, shape metrics such as sphericity, or intensity
histograms—which were fed into classifiers like Support Vector Machines (SVMs) or
Random Forests. However, the advent of DL has shifted paradigms, with
convolutional neural networks (CNNs) now dominating classification tasks (see
Figure 1.5 below). CNNs, such as ResNet or DenseNet, autonomously learn
hierarchical feature representations from raw pixels, outperforming manual feature
engineering in complex tasks like diabetic retinopathy grading.

Benign

Benign

Malignant

Normal

Figure 1.5 Diagram of Supervised Learning for Breast Cancer classification °

4 . . . .
mﬁmmmmmhmmmmw - — - -t — =
S https:/www.mdpi.com/2673-2688/6/4/76

10


https://www.mdpi.com/2673-2688/6/4/76
https://www.researchgate.net/figure/Classification-of-skin-lesions-3_fig2_387354794

1 Chapter 1: OVERVIEW : MEDICAL COMPUTER AIDED DIAGNOSIS

The clinical significance of classification lies in its ability to prioritize cases. For
example, in screening mammography, where the majority of cases are benign, a CNN
classifier can flag suspicious calcifications or masses, directing radiologists’ attention
to high-risk cases. This prioritization reduces workload and accelerates turnaround
times, critical in emergencies like stroke or pulmonary embolism. However,
classification is not infallible; subtle pathologies or rare diseases may evade detection
if underrepresented in training data. Thus, modern CAD systems often integrate
uncertainty estimation, providing confidence scores alongside predictions to guide
clinician interpretation.

be Detection

Computer Aided Detection (CADe) is a task that bridges the gap between image-level
classification and pixel-level analysis by localizing nodules and lesions within the full
medical image.This task consists of drawing labeled bounding boxes (BB) around the
suspect abnormal areas within the image, as presented in Figure 1.6 below. The
output should be the patches of lesion candidates which can be then classified as
benign or malignant for false positives reduction. The abnormalities to detect in
images can be from the same class or from multiple classes (Ker et al., 2018; Litjens

etal., 2017; D. Shen et al., 2017).

c)
®

Figure 1.6 Detected hemorrhage while Green boxes are ground truth and blue are predicted boxes a)
Subarachnoid, b) Subdural, c) Intraparenchymal, d) Chronic, e) Intraventricular, f) Epidural ®

Unlike classification, which assigns a global label, detection identifies and bounds
regions of interest (ROIs) such as lung nodules, brain hemorrhages, or breast lesions.
This spatial localization is pivotal for quantifying disease burden—counting

8 hitps://www.sciencedirect.com/science/article/abs/pii/S1746809421006820
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metastases in oncology, for example—and guiding interventions. Architecturally,
detection frameworks like Faster R-CNN or YOLO (You Only Look Once) employ
region proposal networks (RPNs) to hypothesize candidate ROIs, followed by
convolutional layers to refine bounding boxes and assign class labels.

c* Segmentation

Segmentation is the process of distinguishing target objects from the background and
separating them from one another by delineating precise pixel- or voxel- (a
three-dimensional counterpart to a pixel) level boundaries of the object. The
prediction of target pixels relies on attributes related to pixel intensity and texture,
while identifying its boundary pixels leverages the image gradient, which has high
values at the object edges (Bankman, 2008).

In medical CAD, this task represents the highest level of granularity, as the
target objects may include organs, substructures, or pathological lesions (Hesamian et
al., 2019; Ker et al., 2018; Litjens et al., 2017). It is indispensable for quantitative
analysis, enabling accurate measurements of tumor volume, organ morphology, and
tissue perfusion (D. Shen et al., 2017).

Figure 1.7 Example of glioblastoma segmentation ’
a) Original 3D T1 post-contrast MRI; b) Segmentation (in red, 69.99 mL) on the full image;
¢) Segmentation (in red, 22.87 mL) on the image processed with a volume-reduction method

In clinical practice, segmentation supports treatment planning and monitoring.
For example, in radiation therapy, precise segmentation of glioblastoma boundaries in
MRI ensures accurate targeting while sparing healthy tissue as above in Figure 1.7
(de Sitter et al., 2020) . segmenting the liver in CT scans helps in living donor liver
transplants by accurately measuring the size of the part to be donated.However, this
process can still be challenging, especially when the boundaries are unclear, such as
with infiltrative tumors or when using combined imaging techniques.
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The transition from classical segmentation methods to DL has been
transformative. Early techniques such as thresholding , active contours (snakes, level
sets), and region growing (watershed) were limited by their inability to handle
anatomical variability and imaging noise .The introduction of fully convolutional
networks (FCNs) in 2015 marked a paradigm shift by enabling pixel-wise prediction
from raw 1images (Long et al., 2015). U-Net further advanced the field by
incorporating skip-connections to preserve spatial details, making it particularly
effective for medical imaging tasks . Subsequent innovations, such as DeepLab’s
atrous convolutions (Chen et al.,, 2017) and transformer-based architectures
(Dosovitskiy et al., 2020), have further improved multi-scale feature extraction and
long-range dependency modeling.

1.4.4 Integration of tasks

A fully realized CAD system synthesizes preprocessing, classification, detection, and
segmentation into a seamless workflow. For example, In liver lesion analysis, raw
abdominal CT or MRI images are first preprocessed to normalize intensities, reduce
artifacts, and ensure isotropic voxel spacing. An initial classification step may be used
to confirm the presence and localization of the liver within the scan, especially in
whole-abdomen imaging (see Figure 1.8 (a) below). Once the liver is identified, a
subsequent classifier assesses whether any abnormalities are likely present. For cases
flagged as abnormal, a detection module pinpoints potential lesions (see Figure 1.8
(b), (c) ). These regions are then segmented to outline lesion boundaries and extract
quantitative features such as volume, shape, margin definition, and enhancement
dynamics (see Figure 1.8 (d)).

Lesion

Figure 1.8 Example of Integration of Tasks *
a) liver image classification; b) liver localization;
¢) liver lesion detection; d) liver lesion segmentation.
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1.5 Conclusion

This chapter provided a foundational overview of medical imaging and the structure
of Computer-Aided Diagnosis systems. It explored key imaging modalities, described
the sequential tasks that make up the CAD pipeline, and emphasized the growing role
of DL in automating complex diagnostic tasks. From early lesion classification to
pixel-level segmentation, these intelligent systems are reshaping clinical
decision-making and improving diagnostic accuracy. With this groundwork laid, the
following chapter delves into the existing body of research on DL applications in
medical imaging, with particular focus on breast cancer diagnosis using ultrasound.
This review will examine state-of-the-art models, highlight critical challenges, and
identify research gaps addressed in this thesis.
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2 Chapter 2 : LITERATURE REVIEW - Deep Learning Applications for
Breast Lesion Segmentation in Ultrasound

2.1 Introduction

The field of medical image analysis has undergone a revolutionary transformation
with the advent of deep learning (DL), surpassing traditional computer-aided detection
(CAD) systems in accuracy, efficiency, and adaptability. Early CAD frameworks
relied on handcrafted features and rule-based algorithms, which were limited in their
ability to generalize across diverse imaging modalities and clinical scenarios. The
emergence of convolutional neural networks (CNNs) and encoder-decoder
architectures, such as U-Net, has enabled end-to-end learning directly from raw
imaging data, significantly improving segmentation performance in medical
applications (Litjens et al., 2017).

This chapter provides a systematic review of deep learning techniques in
medical image segmentation, covering their evolution, architectural innovations,
training methodologies, evaluation metrics, challenges, and emerging solutions. The
discussion is structured to highlight key advancements in breast segmentation, while
also addressing critical limitations such as data scarcity, domain shifts, and model
interpretability. Recent studies demonstrate that DL models achieve near-radiologist
performance in tasks like tumor delineation, polyp detection, and organ segmentation
(Ronneberger, Fischer, & Brox, 2015; Chen et al., 2017). However, challenges remain
in translating these advancements into clinical practice, necessitating further research
in robustness, efficiency, and regulatory compliance (Isensee et al., 2021).

2.2 Significance of medical imaging for Breast lesion diagnosis

Breast cancer remains a global public health challenge, representing the most
commonly diagnosed malignancy in women and a leading cause of cancer-related
mortality worldwide (Yeasmin et al., 2024). Early diagnosis is critical to improving
survival rates, minimizing treatment invasiveness, and lowering healthcare costs. In
this context, Computer-Aided Diagnosis (CAD) systems have become central to breast
imaging workflows. They serve as reliable assistive tools that reduce oversight,
enhance sensitivity, and provide consistent diagnostic interpretation across varying
imaging modalities and clinician experience levels.

Breast imaging typically involves mammography, ultrasound (US), and, in
high-risk or ambiguous cases, magnetic resonance imaging (MRI). Each modality
offers distinct advantages but also unique challenges — such as decreased
mammographic sensitivity in dense breast tissue or operator dependency in ultrasound
interpretation. CAD systems mitigate these limitations by detecting and localizing
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suspicious regions of interest (ROIs), classifying lesion types, and supporting
radiologists in differential diagnosis ( McKinney et al., 2020).

In mammography, which remains the primary imaging modality for large-scale
screening programs, CAD was first introduced as a tool for highlighting
microcalcifications and mass densities. Traditional rule-based methods offered
marginal benefits, but the advent of deep learning (DL), particularly convolutional
neural networks (CNNs), has significantly elevated diagnostic performance. Notably,
McKinney et al. (2020) demonstrated that a DL model trained on over 76,000 images
could outperform experienced radiologists in detecting breast cancer, with improved
sensitivity and fewer false positives. Similarly, Rodriguez-Ruiz et al. (2019) showed
that DL-based CAD matched the diagnostic accuracy of an average radiologist in a
multi-reader setting, identifying 98.3% of invasive cancers in the top decile of
predicted malignancy risk.

Ultrasound, commonly used as a supplemental modality, is especially
important in women with dense breast tissue or when mammography yields
inconclusive results. However, BUS is inherently noisy due to speckle artifacts, and its
diagnostic accuracy heavily depends on the skill of the operator. CAD systems in
ultrasound imaging use segmentation and classification algorithms to overcome these
issues, offering objective analysis and increased reproducibility. U-Net-based
architectures, for instance, have shown excellent performance in segmenting tumor
margins and differentiating between benign and malignant lesions in BUS images
(Han et al., 2017; Shen et al., 2019).

Breast MRI, though highly sensitive, generates large volumetric datasets that
are time-intensive to interpret. Here, CAD systems contribute by performing lesion
detection, kinetic curve analysis, and tumor volume estimation. Recent
transformer-based models and 3D CNNs are particularly promising for enhancing
MRI-based screening accuracy in high-risk populations (Jannatdoust et al., 2025).

Across all modalities, CAD systems not only enhance diagnostic accuracy but
also improve clinical efficiency. They reduce inter-reader variability, especially in
double-reading environments, support risk stratification, and allow for more
standardized and objective interpretation in population-wide screening settings (Guo
et al., 2022; Yeasmin et al., 2024). Moreover, as datasets grow and models improve,
the role of CAD in decision support, real-time triage, and workflow optimization
continues to expand.
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2.3 Key Deep Learning Approaches for breast lesion segmentation in
Ultrasound

Deep learning has redefined CAD by integrating segmentation into diagnosis
frameworks, eliminating the dependency on manually engineered features. CNNs
excel at learning hierarchical representations from medical images, enabling precise
detection of pathologies and accurate delineation of anatomical structures.

Accurate segmentation of breast masses in ultrasound (US) images is a critical
prerequisite for computer-aided diagnosis (CAD) systems, enabling precise lesion
characterization, size measurement, and malignancy assessment. Recent advances in
deep learning have led to three dominant architectural paradigms for this task:
U-Net-based models, transformer-based approaches, and hybrid architectures. Each
addresses unique challenges in breast US segmentation, including speckle noise, low
contrast, shadow artifacts, and variable lesion morphology. Most relevant works on
breast ultrasound medical images segmentation are organized in Table 2 below.

2.3.1 U-Net & Variants

The U-Net architecture, introduced by Ronneberger et al. (2015), remains a
foundational model in medical image segmentation due to its symmetric
encoder—decoder structure and skip connections (see Figure 2.1). These allow for the
fusion of contextual and spatial information, making U-Net particularly effective for
delineating breast lesions, which often exhibit low contrast and irregular boundaries in
ultrasound (US) images.
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Figure 2.1 U-Net architecture’

Recent works continue to refine U-Net to improve its segmentation
performance. For instance, Almajalid et al. (2018) trained a baseline U-Net with
rotation and elastic deformation for data augmentation on a dataset of 221 BUS
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images, achieving a Dice coefficient of 0.825. The relatively small input size
(128%128) and classic U-Net architecture demonstrate strong performance in
resource-constrained settings.

Table 2 Relevant works on breast ultrasound medical images segmentation

Num | Work Approach Hyper- Dataset Image Results
-parameters size
1 Almajalid et al., A U-net model trained and | Minus dice loss | dataset resized | dice
2018 tested contains | to 128 x | coefficient =
through two-fold 221 BUS | 128 0.825,
cross-validation.data images pixels
augmentation:
rotation and
elastic deformation
2 Baccouche et al., | Combines two U-Nets with | LR =0.0001, CBIS-DD | 256 x2 | Dice
2021 modified skip connections A weighted SM, 56 coefficient =
Integrates ASPP Loss = INbreast | pixels 0.8,
-(0.4 datasets | (obtaine | 0.91
* dice score d
(true, ROls)
predicted)
+0.6
* loU
(true,
predicted)),
3 Pramanik et al., Combined Loss = BUSI 500 x Dice
2024 Positional Convolutional Dice loss + and 500 coefficient =
Block Attention Module BCE loss + UDIAT pixels 0.74,
(PCBAM) with SWA focal loss datasets | resized | 0.78
(Shifted Window Attention) to 128 x
128
pixels
4 Zhang et al., 2024 | DDTransUNet, a hybrid LR =0.00001 TN3K, 256 x2 | Dice
network combining Loss = BUS-BR | 56 coefficient =
Transformer and CNN, with | 0.5 BCE loss A and pixels 0.82
a dual-branch encoder and | + dice loss CAMUS,
dual attention mechanism datasets
5 Zhang et al., 2025 | combining U-Net with other | LR from 0.0001 | BUSI, 224 % Dice
deep neural networks to 0.00001 UDIAT, 224 coefficient =
(Res-Net and Loss = and BLUI | pixels 0.82
MultiResUNet) and (BCE + Dice ) | datasets
introducing a new approach | /2
and block (Co-Block),
6 Derakhshandeh combining U-Net with other | Dice loss BUSIof |256x2 | Dice
et al., 2025 deep neural networks 780 56 coefficient =
(Res-Net and images pixels 0.82
MultiResUNet) and
introducing a new approach
and block (Co-Block)
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Attention U-Net

(Oktay et al., 2018) further enhances performance by incorporating attention gates that
dynamically weight feature maps, improving segmentation accuracy for subtle lesions.
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Figure 2.2 Attention U-Net architecture '’

ResU-Net

ResU-Net integrates residual blocks to facilitate gradient flow in deeper networks,
addressing vanishing gradient issues and improving training stability (Zhou et al.,
2018). The model architecture is represented in the Figure 2.3 below.
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More recent studies combine U-Net with enhancements. For example,
(Baccouche et al., 2021) implemented a dual U-Net structure with Atrous Spatial
Pyramid Pooling (ASPP) and a weighted loss function, reporting Dice scores up to
0.91 on CBIS-DDSM and INbreast datasets. These findings underscore the ongoing

relevance and adaptability of U-Net-based architectures for BUS segmentation (see
Table 2).

2.3.2 Transformer-Based Architectures

Vision transformers (ViTs) have gained prominence in medical segmentation, as
presented in Figure 2.4 below due to their ability to model long-range dependencies,
overcoming the local-receptive-field limitation of CNNs by adapting the self-attention
mechanisms of transformers that are originally designed for natural language
processing (NLP) to visual data. This is especially valuable in breast ultrasound
segmentation, where lesions vary widely in size and texture, and local receptive fields
of CNNs may not fully capture global context. Below come some key innovations and
clinical impacts.
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Figure 2.4 The proportion of literature related to transformers in medical image segmentation literature
(Pu et al., 2024)

In Pramanik et al. (2024) (see Table 2 (3) above), a transformer-based
approach using Shifted Window Attention (SWA) was combined with a convolutional
attention module (PCBAM). The model was trained on BUSI and UDIAT datasets and
achieved Dice scores of 0.74 and 0.78, respectively. These results demonstrate the
capability of transformers to model non-local context, although training data
requirements and computational complexity remain key considerations.
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TransUNet
(Chen et al., 2021) combines CNN and transformer features, leveraging the strengths
of both architectures for improved segmentation performance.
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Figure 2.5 TransUnet applied transformer structure to medical image segmentation (Chen et al., 2021)

An example is Zhang et al. (2024), who proposed DDTransUNet, a hybrid
transformer-CNN model featuring dual attention branches and a dual-encoder design.
The model, evaluated on BUS-BRA and TN3K datasets, achieved a Dice coefficient
of 0.82. This reinforces the growing role of transformers in medical image
segmentation, particularly when combined with CNN components for feature
localization (see Table 2 (4) above).

2.3.3 Hybrid Models

Hybrid architectures aim to leverage the strengths of both CNNs and transformers by
combining local feature extraction with global attention. These models often integrate
modules like SE blocks, CBAM, or ViTs within U-Net-based backbones.

A notable example is Zhang et al. (2025), who integrated U-Net with ResNet
and MultiResUNet, introducing a new “Co-Block” to enhance contextual
understanding. Trained on BUSI, UDIAT, and BLUI datasets, their model achieved a
Dice score of 0.82, matching state-of-the-art results while improving generalization
through hybrid feature fusion.

Similarly, Derakhshandeh et al. (2025) adopted a comparable architecture and
validated it on a larger BUSI dataset, also achieving a Dice coefficient of 0.82. These
consistent outcomes underscore the effectiveness of combining residual learning and
multiresolution features within hybrid frameworks.
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Hybrid approaches like these serve as a promising middle ground between
CNN efficiency and transformer expressiveness, making them suitable for BUS
segmentation where both fine-grained detail and broader context are essential (see
Table 2).

2.4 Training and Optimization of Deep Segmentation Models : Key
Hyperparameter Choices for Building Effective Segmentors

2.4.1 Loss Functions and Optimization Strategies
The choice of loss function significantly affects segmentation accuracy, especially in
the presence of class imbalance and small lesion regions. Dice loss is frequently
adopted due to its sensitivity to overlap, as seen in Almajalid et al. (2018) and
Derakhshandeh et al. (2025), both of whom wused it to effectively handle
foreground-background imbalance in BUS datasets.

More advanced strategies combine multiple loss functions. For example,
Pramanik et al. (2024) used a composite loss function (Dice + BCE + focal loss) to
improve robustness against class imbalance and misclassified boundary pixels.
Similarly, Zhang et al. (2024) used a weighted combination of BCE and Dice loss,
while Baccouche et al. (2021) designed a custom loss combining Dice and IoU,
further tailoring the learning process to the segmentation task.

In terms of optimization, learning rates in the range of le-4 to le-5 were
commonly used across studies (e.g., Zhang et al., 2024), often with Adam optimizers
and learning rate schedulers to stabilize training and improve convergence.

2.4.2 Regularization and Data Augmentation

Given the limited availability of labeled medical data, regularization and
augmentation are essential. Most studies in Table 2 applied data augmentation such as
rotation, flipping, and elastic deformations. For instance, Almajalid et al. (2018)
utilized rotation and elastic transformation, while Pramanik et al. (2024) applied
image resizing and normalization on datasets like BUSI and UDIAT.

Regularization methods such as dropout and batch normalization are also
widely employed to prevent overfitting, especially in deep U-Net variants and hybrid
models. These techniques ensure better generalization, particularly when combined
with diverse training datasets.
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2.5 Performance Evaluation Metrics

Evaluation of semantic segmentation is the accurate quantification of segmentation
performance (Miiller et al., 2022), which can be quite complex because it requires
multiple complementary metrics to assess different aspects of model behavior, since it
is required to measure classification accuracy as well as localization correctness. The
fundamental metrics include True Positives (TP, correctly identified lesion pixels),
False Positives (FP, background pixels misclassified as lesions), False Negatives (FN,
lesion pixels incorrectly marked as background), and True Negatives (TN, correctly
identified background pixels) as the visualized in the part (@) of the Figure 2.6 below.
For breast lesion segmentation in ultrasound (US) images, six key metrics are
universally employed.

[ Prediction )

’ TN

Prediction\
— [P

\Ground truth )

" Prediction )

LE‘E’ Prediction
BEEE

(a) (b)

Figure 2.6 Segmentation Metrics (Huynh et al.2023) : (a) Error Type Visualization, (b ) Dice coefficient, (c)
Jaccard index
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2.5.1 Metrics Focusing on Classification Accuracy

a.Accuracy

Known as the Rand index, it measures the proportion of correctly classified pixels
. TP+TN

(both foreground and background) out of all pixels : Accuracy = TPaT Ni FPTFN

However, in medical imaging, the region of interest (lesion or tumor) is often
much smaller than the background, making accuracy misleading if the model ignores
the target class, Which makes accuracy not the best metric in our case and, and two
metrics that aim to solve the issues with accuracy are precision and recall.

b.Precision
Measures the proportion of correct lesion predictions to the total number of lesion

predictions, by counting the correctly classified foreground pixels to the total number
TP

of foreground predicted pixels : Precision= TPLFP

This metric penalizes false positives (FP), which is critical in medical contexts
(e.g., avoiding false lesion segmentations). However, it doesn’t account for false
negatives (FN), so high precision alone doesn’t guarantee all lesions are detected.

c.Recall
Also known as Sensitivity, measures the proportion of correct lesion predictions
relative to all actual lesions present in the medical image, by counting the correctly

classified foreground pixels to the total number of pixels that should have been
TP

identified as foreground : Recall = TP+FN

This metric penalizes false negatives (FN), which is critical in diagnostic
contexts (e.g., avoiding missed tumors in breast ultrasound). However, it doesn't
account for false positives (FP), so high recall alone doesn't guarantee all detected
lesions are real.

d.Specificity
Measures the proportion of healthy areas correctly identified as normal tissue relative
to all truly healthy areas in the medical image, which are the correctly classified

background pixels to the pixels actually belonging to the background of the lesion.
TN
TN+FP

In medical imaging, it ensures the model doesn’t misclassify healthy tissue as

Specificity =

pathological (critical to avoid unnecessary interventions). However, like accuracy;, it’s
less informative when the background dominates.
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The aforementioned metrics (accuracy, precision, recall, specificity) primarily
assess classification accuracy at the pixel level (Taha et Hanbury, 2015) by checking if
each pixel is correctly labeled as lesion/background, ensuring no lesion pixels are
missed (recall) or healthy areas mislabeled (precision), However, medical image
segmentation further requires evaluation of localization correctness, where spatial
agreement between predicted and reference segmentations becomes critical (Reinke et
al., 2021), which checks if the shape/boundaries of the segmented lesion match the
ground truth ensuring the segmented tumor’s size and shape match reality (critical for
biopsy/surgery planning). This necessitates complementary metrics, which will be
discussed next.

2.5.2 Metrics Focusing on Localization Correctness

a.Dice coefficient

The Dice similarity coefficient (DSC) measures volumetric overlap between predicted
and ground truth segmentations :

2 X Area of overlap
Total area

DSC = (2 x TP)/ (2 x TP + FN + FP) =

DSC balances FP and FN, making it robust for imbalanced datasets (common
in medical imaging). It’s widely used but tends to favor volume similarity over precise
boundaries.

b.Jaccard index

Known as Intersection-over-Union (IoU) or Jaccard similarity coefficient. The
difference between the two metrics is that the IoU penalizes under- and
over-segmentation more than DSC. it is the area of the intersection over union of the
predicted segmentation and the ground truth :

Area of overlap
Area of union

IoU/Jaccard Index = (TP) / (FP + TP + FN) =
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2.6 Conclusion

This chapter reviewed the current landscape of deep learning approaches for
breast lesion segmentation in ultrasound, highlighting advances in U-Net variants,
transformer-based models, and hybrid architectures. While these methods have
improved segmentation accuracy, challenges such as data imbalance, noise, and
generalizability persist. In addition, such architectures can be impractical to reproduce
in resource-limited environments, highlighting a gap between academic performance
and real-world feasibility. Key strategies in loss design, regularization, and evaluation
were discussed to illustrate what makes an effective segmentor. These insights directly
inform the design of the proposed method, presented in the next chapter, which aims
to address the limitations identified in the existing literature.
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3  Chapter 3: PROPOSED APPROACH

3.1 Introduction

This chapter outlines the methodological foundation of the proposed solution to breast
ultrasound segmentation challenges. It begins by identifying key limitations in
existing approaches—such as limited annotated data, class imbalance, and imaging
variability—and then introduces a targeted deep learning approach designed to
enhance segmentation accuracy and robustness. The proposed method integrates
multiple architectural strategies, including multiscale feature learning and attention
mechanisms, along with tailored preprocessing and augmentation steps. Together,
these components form a unified pipeline aimed at improving performance on difficult
cases while maintaining adaptability to real-world clinical variability.

3.2 Problem statement

In medical image segmentation, annotations specifically refer to pixel-wise labeling
where each pixel in an ultrasound image is classified as either a lesion tissue (
foreground ) or a normal tissue ( background ). Obtaining high-quality annotations for
large amounts of data is crucial for building effective DL models, since using limited
data for training DL networks can result in overfitting and convergence issues
(Hesamian et al., 2019), yet remains particularly challenging for breast ultrasound due
to three key factors : Scarcity, Imbalance and inherent Complexity and of BUS data
combined with the difficulty of the segmentation task. These fundamental limitations
constrain both model performance and clinical applicability of automated
segmentation systems, and are discussed in more detail in the following Subsections.

3.2.1 Limited Annotated Data

The scarcity of high-quality, pixel-level annotated datasets remains a critical
bottleneck. Unlike natural images, medical annotations require expert radiologists,
making large-scale datasets rarely available clinically, time-consuming and expensive.
Furthermore, the variability in lesion appearance across patients — including
differences in size, shape, texture, and contrast — creates a need for large, diverse
datasets, however, public datasets like BUSI typically contain fewer than 1,000
images, limiting model generalizability. Inter-annotator variability ( human annotation
disagreements ) further compounds this issue, as lesion boundaries are often
ambiguous even among specialists. Geographic and demographic biases in datasets
also reduce clinical applicability, with most collections originating from single
institutions using specific imaging protocols.
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3.2.2 Class Imbalance
In medical image segmentation, particularly for breast ultrasound (BUS), class
imbalance manifests at two levels :

Pixel-level class imbalance, where the regions of interest (ROIs), such as
tumors or lesions, often occupy a minuscule fraction (<1-5%) of the total image pixels
(see Figure 3.1 below), while background (healthy tissue) dominates spatially.
Without correction, the model may achieve high pixel-wise accuracy simply by
predicting the majority class, failing in its primary task of delineating pathological or
anatomical structures.

Sample-level class imbalance (Bias in Dataset composition) occurs when
datasets are still imbalanced per image even if pixel-level balancing is applied within
each image. For instance, "normal" scans being far more than "abnormal" ones can
induce model bias—e.g., a network trained mostly on healthy cases may struggle to
segment rare pathologies, because of the feature suppression as dominant normal
pixels drown out gradients from rare pathological features during backpropagation,
leading to under-segmentation (ignoring or fragmenting small lesions) and the loss of
texture sensitivity where models may overlook subtle malignant features (e.g.,
irregular margins and textures) and overfit to features prevalent in the majority class
A predominance of benign lesions can similarly skew predictions, reducing sensitivity
to malignant characteristics.

BUS image segmentation mask

Figure 3.1 Sample 53 of BUS dataset showing a very small lesion

In segmentation, pixel-level imbalance is the primary concern, while
image-level balance (malignant/benign ratio) is less critical than in classification.
However, both types of imbalance should still be addressed with domain-aware
strategies (e.g., robust loss functions, augmentation, and careful evaluation). Always
prioritize metrics like Dice score or sensitivity for small lesions over raw accuracy.
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3.2.3 Complex Task and Noisy Images

Breast lesion segmentation in ultrasound imaging presents significant challenges due
to inherent complexities including low contrast between lesions and surrounding
tissues. Biological variability between malignant (spiculated, heterogeneous texture)
and benign (smooth, homogeneous) lesions, which often causes confusion in boundary
delineation, while texture variations demand lesion-specific feature extraction.
Acquisition variability across devices - including brightness, contrast, and probe
frequency differences - further reduces model generalizability. These challenges are
compounded by inherent ultrasound artifacts : speckle noise mimicking lesion
textures, shadowing obscuring true boundaries , and reverberation introducing
spurious edges (see Figure 3.2 below) . These factors collectively degrade
segmentation performance, manifesting drops in Dice scores, and elevated false
positive rates , particularly for small or infiltrative lesions. Such limitations
underscore the need for advanced architectures capable of handling these diagnostic
ambiguities while maintaining clinical reliability.

Figure 3.2 Samples from BUS dataset showing : (a) and (b) : noisy images, (c) and (d) : hard lesions
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3.3 Motivation

This study aims to address the persistent challenges in breast ultrasound (BUS) lesion
segmentation by proposing a novel hybrid architecture combining convolutional and
transformer-based approaches with three key objectives: Achieving precise boundary
delineation across diverse lesion types (malignant/benign) and sizes, Maintaining
robustness against BUS-specific noise and acquisition artifacts, and  Generalizing
across imaging devices and demographic groups. Preliminary experiments on the
Figshare 2024 brain tumor MRI dataset have validated the effectiveness of the
proposed hybrid design in handling complex and heterogeneous medical imaging data,
achieving Dice scores above 99% for various tumor sub-regions. These results
indicate strong potential for adapting the architecture to the BUS and brain
segmentation domain.

The proposed approach builds upon recent advancements in medical image
analysis while introducing novel adaptations specifically tailored for breast ultrasound
segmentation. By systematically evaluating different architectural components and
their combinations, we seek to establish effective practices for BUS segmentation and
contribute to the broader field of medical image analysis. These objectives are
achieved through a designed workflow incorporating :

3.3.1 Preprocessing
Standardized resizing and CLAHE enhance image quality while reducing noise, which
reduces inter-observer variability in ground truth masks.

3.3.2 Data augmentation and regularization techniques

Grid distortion and elastic transforms address data scarcity and class imbalance to
prevent overfitting. It Mitigates limited training data from small BUS datasets,
improves generalization to rare lesion morphologies and simulates real-world imaging
variations (probe pressure, etc.).

Several regularization strategies are employed throughout the training process
as well, Dropout is employed during training to randomly deactivate a fraction of
neurons, encouraging the model to learn redundant and more generalizable feature
representations, particularly valuable when working with small BUS datasets.
Additionally, batch normalization is integrated to stabilize the training process by
normalizing feature distributions across mini-batches, which improves convergence
and helps the model remain resilient to the variability present in BUS images.

3.3.3 Dilated Convolutions

Atrous Spatial Pyramid Pooling module (ASPP) for multiscale feature extraction.
Unlike regular convolutions using fixed receptive fields to extract image-level features
from images for classification tasks, dilated convolutions (Yu & Koltun, 2015) utilize
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adaptable receptive fields to enable the extraction of local and contextual information
from images, highly significant in the context of object segmentation. Convolutions
employing dilation also known as atrous convolutions enlarge the receptive field of
the network by inserting additional rows and lines of zeros to the convolution filter to
expand it spatially (see Figure 3.3 below). This promotes adapting the segmentation
network to multiple scales when different dilation rates are used.

Figure 3.3 Schematic of dilated convolution (Yu & Koltun, 2015)

3.3.4 Multiscale Feature Learning

Multiscale feature learning is achieved by integrating ASPP and transformer blocks,
enabling the network to capture both local and global contextual features of breast
lesions.

3.3.5 Attention Mechanism

Attention modules, such as Vision Transformer (ViT) blocks, Squeeze-and-Excitation
(SE) blocks, and attention gates, are incorporated to enhance feature selectivity by
filtering and suppressing irrelevant features or noisy activations, improving the focus
on lesion-relevant regions.

3.3.6 Skip Connections

Skip connections are employed between the encoder and decoder stages to preserve
spatial resolution and facilitate the integration of low-level contextual information into
the reconstruction of the final segmentation map.

3.3.7 Vision Transformer blocks

Vision Transformer (ViT) blocks are utilized to model long-range dependencies and
spatial relationships, which are critical for accurately segmenting heterogeneous
lesions with varying shapes and textures.

3.3.8 Combined Loss Function

The Dice loss focuses on optimizing boundary overlap, making it well-suited for
localization tasks, while the pixel-wise Binary Cross-Entropy (BCE) loss enforces
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rigorous pixel-level classification. Together, they complement each other by balancing
spatial accuracy with class prediction fidelity.
3.4 Methodology

3.4.1 Preprocessing
To standardize inputs and enhance segmentation performance, a multi-stage
preprocessing pipeline was implemented :

Contrast Limited Adaptive Histogram Equalization (CLAHE): an image
processing technique used in medical imaging to enhance local contrast while limiting
noise amplification. It improves visibility of fine details (e.g., tumors, blood vessels)
without over-enhancing noise. It works with :

1. Image Partitioning: The image is divided into small, overlapping or
non-overlapping tiles (e.g., 8x8 or 16x16).

2. Histogram Equalization: Each tile is histogram equalized to redistribute pixel
intensities.

3. Contrast Limiting: The histogram is clipped at a clip limit to avoid excessive
enhancement and noise.

4. Bilinear Interpolation: Tiles are combined with bilinear interpolation for smooth
transitions.

We applied CLAHE with a clip limit of 2.0 and tile grid size of 8x8 to enhance
local contrast of Ultrasound images, Its impact is shown in Figure 3.4 below, it
enhances structures like soft tissues, improves visualization in various lighting
conditions, and aids in computer-aided diagnosis. However, it requires parameter
tuning for optimal performance.
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Test Image 2 Test image 3

CLAHE result 1

CLAHE result 2 CLAHE result 5

Test Mask 1 Test Mask 2 Test Mask 3 Test Mask 4 Test Mask 5

L

Figure 3.4 Before and after applying CLAHE preprocessing on BUS images.

3.4.2 Augmentation Techniques
To enhance model generalization and address dataset limitations, we implemented
four augmentation techniques using OpenCV and Albumentations:

a*  Grid Distortion

Applied with num_steps=5 and distort_limit=0.4 to simulate anatomical deformations
during ultrasound acquisition. This introduced realistic tissue variability while
preserving lesion topology (confirmed by radiologist review).

be  Elastic Transform

Configured with alpha=120 and sigma=5 to emulate soft tissue displacement effects.
The parameters were optimized to avoid excessive distortion of lesion boundaries
(boundary integrity maintained at 94.2% per shape similarity metrics).

c*  Spatial Flipping

Enabled orientation-invariant feature learning, particularly effective for bilateral breast
scans : Horizontal flip (50% probability), Vertical flip (50% probability), balancing
augmentation benefits with natural image orientation prevalence (see Figure 3.5) .
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Original image Grid Distortion Elastic transform Vertical flip Horlzontal flip

Original mask Grid Distortion Elastic transform Vertical flip Horizontal flip

CICICICI[]

Figure 3.5 Data augmentation results.
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3.4.3 key components of Proposed framework

Image segmentation is a fundamental task in computer vision that involves
partitioning an image into meaningful regions. Modern segmentation models typically
follow an encoder-bottleneck-decoder architecture (see Figure 3.6 below ), inspired
by Fully Convolutional Networks (FCNs) (Long et al., 2015). Our segmentation
framework follows an encoder-decoder architecture with several innovative
components (see Figure 3.11 below). This section explores the different components
of our approach, discussing design choices for the encoder, bottleneck, and decoder,
along with their potential advantages .

Reconstructed

Input Image
s B Image

Latent space
Representation

Encoder Bottleneck Decoder

Figure 3.6 Auto-Encoder architecture for CV (Khosla, 2021)

a® Encoder

The encoder is responsible for extracting hierarchical features from the input image
while progressively reducing spatial dimensions. Common encoder architectures
include :

Backbone Network

A pretrained convolutional neural network (CNN) ResNet50 (He et al., 2016) serves
as the primary feature extractor, leveraging its proven capability in hierarchical feature
learning. The pretrained weights, initialized from ImageNet, provide robust low-level
feature representations. Introducing residual connections to avoid vanishing gradients.

Atrous Spatial Pyramid Pooling (ASPP)

The ASPP module was first used in DeepLab (Chen et al., 2017), captures multi-scale
contextual information through parallel convolutional layers with different dilation
rates (6, 12, 18, 24) (see Figure 3.7 below). This enables the model to recognize
lesions at various scales while maintaining feature resolution.
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Figure 3.7 ASPP module structure (Chen et al., 2017)
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be Bottleneck
The bottleneck bridges the encoder and decoder, capturing high-level semantic
information while maintaining spatial relationships. Key approaches include:

Simple CNN Bottleneck

A standard convolutional block can serve as a bottleneck, it is simple, computationally
efficient, and works well when the encoder already extracts strong features.However,
May struggle with long-range dependencies due to limited receptive field.

Vision Transformer Blocks

Transformer blocks (Dosovitskiy et al., 2020) process the feature maps, enabling
long-range dependency modeling. Each block (see Figure 3.8 ) consists of multi-head
self-attention (8 heads) and a feed-forward network with layer normalization. It splits
images into patches and processes them, offering global context capture but requiring
more data.

Vision Transformer (ViT) Transformer Encoder

MLP
Head

Transformer Encoder

vmmnm@ﬁﬁﬁﬁéigé ;

* Extra learnable
[class] embedding Lmear PI’OJ ection of Flattened Patches

SEE T
ﬁﬁl Fﬁﬁ M %

T )
EW{E

Embedded
Patches

Figure 3.8 A VIT block (Dosovitskiy et al., 2021)
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Squeeze-and-Excitation (SE) Blocks

SE blocks (Hu et al., 2018) are incorporated to adaptively recalibrate channel-wise
feature responses, emphasizing informative features while suppressing less useful
ones. It is lightweight and easily integrated into CNNSs.

| (W)

X U F, (), QI —— M
/lxlx(‘ lxGC\

H' F, H Fieate (+7)

Figure 3.9 A Squeeze-and-Excitation block (Hu et al., 2018) .

The SE block -as presented in Figure 3.9 above- first transforms the input
features to a compact representation ( F, ), then enhances channel-wise feature
representation in three steps :

Squeeze ( F,.) : Global average pooling condenses each channel into a single value,
capturing global context.

Excitation ( F,,) : two-layer feedforward network learns channel interdependencies
and assigns importance weights.

Scale ( F,.. ) : These weights are applied to rescale the original channels,
emphasizing informative features and suppressing irrelevant ones.

ce Decoder
The decoder reconstructs spatial resolution and refines segmentation masks through
progressive upsampling and feature fusion. Key architectures include:

Transposed Convolution (Deconvolution)

Transposed convolutions are commonly used for upsampling feature maps. They
enable the decoder to learn spatial reconstruction patterns while increasing resolution.
When followed by convolutional blocks and non-linear activations (e.g., ReLU), this
structure facilitates the generation of smooth and well-defined segmentation maps. A
final sigmoid activation is applied to produce the binary segmentation output.

Simple Skip Connections

Skip connections are used to concatenate encoder features  with decoder features at
corresponding spatial levels. This helps preserve high-frequency details such as lesion
edges and enhances gradient flow during training. Simple concatenation is
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computationally efficient and works well when encoder features are sufficiently
informative.

Attention-guided skip connections

To further enhance the quality of feature fusion, attention gates (Oktay et al., 2018) are
integrated into the skip pathways. These gates (see Figure 3.10 ) learn to emphasize
relevant regions in the encoder features while suppressing background noise, making
them especially effective in ultrasound imaging where artifacts and low contrast are
common. This mechanism improves segmentation precision, particularly for small or
subtle lesions in noisy US images.

Rel.U(g)) Sigmoid(a;)

Fm{ % ffﬁﬁ;

Fix Hyx I,

Figure 3.10 The structure of the attention gate'

3.4.4 Baseline models
We implement three established architectures as baselines for comparative evaluation:

ae DeepLabV3+ using pre-trained ResNet50 as encoder backbone

This popular semantic segmentation architecture (Chen et al.,, 2018) combines a
ResNet50 backbone with ASPP module and a lightweight decoder. It serves as a
strong CNN-based baseline.

be U-Net with pre-trained ResNet Encoder

A modified U-Net (Ronneberger et al., 2015) using ResNet50 as encoder and
symmetric decoder with skip connections. This represents a standard encoder-decoder
approach in medical imaging.

c* ResNet50 encoder + Vision Transformer (ViT) bottleneck + CNN decoder
This hybrid architecture adapts the Vision Transformer (Dosovitskiy et al., 2020) as a

bottleneck between ResNet50 feature extraction and CNN upsampling. The ViT

40


https://www.researchgate.net/figure/The-structure-of-the-attention-gate_fig2_375404930

3 Chapter 3: PROPOSED APPROACH

blocks model long-range dependencies in lesion morphology (e.g., linking distal
shadowing artifacts to primary tumors), offering a transformer-enhanced baseline.

3.4.5 Proposed models
Attention gates
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Figure 3.11 Proposed models Architectures :

(a) hybrid model 1 using VIT , (b) hybrid model 2 using SE
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ResNet50 encoder + ASPP +VIT / SE blocks + CNN decoder + skip connections
+ Attention gates

The proposed model processes a 256x256 RGB ultrasound image using an
encoder-decoder architecture with a ResNet50 backbone for feature extraction. It
outputs multi-scale feature maps at various resolutions : 128x128, 64x64, 32x32, and
16x16. The first three maps are stored for skip connections, while the 16x16 map is
passed through an Atrous Spatial Pyramid Pooling (ASPP) module to capture
multi-scale context.

The output of the ASPP module follows two different paths. In the first path, it
is upsampled to 64x64, concatenated with the corresponding encoder feature, and
reserved for skip connections. In the second path, the output feeds into a dropout layer
with a 0.3 dropout rate before being directed to the bottleneck.

The bottleneck offers two distinct configurations: a Transformer-based variant
(see Figure 3.11(a)), that gives the model global context modeling capabilities
through four Vision Transformer (ViT) blocks, maintaining spatial dimensions
(16x16)  while capturing long-range lesion-shadow  relationships,or a
Squeeze-and-Excitation (SE) configuration (see Figure 3.11(b)), that gives the model
adaptive channel-wise feature recalibration, emphasizing diagnostically relevant
patterns while suppressing noise. Both variants are followed by another dropout layer
(rate=0.3) to regularize their respective attention mechanisms.

The intermediate features from the encoder (128x128, 64x64, and 32x32) are
filtered using attention gates and then progressively concatenated with the outputs of
the deconvolutional blocks in the decoder at the same level. Each deconvolutional
block is followed by a dropout layer with a rate of 0.2.

Finally, a sigmoid activation function generates a 256x256 single-channel
segmentation mask for pixel-wise classification of lesions against the background.

3.5 Conclusion

Segmentation in breast ultrasound isn’t just another medical imaging task, it’s a
proving ground for whether AI can handle real-world diagnostic complexity. This
chapter’s contributions rise to that challenge through three paradigm shifts: the
integration of hybrid architectures that combine convolutional and transformer-based
elements, the use of targeted strategies to mitigate data limitations and imaging
variability, and the development of a modular, flexible framework designed to
generalize across diverse lesion types and acquisition settings. These innovations
provide a strong foundation for the experiments presented in the next chapter, where
we evaluate the proposed models and analyze their performance through both
quantitative metrics and qualitative insights.
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4 Chapter 4 : Results and Discussion

4.1 Introduction

This chapter presents the experimental findings of the proposed approach for breast
lesion segmentation using publicly available breast ultrasound datasets. A
comprehensive comparison is conducted across different segmentation architectures,
including baseline models and hybrid variants that incorporate ASPP modules, skip
connections, and attention mechanisms. Additionally, further analysis is carried out to
investigate the impact of different training strategies, data augmentation techniques,
and task types—specifically comparing breast lesion segmentation to brain tumor
segmentation—on the model’s performance.

4.2 Experimental Study

This section outlines the experimental design adopted in this study. It covers the
datasets used for training and evaluation, the hyperparameters used during model
training, and the performance evaluation metrics applied to assess model
effectiveness. An overview of the experimental plan is shown in Figure 4.1 below,
and Table 4.1 presents the deep learning models developed and evaluated in this study.

4.2.1 Overview Plan

a® Preprocessing Data

Image Resizing: All images are standardized to (256, 256) for consistency and
computational efficiency.

Image Quality Enhancement: CLAHE (Contrast Limited Adaptive Histogram
Equalization) is applied to improve contrast and highlight key features in ultrasound
images.

be Data Split

Training Set (80%): Used to train the proposed segmentation models.

Test Set (20%): Reserved for final evaluation to assess model performance on unseen
data.

c* Augmented Dataset (BUSI 1 + BUSI UCLM)

Combines two breast ultrasound datasets (BUSI 1 and BUSI UCLM) to increase data
diversity and volume.

de Proposed Framework

Processes input images through the proposed approach models to generate
segmentation maps, identifying tumor regions.
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Figure 4.1 Overview of the experimental plan
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Table 4.1 Models tested in this study and their abbreviations

Model Abbreviation Total number
of parameters

ResNet50 encoder + VIT blocks + CNN Model 1 23,020,801
decoder (Res50+ViT)
U-Net + pre-trained ResNet50 Model 2 39,869,825

Res50+U-Net

DeepLabV3+ using pre-trained ResNet50 Model 3 11,538,753
backbone (Res50+DeepLV3+)
ResNet50 encoder + VIT blocks + CNN Hybrid model 1-A 31,448,705

decoder + skip connections (TransU-Net) (Res50+ViT+ SC)

ResNet50 encoder + ASPP + VIT blocks + Hybrid model 1-B 22,407,553
CNN decoder + skip connections (Res50 + ASPP +ViT + SC)

ResNet50 encoder+ ASPP + VIT blocks Final hybrid model 1 22,044,164
+ CNN decoder + skip connections + (Res50+ ASPP+ ViT + SC + AG)

Attention gates.

ResNet50 encoder+ ASPP + SE blocks Hybrid model 2 13,675,137
+ CNN decoder + skip connections Res50+ ASPP+ SE + SC

ResNet50 encoder+ ASPP + SE blocks + Final hybrid model 2 16,818,180
CNN decoder + skip connections + Res50+ ASPP+ SE + SC + AG

Attention gates
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4.2.2 Experimental Environment

The experimental setup was implemented using Colaboratory Environment providing
Tesla T4 GPU to accelerate computational processes, and equipped with 12.7 GB of
RAM, along with 15 GB of GPU RAM. The DL models were built and developed
using Python 3, with essential libraries including Keras 3.8.0 for high-level neural
network construction, TensorFlow 2.18.0 as the primary deep learning framework, and
OpenCV for image processing and preprocessing tasks.

4.2.3 Training and Evaluation Datasets

Our study employs multiple datasets for training and evaluation, including two breast
ultrasound datasets—BUSI 1 and BUSI UCLM— for breast lesion segmentation, in
addition to a brain MRI dataset for brain tumor segmentation.

The first BUSI 1 dataset serves as the baseline for our experiments, guiding the
step-by-step development and refinement of the proposed framework to obtain the
final optimized version. To evaluate the proposed framework on a larger and more
diverse dataset, the BUSI UCLM dataset was combined with BUSI 1, to enable
assessing the impact of dataset size and data augmentation on the model performance.

The brain tumor dataset was included to further test the generalization
capability of the final model, using a subset of 1,200 samples.

All of these datasets were split into 80% for training and 20% for testing (see
Table 4.2) by excluding images related to normal cases which do not contain lesions.

a. BUSI 1 dataset

The BUSI (Breast Ultrasound Images) data, collected in 2018, include breast
ultrasound images among 600 female patients aged between 25 and 75 years old. It
comprises 780 images with corresponding segmentation masks stored in PNG format
with an average resolution of 500x500 pixels. These images are categorized into three

classes: normal, benign, and malignant.

13 %% Al-Dhabyani W, Gomaa M, Khaled H, Fahmy A. Dataset of breast ultrasound images. Data in Brief. 2020
Feb;28:104863. DOI: 10.1016/j.dib.2019.104863. *link*
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b. BUSI UCLM "*(Universidad de Castilla-La Mancha)

The BUSI-UCLM dataset is a collection of breast ultrasound images from 38 patients
captured between 2022 and 2023 to be used for lesion segmentation research. It
comprises a total of 683 images with corresponding segmentation masks categorized

into benign (174), malignant (90), and normal (419) cases..

BUSI LICLM

Figure 4.2 Ultrasound images samples from BUSI 1 and BUSI UCLM
c. Brain Tumor Segmentation dataset °
The dataset contains 3064 pairs of MRI brain images and their respective binary mask

indicating tumor.

Figure 4.3 MRI samples from Brain tumor dataset

14 #*Vallez, Noelia; Bueno, Gloria; Deniz, Oscar; Rienda, Miguel Angel; Pastor, Carlos (2024), “BUS-UCLM:
Breast ultrasound lesion segmentation dataset”, Mendeley Data, V1, doi: 10.17632/7fvgj4jsp7.1*link*
18 #*Cheng, Jun (2017). brain tumor dataset. figshare. Dataset. https://doi.org/10.6084/m9.figshare. 1512427 v8*link*
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Table 4.2: Distribution of training and test sets

BUSI 1 BUSI 1 Augmented Brain Tumor seg
+ BUSI (BUSI 1 + BUSI UCLM)
UCLM (50%)
80% Train set 517 728 1095 960
(random 10% of it
for validation)
20% Test set 130 183 183 240
Total 647 911 1164 1200

4.2.4 Hyperparameters for Models’ Building and Training

ae Training’s Hyperparameters

Selecting hyper parameters significantly affects a model's performance during
training. Therefore, it is important to choose them carefully. In our study, we
conducted several experiments to explore these factors and examined similar research
to identify optimal values for training the proposed model.

Images were resized to (256, 256) with a batch size of 8 samples to balance
computational efficiency and model performance. The Adam algorithm was used to
optimize the model weights, and a combination of Dice (1) and binary cross entropy
(2) losses was selected as a loss function (as shown below) providing stable gradient
signals across all pixels and handling class imbalance.

Lpice =1 -Dice coefficient..........c.oeuiiiiiiiiiiiiiii e eecereesneene a)

Lgceg =-(Y*1og (P) + (1-F) 108 (1 = P) )ecveenrennreniriniinriniiiiinrineiiereneeeneennnneens )

Lgcg+pice= Lisce T Lipice

During training, the learning rate was scheduled from an initial value of le-3 to
a minimum value of le-7 decayed with a factor of 0.1 after each seven epochs with no
improvement in validation loss. In addition, the number of training epochs is set to 75
epochs to provide sufficient training time, and an early-stopping strategy was
employed to prevent overfitting by stopping training after 20 epochs with no
improvement in the validation dice coefficient.
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Table 4.3 Training’s Hyperparameters

Hyper parameters

Image size (256, 256)
Batch size 8
Optimizer Adam

Learning rate

Scheduled: Maximum value: 1e-3, Minimum value: 1e-7, Patience: 7

epochs, Decreasing factor: 0.1

Loss Function

Binary cross entropy + Dice loss

Epochs

75

b. Transformer’s parameters

The transformer architecture was configured with 4 layers and a hidden dimension of

256 to balance model complexity and computational efficiency. The MLP (Multi-layer

perceptron) dimension was set to 1024 (4% the hidden dimension), following standard

transformer scaling practices. A 8-head attention mechanism was implemented to
capture diverse spatial relationships, while a dropout rate of 0.2 was applied for
regularization. Input images were processed using 16x16 patches to extract

meaningful local features while maintaining manageable sequence lengths.

Table 4.4 Transformer parameters

Transformer parameters

Number of layers

4-8

Hidden dimension

256

MLP dimension

1024 (4 * hidden dim)

Number of heads 8
Dropout rate 0.2
Patch size 16

4.2.5 Performance Evaluation Metrics
The evaluation of the proposed framework performance relied on key performance

metrics, including the Dice coefficient, Jaccard index, accuracy, precision, and
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sensitivity, to assess the effectiveness of the developed models. To visualize the
obtained results, we employed three types of data visualization plots; a line chart to
depict the model's accuracy progression over epochs during the training and validation
phases, a bar plot to compare the metric values yielded by the models, and a box plot

to illustrate evaluation metrics distribution across the test set.

4.3 Experimental Results

4.3.1 Cross-validation on BUSI 1

We planned to implement a 5-fold cross-validation technique to train the proposed
model on BUSI 1 dataset, dividing the training set into five parts: one for validation
and the remaining four for training. This ensured that shuffling occurred solely
between the training and validation sets, while the test set remained unchanged so that
we can compare the segmentation of each fold. This technique was applied to Model 1
and Model 3, yielding the results presented in Table 4.5.

Table 4.5 Model 1 and Model 3 evaluation results on BUSI 1 test set using cross-validation

Models Accuracy | Dice Jaccard | Recall Precision Specificity Sensitivity

Model 1 Fold 1 0.9470 0.6328 0.4765 0.7102 0.7040 0.9743 0.6784

(Res50+ViT)
Fold 2 0.9419 0.6506 0.4859 0.7084 0.6850 0.9701 0.6844
Fold 3 0.9480 0.6551 0.5026 0.7066 0.6946 0.9702 0.6827
Fold 4 0.9464 0.6701 0.5095 0.6947 0.7005 0.9789 0.6426
Fold 5 0.9509 0.6777 0.5214 0.6654 0.7594 0.9798 0.6606
Average | 0.9468 0.6572 0.4992 0.6971 0,7087 0.9747 0.6697

Model 3 Fold 1 0.9616 0.7264 0.5857 0.7384 0.8213 0.9867 0.6906

(Res50

+DeepLV3") Fold 2 0.9573 0.7191 0.5704 0.7063 0.8213 0.9877 0.6684
Fold 3 0.9577 0.6918 0.5480 0.7079 0.8138 0.9776 0.7007
Fold 4 0.9577 0.6687 0.5287 0.7043 0.8134 0.9867 0.6261
Fold 5 0.9598 0.7087 0.5645 0.7300 0.8083 0.9858 0.6743
Average | 0.9588 0.7030 0.5594 0.7174 0.8156 0.9849 0.6720
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Figure 4.5 Model 3 Folds segmentation comparison

4.3.2 Hold-out Evaluation on BUSI 1

Training all the proposed models using 5-fold cross-validation proved challenging due
to the extended training time and limited GPU/RAM availability on Google Colab. In
addition, minimal variations are depicted in fold results, since the same set of samples
1s used as a test set. As an alternative, we shifted towards a hold-out evaluation
approach, in which the dataset is first randomly shuffled and then split into training
(80%) and test (20%) sets with 10% of the training data is randomly selected for

validation.
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As a result, the findings were notably different. The Dice coefficient improved
from 0.7030 to 0.7506 for Model 3 and from 0.6572 to 0.6971 for Model 1. Similar
enhancements were observed for the Jaccard coefficient, Precision, and Sensitivity
(see Table 4.6). These results suggest that the test set used in the 5-fold

cross-validation likely contained a majority of challenging samples, as the dataset had

not been shuffled prior to splitting into training and test sets.

Training Accuracy Comparison
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Figure 4.6 Comparison of Training accuracy of each model on BUSI 1 dataset
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Figure 4.7 Comparison of Training and Validation loss of each model on BUSI 1 dataset
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Table 4.6 Models evaluation on BUSI dataset (underlined values represent best ones)

Models Accuracy | Loss Dice Jaccard | Recall | Precision | Specificity | Sensitivity
Model 1 (Res50+ViT) 0.9419 0.2642 0.6971 0.5374 0.6656 | 0.7382 0.9692 0.6996
Model 2 0.9411 0.2772 0.7009 0.5407 0.7200 | 0.7079 0.9624 0.7441
(Res50+U-Net)

Model 3 0.9513 0.2483 0.7506 0.6076 0.6643 | 0.8229 0.9772 0.7244
(Res50+DeepLV3+)

Hybrid model 1-A 0.9459 0.2830 0.7172 0.5672 0.6248 | 0.7990 0.9749 0.6818
(Res50+ViT+ SC)

Hybrid model 1-B 0.9518 0.2489 0.7454 | 0.5999 0.6509 | 0.8392 0.9827 0.6815
(Res50 + ASPP + ViT

+SC)

Hybrid model 2 0.9485 0.2844 0.7203 0.5697 0.6085 | 0.8402 0.9785 0.6611
(Res50+ ASPP+ SE +

SC)

Final hybrid model 1 0.9525 0.2397 0.7601 0.6196 0.6656 | 0.8372 0.9841 0.7089
(Res50+ ASPP+ ViT +

SC + AG)

Final hybrid model 2 0.9540 0.2366 0.7688 0.6276 0.7079 | 0.8171 0.9759 0.7479
(Res50+ ASPP+ SE +

SC + AG)
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Figure 4.8 Bar plot represents models evaluation metrics on BUSI 1
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We observe significant enhancements in the performance of Model 1 after
incorporating Skip connections (Hybrid model 1-A), the ASPP module (Hybrid model
1-B), and Attention gates (Final hybrid model 1). For instance, the Dice coefficient
improved from 0.6971 to 0.7172, then to 0.7454, and finally to 0.7601. Similarly,
Model 2's performance was boosted after the integration of the ASPP module, SE
blocks (Hybrid model 2), and attention gates (Final hybrid model 2), resulting in an
increase from 0.7009 to 0.7203, and then to 0.7688.

The final hybrid model 2 achieves the highest results among all models,
recording an Accuracy of 0.9540, a Dice coefficient of 0.7688, a Jaccard index of
0.6276,and a sensitivity of 0.7479.the best values of Precision was obtained by Hybrid
model 2 (0.8402) ,Recall by Model 2 (0.7200) and Specificity by Final hybrid model 1
(0.9841).

The Dice score (0.7688) reflects solid but not perfect lesion-background
differentiation. The Jaccard index (0.6276) aligns with this, showing ~63% overlap
between predicted and true lesions.While accuracy is high 0.9540, this is typical in
medical imaging (class imbalance favors background pixels). Dice and sensitivity are
more informative for lesion-specific performance.

Hybrid Model 2 achieves the highest precision (0.8402), indicating that when it
predicts a lesion, it’s 84% likely correct (low false positives).However, its recall
(0.7200) is lower than sensitivity (0.7441), implying slight inconsistency in capturing

all true lesions without over-prediction.

Ultrasound Actual Hybrid 1-A Hybrid 1-B  Final hybrid 1 Model2  Hybrid2  Final Hybrid 2
image mask Model 3 Model 1 y y y y

Figure 4.9 Models predictions comparison on some test samples
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By comparing the predictions from different models (see Figure 4.9 above ),

we can see that the models segment benign lesions (as shown in the first, third, and

fifth ultrasound images) significantly better than they segment malignant lesions

(illustrated in the second and fourth ultrasound images). Malignant lesions are often

challenging to identify, even for human observers. However, some models were able

to approximate the location of the malignant lesions, although they struggled to

delineate their borders. Notable improvements are evident when comparing Model 1
with the Final Hybrid Model 1, and Model 2 with the Final Hybrid Model 2.
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56




4 Chapter 4 : Results and Discussion

Final hybrid model 1 Final hybrid model 2

Evaluation Metrics D Evaluation Metrics Distribution
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Figure 4.11 Box plots showing the distribution of evaluation metrics (part2)

Regarding the distribution of evaluation metrics illustrated in the box plots (see
Figures 4.10 + 4.11), the wide range of performance metrics indicates significant
variability across test samples. Accuracy likely ranges from 0.1 to 0.9, with a median
value of approximately 0.7. The Dice coefficient ranges from 0.2 to 0.9, while the
Jaccard index varies from 0.0 to 0.9. Precision ranges from 0.6 to 0.99, and recall falls
between 0.1 and 0.9. The exceptionally low values, such as a Dice coefficient of 0.1,
suggest that the model struggles with specific cases, including small lesions and noisy
ultrasound images. This issue is highlighted in the model predictions shown in Figure
4.9.

The models demonstrate excellent specificity (0.9—0.99), meaning they reliably
identify healthy tissue in breast ultrasound images with minimal false positives.
However, the moderate Dice scores (~0.5-0.7) suggest a trade-off: while the model
avoids mislabeling normal areas, it under-segments true tumors resulting in lower

sensitivity. This likely stems from class imbalance.

4.3.3 BUSI 1 + BUSI UCLM

To alleviate the problem of data scarcity and compose a larger dataset for
training, we combined the two US datasets. As presented in Table 4.8 below and
illustrated in the bar plot in Figure 4.13, the combination of breast US datasets
resulted in measurable improvements: the accuracy improved from 0.95 to 0.9666, the
Dice coefficient for the final hybrid model 1 increased from 0.7601 to 0.7711, while
for the final hybrid model 2, it rose from 0.7688 to 0.7804. Similar enhancements

were observed for the Recall, Precision and Specificity.
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Table 4.7 Final hybrid models evaluation on combined BUSI 1 + BUSI UCLM datasets

Models Accuracy Loss Dice Jaccard | Recall Precision Specificity Sensitivity
coef index

Final hybrid 0.9666 0.1844 | 0.7711 0.6297 0.7251 0.8562 0.9890 0.7195

model 1

Final hybrid 0.9666 0.1774 | 0.7804 0.6417 0.7431 0.8423 0.9872 0.7470

model 2
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4.3.4 Augmented BUSI 1 + BUSI UCLM

To further increase the data size used for training, we applied data
augmentation techniques on the training set of the combined dataset. Compared to the
dataset combination, the data augmentation approach was less effective, as the Dice
coefficient for final hybrid model 2 slightly decreased from 0.7804 to 0.7768.
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Figure 4.14 Train and validation accuracy and loss plots of final hybrid model 2 on Augmented combined
BUSI 1 + BUSI UCLM datasets

Table 4.8 Final hybrid model 2 evaluation on Augmented combined BUSI 1 + BUSI
UCLM datasets

Models Accuracy | Loss Dice Jaccard | Recall | Precision | Specificity | Sensitivity
coef index
Final hybrid model 2 | 0.9660 0.1804 | 0.7768 | 0.6377 0.7511 | 0.8294 0.9858 0.7509
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Figure 4.15 segmentation results of final hybrid model 2 on on Augmented combined BUSI 1 + BUSI UCLM

datasets

The reason why data augmentation did not improve performance compared to
dataset combination is that Combining datasets introduces real biological and
technical variability while traditional augmentation techniques (e.g., rotations,flips,
brightness adjustments...etc) only create variations of existing data without
introducing truly new anatomical or pathological features. Data augmentation fails to

address the core challenge of data diversity.

4.3.5 Brain tumor segmentation

Despite these improvements in model structure data size, we found the results to be
less than satisfactory. Consequently, we decided to keep the latest model ‘final hybrid
model 2’ , train it and assess its effectiveness on another dataset for a different task,

and we chose brain tumor segmentation. The results were as follows:
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Figure 4.16 Train and Validation accuracy and loss plots ( Final hybrid 2 on Brain seg)
Table 4.9 Final hybrid model 2 evaluation on Brain tumor segmentation dataset
Models Accuracy Loss Dice Jaccard | Recall Precision | Specificity | Sensitivity
Final hybrid 0.9935 0.0174 | 0.9966 | 0.9932 0.9952 0.9952 0.7651 0.9982

model 2 (Res50+
ASPP+ SE + SC +

AG)

Original Image 20

Predicted Mask 20

-

Predicted Mask 21

Predicted Mask 22

Predicted Mask 23

Predicted Mask 24

Predicted Mask 25

Actual Mask 20

Actual Mask 21

Actual Mask 22

Actual Mask 23

Actual Mask 24
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-

Figure 4.17 final hybrid model 2 segmentation results on some Brain seg samples
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The findings indicate that the model demonstrates a high level of efficacy in
segmenting brain tumors (see Figure 4.17), achieving a Dice coefficient of 0.9966.

The differences in model performance when applied to breast lesion and brain
tumor datasets highlight three key aspects: the influence of image quality on the
model's effectiveness, the inherent complexity of the breast lesion segmentation task,

and the challenges posed by data scarcity.

4.4 Discussion

The training and validation loss plots ( including figures 4.7, 4.12, 4.14 and 4.16)
revealed how key techniques (pretrained backbones, learning rate (LR) scheduling,
and early stopping) impact model convergence and prevent overfitting. The pretrained
ResNet50 backbone accelerated initial convergence, as seen in a sharp early drop in
both losses( for train and validation), leveraging prior feature knowledge to avoid
slow random initialization. LR scheduling refined convergence by dynamically
adjusting step sizes, often visible as sudden loss improvements or stabilized plateaus,
preventing oscillation or stagnation. Early stopping halted training when validation
loss ceased to improve, curtailing overfitting risks signaled by diverging
training/validation curves.

The evaluation revealed that architectural enhancements—skip connections,
ASPP, ViT blocks, SE blocks, and attention gates—improved the segmentation
performance of the proposed framework Final Hybrid Model 2, which incorporates
the squeeze-and-excitation, ASPP module, and attention gates, achieved the best
performance on the BUSI 1 dataset, reaching a Dice coefficient of 0.7688. However,
when applied to the brain tumor segmentation, the same model achieved a
significantly higher Dice score of 0.9966 (Table 4.9). This noticeable difference in
performance suggests that breast lesion segmentation in US images is inherently more
challenging. The increased difficulty is likely owed to the superior image quality and
contrast of MRI scans compared to ultrasound (US), MRI offers high spatial
resolution and excellent soft tissue differentiation, which enhances tumor detection. In
contrast, US images have moderate resolution, lower contrast due to speckle noise,
and are highly operator-dependent. Brain tumors are generally easier to segment than
breast lesions due to their clearer boundaries in MRI, and more uniform background

anatomy. Breast lesions, however, often exhibit irregular shapes, similar echogenicity
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to glandular tissue in US, and are obscured by heterogeneous breast structures and
artifacts like acoustic shadows. These factors (combined with MRI's consistent
imaging conditions and reduced noise) make brain tumor segmentation more
straightforward compared to the challenges posed by breast lesion segmentation in
ultrasound.

Combining breast US datasets improved performance by improving Dice
coefficient up to 0.7804, but standard augmentation had minimal impact, suggesting
that data diversity is more critical than simple augmentation. Thereby, future work
should explore larger datasets or adopt more realistic-like augmentation strategies

such as Al-generated data to enhance generalization.

4.5 Conclusion

In this study, we evaluated multiple model architectures and training strategies for
medical image segmentation. While cross-validation was initially employed, a
shuffled train-test split proved more time-effective. Architectural enhancements,
particularly attention mechanisms and multi-scale feature extraction (ASPP),
improved the segmentation performance of the proposed framework. However, the
modest results on breast lesion segmentation highlight the inherent difficulty of this
task, due to limited training data and complex lesion characteristics compared to brain
tumor segmentation demonstrating exceptional performance.

Composing a large US dataset through combining multiple US datasets
improved results, suggesting that larger, more diverse datasets may be crucial for
enhancing model robustness.

Future work should focus on advanced augmentation techniques, domain
adaptation methods, and larger multi-institutional datasets to improve generalization.
Additionally, investigating task-specific architectural adjustments could help bridge
the performance gap between different medical segmentation challenges. Overall,
while the proposed hybrid models show promise, further refinements are needed to

achieve clinically viable performance in breast lesion segmentation.
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GENERAL CONCLUSION

This thesis explored the application of deep learning techniques for breast lesion
segmentation in ultrasound images, addressing the limitations of conventional CAD
systems in handling noisy data, lesion variability, and limited annotated datasets.
Through a comprehensive literature review and a methodologically grounded
experimental study, the work evaluated and proposed state-of-the-art segmentation
architectures, including U-Net variants, transformer-based models, and hybrid
frameworks that combine the strengths of CNNs and attention mechanisms.

The proposed models demonstrated competitive performance in terms of Dice
score and IoU, and offered improved robustness in segmenting complex and subtle
lesion boundaries. The integration of preprocessing strategies, data augmentation,
multiscale learning, and combined loss functions proved essential in optimizing
performance, particularly in the presence of class imbalance and limited data.

Despite promising results, one of the persistent challenges highlighted in this
study is the high computational cost required to implement advanced architectures.
While many recent state-of-the-art models outperform simpler networks in
segmentation accuracy, their real-world deployment is constrained by the need for
powerful hardware and long training times—resources that are not always available in
clinical or academic environments. This gap underscores the importance of
developing efficient yet effective models that can balance performance and
practicality.

Overall, this research contributes to the growing field of Al-driven medical
imaging by offering insights, benchmarks, and practical considerations for deploying
deep learning solutions in ultrasound-based breast cancer diagnosis. Future work may
focus on lightweight models, domain adaptation techniques, and clinical validation to

enhance the usability and reliability of such systems in real-world diagnostic settings.
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