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Abstract

Breast cancer represents the most common malignancy among Palestinian women, accounting for
32.1% of all female cancers with a concerning 52% of cases diagnosed at advanced stages. Early
detection is hindered by multiple challenges, including limited access to specialized radiologists,
inadequate digital infrastructure, and socioeconomic barriers. This research develops and validates
an advanced deep learning framework for real-time breast cancer lesion analysis in clinical
ultrasound videos, specifically designed to address these challenges within the Palestinian
healthcare context.

The research encompasses the entire analytical pipeline from contrast enhancement through
detection to tracking. A comprehensive dataset of 17,903 ultrasound cases was curated from two
Palestinian healthcare facilities, including 11,383 images from the Dunya Women's Cancer Center
(2018-2023) and 6,520 video frames from Augusta Victoria Hospital (2024-2025). This locally
representative dataset, including cases with confirmatory biopsy results, ensured the clinical
relevance and cultural appropriateness of the developed system.

The framework integrates three key technical innovations. First, a systematic evaluation of contrast
enhancement techniques identified Contrast-Limited Adaptive Histogram Equalization (CLAHE)
with a clip limit of 1 as optimal for breast ultrasound preprocessing, achieving superior
Enhancement Measure Estimation (23.670) and Peak Signal-to-Noise Ratio (24.359) with minimal
computational overhead (0.536ms). Second, comprehensive comparison of You Only Look Once
(YOLO) architectures established YOLOv11-L as the most effective model for lesion detection,
achieving mean Average Precision of 0.93 and sensitivity of 0.88 while maintaining real-time
performance (4.6ms). Transfer learning further improved performance, with the TL12 approach
achieving mAP of 0.955 and sensitivity of 0.938. Third, a novel hybrid Detection-Based Tracking
(DBT) approach combining Kernelized Correlation Filter (KCF) tracking with YOLO verification
demonstrated superior performance for lesion tracking, achieving success rates of 0.976 for benign
and 0.984 for malignant lesions when combined with CLAHE preprocessing.

Performance evaluation using ultrasound video sequences with confirmatory biopsy results
validated the framework's clinical applicability. The combined pipeline maintained real-time
processing capability (approximately 54 frames per second) while achieving high accuracy in
lesion detection and tracking. These results demonstrate that deep learning approaches can
effectively enhance breast ultrasound interpretation capabilities in resource-constrained healthcare
environments.

This research represents a significant contribution to addressing breast cancer detection challenges
in Palestine by providing a computationally efficient, clinically applicable framework that
complements limited specialized expertise. The methodology established for developing context-
specific Al systems for medical imaging offers a blueprint for similar initiatives in other resource-
constrained healthcare environments. Future work should focus on implementing multiple object
tracking capabilities, extending to 3D ultrasound analysis, and conducting larger multi-center
clinical validation studies.
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Chapter One : Introduction

This chapter establishes the foundation for research on advanced deep learning approaches to
breast cancer detection through ultrasound imaging in the Palestinian healthcare context.
Beginning with an examination of breast cancer's prevalence and impact in Palestine, the chapter
explores the unique challenges facing the Palestinian healthcare system in implementing effective
screening and detection programs. The discussion progresses through an analysis of current
detection methods and their limitations, culminating in a clearly defined problem statement that
addresses the paradoxical situation where ultrasound has emerged as a widely available imaging
modality yet remains constrained by limited specialized interpretation expertise. Building on this
contextual foundation, the chapter presents the research questions, objectives, and hypotheses that
guide this study, focusing on how artificial intelligence can enhance breast ultrasound
interpretation while accommodating local resource constraints. The scope, limitations, and
organizational structure of the thesis are then outlined, providing a comprehensive roadmap for
the investigation of technological solutions tailored to the specific needs of breast cancer detection
in Palestine.

1.1 Overview

Breast cancer represents a significant global health challenge, with an estimated 2.3 million new
cases and over 685,000 deaths reported worldwide annually (World Health Organization, 2022).
The disease burden is particularly concerning in resource-constrained regions where healthcare
infrastructure and specialized medical expertise are limited, leading to delays in diagnosis and
poorer outcomes (Mimi, 2015).

In the Palestinian territories, breast cancer is the most common malignancy among women,
accounting for 32.1% of all female cancers and ranking as the third leading cause of cancer-related
deaths in the West Bank (Palestinian Ministry of Health, 2022; Saadah et al., 2024). The disease's
prevalence and impact in this region are shaped by a complex interplay of socioeconomic, political,
and healthcare system factors that create unique challenges for detection and treatment. Despite
its significance as a public health concern, the Palestinian healthcare system faces numerous
obstacles in breast cancer screening, detection, and diagnosis, stemming from limited resources,



restricted healthcare access, and a shortage of specialized medical professionals (Giacaman et al.,
2009; Hamdan & Defever, 2003).

The early detection of breast cancer is crucial for improving survival rates and treatment outcomes.
Traditional screening methods include mammography, ultrasound imaging, and clinical breast
examinations. While mammography remains the gold standard for breast cancer screening in many
developed countries, ultrasound presents distinct advantages in resource-limited settings like
Palestine. Ultrasound technology is more accessible, cost-effective, and particularly valuable for
examining dense breast tissue, which is more common among younger women and those of Middle
Eastern descent (Berg et al., 2008; Brem et al., 2015).

In recent years, artificial intelligence (Al) has emerged as a transformative force in medical
imaging, demonstrating remarkable potential to enhance diagnostic accuracy, reduce interpretation
variability, and address the shortage of specialized radiologists (Hosny et al., 2018; Y. Shen et al.,
2021). Deep learning algorithms, a subset of Al techniques, have shown particular promise in
analyzing medical images, including ultrasound, to detect abnormalities with performance
comparable to or exceeding that of human experts (J. Z. Cheng et al., 2016; Teuwen et al., 2021).
The integration of Al with ultrasound imaging could potentially democratize access to high-quality
breast cancer detection by enabling less specialized healthcare providers to deliver more consistent
and accurate diagnostic services, even in settings with limited resources and expertise.

This research investigates the intersection of these elements: breast cancer's prevalence in
Palestine, the advantages of ultrasound imaging in resource-constrained environments, and the
potential of Al to enhance diagnostic capabilities to develop technological solutions tailored to the
specific healthcare challenges of the region. The subsequent sections of this chapter explore the
Palestinian breast cancer landscape in greater depth, analyze current detection methods and their
limitations, define the specific research problem addressed by this study, and outline the questions,
objectives, and hypotheses that guide the investigation.

1.2 Breast Cancer in Palestine

Breast cancer represents the most common malignancy among Palestinian women, with incidence
rates showing concerning upward trends. According to data from the Palestinian Ministry of
Health, breast cancer accounts for approximately one-third of all female cancer cases in the
occupied Palestinian territories (State of Palestine Palestinian Central Bureau of Statistics Palestine
in Figures, 2023). Saadeh et al. reported that breast cancer ranks as the third leading cause of
cancer-related deaths in the West Bank, highlighting its substantial impact on women's health
(Saadah et al., 2024).

The incidence of breast cancer in Palestine has fluctuated over the years, rising from 78.9 per
100,000 women in 2014 to 83.9 per 100,000 in 2015 (Kariri et al., 2017). More recent data from
2023 shows 546 new breast cancer cases in the West Bank, with an incidence rate of 18.6 cases
per 100,000 total population, making it the most common cancer diagnosis (Palestinian Ministry
of Health, 2022). By comparison, colorectal cancer ranked second with 468 new cases (15.9 per
100,000 population), followed by bronchus and lung cancer in third place (316 cases, 10.8 per
100,000 population). This persistent prevalence is particularly concerning given the younger age



profile of Palestinian breast cancer patients compared to Western populations. Research indicates
that Arab women tend to develop breast cancer at younger ages than their Western counterparts
(Najjar & Easson, 2010). According to (Najjar & Easson, 2010), Arab women are diagnosed with
breast cancer at an average age of 48 years (SD 2.8), approximately ten years earlier than women
in Western countries. Research has also revealed notable differences between ethnic groups within
the region, with Arab Palestinian women receiving diagnoses at a mean age of 51.5 years, while
Jewish women are diagnosed at a mean age of 55.9 years (Nissan et al., 2004). These age
differences significantly impact screening strategies, as younger women typically have denser
breast tissue, which reduces the effectiveness of mammography as a primary screening tool. Breast
cancer in Palestine is frequently diagnosed at advanced stages, resulting in poorer prognosis and
increased treatment complexity. According to a 2024 study by Shaymaa AlWaheidi on breast
cancer in women in Gaza, the stage distribution at diagnosis reveals concerning patterns. The data
indicates that only 6% of breast cancer cases are diagnosed at Stage I, while 35% are detected at
Stage Il, 33% at Stage Ill, and 19% at Stage IV (AlWaheidi et al., 2024). This represents a
combined 52% of cases detected at advanced stages. This stage distribution indicates significant
challenges in early detection efforts compared to developed countries where advanced-stage
diagnoses typically account for 30-35% of cases. The low percentage of Stage | diagnoses suggests
substantial limitations stem from various factors, including limited awareness, cultural barriers,
cost constraints, and restricted mobility due to political instability (AL-Tell, 2019; Daoud et al.,
2018).

The economic burden of breast cancer is substantial, straining already resource-limited healthcare
systems worldwide. According to a systematic review by Li Sun et al. on global treatment costs of
breast cancer by stage, the weighted means of cumulative treatment costs were $29,724 at stage I,
$39,322 at stage 11, $57,827 at stage 11, and $62,108 at stage IV in 2015 US dollars (Sun et al.,
2018). On average, costs at stage Il, 111 and IV were 32%, 95%, and 109% higher than costs at
stage I. This dramatic escalation in treatment costs with advancing disease stages underscores the
economic importance of early detection strategies, particularly in resource-constrained settings
like Palestine.

Beyond direct healthcare costs, breast cancer imposes considerable societal and economic burdens.
A study by Daoud et al. documented that breast cancer patients in Palestine experience an average
of 16 weeks of productivity loss, with ripple effects on household economics and family welfare
(Daoud et al., 2018). These findings emphasize the multidimensional impact of breast cancer in
Palestinian society and the importance of effective early detection strategies.

The Palestinian healthcare system operates within a complex political and economic landscape,
characterized by fragmentation, resource limitations, and persistent access challenges. The system
comprises multiple provider sectors, including the Ministry of Health, UNRWA (United Nations
Relief and Works Agency for Palestine Refugees), non-governmental organizations, and private
providers, often with overlapping responsibilities and inconsistent coordination (Mimi, 2015;
World Health Organization. Regional Office for the Eastern Mediterranean, 2023).

Healthcare financing in Palestine faces chronic constraints, with public health expenditure
amounting to approximately 11% of the total government budget, which is significantly lower than
regional and international benchmarks for healthcare systems with similar disease burdens (Falah



et al., 2020). This limited financing translates to inadequate infrastructure, outdated equipment,
and insufficient human resources for comprehensive health services, including breast cancer
detection programs.

Geographic and political barriers severely impact healthcare access in Palestine. The separation
wall, military checkpoints, and restricted mobility significantly impede patient movement,
particularly for Gaza residents seeking specialized care (Khatib et al., 2017). Al-Tell et al.
documented that 48.5% of Palestinian women reported missing at least one scheduled
mammography appointment due to movement restrictions (AL-Tell, 2019). These barriers
disproportionately affect rural and marginalized communities, exacerbating healthcare disparities.

Human resource constraints represent another significant challenge. The Palestinian healthcare
system faces critical shortages of specialized professionals, including radiologists, oncologists,
and trained technicians essential for breast cancer detection and treatment. Saadeh et al.
emphasized the "lack of skilled experts able to accurately interpret mammograms” as a major
challenge (Saadah et al., 2024).

The healthcare workforce situation is further complicated by limited training opportunities,
professional migration, and uneven distribution of healthcare facilities. As indicated in the annual
health report, there is significant variation in primary healthcare center distribution across
governorates, with Hebron having the highest concentration (128 centers) in the West Bank, while
other areas like Tubas and Jericho & Al Aghwar have only 12 centers each. Similarly, in Gaza
Strip, Deir Al Balah (15) and Gaza (14) governorates have the highest number of centers, while
Rafah has only 4. Additionally, the report shows specialized services are unevenly distributed,
with mammography provided in only 14 clinics and X-ray services in 16 centers in the West Bank,
contributing to expertise gaps in critical healthcare domains (Palestinian Ministry of Health, 2022).

Digital health infrastructure in Palestine shows uneven development, affecting the potential for
technological interventions like Al-based systems. While approximately 64% of district and
tertiary hospitals maintain electronic health records, smaller facilities and primary care centers
often rely on paper-based systems (Mimi, 2015). Mimi (2015) also reported significant disparities
in technical infrastructure, with only a small fraction of healthcare facilities having reliable high-
speed internet connections and 70.5% maintaining continuous electricity supply (Mimi, 2015).

Despite these challenges, several promising healthcare initiatives have emerged in recent years.
The Palestinian National Cancer Registry, established in 2018, has improved data collection on
cancer incidence and outcomes (Yarney et al., 2020). As illustrated in the UNFPA breast cancer
report in Palestine, some NGOs also run mobile mammography clinics that outreach rural areas.
These initiatives are crucial considering that annually around 180,000 Palestinian women should
undergo mammography screening (Juan Jubran, 2018).

1.3 Detection Methods and Challenges

Clinical breast examination (CBE) and breast self-examination (BSE) represent essential
components of breast cancer detection in Palestine, particularly in areas with limited access to
imaging services. These methods are promoted through community health programs and primary



healthcare initiatives (UNRWA, 2022). However, adoption of regular breast self-examination
(BSE) remains suboptimal. Research conducted at Beit Jala Governmental Hospital in 2016
revealed that 59% of breast cancer patients didn't know how to perform BSE (Juan Jubran, 2018).

Mammography serves as the primary screening tool for breast cancer in Palestine, with most
diagnostic centers located in major cities like Ramallah, Nablus, and Gaza City (Palestinian
Ministry of Health, 2022). The Palestinian Ministry of Health has established several
mammography units, though their distribution is uneven and favors urban areas (Palestinian
Ministry of Health, 2022).

The utilization of mammaography screening in Palestine remains suboptimal. While in Israel,
screening for breast cancer is common, with 70 percent of women aged 50-69 receiving
mammogram screenings, rates in the occupied Palestinian territory are very low. Studies of
Palestinian women from the West Bank found that over 60 percent of women over the age of 50
have never attended a mammography session (World Health Organization, 2022). This low
utilization stems from various factors, including limited awareness, cultural barriers, cost
constraints, and restricted mobility due to political instability (AL-Tell, 2019; Daoud et al., 2018).
Almuhtaseb et al. identified specific sociocultural barriers, including modesty concerns, fear of
diagnosis, and family dynamics that influence women's decisions to seek mammographic
screening (Almuhtaseb & Alby, 2021).

Quality and consistency of mammography services present additional challenges. For example,
image interpretation delays are common, with patients waiting an average of 6 days to receive their
results. While about 69% of organizations provide test results in less than 6 days, 31% take more
than 7 days, with some facilities requiring 10 to 14 days. These delays not only increase anxiety
among patients but also potentially impact timely treatment initiation for suspicious findings (Juan
Jubran, 2018).

The shortage of specialized breast radiologists significantly affects mammography interpretation
quality. Saadeh et al. highlighted the "challenge in the lack of skilled experts able to accurately
interpret mammograms" as a significant limitation (Saadah et al., 2024). This expertise gap leads
to interpretation variability and potential diagnostic errors.

Ultrasound imaging has emerged as an increasingly important modality for breast cancer detection
in Palestine. Compared to mammography, ultrasound equipment is more widely available, with
units present in most district hospitals and many primary healthcare centers (Juan Jubran, 2018).
The affordability, portability, and absence of radiation exposure make ultrasound particularly
suitable for the resource-constrained Palestinian healthcare system.

Ultrasound proves especially valuable for examining dense breast tissue, which is more common
among younger women and those of Middle Eastern descent. According to the annual health report
(2023), ultrasound detected 31.8% more breast abnormalities than mammography alone in
Palestinian women under 50 years of age (Palestinian Ministry of Health, 2022). This finding is
particularly relevant given the younger age profile of breast cancer patients in Palestine.



In clinical practice, ultrasound serves multiple roles in the Palestinian breast cancer detection
pathway. For symptomatic women, it often represents the initial imaging modality due to greater
accessibility compared to mammography. For screening purposes, ultrasound frequently
complements mammography, particularly for women with dense breast tissue or those with
inconclusive mammaographic findings (Juan Jubran, 2018; Palestinian Ministry of Health, 2022).

However, ultrasound interpretation remains highly operator-dependent, requiring considerable
expertise for accurate diagnosis. Hong et al. noted significant variation in diagnostic accuracy
among different radiologists interpreting breast ultrasound images, with mean accuracy of 73.5%
(Hong et al., 2025). This variability highlights the potential benefit of standardized interpretation
approaches, potentially through Al assistance.

Training in breast ultrasound techniques presents another challenge. According to UNFPA, many
radiologists in Palestine lack specialized training in breast ultrasound interpretation (Juan Jubran,
2018). This significant training gap contributes to the variability in examination quality and
diagnostic accuracy.

The integration of advanced breast cancer detection technologies in Palestine continues to be at an
early developmental phase. Magnetic resonance imaging (MRI) capabilities for breast cancer
assessment remain limited to a select few specialized medical centers across the region. Due to
significant cost constraints and resource limitations, these sophisticated imaging services are
typically reserved exclusively for patients categorized as high-risk cases or those requiring
specialized diagnostic evaluation. This restricted availability of cutting-edge detection methods
creates substantial disparities in comprehensive care, particularly affecting patients in rural or
underserved areas who face additional barriers to accessing these specialized diagnostic services.
(Falah et al., 2020; Juan Jubran, 2018; Mimi, 2015).

Community-based screening initiatives have also emerged as an important approach to improving
breast cancer detection in Palestinian communities with limited healthcare access. Mobile
screening units equipped with ultrasound and staffed by trained healthcare workers have reached
underserved populations in rural areas and refugee camps (Juan Jubran, 2018). These initiatives
demonstrate the potential of innovative delivery models to overcome access barriers inherent in
the fragmented Palestinian healthcare system.

Several key limitations affect breast cancer detection in Palestine. The fragmented nature of the
healthcare system complicates coordinated detection efforts, with Jubran et al. describing a
complex landscape divided between multiple providers with overlapping responsibilities and
inefficient resource allocation (Juan Jubran, 2018). This fragmentation impedes the establishment
of systematic screening programs and referral pathways necessary for effective breast cancer
detection.

Infrastructure deficiencies significantly impact breast cancer detection services. Inconsistent
electricity supply affects Palestinian healthcare facilities, particularly in Gaza where power
outages average 12 hours daily (Dyer, 2008). These interruptions disrupt the operation of imaging
equipment and compromise service reliability. Similarly, inadequate physical infrastructure limits



the expansion of detection services, with many facilities lacking dedicated spaces for women's
health services, including breast imaging.

Digital infrastructure limitations in Palestine severely restrict the adoption of electronic health
records, teleradiology, and Al-based systems in healthcare. The lack of standardized data
management frameworks prevents effective collection and analysis of breast imaging data, a
critical requirement for both quality improvement initiatives and the development of advanced Al
algorithms. These challenges are compounded by resource constraints and ongoing political
instability, further hindering the Palestinian healthcare system's digital transformation efforts (AL-
Tell, 2019).

Other challenges hinder breast cancer detection in Palestine, including inadequate equipment
maintenance affecting diagnostic accuracy, sociocultural factors like modesty concerns and
fatalistic attitudes toward cancer, limited health awareness regarding risk factors and warning
signs, and economic barriers where associated costs create financial burdens for accessing
screening services (Daoud et al., 2018; Giacaman et al., 2009).

These multifaceted challenges underscore the complex landscape of breast cancer detection in
Palestine and highlight the need for innovative approaches that address both technological and
socio-contextual barriers to effective early detection.

1.4 Problem Statement

H The analysis of breast cancer detection challenges in Palestine reveals a critical paradox: while
ultrasound has emerged as the most accessible and appropriate imaging modality for the
Palestinian population, its effectiveness is severely constrained by the scarcity of specialized
interpretation expertise (Juan Jubran, 2018; Palestinian Ministry of Health, 2022). This expertise
gap creates a fundamental bottleneck that directly impacts diagnostic accuracy and timeliness,
particularly concerning given the younger age profile of breast cancer patients in Palestine and the
higher prevalence of dense breast tissue that complicates diagnosis.

The fragmented healthcare system further compounds these challenges through limited digital
infrastructure that restricts the adoption of teleradiology, electronic health records, or Al-based
tools (AL-Tell, 2019). This technological constraint prevents the Palestinian healthcare system
from leveraging innovations that could compensate for human resource limitations and standardize
interpretation quality across geographically dispersed facilities.

These circumstances create an urgent need for technological solutions that can: (1) function within
existing infrastructure constraints; (2) reduce dependence on scarce specialized expertise; (3)
provide consistent interpretation quality regardless of location; and (4) accommodate
socioeconomic realities limiting healthcare access.

Computer-aided diagnosis systems leveraging artificial intelligence for breast ultrasound
interpretation offer a promising approach to address these challenges (Ahn et al., 2023). By
providing automated analysis of ultrasound images, such systems could serve as decision support
tools where specialized radiologists are unavailable, potentially standardizing interpretation



quality, reducing diagnostic delays, and operating effectively in resource-constrained
environments.

This research aims to develop and validate an automated breast ultrasound video interpretation
framework specifically designed for the Palestinian healthcare context. Using object detection and
tracking algorithms, the proposed system seeks to enhance diagnostic capabilities within existing
resource constraints, amplifying rather than replacing human expertise to improve early detection
rates in a population where timely diagnosis is particularly critical.

1.5 Research Questions

This research aims to address the following key questions related to automated breast ultrasound
interpretation in the Palestinian healthcare context:

1. How can object detection and tracking algorithms be effectively integrated to identify,
classify, and monitor suspicious lesions in breast ultrasound videos with accuracy
comparable to expert radiologists while maintaining real-time performance?

2. What preprocessing and optimization techniques can enhance the performance of
automated detection systems when applied to breast ultrasound images obtained from
varying equipment quality typical in Palestinian healthcare facilities?

3. To what extent can an automated breast ultrasound interpretation framework provide
reliable decision support for healthcare providers with limited specialized training,
compensating for the shortage of breast radiologists in Palestine while maintaining
consistent performance across diverse imaging conditions?

1.6 Research Objectives

Based on the identified problem and research questions, this study aims to achieve the following
objectives:

1. To develop and curate a comprehensive dataset of breast ultrasound images and videos
from Palestinian healthcare facilities, ensuring proper ethical protocols, de-identification,
and diverse representation of normal tissue, benign lesions, and malignant findings.

2. To investigate and implement optimal preprocessing techniques and YOLO-based
detection models for breast ultrasound images, comparing multiple architectures
(YOLOv5, YOLOvV8, YOLOv1l) to achieve high sensitivity and specificity while
maintaining computational efficiency suitable for resource-constrained environments.

3. To develop and evaluate a hybrid detection-tracking framework that combines efficient
tracking algorithms with detection-based recovery mechanisms, assessing performance
through quantitative metrics and clinical validation on cases with confirmatory biopsy
results.



4. To assess the framework's potential as a decision support tool for healthcare providers in
the Palestinian context, focusing on its ability to function within technological constraints,
improve diagnostic consistency, and reduce interpretation variability across varying
imaging conditions.

1.7 Research Hypotheses

Based on the identified research questions and objectives, this study proposes the following
hypotheses. Enhanced preprocessing techniques, particularly Contrast-Limited Adaptive
Histogram Equalization (CLAHE), combined with advanced YOLO architectures (YOLOv11)
will significantly improve lesion detection accuracy in breast ultrasound images compared to
standard preprocessing methods and earlier YOLO variants. This improvement is expected to
result from the synergistic effect of optimized image enhancement and more sophisticated
detection algorithms.

A hybrid Detection-Based Tracking (DBT) approach that combines efficient tracking algorithms
with periodic YOLO-based verification will achieve superior performance in maintaining lesion
identity across ultrasound video sequences compared to standalone tracking methods, while
maintaining real-time processing capabilities. This approach addresses the limitations of
traditional tracking by providing robust recovery mechanisms when tracking confidence decreases.

The proposed automated breast ultrasound interpretation framework will demonstrate diagnostic
performance approaching that of experienced radiologists on cases with confirmatory biopsy
results, while maintaining consistent accuracy across the varying imaging conditions typical in
Palestinian healthcare settings. This hypothesis reflects the potential of the integrated system to
function effectively as a decision support tool in resource-constrained environments.

1.8 Research Scope and Limitations

This research develops and validates an automated framework for breast ultrasound video
interpretation within the Palestinian healthcare context. The study encompasses the complete
pipeline from data acquisition through preprocessing, detection, tracking, and evaluation,
emphasizing methods that balance performance with computational efficiency. The scope
specifically targets 2D B-mode ultrasound, the most available technology in Palestinian facilities,
focusing on distinguishing between normal tissue, benign lesions, and malignant findings.

The investigation is limited to YOLO family algorithms (YOLOv5, YOLOv8, YOLOv11) for
detection and seven traditional single object tracking approaches plus two hybrid methods for
tracking evaluation. The dataset comprises over 17,000 ultrasound cases from two Palestinian
healthcare facilities (2018-2025), representing a substantial but geographically constrained sample
that may limit generalizability to different regions or equipment types.

Technical implementation focuses on software development using Python without extending to
hardware optimization or mobile applications. While confirmatory biopsy results validate system
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performance on a subset of cases, the research does not include formal clinical trials evaluating
diagnostic outcomes or changes in clinical decision-making, which would require separate
prospective studies beyond this scope.

1.9 Thesis Structure

This thesis comprises six chapters that systematically address the research questions and present
comprehensive findings. Chapter One establishes the research foundation by introducing breast
cancer detection challenges in Palestine, presenting the problem statement, research questions,
objectives, and hypotheses. Chapter Two provides essential technical background on contrast
enhancement, object detection algorithms, and tracking methodologies, serving as a knowledge
bridge between problem context and proposed solutions.

Chapter Three comprehensively reviews relevant literature across Al in medical imaging, breast
ultrasound applications, enhancement techniques, and tracking methodologies, identifying
research gaps and positioning this study within the broader scientific context. Chapter Four details
the systematic methodology from data curation through preprocessing, machine learning, and
evaluation, including ethical considerations and implementation specifics to ensure
reproducibility.

Chapter Five presents comprehensive evaluation results structured into contrast enhancement,
lesion detection, and lesion tracking sections, providing detailed performance metrics,
comparative analyses, and statistical evidence for hypothesis testing. Chapter Six interprets
findings in relation to original objectives, explores implications for clinical practice and healthcare
policy, analyzes study limitations, and recommends future research directions, concluding with
key contributions for advancing breast cancer detection in resource-constrained environments.
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Chapter Two : Background

This chapter establishes the theoretical foundations and technical background essential for
understanding the proposed framework for real-time breast cancer lesion analysis in ultrasound
videos. It explores three fundamental components that underpin the research: contrast
enhancement techniques for improving ultrasound image quality, object detection methodologies
with emphasis on the YOLO family of algorithms, and object tracking approaches for maintaining
lesion identity across video frames. By examining these interconnected domains, the chapter builds
a comprehensive technical foundation that contextualizes the research contributions while
providing the necessary background for readers from diverse disciplines. Each section progresses
from fundamental concepts to state-of-the-art approaches, with particular attention to techniques
that balance performance with computational efficiency, a critical consideration for developing
systems suitable for resource-constrained healthcare environments. The detailed exploration of
these technical areas provides the groundwork for the methodology and experimental design
described in subsequent chapters.

2.1 Contrast Enhancement

Contrast enhancement is a critical image processing technique that aims to improve the visual
quality of images by increasing the distinction between different regions or features. This process
is especially vital in medical imaging, where the clarity of anatomical structures or pathological
findings can significantly influence diagnostic accuracy. In this section, we will explore various
contrast enhancement techniques, focusing on their applications in medical imaging, with a
particular emphasis on ultrasound imaging. Ultrasound images often suffer from low contrast due
to noise, speckle, and signal attenuation, making contrast enhancement an essential preprocessing
step. The section begins with an overview of contrast enhancement, its importance in medical
imaging, and its specific role in improving ultrasound image quality. Subsequent subsections will
delve into specific techniques, including histogram equalization, adaptive histogram equalization
(AHE), adaptive gamma correction with weighting distribution (AGCWND), and contrast-limited
adaptive histogram equalization (CLAHE). Each method will be discussed in detail, highlighting
its advantages, limitations, and suitability for medical imaging applications.

2.1.1 Overview
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Contrast enhancement is a process that improves the visibility of details in an image by increasing
the difference between the brightest and darkest regions. This technique is widely used in various
fields, including photography, remote sensing, and medical imaging. In medical imaging, contrast
enhancement plays a crucial role in improving the interpretability of images, enabling clinicians
to detect subtle abnormalities and make accurate diagnoses. Medical images, such as X-rays,
computed tomography (CT), magnetic resonance imaging (MRI), and ultrasound, often exhibit
low contrast due to factors such as noise, artifacts, and limitations in imaging hardware. Enhancing
the contrast in these images can significantly improve their diagnostic value.

In ultrasound imaging, contrast enhancement is particularly important due to the inherent
challenges associated with this modality. Ultrasound images are often affected by speckle noise,
signal dropout, and low contrast between soft tissues, which can obscure critical anatomical or
pathological details. Speckle noise, a granular pattern caused by the interference of ultrasound
waves, reduces the effective contrast and makes it difficult to distinguish between tissues with
similar acoustic properties (Burckhardt, 1978). Contrast enhancement techniques can mitigate
these issues by amplifying the differences in pixel intensities, thereby improving the visibility of
structures such as tumors, blood vessels, and organ boundaries (Noble & Boukerroui, 2006).

The role of contrast enhancement in ultrasound imaging extends beyond improving visual quality.
It also facilitates automated image analysis tasks, such as segmentation and feature extraction,
which are essential for computer-aided diagnosis (CAD) systems. For example, enhanced contrast
can improve the accuracy of tumor boundary detection or the identification of subtle lesions that
might otherwise be missed (Dutt & Greenleaf, 1996). Research has shown that effective contrast
enhancement can lead to better diagnostic outcomes and reduce the likelihood of misinterpretation
in clinical settings (Mallat, 1989). For instance, studies have demonstrated that contrast-enhanced
ultrasound (CEUS) can improve the detection of liver lesions and provide better characterization
of tumor vascularity compared to conventional ultrasound (Dietrich et al., 2020).

Several contrast enhancement techniques have been developed and applied to medical imaging,
each with its own strengths and limitations. These methods can be broadly categorized into global
and local approaches. Global techniques, such as histogram equalization, adjust the intensity
values of the entire image uniformly. While these methods are computationally efficient, they may
not always produce optimal results for medical images, which often contain regions of interest
with varying contrast levels (Gonzalez & Woods, 2018). Local techniques, such as adaptive
histogram equalization (AHE) and contrast-limited adaptive histogram equalization (CLAHE),
address this limitation by enhancing contrast in localized regions, thereby preserving fine details
and improving overall image quality (Pizer et al., 1987).

The choice of contrast enhancement technique depends on the specific characteristics of the image
and the intended application. For ultrasound imaging, techniques that balance noise suppression
and detail preservation are particularly valuable. For instance, CLAHE has been widely adopted
in medical imaging due to its ability to enhance contrast while limiting the amplification of noise
(Zuiderveld, 1994). Similarly, adaptive gamma correction with weighting distribution (AGCWD)
has shown promise in improving the contrast of ultrasound images by dynamically adjusting the
gamma correction based on the image's intensity distribution (Rahman et al., 2016). Recent studies
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have also explored the use of deep learning-based methods for contrast enhancement, which
leverage neural networks to learn optimal enhancement strategies from large datasets
(Suganyadevi et al., 2021).

2.1.2 Histogram Equalization (HE)

Histogram equalization (HE) is one of the most widely used contrast enhancement techniques in
image processing. It is a global method that redistributes the intensity values of an image to achieve
a uniform distribution of pixel intensities across the entire dynamic range. By doing so, HE
enhances the contrast of the image, making details more visible and improving overall visual
quality. This technique is particularly effective for images with poor contrast, where the intensity
values are concentrated in a narrow range. However, while HE is simple and computationally
efficient, it has limitations when applied to medical images, especially ultrasound, due to its global
nature and sensitivity to noise.

The core idea behind histogram equalization is to transform the intensity values of an image such
that the resulting histogram is approximately uniform. This is achieved by mapping the original
intensity values to new values using a cumulative distribution function (CDF) derived from the
image's histogram. Mathematically, the transformation function T for a grayscale image is defined

as:
k
T = )
j=0

L ..(2.1)

=3

where:

e 1 represents the k-th intensity level in the original image,
e n; is the number of pixels with intensity 7,

e N isthe total number of pixels in the image,

e T(r) is the new intensity value after transformation.

The result of this transformation is an image with a more evenly distributed histogram, which
typically leads to improved contrast. However, this global approach does not account for local
variations in contrast, which can be a significant limitation in medical imaging.

Histogram equalization has been widely used in medical imaging to enhance the visibility of
anatomical structures and pathological features. For example, in X-ray imaging, HE can improve
the contrast between bone and soft tissue, making it easier to detect fractures or abnormalities
(Gonzalez & Woods, 2018). In MRI, HE has been applied to enhance the contrast between
different tissue types, such as gray matter and white matter in brain scans (Stark, 2000). However,
its application in ultrasound imaging is more challenging due to the presence of speckle noise and
the need to preserve fine details.

In ultrasound imaging, HE can enhance the contrast between regions of interest, such as tumors or
blood vessels, and the surrounding tissue. However, the global nature of HE often leads to over-
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enhancement of noise and artifacts, which can degrade image quality. For instance, speckle noise,
which is inherent in ultrasound images, can be amplified during the equalization process, making
it difficult to distinguish between true anatomical features and noise (Dutt & Greenleaf, 1996). As
a result, HE is often combined with other preprocessing steps, such as noise reduction, to improve
its effectiveness in ultrasound imaging.

Despite its simplicity and effectiveness in many applications, histogram equalization has several
limitations when applied to medical images:

1. Over-enhancement of Noise: HE tends to amplify noise and artifacts, particularly in low-
contrast regions. This is especially problematic in ultrasound imaging, where speckle noise is
prevalent (Burckhardt, 1978).

2. Loss of Local Contrast: Since HE operates globally, it does not account for local variations in
contrast. This can result in the loss of fine details in regions with varying intensity levels (Pizer
etal., 1987).

3. Unnatural Appearance: The uniform distribution of intensities produced by HE can sometimes
lead to an unnatural appearance, with over-saturated bright regions and overly dark shadows
(Zuiderveld, 1994).

To address these limitations, researchers have developed adaptive and localized variants of
histogram equalization, such as adaptive histogram equalization (AHE) and contrast-limited
adaptive histogram equalization (CLAHE), which are discussed in subsequent sections.

Recent research has focused on improving the performance of histogram equalization (HE) in
medical imaging by integrating it with other advanced techniques. These efforts aim to address the
inherent limitations of traditional HE, such as noise amplification, loss of local contrast, and
unnatural appearance, while preserving its computational efficiency and simplicity. One promising
direction is the integration of HE with wavelet transforms, which has led to the development of
hybrid methods that enhance contrast while effectively suppressing noise. Wavelet transforms
decompose an image into multiple frequency bands, allowing for selective enhancement of low-
frequency components, which contain the primary structural information, while attenuating high-
frequency components associated with noise. For example, a wavelet-based histogram
equalization (WHE) technique has been proposed, demonstrating improved contrast in medical
images such as MRI and ultrasound while maintaining fine details and reducing speckle noise
(Mallat, 1989). Another study introduced a dual-tree complex wavelet transform (DT-CWT)
combined with HE, which showed superior performance in enhancing contrast and preserving
edges in ultrasound images (Noble & Boukerroui, 2006). These wavelet-based approaches have
proven particularly effective in medical imaging, where preserving fine details and suppressing
noise are critical.

Deep learning has also revolutionized the field of image processing, enabling data-driven, adaptive
solutions to complex problems. Recent studies have explored the integration of HE with deep
learning models to achieve more robust and adaptive contrast enhancement. Convolutional neural
networks (CNNs), for instance, have been used to learn optimal enhancement strategies from large
datasets of medical images. One approach involves training a CNN to predict the optimal
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parameters for HE, such as the intensity mapping function, based on the specific characteristics of
the input image. This allows for adaptive contrast enhancement tailored to the unique features of
each image, overcoming the limitations of global HE (Chan et al., 2020). Another innovative
method combines HE with generative adversarial networks (GANS), where the generator network
learns to produce enhanced images with improved contrast, while the discriminator network
ensures that the enhanced images retain realistic textures and details. This approach has shown
promising results in enhancing low-contrast ultrasound images while preserving anatomical
structures (Zuiderveld, 1994). Deep learning-based methods are particularly valuable in medical
imaging, where the variability in image quality and content requires adaptive and robust solutions.

To address the issue of noise amplification in HE, researchers have developed hybrid methods that
integrate HE with advanced noise reduction techniques. Non-local means (NLM) filtering, for
example, has been combined with HE to enhance contrast while suppressing speckle noise in
ultrasound images. The NLM filter preserves edges and fine details by averaging pixel values
based on their similarity to neighboring regions, making it particularly effective for medical
imaging applications (Dutt & Greenleaf, 1996). Another approach combines HE with anisotropic
diffusion filtering, which selectively smooths noise while preserving edges. This method has been
successfully applied to enhance contrast in MRI and CT images, demonstrating improved
diagnostic quality (Rahman et al., 2016). These hybrid methods highlight the importance of
combining HE with complementary techniques to achieve both contrast enhancement and noise
reduction.

Adaptive and localized variants of HE have also been developed to address the limitations of global
HE in handling local contrast variations. Adaptive gamma correction with weighting distribution
(AGCWD), for instance, dynamically adjusts the gamma correction based on the image's intensity
distribution, resulting in more natural-looking enhancements (Dietrich et al., 2020). Similarly,
contrast-limited adaptive histogram equalization (CLAHE) divides the image into small regions
and applies HE locally, limiting the amplification of noise and preserving fine details. CLAHE has
been widely adopted in medical imaging, particularly for enhancing ultrasound and X-ray images
(Gonzalez & Woods, 2018). These adaptive methods are especially useful in medical imaging,
where local contrast variations are common and preserving fine details is crucial.

Multi-scale and multi-resolution approaches have also been explored to improve the performance
of HE in medical imaging. These methods leverage the fact that different structures in medical
images are best enhanced at different scales. For example, a multi-scale HE technique has been
proposed that applies HE at multiple resolutions, combining the results to produce a final enhanced
image. This approach has been shown to improve the visibility of both large and small structures
in medical images, such as tumors and blood vessels (Stark, 2000). Another study introduced a
multi-resolution HE method based on Laplacian pyramid decomposition, which enhances contrast
at different levels of detail while preserving the overall structure of the image (Pizer et al., 1987).
These multi-scale approaches are particularly effective in medical imaging, where structures of
interest can vary significantly in size and contrast.

Recent research has also focused on tailoring HE techniques to specific medical imaging
modalities. In ultrasound imaging, HE has been combined with speckle reduction algorithms to
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improve the visibility of soft tissue structures (Burckhardt, 1978). In MRI, HE has been integrated
with intensity normalization techniques to enhance contrast between different tissue types, such as
gray matter and white matter in brain scans (Ajmal & Ajmal, 2021). In X-ray imaging, HE has
been used to improve the detection of subtle fractures and abnormalities by enhancing the contrast
between bone and soft tissue (Zhou et al., 2019). These modality-specific approaches demonstrate
the versatility of HE and its potential to address the unique challenges of different imaging
techniques.

The evaluation of HE-based techniques in medical imaging has also seen significant
advancements. Researchers are increasingly using quantitative metrics, such as contrast-to-noise
ratio (CNR), peak signal-to-noise ratio (PSNR), and structural similarity index (SSIM), to
objectively assess the performance of contrast enhancement methods (Perona & Malik, 1990).
Additionally, clinical validation studies are being conducted to evaluate the impact of HE-based
enhancements on diagnostic accuracy and radiologist performance. For example, one study
demonstrated that HE-enhanced ultrasound images significantly improved the detection of liver
compared to unenhanced images (Hiremath et al., 2013). These evaluation methods ensure that
HE-based techniques are not only effective in theory but also provide tangible benefits in clinical
practice.

2.1.3 Adaptive Histogram Equalization (AHE)

Adaptive Histogram Equalization (AHE) is an advanced contrast enhancement technique that
addresses the limitations of traditional histogram equalization (HE) by operating on localized
regions of an image rather than the entire image. Unlike global HE, which applies a uniform
transformation to all pixels, AHE computes separate histograms for small regions or tiles of the
image and applies equalization locally. This localized approach allows AHE to enhance contrast
in regions with varying intensity levels, making it particularly effective for medical images, where
different anatomical structures often exhibit distinct contrast characteristics. However, while AHE
improves local contrast, it can also amplify noise and artifacts, especially in regions with low
signal-to-noise ratios. This subsection explores the principles, applications, advantages, and
limitations of AHE, with a focus on its use in medical imaging, particularly ultrasound.

The core idea behind AHE is to divide the image into small, overlapping or non-overlapping
regions, often referred to as tiles or blocks. For each tile, a histogram is computed, and a contrast
enhancement function is derived based on the local intensity distribution. This function is then
applied to the pixels within the tile, resulting in localized contrast enhancement.

While this equation is similar to that of global HE, the key difference lies in its application to
localized regions rather than the entire image. To ensure smooth transitions between adjacent tiles,
bilinear interpolation is often used to combine the results from neighboring tiles. This prevents the
appearance of artificial boundaries or blocky artifacts in the enhanced image. The localized nature
of AHE allows it to adapt to the varying contrast levels within an image, making it particularly
effective for medical images with complex intensity distributions.
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AHE has been widely used in medical imaging to enhance the visibility of fine details and improve
diagnostic accuracy. In X-ray imaging, AHE can improve the contrast between bone and soft
tissue, making it easier to detect fractures or abnormalities (Hiremath et al., 2013). In MRI, AHE
has been applied to enhance the contrast between different tissue types, such as gray matter and
white matter in brain scans, improving the visualization of subtle lesions (Stark, 2000). In
ultrasound imaging, AHE is particularly valuable due to its ability to enhance local contrast in
regions with varying intensity levels, such as soft tissues and blood vessels. For example, AHE
has been used to improve the visibility of tumors and cysts in ultrasound images, aiding in early
diagnosis and treatment planning (Dutt & Greenleaf, 1996).

One of the primary advantages of AHE is its ability to enhance local contrast, making it ideal for
medical images where different structures exhibit varying intensity levels. This is particularly
useful in ultrasound imaging, where soft tissues and blood vessels often have low contrast
(Burckhardt, 1978). By operating on small regions, AHE preserves fine details that might be lost
in global HE, which is critical in medical imaging, where small anatomical features or pathological
findings can have significant diagnostic implications (Pizer et al., 1987). Additionally, AHE can
adapt to the local intensity distribution of an image, making it more effective than global HE for
images with non-uniform contrast (Zuiderveld, 1994).

However, AHE also has several limitations that must be considered, particularly in medical
imaging. One major drawback is its tendency to amplify noise and artifacts, especially in regions
with low signal-to-noise ratios. This is a significant challenge in ultrasound imaging, where
speckle noise is prevalent (Zhou et al., 2019). Another limitation is the computational complexity
of AHE, which is higher than that of global HE due to the need to compute and process multiple
histograms for each tile. This can be a limitation in real-time applications or when processing large
datasets (Mallat, 1989). Furthermore, AHE can sometimes over-enhance certain regions, leading
to unnatural appearances and loss of structural information. This is particularly problematic in
medical imaging, where maintaining the natural appearance of tissues is important for accurate
diagnosis (Hiremath et al., 2013).

Recent research has focused on addressing the limitations of AHE while preserving its advantages.
One approach involves combining AHE with noise reduction techniques, such as non-local means
(NLM) filtering or wavelet transforms, to suppress noise while enhancing contrast. For example,
(Singh & Kapoor, 2014) proposed a wavelet-based AHE method that applies AHE to the low-
frequency components of an image while attenuating noise in the high-frequency components.
This approach has been shown to improve contrast in ultrasound images while reducing speckle
noise.

Another area of research involves the development of adaptive and context-aware AHE methods.
These techniques use additional information, such as edge maps or texture features, to guide the
enhancement process and avoid over-enhancement in regions with low contrast or high noise. For
instance, (T. Dai et al., 2017) proposed a context-aware AHE method that uses edge-preserving
filters to enhance contrast while preserving structural details in medical images.
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Recent optimization-based approaches have also shown promising results in improving AHE. (S.
Liu et al., 2025) introduced a novel framework that combines optimization-based histogram
modification with visual perception priors. Their approach, which incorporates a Narrow Dynamic
Prior (NDP) to better match human visual system characteristics, demonstrates significant
improvements in balancing contrast enhancement, brightness preservation, and detail retention.
The framework also includes a precise brightness control strategy that helps achieve optimal
enhancement results while avoiding common artifacts associated with traditional HE methods.

Deep learning has also been explored as a way to improve AHE. Convolutional neural networks
(CNNs) have been used to predict optimal parameters for AHE, such as tile size and enhancement
strength, based on the characteristics of the input image. This allows for adaptive and robust
contrast enhancement tailored to the specific needs of each image (Chan et al., 2020).

2.1.4 Adaptive Gamma Correction with Weighting Distribution (AGCWD)

Adaptive Gamma Correction with Weighting Distribution (AGCWD) is a sophisticated contrast
enhancement technique that builds upon traditional gamma correction by incorporating adaptive
and weighted mechanisms to improve image quality. Unlike conventional gamma correction,
which applies a fixed gamma value to the entire image, AGCWD dynamically adjusts the gamma
value based on the image's intensity distribution. This adaptive approach allows AGCWD to
enhance contrast more effectively, particularly in regions with varying brightness levels, while
preserving natural image characteristics. AGCWD has gained significant attention in medical
imaging due to its ability to handle the complex intensity distributions often found in modalities
such as ultrasound, MRI, and X-ray. This subsection explores the principles, applications,
advantages, and limitations of AGCWD, with a focus on its use in medical imaging.

Gamma correction is a nonlinear operation used to adjust the brightness and contrast of an image.
It is defined by the power-law transformation:

Ioye =11, .. (2.2)
where:
e I, isthe input intensity value,
e I,y 1S the output intensity value,
e v isthe gamma parameter that controls the level of correction.

In traditional gamma correction, the value of y is fixed for the entire image, which can lead to
over-enhancement in some regions and under-enhancement in others. AGCWD addresses this
limitation by adaptively computing the gamma value for each pixel based on the image's intensity
distribution. The adaptive gamma value y(x) for a pixel x is calculated as:

y(x) =1—c.CDF(x) ...(2.3)

where:
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e c is aconstant that controls the degree of enhancement,

e CDF(x) is the cumulative distribution function (CDF) of the image's intensity histogram
at pixel x.

The CDF provides a measure of the probability that a pixel's intensity is less than or equal to a
given value, allowing AGCWD to adaptively adjust the gamma value based on the local intensity
distribution. Additionally, AGCWD incorporates a weighting function to further refine the
enhancement process. The weighting function assigns higher weights to intensity values that occur
more frequently in the image, ensuring that the enhancement is more pronounced in regions with
significant pixel concentrations. This combination of adaptive gamma correction and weighting
distribution enables AGCWD to achieve more natural and effective contrast enhancement
compared to traditional methods.

AGCWD has been widely applied in medical imaging to enhance the visibility of anatomical
structures and pathological features. In MRI, AGCWD has been used to enhance the contrast
between different tissue types, such as gray matter and white matter in brain scans, improving the
visualization of subtle lesions (Zhou et al., 2019). In ultrasound imaging, AGCWD is particularly
valuable due to its ability to handle the low contrast and speckle noise inherent in this modality.
For instance, AGCWD has been used to enhance the visibility of liver lesions and breast tumors
in ultrasound images, aiding in early diagnosis and treatment planning (Dietrich et al., 2020).

One of the primary advantages of AGCWD is its ability to adaptively enhance contrast based on
the image's intensity distribution. This makes it particularly effective for medical images, which
often exhibit complex and non-uniform intensity distributions. By dynamically adjusting the
gamma value, AGCWD avoids the over-enhancement and under-enhancement issues associated
with traditional gamma correction. Additionally, the incorporation of a weighting function ensures
that the enhancement is more pronounced in regions with significant pixel concentrations,
preserving the natural appearance of the image. Another advantage of AGCWD is its
computational efficiency, which makes it suitable for real-time applications and large datasets.
These features make AGCWD a versatile and powerful tool for contrast enhancement in medical
imaging.

Despite its advantages, AGCWD has several limitations that must be considered, particularly in
medical imaging. One major challenge is its sensitivity to noise, which can be amplified during
the enhancement process. This is particularly problematic in ultrasound imaging, where speckle
noise is prevalent. Another limitation is the need to carefully select the constant ¢ in the gamma
calculation, as inappropriate values can lead to suboptimal enhancement. Furthermore, while
AGCWD is effective for global contrast enhancement, it may not always address local contrast
variations as effectively as localized methods like adaptive histogram equalization (AHE) or
contrast-limited adaptive histogram equalization (CLAHE). These limitations highlight the
importance of combining AGCWD with other techniques, such as noise reduction or localized
enhancement methods, to achieve optimal results.

Recent research has focused on addressing the limitations of AGCWD while enhancing its
performance. One approach involves combining AGCWD with noise reduction techniques, such

19



as wavelet transforms or non-local means (NLM) filtering, to suppress noise while enhancing
contrast. For example, a study proposed a wavelet-based AGCWD method that applies AGCWD
to the low-frequency components of an image while attenuating noise in the high-frequency
components. This approach has been shown to improve contrast in ultrasound images while
reducing speckle noise (Mallat, 1989).

Another area of research involves the development of hybrid methods that combine AGCWD with
localized enhancement techniques. For instance, a hybrid AGCWD-CLAHE method has been
proposed, where AGCWD is used for global contrast enhancement and CLAHE is applied locally
to address regional contrast variations. This approach has demonstrated improved performance in
enhancing medical images, particularly in modalities like MRI and ultrasound (Zuiderveld, 1994).

Deep learning has also been explored as a way to improve AGCWD. Convolutional neural
networks (CNNs) have been used to predict optimal parameters for AGCWD, such as the constant
c and the weighting function, based on the characteristics of the input image. This allows for
adaptive and robust contrast enhancement tailored to the specific needs of each image
(Suganyadevi et al., 2021).

2.1.5 Contrast-Limited Adaptive Histogram Equalization (CLAHE)

Contrast-Limited Adaptive Histogram Equalization (CLAHE) is a widely used contrast
enhancement technique that builds upon the principles of Adaptive Histogram Equalization (AHE)
while addressing some of its key limitations. Unlike traditional histogram equalization (HE) and
AHE, which can amplify noise and over-enhance certain regions, CLAHE introduces a contrast-
limiting mechanism to control the level of enhancement and prevent the amplification of noise.
This makes CLAHE particularly effective for medical imaging, where preserving fine details and
suppressing noise are critical. CLAHE has become a standard tool in medical image processing,
especially for modalities like ultrasound, MRI, and X-ray, where contrast enhancement is essential
for accurate diagnosis. This subsection explores the principles, applications, advantages, and
limitations of CLAHE, with a focus on its use in medical imaging.

CLAHE operates by dividing an image into small, non-overlapping regions or tiles, similar to
AHE. For each tile, a histogram is computed, and a contrast enhancement function is derived based
on the local intensity distribution. However, unlike AHE, CLAHE introduces a contrast-limiting
mechanism to prevent over-enhancement and noise amplification. This is achieved by clipping the
histogram at a predefined threshold before applying the equalization process. The clipped
histogram ensures that no single intensity bin dominates the enhancement, thereby controlling the
level of contrast enhancement in each tile. The algorithm operates through a series of sophisticated
steps, which are outlined below.

1) Image Division into Tiles

The input image I of size M X N is divided into smaller non-overlapping tiles (or regions) of
size T x T. If the image dimensions are not perfectly divisible by T, the borders are handled by
padding or cropping. Let I; ; represent the tile located at position (i, ) in the grid of tiles.
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2) Histogram Calculation

For each tile I;;, a histogram H; ;(k) is computed, where k represents the intensity levels
(6.9, k=0,1,..,L — 1 for an 8-bit image, L = 256). The histogram H; ; (k) counts the number
of pixels in the tile with intensity k:

T T
x=1y=1

where §(.) is the Dirac delta function, and/;;(x,y) is the intensity of the pixel at
position (x, y) within the tile.

3) Contrast Limiting

To prevent overamplification of noise, CLAHE limits the contrast by clipping the histogram. A
clip limit C is defined, and any bin in the histogram exceeding this limit is clipped. The excess
pixels are redistributed uniformly across all bins.

The clipped histogram ﬁi,j (k) is computed as:
H; ;(k) = min(H; ;(k),C) ...(2.5)

The total number of clipped pixels E is given by:

L-1
E = Z max (H, (k) — C,0) ...(2.6)
k=0
These excess pixels are redistributed such that the final histogram H'; ;(k) becomes:
, _ E

4) Histogram Equalization

Each tile's histogram is equalized to enhance contrast. The cumulative distribution function
(CDF) C;,j (k) for the tile is computed as:

k
m=0
The equalized intensity values I'; ; (x, y) for the tile are then calculated using:

Ci (Ii,j(x' )’)) - C;;(0)
T2 — Cl-’j(O)

I'yj(x,y) = X (L—1) ..(2.9)

5) Bilinear Interpolation
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To remove visible boundaries between tiles, bilinear interpolation is used. For each pixel (x, y),
its intensity is computed by blending the equalized intensities from the four nearest tiles. Let
I',1'5,1's,1', be the equalized intensities from the four nearest tiles. The final intensity I''(x, y) is
calculated as:

I"xy)=Q-a)Q-BI'1+a(1-B)I';,+ (1 —a)pl's + apl', ..(2.10)
where:
« «aand B are the fractional distances of the pixel (x, y) within the tile grid.

e I',I',,I's,I', are the equalized intensities from the top-left, top-right, bottom-left, and
bottom-right tiles, respectively.

CLAHE has been extensively applied in medical imaging to enhance the visibility of anatomical
structures and pathological features. In ultrasound imaging, CLAHE is particularly valuable due
to its ability to enhance local contrast while suppressing speckle noise. For example, CLAHE has
been used to improve the visibility of liver lesions, breast tumors, and fetal structures in ultrasound
images, aiding in early diagnosis and treatment planning (Zuiderveld, 1994). In MRI, CLAHE has
been applied to enhance the contrast between different tissue types, such as gray matter and white
matter in brain scans, improving the visualization of subtle lesions (Stark, 2000). In X-ray imaging,
CLAHE can improve the contrast between bone and soft tissue, making it easier to detect fractures
or abnormalities (Gonzalez & Woods, 2018).

One of the primary advantages of CLAHE is its ability to enhance local contrast while controlling
noise amplification. The contrast-limiting mechanism ensures that the enhancement is balanced,
preventing over-enhancement in regions with high intensity variations. This makes CLAHE
particularly effective for medical images, which often exhibit complex and non-uniform intensity
distributions. Additionally, CLAHE preserves fine details, which is critical in medical imaging,
where small anatomical features or pathological findings can have significant diagnostic
implications. Another advantage of CLAHE is its computational efficiency, which makes it
suitable for real-time applications and large datasets. These features make CLAHE a versatile and
powerful tool for contrast enhancement in medical imaging.

Despite its advantages, CLAHE has several limitations that must be considered, particularly in
medical imaging. One major challenge is the need to carefully select the clipping threshold, as
inappropriate values can lead to suboptimal enhancement. If the threshold is set too high, the
enhancement may be insufficient, while a threshold that is too low can result in over-enhancement
and noise amplification. Another limitation is that CLAHE, like AHE, operates on localized
regions and may not always address global contrast variations effectively. Furthermore, while
CLAHE is effective for enhancing local contrast, it may not always produce natural-looking
results, particularly in regions with smooth intensity gradients. These limitations highlight the
importance of combining CLAHE with other techniques, such as noise reduction or global
enhancement methods, to achieve optimal results.

Recent research has focused on addressing the limitations of CLAHE while enhancing its
performance. One approach involves combining CLAHE with noise reduction techniques, such as
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wavelet transforms or non-local means (NLM) filtering, to suppress noise while enhancing
contrast. For example, a study proposed a wavelet-based CLAHE method that applies CLAHE to
the low-frequency components of an image while attenuating noise in the high-frequency
components. This approach has been shown to improve contrast in ultrasound images while
reducing speckle noise (Mallat, 1989).

Another area of research involves the development of hybrid methods that combine CLAHE with
global enhancement techniques. For instance, a hybrid CLAHE-AGCWD method has been
proposed, where CLAHE is used for local contrast enhancement and AGCWD is applied globally
to address overall contrast variations. This approach has demonstrated improved performance in
enhancing medical images, particularly in modalities like MRI and ultrasound (Rahman et al.,
2016).

Deep learning has also been explored as a way to improve CLAHE. Convolutional neural networks
(CNNSs) have been used to predict optimal parameters for CLAHE, such as the clipping threshold
and tile size, based on the characteristics of the input image. This allows for adaptive and robust
contrast enhancement tailored to the specific needs of each image (Suganyadevi et al., 2021).

2.2 Object detection

Object detection is a fundamental computer vision task that involves both localizing and
classifying objects within images or video streams. Unlike simple classification, which only
identifies what objects are present in an image, object detection determines both what objects are
present and where they are located through bounding boxes or segmentation masks.

2.2.1 Overview

Object detection has evolved significantly over the past decade, transitioning from traditional
computer vision approaches using handcrafted features to deep learning-based methods that
automatically learn hierarchical representations. Early approaches relied on sliding window
techniques combined with feature extractors like Histogram of Oriented Gradients (HOG) and
classifiers such as Support Vector Machines (SVM) (Dalal & Triggs, 2005). However, these
methods were computationally expensive and struggled with variations in object scale, orientation,
and occlusion.

The advent of deep learning, particularly Convolutional Neural Networks (CNNS), revolutionized
object detection by enabling end-to-end trainable systems that could learn robust feature
representations directly from data. This led to the development of two main families of detectors:
two-stage detectors like R-CNN and its variants (Fast R-CNN, Faster R-CNN) (Ren et al., 2015),
and single-stage detectors like SSD and YOLO (Redmon et al., 2015). Two-stage detectors first
generate region proposals and then classify these regions, offering high accuracy but at the cost of
slower inference speeds. Single-stage detectors, on the other hand, perform detection in a single
forward pass, making them more suitable for real-time applications despite potentially lower
accuracy (W. Liu et al., 2016).
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2.2.2 YOLO (You Only Look Once)

YOLO represents a breakthrough in real-time object detection, introducing a unified architecture
that treats detection as a single regression problem. Since its initial release, YOLO has undergone
several iterations, each bringing significant improvements in both accuracy and speed. As revealed
by Arani et al. (2024), the recent YOLO versions - particularly YOLOv5, YOLOvVS, and the newly
released YOLO11 - represent the current state-of-the-art in real-time object detection (Arani et al.,
2022).

As shown in Figure 2.1, which compares the performance of different YOLO versions, YOLO11
demonstrates superior accuracy-speed trade-off compared to its predecessors. The graph plots
mAP (mean Average Precision) against inference latency on TensorRT FP16 on COCO dataset
(Common Objects in Context), showing that YOLO11 consistently achieves higher mAP scores
across different latency points. This improvement is particularly notable in the critical operating
range of 2-8 ms/image, where real-time applications typically operate (Glenn Jocher et al., 2025).

The YOLO architecture relies on a backbone to extract multi-scale features from input images
through convolutional layers and specialized blocks. YOLOv11 introduces the C3k2 block,
replacing the C2f block used in earlier versions like YOLOVS8, to enhance computational
efficiency. The C3k2 block employs two smaller convolutions instead of a single large
convolution, as seen in YOLOV8 (Sohan et al., 2024), reducing processing time while maintaining
performance (Khanam & Hussain, 2024). Additionally, YOLOvV11 retains the Spatial Pyramid
Pooling - Fast (SPPF) block and introduces the Cross Stage Partial with Spatial Attention (C2PSA)
block, which improves spatial attention for better focus on key image regions (Khanam & Hussain,
2024).
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Figure 2.1: A comparison between YOLOv11 and other YOLO models (Ultralytics, 2024)

The neck of YOLOvV11 combines features at different scales, utilizing the C3k2 block for faster
and more efficient feature aggregation. The C2PSA module enhances spatial attention, enabling
the model to detect smaller or partially occluded objects more accurately, a feature absent in
YOLOvV8 (Khanam & Hussain, 2024). The head generates final predictions, employing C3k2
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blocks for efficient multi-scale feature processing. These blocks adapt based on the c3k parameter,
offering flexibility for deeper feature extraction when needed. CBS (Convolution-BatchNorm-
Silu) layers further refine feature maps, stabilizing data flow and improving detection accuracy
(Xue et al., 2024). The final Conv2D layers and Detect layer output bounding box coordinates,
objectness scores, and class predictions, completing the object detection process.

Table 2.1: Performance Comparison of YOLOv11 Model Variants (Ultralytics, 2024)

Model mAPYa Speed Speed params FLOPs
Size 50-95 CPU ONNX (ms) T4 TensorRT10 (ms) (M) (B)
YOLO11n 39.5 56.1 1.5 2.6 6.5
YOLO11s 47.0 90.0 2.5 94 21.5
YOLO11m 51.5 183.2 4.7 20.1 68.0
YOLO11l 534 238.6 6.2 25.3 86.9
YOLO11x o94.7 462.8 11.3 56.9 194.9

Table 2.1 provides detailed performance metrics for different YOLO11 variants, ranging from the
lightweight YOLO11n to the more comprehensive YOLO11x. The table reveals that even the
smallest model, YOLO11n, achieves remarkable speed (1.5ms on TensorRT) while maintaining
reasonable accuracy (39.5 mAP). At the other end of the spectrum, YOLO11x achieves an
impressive 54.7 mAP, though at a higher computational cost (11.3ms and 194.9B FLOPs) (Glenn
Jocher et al., 2025).

For our research on ultrasound image analysis, we will focus on comparing YOLOV5, YOLOVS,
and YOLO11, as these versions offer the best balance between accuracy and real-time
performance. The selection will consider both the computational constraints of medical imaging
systems and the critical requirement for accurate lesion detection. This comparison will help
determine which version is most suitable for real-time ultrasound analysis, where both speed and
accuracy are crucial for clinical applications (Li et al., 2021).

2.3 Object Tracking

Obiject tracking plays a vital role in various fields, including surveillance, autonomous driving,
and medical imaging. In the medical domain, tracking algorithms are employed to monitor
anatomical structures, surgical instruments, and pathological features in real time, enabling precise
interventions and dynamic analysis during procedures such as surgery, ultrasound imaging, and
radiotherapy. This section explores the methodologies, challenges, and applications of object
tracking in medical imaging, with a focus on both single object tracking (SOT) and general-
purpose trackers. It also evaluates the performance of widely used algorithms, including CSRT
(Channel and Spatial Reliability Tracking), TLD (Tracking Learning Detection), MOSSE
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(Minimum Output Sum of Squared Error), KCF (Kernelized Correlation Filters), Boosting,
MedianFlow, and MIL (Multiple Instance Learning). Additionally, the section introduces a hybrid
detection-tracking framework that combines the strengths of object detection and tracking to
enhance robustness and accuracy in real-time applications.

2.3.1 Single object tracking (SOT)

Single Object Tracking (SOT) is a fundamental task in computer vision that focuses on locating
and following a specific object across a sequence of video frames. Given the initial position of the
object in the first frame, the goal of SOT is to continuously estimate the object's position in
subsequent frames, even under challenging conditions such as occlusion, motion blur, scale
changes, and background clutter. SOT has a wide range of applications, including surveillance,
autonomous driving, human-computer interaction, and, notably, medical imaging. In the medical
domain, SOT plays a critical role in tracking anatomical structures, surgical instruments, or
pathological features, enabling real-time monitoring and analysis during procedures such as
surgery, ultrasound imaging, and radiotherapy. This subsection provides an overview of SOT, its
methodologies, challenges, and applications, with a focus on its relevance to medical imaging.
Additionally, this research evaluates the performance of several widely used SOT algorithms,
including CSRT (Channel and Spatial Reliability Tracking), TLD (Tracking Learning Detection),
MOSSE (Minimum Output Sum of Squared Error), and KCF (Kernelized Correlation Filters), in
medical imaging scenarios.

Single Object Tracking (SOT) is a process that involves maintaining the identity and location of a
target object over time. The process begins with the initialization of the target object in the first
frame, typically using a bounding box or segmentation mask (Wang et al., 2018). Once initialized,
the tracker extracts distinctive features of the object, such as color, texture, shape, or motion
patterns, to represent it. These features are then used to predict the object's position in subsequent
frames by searching for regions that best match the extracted features. Motion prediction
techniques, such as Kalman filters or optical flow, are often employed to estimate the object's
trajectory and improve tracking accuracy (Anthwal & Ganotra, 2019; Bolme et al., 2010). Finally,
the object's model is updated to account for changes in appearance, scale, or orientation, ensuring
robust tracking over time.

SOT algorithms can be broadly categorized into two approaches: generative and discriminative.
Generative methods focus on modeling the appearance of the target object and searching for
regions in the frame that best match this model. These methods are effective when the object's
appearance remains relatively consistent but struggle with significant changes in lighting, pose, or
occlusion. Discriminative methods, on the other hand, treat tracking as a classification problem,
where the goal is to distinguish the target object from the background. These methods are more
robust to appearance changes but require sufficient training data to learn effective classifiers.
Recent advances in deep learning have led to the development of end-to-end trainable SOT models
that combine feature extraction, motion prediction, and localization into a single framework,
significantly improving tracking performance (Bertinetto et al., 2016).
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Single Object Tracking (SOT) has numerous applications in medical imaging, where it is used to
track anatomical structures, surgical tools, or pathological features in real time. One of the most
prominent applications is in surgical navigation, where SOT is employed to monitor the position
of surgical instruments during minimally invasive procedures. By providing real-time guidance to
surgeons, SOT enhances the precision of interventions and reduces the risk of complications. For
example, in laparoscopic surgery, SOT can track the movement of surgical tools within the body,
enabling surgeons to navigate complex anatomical structures with greater accuracy (Enquobahrie
et al., 2008). Similarly, in robotic-assisted surgery, SOT is used to track the position of robotic
arms and tools, ensuring precise and safe operations (Reddy et al., 2023).

In ultrasound imaging, SOT is used to track the movement of organs, such as the heart or fetus,
enabling dynamic assessment of function and health. For instance, tracking the motion of the heart
wall in real-time ultrasound can provide valuable insights into cardiac function and detect
abnormalities such as arrhythmias or wall motion disorders (Noble & Boukerroui, 2006).
Similarly, in obstetric ultrasound, SOT can be used to monitor fetal movements, aiding in the
assessment of fetal health and development (Abd-Elmoniem et al., 2002). In echocardiography,
SOT is employed to track the motion of heart valves, enabling the diagnosis of valvular diseases
(Wiputra et al., 2020).

SOT is also widely used in diagnostic imaging to track lesions or tumors over time. This is
particularly valuable in oncology, where tracking the progression of tumors can aid in treatment
planning and monitoring. For example, in MRI or CT scans, SOT can be used to monitor the
growth or shrinkage of tumors in response to therapy, providing clinicians with critical information
for adjusting treatment strategies (Dutt & Greenleaf, 1996). In positron emission tomography
(PET), SOT is used to track the movement of radiotracers, enabling the localization of tumors and
other abnormalities (Phelps et al., 2006).

Another important application of SOT is in radiotherapy, where it is used to track the position of
tumors or organs during radiation delivery. By ensuring accurate targeting of radiation, SOT
minimizes damage to surrounding healthy tissue and improves the efficacy of treatment. For
example, in lung cancer radiotherapy, SOT can track the movement of the tumor caused by
respiration, enabling precise delivery of radiation even when the target is in motion (Riboldi et al.,
2012). In prostate cancer radiotherapy, SOT is used to track the position of the prostate gland,
ensuring accurate radiation delivery despite patient movement (Dang et al., 2018).

Despite its wide range of applications, Single Object Tracking (SOT) faces several challenges that
complicate its implementation, particularly in medical imaging. One of the primary challenges is
occlusion, where the target object may be partially or fully obscured by other objects or structures.
Occlusion can cause the tracker to lose sight of the target, leading to tracking failures. For example,
in surgical navigation, surgical tools may be temporarily occluded by tissues or other instruments,
making it difficult to maintain continuous tracking (Hua et al., 2015). In ultrasound imaging,
occlusion can occur when organs or structures overlap, complicating the tracking process (Shaw
etal., 2014).
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Another significant challenge is appearance changes, which can occur due to variations in lighting,
pose, or scale. These changes can alter the object's appearance, making it difficult for the tracker
to maintain accurate localization. In medical imaging, appearance changes are common due to the
dynamic nature of anatomical structures and the use of different imaging modalities. For instance,
in ultrasound imaging, the appearance of tissues can vary significantly depending on the angle of
the probe or the presence of artifacts (Comaniciu & Meer, 2002). In MRI, changes in patient
position or imaging parameters can lead to variations in tissue appearance, complicating the
tracking process (Pluim et al., 2003).

Motion blur is another challenge that can degrade tracking performance. Rapid movement of the
object or camera can result in blurred frames, reducing the clarity of the object's features. This is
particularly problematic in real-time applications, such as surgical navigation or ultrasound
imaging, where rapid movements are common. Motion blur can make it difficult for the tracker to
extract accurate features, leading to tracking errors (Lucas & Kanade, 2018). In echocardiography,
for example, the rapid motion of the heart can result in blurred images, complicating the tracking
of heart valves (Wiputra et al., 2020).

Background clutter is another challenge that can confuse the tracker and cause it to drift away from
the target. In medical imaging, background clutter can arise from similar-looking structures or
artifacts in the image. For example, in ultrasound imaging, speckle noise and other artifacts can
create a cluttered background, making it difficult to distinguish the target object from its
surroundings (Burckhardt, 1978). In MRI, the presence of noise or artifacts can complicate the
tracking of lesions or tumors (Pluim et al., 2003).

Finally, many medical applications require real-time tracking, imposing strict computational
constraints on the algorithm's design and implementation. Real-time tracking is particularly
important in surgical navigation and ultrasound imaging, where delays in tracking can compromise
the accuracy and safety of the procedure. Developing SOT algorithms that are both accurate and
computationally efficient remains a significant challenge (Henriques et al., 2015). In radiotherapy,
for example, real-time tracking is essential to ensure accurate delivery of radiation despite patient
movement (Riboldi et al., 2012).

2.3.2 General Purpose trackers

General-purpose trackers are widely used in medical imaging for tasks such as tumor tracking,
organ motion analysis, and instrument navigation during minimally invasive procedures. These
trackers leverage computer vision algorithms to monitor and predict the movement of objects in
real time, even under challenging conditions like occlusion, deformation, or rapid motion. Below,
we discuss four prominent trackers: CSRT, TLD, MOSSE, KCF, Boosting, MedianFlow, and MIL,
and their applications in medical imaging scenarios.

1. CSRT (Channel and Spatial Reliability Tracking)

CSRT is a robust tracker that combines spatial reliability maps with channel reliability to
adaptively adjust the filter support for tracking non-rectangular objects. It uses Histogram of
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Oriented Gradients (HoGs) and Colornames as feature sets, making it highly accurate in scenarios
where objects undergo appearance changes or partial occlusion. The spatial reliability map is
computed as:

R(x,y) = Z Wi fi(xy) . (211)

where w; represents the weights and f; (x, y) denotes the feature maps.

This approach allows CSRT to handle complex shapes and non-rigid deformations, making it ideal
for tracking tumors or organs in ultrasound or MRI videos. However, its computational intensity
can limit its use in real-time applications requiring high frame rates.

Lukezic et al. (Lukezi¢ et al., 2018) demonstrated the effectiveness of CSRT in medical imaging
through their comprehensive evaluation. In medical imaging specifically, Gao et al. (Gao et al.,
2018) successfully applied similar discriminative correlation filter techniques for carotid artery
wall tracking in ultrasound image sequences, achieving superior performance compared to
traditional methods.

2. TLD (Tracking Learning Detection)

TLD decomposes the tracking task into three components: tracking, learning, and detection. It uses
a combination of a tracker, based on MedianFlow, and a detector to correct tracking errors and
adapt to changes in object appearance. The learning component updates the detector based on the
tracker's output, ensuring robustness to appearance changes. This adaptability makes TLD
particularly useful in scenarios where the target object may disappear and reappear, such as in
endoscopic videos. However, TLD can exhibit unpredictable behavior, such as tracking similar
objects instead of the target, leading to false positives. Its multi-component architecture also makes
it slower than other trackers, limiting its use in real-time applications.

Kalal et al. (Kalal et al., 2012) introduced TLD and highlighted its versatility. In medical
applications, Richa et al. (Richa et al., 2011) applied TLD-based approaches to track surgical
instruments during retinal microsurgery, demonstrating effectiveness in handling partial
occlusions and recovering from tracking failures in challenging clinical environments.

3. MOSSE (Minimum Output Sum of Squared Error)

MOSSE is a fast and efficient tracker based on adaptive correlation filtering in the Fourier domain.
It minimizes the sum of squared errors between the predicted and actual correlation outputs,
making it robust to changes in lighting, scale, and pose. The MOSSE filter is computed as:

%G Ff

H = T
ZiFi'Fi*-l-E

..(2.12)

where G; is the desired correlation output, F; is the input image in the Fourier domain, and € is a
regularization term. This formulation allows MOSSE to achieve high processing speeds, often
exceeding 100 frames per second, making it ideal for real-time applications. However, MOSSE
may struggle with severe occlusions or rapid object movements, leading to tracking drift. It has
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been successfully applied in real-time tracking during laparoscopic surgery and in motion analysis
of small structures, such as blood vessels or lesions, in ultrasound videos. Bolme et al. (Bolme et
al., 2010) demonstrated the efficiency of MOSSE in real-time tracking applications, particularly
in medical imaging scenarios requiring high frame rates.

4. KCF (Kernelized Correlation Filters)

KCF, or Kernelized Correlation Filters, combines the strengths of BOOSTING and MIL trackers
by using correlation filtering on overlapping regions. It is known for its balance between speed
and accuracy, making it a popular choice for real-time tracking. The KCF formulation involves
solving a ridge regression problem in the Fourier domain, where the filter is computed as:
y
a ) ..(2.13)

with $ representing the desired output in the Fourier domain, k the kernel correlation, and 1 a
regularization parameter. This approach allows KCF to achieve high efficiency and reliability
under moderate occlusion and deformation. Henriques et al. (Henriques et al., 2015) highlighted
the effectiveness of KCF in medical imaging, particularly in scenarios requiring a balance between
speed and accuracy.

5. Boosting

Boosting is a machine learning-based tracker that uses a cascade of weak classifiers to form a
strong classifier. It operates by iteratively selecting features that best distinguish the target from
the background, making it robust to changes in appearance and lighting. The final strong classifier
is a weighted combination of the weak classifiers, computed as:

T

H(x) = Z ahy () ... (2.14)

t=1

where atat represents the weight of the weak classifier h;(x). Boosting is particularly effective in
scenarios where the target undergoes significant appearance changes, such as in tumor tracking or
organ motion analysis. However, its performance can degrade under severe occlusion or rapid
motion due to its reliance on iterative feature selection. Grabner et al. (Grabner et al., 2006)
demonstrated the effectiveness of Boosting in real-time tracking applications, particularly in
scenarios requiring adaptive feature selection.

6. MedianFlow

MedianFlow is a tracking algorithm that uses forward-backward error estimation to improve
tracking robustness. It tracks the target in both forward and backward directions and computes the
median error between the predicted and actual positions. This approach allows the tracker to detect
and correct tracking failures, making it highly reliable in scenarios with rapid motion or occlusion.
The forward-backward error is computed as:

Efp = median (||xf - xb||) ...(2.15)
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where x; and x;, represent the forward and backward tracked positions, respectively.

MedianFlow is particularly effective in medical imaging applications such as tracking surgical
instruments or analyzing organ motion in endoscopic videos. However, it may struggle with severe
deformations or large-scale changes in object appearance. Kalal et al. (Kalal et al., 2010)
introduced MedianFlow and demonstrated its effectiveness in handling tracking challenges.

7. MIL (Multiple Instance Learning)

MIL is a tracking algorithm that uses a bag of positive and negative samples to train a classifier.
Unlike traditional trackers, MIL treats the target as a collection of instances (e.g., image patches)
rather than a single entity. This approach allows the tracker to handle ambiguities in object
appearance and partial occlusions more effectively. The classifier is trained to maximize the
likelihood of the positive bag while minimizing the likelihood of the negative bag, computed as:

L(B) = HP(yi|Bi) .. (2.16)

where B; represents the bag of instances and y; is the label. MIL is particularly useful in medical
imaging scenarios where the target may have varying appearances, such as tracking deformable
organs or lesions in ultrasound or MRI. However, its computational complexity can limit its use
in real-time applications.

Babenko et al. (Babenko et al., 2011) introduced MIL for visual tracking and demonstrated its
robustness to appearance changes. In medical imaging, Quellec et al. (Quellec et al.,
2017) conducted a comprehensive review of MIL applications in medical image and video
analysis, highlighting its effectiveness in tasks such as lesion detection and organ tracking. Their
work demonstrated that MIL algorithms often outperform traditional single-instance learning
methods, making them ideal for medical imaging tasks where manual annotations are scarce or
impractical.
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Chapter Three : Literature Review

This chapter provides a comprehensive overview of the current state of research at the intersection
of artificial intelligence and breast ultrasound imaging, with particular focus on applications
relevant to resource-constrained healthcare environments like Palestine. The review explores five
interconnected domains that form the foundation for this research: Al's transformative role in
medical imaging analysis, specific applications in breast ultrasound interpretation, enhancement
and preprocessing techniques for ultrasound image quality improvement, tracking and localization
methodologies for real-time analysis, and deep learning approaches for breast cancer detection and
classification. Throughout the review, special attention is given to technological innovations that
balance performance with computational efficiency, approaches that reduce dependency on
specialized expertise, and solutions with potential for implementation in settings with limited
digital infrastructure. By synthesizing findings across these domains, this chapter establishes the
scientific context for the proposed framework while identifying key research gaps that the present
study aims to address.

3.1 Al Role in Medical Imaging

Artificial intelligence has transformed medical imaging analysis, offering unprecedented
capabilities in processing and interpreting complex visual data. The evolution of Al in medical
imaging has progressed through several generations, from rule-based expert systems to
sophisticated deep learning architectures capable of nuanced image interpretation (Esteva et al.,
2021; Litjens et al., 2017).

Machine learning, particularly deep learning approaches, has emerged as the dominant paradigm
in medical image analysis. These technologies leverage computational algorithms that can learn
patterns from large datasets without explicit programming, enabling automated detection,
classification, and characterization of abnormalities with increasing sophistication (Zakaria et al.,
2022). Convolutional neural networks (CNNs) have proven particularly effective for medical
image analysis due to their ability to automatically learn hierarchical image features from raw pixel
data (Chan et al., 2020).
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The performance of Al systems in medical imaging has shown remarkable advancement.
McKinney et al. demonstrated Al's potential in their international evaluation of an Al system for
breast cancer screening, achieving an absolute reduction of 5.7% and 1.2% in false positives and
false negatives, respectively, compared to human radiologists (S. M. McKinney et al., 2020). This
landmark study, with 1,868 citations, highlights Al's capacity to enhance diagnostic accuracy
while potentially reducing interpretation workload.

Recent technical innovations have further expanded Al capabilities in medical imaging. Attention
mechanisms direct computational focus to the most relevant image regions, mimicking human
visual attention patterns (Schlemper et al., 2019). Transformer architectures, originally developed
for natural language processing, have demonstrated superior performance in capturing long-range
dependencies in medical images (Gheflati & Rivaz, 2021). Ensemble methods combining multiple
models have shown improved robustness across diverse patient populations and imaging
conditions (Ragab et al., 2022).

Al applications in medical imaging span multiple functions relevant to breast cancer detection.
Detection and localization capabilities identify the presence and location of suspicious findings
within images, with Ardila et al. demonstrating Al systems capable of detecting subtle lesions
missed by human readers in 11% of cases (Ardila et al., 2019). Classification and characterization
functions distinguish between benign and malignant findings and characterize lesion properties,
with Rodriguez-Ruiz et al. showing Al classification performance comparable to expert
radiologists, with an area under the receiver operating characteristic curve (AUC) of 0.89 versus
0.866 for human readers (Rodriguez-Ruiz et al., 2019).

Risk stratification capabilities assess likelihood of malignancy and prioritize cases for further
investigation, with Yala et al. developing Al systems capable of stratifying breast cancer risk from
imaging features with performance exceeding traditional clinical models (Yalaetal., 2021). These
capabilities demonstrate Al's potential to address multiple aspects of breast cancer detection
challenges, with particular relevance to resource-constrained settings like Palestine where
specialist expertise is limited and workload demands are high.

3.2 Applications in Breast Ultrasound

Artificial intelligence has demonstrated particular promise in breast ultrasound analysis, with
applications spanning detection, characterization, and classification of breast lesions. These
developments hold significant relevance for the Palestinian healthcare context, where ultrasound
represents a widely available imaging modality.

Al systems have shown impressive capabilities in automatically detecting breast lesions in
ultrasound images. Yap et al. demonstrated a CNN-based system that achieved 0.93, 0.18, and
0.92 for True Positive Fraction, False Positives per image, and F-measure respectively (Yap et al.,
2018). Their approach outperformed junior radiologists in lesion detection, highlighting Al's
potential to compensate for limited specialist availability.

Segmentation of breast lesions, which is the precisely delineating lesion boundaries, represents
another important Al application in ultrasound analysis. Accurate segmentation facilitates
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volumetric measurements and extraction of shape characteristics important for malignancy
assessment. Khaled et al. developed a U-Net ensemble architecture for breast lesion segmentation
achieving a Dice similarity coefficient of 0.68 compared to expert manual segmentation (Khaled
et al., 2022). This high concordance with expert delineation demonstrates Al's potential to
standardize this operator-dependent task.

Real-time detection capabilities have particular relevance for clinical workflow integration. Dai et
al. demonstrated a real-time Al system for breast ultrasound that maintains a remarkable accuracy
level of 38.7 mean average precision (mAP) while processing 54 frames per second during live
ultrasound examinations (Q. Dai et al., 2024). Such real-time capabilities could provide immediate
feedback during examinations, potentially improving lesion identification even with less
experienced operators, a significant consideration for the Palestinian healthcare context where
specialist availability is limited.

Building on real-time detection capabilities, Kumar et al. developed an automated and real-time
segmentation system for suspicious breast masses using a convolutional neural network (V. Kumar
et al., 2018). Their approach achieved a mean Dice coefficient of 0.82, a true positive fraction
(TPF) of 0.84, and a false positive fraction (FPF) of 0.01 in mass detection with processing speeds
suitable for clinical implementation, demonstrating the feasibility of integrating Al directly into
the ultrasound examination workflow. This integration could significantly enhance diagnostic
capabilities in settings with limited specialist availability.

Beyond detection, Al systems have shown impressive performance in distinguishing benign from
malignant breast lesions on ultrasound. Byra et al. utilized transfer learning with pre-trained CNN
models (ResNet, VGG, Inception) to classify breast lesions, achieving an AUC of 0.936 (Byra et
al., 2019). This performance approached or exceeded that of experienced radiologists in
comparative studies, suggesting Al's potential to enhance diagnostic accuracy.

Al systems have also demonstrated capability in characterizing specific lesion features according
to standardized reporting systems. In a comparative analysis study of Al in diagnostic breast
ultrasound, the Koios decision support system achieved an AUC of 0.693 (95% CI: 0.562-0.824),
with a sensitivity of 92.5%, specificity of 35.3%, and an overall accuracy of 78.6% (Celebi et al.,
2025). Such automated assessment could standardize reporting and potentially reduce
interpretation variability in settings with limited specialist availability, as demonstrated by the
improvement in performance when less-experienced readers used the Al system compared to their
unassisted performance (AUC of 0.655 vs. 0.512) .

Multiparametric assessment combining multiple ultrasound techniques (B-mode, elastography,
Doppler) represents another promising direction. This approach leverages the full capabilities of
modern ultrasound equipment to enhance diagnostic accuracy. Supporting this approach, Fleury
et al. demonstrated in their study on breast elastography that when using a 75% cutoff value for
the proportion of hard area within a breast mass, they achieved excellent interobserver agreement
among experienced radiologists with an interclass concordance coefficient of 0.950. Their findings
showed higher agreement levels among more experienced radiologists, highlighting the potential
for standardized assessment when advanced ultrasound techniques are employed (Fleury &
Marcomini, 2020).
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While traditional Al approaches focus on static image analysis, recent advances have developed
systems capable of analyzing ultrasound RF (Radio Frequency) time series data for enhanced
breast lesion classification. Luo et al. demonstrated that temporal features extracted from
ultrasound RF signals can improve diagnostic accuracy by capturing tissue dynamics that static
images miss (Uniyal et al., 2015). Their approach achieved an AUC of 0. 0.86 (95% CI: 0.84—
0.90), suggesting that temporal information provides valuable complementary diagnostic data.

Prospective clinical studies of Al integration in breast ultrasound have begun to emerge, providing
real-world validation of these technologies. Park et al. conducted the first prospective feasibility
study of a mobile Al solution for real-time detection and differential diagnosis in breast ultrasound
(Lee & Cheng Tsui-Fen, 2024). Their study demonstrated 85% AUC in a clinical setting,
highlighting the practical benefits of Al assistance in busy clinical environments with limited
specialist availability.

These diverse Al applications in breast ultrasound demonstrate significant potential to address
multiple dimensions of the breast cancer detection challenges identified in the Palestinian
healthcare system, from improving diagnostic accuracy to enhancing workflow efficiency and
standardizing quality in the context of limited specialist availability.

3.3 Enhancement and Preprocessing

Breast ultrasound imaging is a widely used modality for breast cancer detection and diagnosis due
to its non-invasive nature, cost-effectiveness, and real-time imaging capabilities. However,
ultrasound images often suffer from inherent limitations including speckle noise, low contrast, and
artifacts that can degrade image quality and hinder accurate interpretation. The enhancement and
preprocessing of breast ultrasound images have therefore become essential steps in improving
diagnostic accuracy. This section reviews significant contributions to this field from the literature.

Kumar and Srivastava (A. Kumar & Srivastava, 2022) proposed a framework for denoising and
enhancing breast ultrasound images using an extended complex diffusion-based filter in unsharp
masking. Their method was tested on real ultrasound breast cancer images database and synthetic
ultrasound images. Performance evaluation included qualitative and quantitative assessments with
metrics such as mean squared error, peak-signal-to-noise ratio, and comparative analysis with pre-
existing methods. The findings demonstrated that the proposed method effectively removes
speckle noise that follows Rayleigh distribution, restores information and enhances abnormalities
in ultrasound images, and preserves edges properly, thereby improving overall image quality.

Building on similar objectives of noise reduction and feature enhancement, Dabass and Dabass
(Dabass & Dabass, 2021) developed an ensemble hybrid filter for denoising, edge correction, and
enhancement of breast cancer ultrasound images to improve the accuracy of lesion categorization
by addressing issues of noise and poor contrast. Their methodology incorporated Weiner filtering
for noise removal, fuzzy derivatives and smoothing for edge preservation, and intensification
membership function along with contrast limited adaptive histogram equalization for
enhancement. Their findings showed that the proposed ensemble hybrid filter effectively denoises,
corrects edges, and enhances breast cancer ultrasound images. Experimental results demonstrated
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the feasibility of this approach, and the new technique compared favorably to traditional Weiner
filtering methods.

Another approach focusing on noise reduction was the Anisotropic Diffusion Method for Speckle
Noise Reduction in Breast Ultrasound Images (Radhi & Kamil, 2024), which specifically
preserved important structural information while effectively reducing the speckle noise that
commonly degrades ultrasound image quality. This method represents one of several specialized
diffusion techniques developed for ultrasound enhancement. The study reported impressive
quantitative results, with the proposed method combining an anisotropic diffusion filter and SRAD
filter significantly improving image quality metrics, achieving the lowest MSE value of 0.2 and
the highest PSNR value of 59.3. The method also showed significant improvement in UQI, SSI,
and LMSE metrics, with optimal values for UQI and SSI of 1.00 and a decreased LMSE value of
0.003, confirming its ability to enhance overall image quality while preserving structural clarity.

In arelated vein, Zhang et al. (Zhang et al., 2010) introduced a novel speckle reduction and contrast
enhancement method based on fuzzy anisotropic diffusion. Their approach adaptively addressed
the variable noise characteristics in different image regions, providing enhanced visibility of
potential lesions while maintaining important diagnostic features. By incorporating fuzzy logic,
their method offered additional flexibility in handling the inherent uncertainties in ultrasound
image processing.

To provide a broader perspective on various enhancement techniques, Kumar and Srivastava (A.
Kumar & Srivastava, 2023) conducted a qualitative and quantitative comparative study of different
denoising and enhancement techniques for breast mammograms, ultrasound, and magnetic
resonance images. Their comprehensive analysis provided benchmarking data across different
imaging modalities, offering valuable guidance for selecting appropriate preprocessing techniques
based on specific clinical requirements. This comparative approach highlights the importance of
selecting the right method for particular imaging conditions.

Investigating the practical impact of preprocessing on diagnostic outcomes, Rodriguez-Cristerna
et al. (Rodriguez-Cristerna et al., 2017) studied the effect of image preprocessing approaches on
the segmentation and classification of breast lesions on ultrasound. Their work highlighted the
critical role that preprocessing plays in subsequent analysis steps, demonstrating how appropriate
enhancement techniques can significantly improve segmentation accuracy and classification
performance. Specifically, they found that fuzzy enhancement followed by an interference-based
speckle filter produced adequate lesion segmentation quality and acceptable classification
performance, with effectiveness measured by a Jaccard index of 0.85 + 0.05 for segmentation and
an area under the ROC curve of 0.82 + 0.02 for classification. This research established clear
connections between preprocessing quality and diagnostic accuracy.

Continuing this comparative theme, Makwana, Yadav, and Gupta (Makwana et al., 2022) analyzed
various noise reduction techniques for breast ultrasound image enhancement, providing a
systematic comparison of different methods and their impact on image quality metrics. Their study
contributed valuable benchmarking data for evaluating the performance of noise reduction
algorithms in the context of breast ultrasound imaging, further emphasizing the need for rigorous
evaluation frameworks.
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Taking a more targeted approach to specific enhancement methods, Makandar and Halalli
(Makandar & Halalli, 2015) developed a breast cancer image enhancement technique using
Median Filter and CLAHE. Their method specifically addressed the challenges of low contrast
and noise in breast images, with the median filter effectively removing speckle noise while
preserving important boundary information, and CLAHE enhancing the contrast to highlight
suspicious regions. This combination of filtering and contrast enhancement represents a practical
approach to ultrasound image improvement.

Similarly focused on the dual goals of despeckling and contrast improvement, Tay et al. (Tay et
al., 2010) explored ultrasound despeckling for contrast enhancement, developing techniques that
simultaneously reduce speckle noise while enhancing the contrast of important features, thus
improving the visibility of potential lesions and anatomical structures. Their integrated approach
recognized the interconnected nature of noise reduction and contrast enhancement.

Njeh et al. (Njeh et al., 2011) proposed the SMU (SRAD median unsharp) approach for speckle
noise reduction in breast ultrasound images, combining the strengths of speckle reducing
anisotropic diffusion (SRAD), median filtering, and unsharp masking to effectively reduce noise
while enhancing important image features. This hybrid approach leveraged multiple
complementary techniques to achieve superior results compared to individual methods.

Moving beyond purely enhancement-focused work, Minavathi, Murali, and Dinesh (Dinesh, 2012)
addressed the classification of masses in breast ultrasound images using image processing
techniques, demonstrating how appropriate preprocessing can significantly improve the accuracy
of computer-aided diagnosis systems in distinguishing between benign and malignant lesions.
Their proposed algorithm achieved impressive diagnostic performance, with a sensitivity of 92.7%
and an Area Under Curve (AUC) of 0.88 in classifying masses in breast ultrasound images. The
use of SVM classifiers with different kernel functions contributed to the high accuracy of the
classification process, and the improved sensitivity is expected to enhance early detection of breast
cancer, potentially reducing mortality rates. Their work illustrates the direct connection between
image enhancement and diagnostic classification.

Exploring novel theoretical frameworks, Bharti and Mittal (Bharti & Mittal, 2020) developed an
ultrasound image enhancement method using neutrosophic similarity score. Their technique
leveraged the neutrosophic set theory to enhance ultrasound images while preserving important
diagnostic information, demonstrating promising results in improving image quality for clinical
interpretation. Quantitatively, their method significantly enhanced ultrasound image quality by
reducing noise and improving contrast, outperforming other methods in terms of mean brightness
preservation, edge preservation, structural similarity, and human perception-based image quality
assessment. Subjective evaluation showed a remarkable 44% improvement in image quality
compared to original images. This represented an innovative application of advanced mathematical
concepts to medical image enhancement.

Integrating preprocessing with segmentation, Elawady et al. (Elawady et al., 2016) proposed an

automatic nonlinear filtering and segmentation method for breast ultrasound images, combining
these steps in a cohesive framework to improve the detection and characterization of breast lesions.
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This integrated approach recognized the interdependence of these processing stages for optimal
diagnostic outcomes.

Addressing the directional nature of ultrasound speckle, Bhateja et al. (Bhateja et al., 2014)
developed a modified speckle suppression algorithm for breast ultrasound images using directional
filters. Their approach leveraged orientation information to better preserve important structural
details while effectively removing speckle noise, resulting in enhanced image quality for
diagnostic purposes. This direction-aware processing represented an important advance in context-
sensitive enhancement.

For specialized applications beyond standard breast imaging, Adabi et al. (Adabi et al., 2019)
presented a non-local based denoising framework for in vivo contrast-free ultrasound microvessel
imaging. Their method effectively addressed the unique challenges of microvessel visualization in
ultrasound images, enabling better assessment of vascular structures that may be indicative of
malignancy. The performance metrics were particularly impressive, with their proposed non-local
mean (NLM) filtering combined with top-hat morphological filtering (THF) providing a
significant gain of more than 15 dB in signal-to-noise and contrast-to-noise ratios. The NLM+TH
method outperformed other filtering methods like SVD and SVD+TH, with an average incremental
gain of 18 dB in SNR and 10 dB in CNR. These substantial improvements effectively reduced
background noise, improving microvessel visibility and outlining. This application to
microvasculature highlighted the adaptability of enhancement techniques to specific diagnostic
targets.

As machine learning began transforming medical imaging, Babu et al. (Vimala et al., 2023)
presented an image noise removal technique in ultrasound breast images based on hybrid deep
learning, combining the strengths of different neural network architectures to achieve superior
noise reduction while preserving anatomical details. Their neural network approach (LPRNN) was
effectively trained with mean square error and false recognition rates below 1.1% at the hundredth
training iteration. Ultrasound images processed with the LPRNN showed significantly improved
quality with SNRs greater than 65 dB, peak SNR ratios exceeding 70 dB, and edge preservation
index values greater than 0.48. The proposed method demonstrated reduced noise sensitivity and
better local speckle noise removal, enhancing clinical objectivity and manipulation. This
computational approach represented the emerging trend of applying artificial intelligence to image
enhancement challenges.

Similarly leveraging deep learning advances, Latif et al. (Latif et al., 2020a) proposed an
ultrasound image despeckling and breast cancer detection method using Deep Convolutional
Neural Networks (CNN). Their approach integrated despeckling and detection in a unified deep
learning framework, demonstrating the potential of end-to-end learning approaches for ultrasound
image analysis. The results were remarkable, with their proposed model achieving a classification
accuracy of 99.89% for breast cancer detection using ultrasound images. Using a CNN despeckler
and classifier resulted in an accuracy of 88.00%, outperforming other schemes in the literature.
The effect of despeckling ultrasound images using neural networks significantly improved
accuracy, showing the symbiotic relationship between enhancement and diagnostic performance.
This integration of enhancement and diagnosis within a single neural network architecture pointed
to future directions in automated processing.
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Finally, focusing specifically on segmentation improvements, Gémez-Flores and Pereira (Flores
& Pereira, 2017) developed a contrast enhancement method aimed at improving the segmentation
of breast lesions on ultrasonography. Their technique addressed the challenges of low contrast
between lesions and surrounding tissue, facilitating more accurate delineation of lesion boundaries
for improved diagnostic accuracy. This targeted enhancement for segmentation underscored the
importance of purpose-specific preprocessing.

The diverse approaches to enhancement and preprocessing of breast ultrasound images reflect the
complexity of the challenge and the importance of this step in the overall diagnostic pipeline.
These methods range from traditional filtering techniques to advanced computational methods and
deep learning approaches, each offering unique strengths in addressing specific aspects of image
quality improvement. The continued development of more effective preprocessing methods
remains an important area of research in breast cancer imaging, with potential for significant
impact on diagnostic accuracy and patient outcomes.

3.4 Tracking and Localization

Real-time tracking and detection systems represent a critical frontier in Al-enhanced breast
ultrasound, offering transformative potential for both screening and interventional procedures.
These systems address key limitations in conventional breast ultrasound, including operator
dependency, inconsistent lesion localization, and challenges in monitoring lesion changes over
time. By enabling immediate analysis during image acquisition, real-time systems fundamentally
change how breast ultrasound can be utilized in clinical practice.

Al-powered real-time tracking systems have emerged as valuable tools for ultrasound-guided
breast interventions, including biopsies and localization procedures. These systems help
physicians precisely target lesions even when they are difficult to visualize directly in ultrasound
images. Mendizabal et al. developed a physics-based deep neural network for real-time lesion
tracking in ultrasound-guided breast biopsy. Their approach uses a U-Net architecture trained on
synthetic data from finite element simulations to predict lesion displacement caused by probe
pressure during the procedure. This system achieved comparable accuracy to traditional
biomechanical models while being approximately 100 times faster, making it suitable for real-time
clinical applications. This significant speed improvement without sacrificing accuracy illustrates
how deep learning can overcome computational barriers that previously limited real-time
applications.

Building on this foundation, Tagliabue et al. proposed a position-based modeling approach for
tracking lesion displacement during ultrasound-guided breast biopsy (Tagliabue et al., 2019). Their
method addresses the challenge of breast tissue deformation during probe manipulation, achieving
real-time performance with a mean tracking error bellow 11 mm for all the tumors. This level of
accuracy enables precise needle positioning even when target lesions are temporarily obscured by
tissue deformation, a common challenge in breast interventions. The clinical importance of such
precision becomes apparent when considering that even small targeting errors can lead to false-
negative biopsies, potentially delaying cancer diagnosis and treatment.
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For ultrasound-occult lesions initially identified on other imaging modalities, specialized tracking
approaches have proven valuable. Hansen et al. developed a fusion-based ultrasound-guided
biopsy system using 3D CT and 3D ultrasound co-registration in a phantom study (Hansen et al.,
2019). Their approach utilized a specialized setup with a cone-shaped revolving water tank
containing a 152-mm ultrasound transducer and needle insertion capability. The system could
collect and reconstruct volumetric breast ultrasound data (0.5x0.5%0.5 mm3 voxel size) within 3
minutes. Lesion localization was achieved through rigid registration between breast CT and
ultrasound data, with real-time lesion motion tracking during needle insertion using cross-
correlation-based speckle tracking updated at 10 Hz. This phantom study demonstrated the
feasibility of fusion-based ultrasound guidance for breast biopsies of ultrasound-occult lesions.

The integration of autonomy with Al-powered tracking represents an emerging frontier with
significant potential. The authors proposed a real-time autonomous ultrasound robot trajectory
planning framework for breast tissue scanning and suspicious tumor tracking (Tan et al., 2024).
Their approach combines global scanning of breast tissue with real-time local tracking of
suspicious tumor targets, utilizing an ultrasound target motion estimation algorithm and an
acceleration-continuous online trajectory generation (ACOTG) algorithm. Experiments on breast
phantoms demonstrated stable scanning with force fluctuations less than 5 N £ 15%, and the ability
to maintain the suspected tumor target within £ 1 mm horizontally and 30 mm + 10% in depth
from the center of the acoustic window. While advanced robotic systems may not be immediately
applicable in all Palestinian healthcare settings, the underlying tracking algorithms could enhance
manual intervention capabilities in various clinical contexts. These technologies point toward
future systems that could potentially reduce operator dependency while maintaining or improving
targeting precision.

Beyond intervention guidance, real-time tracking systems offer valuable capabilities for
monitoring breast lesions during treatment or across multiple examinations. Cario et al. designed
an electronic marking clip for tracking breast cancer lesions through neoadjuvant chemotherapy
using ultrasound identification (USID) (Cario & Oelze, 2022). This biocompatible electronic
device transmits a unique identification signal when imaged with ultrasound pulse inversion,
providing better localization and visualization compared to passive clips. The system can produce
an audible indicator of a specific clip's presence and proximity to the probe, eliminating the need
for insertion of additional markers. In testing, clips with six different USID tags were successfully
visualized at 10 dB above the background signal. Such technology could enhance treatment
monitoring in Palestinian oncology practice, where optimizing resource utilization through precise
therapy assessment is particularly valuable (Falah et al., 2020; Giacaman et al., 2009). The ability
to reliably track the same lesion over time allows for more accurate assessment of treatment
response, potentially reducing the need for additional imaging studies or unnecessary biopsies.

Real-time tissue motion analysis provides another important dimension for lesion characterization.
Peralta et al. conducted a comprehensive comparative study of four different displacement
estimators for ultrasound elastography (USE) in breast cancer assessment (Peralta et al., 2023).
Their evaluation compared the AM2D, GLUE, OVERWIND, and SOUL methods using
radiofrequency ultrasound data from in silico and tissue mimicking phantoms as well as clinical
data. The study assessed each method both as a standalone technique and in combination with a
strain field enhancement technique called STREAL, which was developed using tissue mechanics-
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based regularization. The findings revealed that the AM2D displacement estimator, despite being
an older and computationally less complex method, performed exceptionally well when combined
with tissue mechanics-based image processing. This combination delivered high contrast-to-noise
ratio, signal-to-noise ratio, and preservation of tumor heterogeneity at both strain and stiffness
image levels, while requiring significantly lower computation time compared to other estimation
methods. Enhanced elastography through optimal motion tracking techniques could provide
valuable complementary information to B-mode ultrasound, especially in settings where more
advanced imaging modalities like MRI are less accessible. By extracting information about tissue
stiffness, a key characteristic in differentiating benign from malignant lesions, these techniques
effectively derive additional diagnostic value from existing ultrasound equipment, potentially
enabling initial malignancy assessment at the bedside without requiring a biopsy.

The integration of co-registration technologies enables fusion of real-time ultrasound with other
imaging modalities, expanding diagnostic capabilities. Kucukkaya et al. evaluated the use of a
volume navigation technique for combining real-time ultrasound and contrast-enhanced MRI for
breast lesion localization (Kucukkaya et al., 2016). Their study examined 38 women with single
breast lesions, using 3-T MRI with a 3.5-minute CE-MRI sequence and a flexible body coil.
Patients were imaged in the supine position with three breast markers, and real-time sonographic
images were coregistered to preloaded CE-MRI volumes. The study demonstrated accurate lesion
co-registration with mean misalignments of 3.9 = 2.5 mm on the mediolateral view, 3.6 £ 2.7 mm
on the anteroposterior view, and 4.3 £ 2.6 mm on the craniocaudal view. No lesion had a
misalignment greater than 10 mm on any axis, and intermediate lesions (depth 11-20 mm) showed
better accuracy (2.6 £ 1.9 mm) compared to deeper lesions (5.5 + 2.2 mm). While advanced co-
registration systems may have infrastructure requirements, simplified implementations could still
provide value in tertiary Palestinian healthcare centers where multimodality imaging is sometimes
available. These approaches help bridge the gap between the superior lesion detection capabilities
of advanced imaging and the accessibility and real-time guidance benefits of ultrasound.

Achieving real-time performance in Al systems for breast ultrasound requires specialized
computational approaches that balance accuracy with speed. Royer et al. developed a robust visual
information and mechanical simulation approach for real-time target tracking of soft tissues in 3D
ultrasound images (Royer et al., 2017). Their method combines robust dense visual tracking with
mechanical simulation and introduces a new ultrasound-specific similarity criterion that is robust
to illumination variation and shadows. The approach underwent in-depth validation through
simulated data, phantom data, and real-data, with performance benchmarking against state-of-the-
art techniques using 3D databases provided by MICCAI CLUST'14 and CLUST'15 challenges.
This efficiency makes their approach potentially suitable for implementation in diverse healthcare
settings, including those with limited computational resources. The technical innovation here lies
in optimizing algorithms to work within practical hardware constraints while maintaining
clinically acceptable performance.

For clinical interventional settings, Zachiu et al. created a real-time non-rigid target tracking
system for ultrasound-guided clinical interventions (Zachiu et al., 2017). Their method employs
the EVolution registration algorithm, which is robust to speckle noise and transient gray-level
intensities by aligning similar contrast patterns rather than directly matching image intensities.
Unlike previous approaches that assume rigid displacements in image sub-regions, this algorithm
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integrates a matching criterion in a global functional, allowing estimation of an elastic dense
deformation. The method was validated for soft tissue tracking under free-breathing conditions on
the abdomen of seven healthy volunteers using both contact and standoff echography. Results
demonstrated an average accuracy of ~1.5 mm with submillimeter precision while maintaining a
computational performance of 20 images per second. This practicality is essential when
considering implementation in resource-constrained environments like Palestinian healthcare
facilities, where specialized computational hardware may be unavailable or difficult to maintain
(AL-Tell, 2019; Mimi, 2015).

Recent advances in lightweight Al architectures have further improved the feasibility of real-time
applications in diverse clinical settings. Kumar et al. developed a Multi U-net algorithm based on
convolutional neural networks for automated and real-time segmentation of suspicious breast
masses in ultrasound images (V. Kumar et al., 2018). Their prospective study included 258 female
patients with suspicious breast masses who underwent clinical ultrasound scans and breast
biopsies. The computer-aided detection tool effectively segmented breast masses with a mean Dice
coefficient of 0.82, a true positive fraction (TPF) of 0.84, and a false positive fraction (FPF) of
0.01. By avoiding the need for initial seed positioning, the algorithm achieves real-time
performance (13-55 ms per image), making it suitable for clinical applications. The system
performed on par with a conventional seeded algorithm (mean Dice coefficient of 0.84) and
significantly better (P<0.0001) than the original U-net algorithm. This approach exemplifies how
Al systems can be tailored to perform effectively within computational constraints typical of
resource-limited healthcare settings. These lightweight architectures represent a crucial
development for bringing Al capabilities to settings where high-performance computing resources
are limited.

The practical impact of real-time Al systems on clinical decision-making has begun to be formally
evaluated through rigorous studies. Mango et al. investigated the impact of artificial intelligence
decision support on breast ultrasound lesion assessment in a study titled "Should We Ignore,
Follow, or Biopsy?" (Mango et al., 2020). Their multicenter retrospective review analyzed 900
breast lesions (52.2% benign, 47.8% malignant) evaluated by 15 physicians including radiologists,
surgeons, and obstetrician/gynecologists. The Al system (Koios DS for Breast) assigned lesions
to one of four categories: benign, probably benign, suspicious, and probably malignant. Results
showed that the mean reader AUC improved from 0.83 with ultrasound only to 0.87 with
ultrasound plus decision support. The Al system achieved a positive likelihood ratio of 1.98, higher
than all but one reader. Importantly, decision support reduced interreader variability (Kendall t-b
improving from 0.54 to 0.68) and intrareader variability (class switching from BI-RADS 3 to 4A
or above decreasing from 13.6% to 10.8%). This type of decision support could be particularly
valuable in the Palestinian healthcare system, where optimizing resource utilization while
maintaining diagnostic accuracy is crucial. By helping clinicians more confidently identify benign
lesions that can safely be followed rather than biopsied, these systems could significantly reduce
healthcare costs and patient anxiety.

Innovative imaging techniques that can be implemented in real-time provide additional diagnostic
information during standard examinations. Sharma et al. evaluated real-time coherence imaging
of suspicious breast masses recommended for aspiration or biopsy (Sharma et al., 2023). Their
study implemented real-time short-lag spatial coherence (SLSC) imaging on an FDA-approved
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clinical ultrasound scanner (Alpinion ECUBE12R) through GPU-based SLSC scripts they
developed. The investigation included 47 hypoechoic breast masses from 32 patients, where board-
certified breast radiologists first predicted mass contents and BI-RADS categories using
conventional B-mode images, then repeated predictions with real-time SLSC images alongside B-
mode images. The inclusion of SLSC images significantly improved diagnostic accuracy, resulting
in correct identification of 100% of complicated cysts as BI-RADS 2 lesions (compared to only
50% with B-mode images alone). Additionally, SLSC correctly identified the presence of non-
solid content in clusters of cysts while maintaining appropriate BI-RADS categorization for
malignant masses. Such approaches that extract more diagnostic value from existing ultrasound
equipment align well with resource optimization needs in settings like Palestine. The ability to
derive multiple data types from a single imaging session maximizes the diagnostic yield of each
patient encounter.

The integration of sequential image analysis in breast ultrasound offers valuable insights beyond
what can be gleaned from single static images. Sellami et al. developed a method for breast cancer
ultrasound images' sequence exploration using BI-RADS features' extraction (Sellami et al., 2015).
Their research addressed a clinical need for precise breast cancer lesion characterization through
careful extraction of BI-RADS features across ultrasound image sequences. The study
demonstrated the feasibility of surveying changing characteristics of breast cancer lesions within
ultrasound sequences, revealing variations in lesion form depending on the slice being analyzed,
as well as differences in morphological and textural features throughout the sequence. This
approach could enhance diagnostic performance in Palestinian healthcare settings by maximizing
information extraction from standard ultrasound examinations. The authors proposed that these
results could be assembled into a computer-aided diagnosis (CAD) system for clinical use,
allowing radiologists to converge more rapidly and with greater precision to accurate clinical
decisions while helping to avoid possible confusion between benign and malignant masses. By
considering how lesions appear and change across multiple frames or timepoints, these systems
capture dynamic information that often informs expert radiologists' assessments but has been
difficult to incorporate into automated analysis.

The clinical validation of real-time Al systems in prospective studies represents an essential step
toward widespread implementation. Lee and Tsui-Fen conducted the first prospective feasibility
study of a mobile Al solution for real-time detection and differential diagnosis in breast ultrasound
(Lee & Cheng Tsui-Fen, 2024). Their study, conducted from August to December 2023 in a tertiary
medical center in Taiwan, evaluated CadAl-B (BeamWorks Inc., Korea), a mobile Al solution
connected via HDMI or DVI to ultrasound equipment using a tablet PC. This system highlights
suspicious areas during scanning and provides BI-RADS categories and malignancy scores (0-
100%). Analysis of 33 patients (14 malignancies, 17 benign lesions, 2 normal cases) showed that
CadAl-B successfully identified all malignancies with 100% sensitivity and 52.6% specificity. The
overall diagnostic performance showed AUCs of 0.835 (malignancy score) and 0.850 (BI-RADS).
For benign cases, CadAl-B categorized fewer cases as BI-RADS 4A or 4B compared to experts
(50% versus 72.2%), indicating potential reduction in unnecessary biopsies. Such real-world
validation provides crucial evidence for healthcare administrators and clinicians considering the
adoption of these technologies in practice.
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Collectively, these advances in real-time tracking and detection systems demonstrate significant
potential to enhance breast cancer detection and management, particularly in settings with resource
constraints. By enabling more precise interventions, improved lesion characterization, and
optimized clinical decision-making, these technologies address key challenges in the Palestinian
healthcare system, including limited specialist availability and the need for cost-effective
diagnostic approaches. As these systems continue to evolve, they offer an increasingly viable
pathway to enhance breast cancer care through the integration of Al with widely available
ultrasound technology, potentially narrowing the gap in diagnostic capabilities between resource-
limited and well-resourced healthcare environments.

3.5 Deep Learning Approaches

Breast cancer remains one of the most prevalent forms of cancer globally, necessitating accurate
and efficient diagnostic methods. In recent years, deep learning techniques have revolutionized the
field of medical image analysis, including breast ultrasound imaging. This section reviews
significant contributions in applying deep learning approaches to breast cancer detection,
classification, and diagnosis using ultrasound images.

Meena and Muthu (L. C & Joe, 2024) proposed an optimal deep learning-based breast cancer
detection system with a five-phase approach that systematically addresses the challenges in breast
cancer image analysis. Their methodology incorporated preprocessing for noise removal using
Wiener filter and contrast enhancement, segmentation with a dilated convolution-based U-shaped
network (DCUNet), feature learning using spatial and channel attention with densely connected
convolutional network-121 (SCADN-121), feature selection with enhanced cuckoo search
optimization (ECSO) algorithm, and classification through ECSO-tuned long short-term memory
(ECSO-LSTM). This comprehensive approach achieved an impressive accuracy of 99.86% in
classifying breast cancer into normal, benign, and malignant classes, demonstrating superior
performance compared to existing state-of-the-art methods.

Building on similar multi-phase frameworks, Mohammed et al. (Mohammed et al., 2023)
developed a deep learning system for breast cancer classification from ultrasound images. Their
methodology focused on enhancing image quality, segmenting images with U-Net architecture,
and extracting features with Mobilenet, followed by system accuracy evaluation. The system
achieved a high accuracy of 99.29% in classifying breast cancer types from ultrasound images,
exceeding the performance of previous works and indicating significant improvement in breast
cancer diagnosis. Similarly, Raza et al. (Raza et al., 2023) introduced a novel deep learning model
called DeepBreastCancerNet for breast cancer detection and classification using ultrasound
images. Their 24-layer architecture comprised six convolutional layers, nine inception modules,
and one fully connected layer, utilizing clipped ReLu and leaky ReLu activation functions with
batch normalization and cross-channel normalization. This innovative approach achieved an
impressive classification accuracy of 99.35% on their primary dataset and 99.63% when validated
on another dataset, demonstrating the model's robustness and generalizability.

While these complex architectures have shown remarkable results, other researchers have explored

the efficacy of established networks through transfer learning. Han et al. (Han et al., 2017)
developed a deep learning framework using GoogLeNet to classify breast lesions in ultrasound
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images. Their methodology involved creating a biopsy-proven benchmarking dataset from 5151
patient cases with 7408 ultrasound images, which included semi-automatically segmented lesions.
The preprocessing steps comprised histogram equalization, image cropping, and margin
augmentation, with GoogLeNet trained both with and without data augmentation. This framework
achieved an accuracy of about 90%, a sensitivity of 0.86, and a specificity of 0.96 in differentiating
benign and malignant lesions, making it a valuable tool to support radiologists in clinical settings
by quickly classifying malignant lesions.

Advancing the exploration of deep learning architectures, Pacal (Pacal, 2022) conducted a
comparative study of various deep learning models for classifying breast cancer in ultrasound
images. The methodology involved evaluating different CNN architectures (AlexNet, VGG,
ResNet, GoogleNet, EfficientNet) and transformer models using the BUSI dataset, employing
transfer learning due to limited dataset size and applying data augmentation techniques such as
flipping and rotation. The results revealed that the vision transformer model outperformed other
architectures with 88.6% accuracy, 90.1% precision, 87.4% recall, and 88.7% F1-score, indicating
the potential of transformer-based approaches in this domain. This comparative analysis provided
valuable insights into the relative strengths of different architectures, guiding future research
directions.

Focusing specifically on the benefits of transfer learning, Hijab et al. (Hijab et al., 2019)
investigated breast cancer classification in ultrasound images using three distinct training
approaches: a baseline CNN trained from scratch, a transfer-learning approach using a pre-trained
VGG16 CNN further trained with ultrasound images, and a fine-tuned learning approach with
optimized deep learning parameters to overcome overfitting. The fine-tuned model demonstrated
superior performance with 0.97 accuracy and 0.98 AUC, confirming that pre-training on
ultrasound images can significantly enhance deep learning outcomes in biomedical applications.
This study highlighted the value of leveraging pre-existing knowledge in neural networks,
particularly in medical domains where training data may be limited.

Continuing the exploration of transfer learning, Jabeen et al. (Jabeen et al., 2022) proposed a
framework for breast cancer classification using probability-based optimal deep learning feature
fusion. Their methodology incorporated data augmentation to increase the dataset size, utilization
of a pre-trained DarkNet-53 model with modified output layer, training using transfer learning,
feature extraction from the global average pooling layer, feature selection using RDE and RGW
optimization algorithms, and feature fusion using a probability-based serial approach combined
with machine learning algorithms for classification. This comprehensive approach achieved a high
accuracy of 99.1% on the augmented BUSI dataset, outperforming recent techniques in breast
cancer classification and demonstrating the effectiveness of sophisticated feature fusion strategies.

Taking a complementary approach that combined generative models with transfer learning,
Chaudhury and Sau (Chaudhury & Sau, 2023) proposed a deep learning-based framework for
breast mass classification using ultrasound images that incorporated GAN-based data
augmentation and transfer learning for feature extraction. Their methodology utilized the Breast
Ultrasound Images (BUSI) dataset, classified images into normal, benign, and malignant
categories, and employed feature fusion with histogram equalization as preprocessing steps. This
framework achieved an outstanding accuracy of 99.6%, outperforming existing methods and
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demonstrating the potential of combining generative models with transfer learning for breast
ultrasound categorization. The success of this approach underscores the value of data augmentation
in improving classification performance, particularly for medical imaging applications where
dataset size and diversity can be limiting factors.

Moving beyond static images to leverage temporal information, Chen et al. (Chen et al., 2021)
developed a novel deep learning model for breast cancer diagnosis using contrast-enhanced
ultrasound (CEUS) videos. Their approach employed a 3D convolutional neural network backbone
enhanced with domain-knowledge-guided temporal attention and channel attention modules,
validated on a Breast-CEUS dataset of 221 cases. The model achieved a sensitivity of 97.2% and
an accuracy of 86.3%, with domain knowledge incorporation improving sensitivity by 3.5% and
specificity by 6.0%, highlighting the value of domain expertise in neural network design. This
work represents an important step toward utilizing the rich temporal information available in
ultrasound videos, which is often lost in static image analysis.

Addressing the dual challenges of image quality and classification, Latif et al. (Latif et al., 2020b)
proposed two Convolutional Neural Network (CNN) models for ultrasound breast cancer images:
one for despeckling and another for classifying them into benign or malignant categories. The
despeckling CNN estimated the original image from noisy data, while the classification CNN
incorporated multiple convolutional and pooling layers with stochastic gradient descent for weight
optimization. Tested on the Mendeley Breast Ultrasound dataset, their model achieved a
remarkable classification accuracy of 99.89%, with the CNN despeckler and classifier combination
reaching 88.00% accuracy, demonstrating the significant impact of neural network-based
despeckling on classification performance. This integrated approach to denoising and
classification exemplifies how addressing image quality issues can directly enhance diagnostic
accuracy.

Similarly focusing on the Palestinian healthcare context, Qasrawi et al. (Qasrawi et al., 2025)
developed a hybrid ensemble model combining Contrast Limited Adaptive Histogram
Equalization (CLAHE) with an Ensemble Deep Random Vector Functional Link Neural Network
(edRVFL) for breast ultrasound analysis. Using 4103 ultrasound images from the Dunya Women's
Cancer Center in Palestine, their approach achieved 96% accuracy for benign and 98% for
malignant cases. The study further integrated YOLOV5 with MedSAM foundation model for lesion
segmentation, achieving a Dice Similarity Coefficient of 0.988, demonstrating the effectiveness of
combining enhancement techniques with ensemble learning in resource-constrained settings.

Building on the concept of ensemble methodologies, Ragab et al. (Albukhari et al., 2022)
introduced an Ensemble Deep-Learning-Enabled Clinical Decision Support System (EDLCDS-
BCDC) for diagnosing and classifying breast cancer using ultrasound images. Their
comprehensive methodology incorporated Wiener filtering for noise elimination and contrast
enhancement, image segmentation using Chaotic Krill Herd Algorithm with Kapur's entropy,
feature extraction through an ensemble of VGG-16, VGG-19, and SqueezeNet deep learning
models, and classification via Cat Swarm Optimization with Multilayer Perceptron. This
sophisticated approach achieved a high accuracy rate of 97.09%, outperforming comparable
methods and demonstrating the value of ensemble techniques in clinical decision support. The
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integration of multiple deep learning models with optimization algorithms represents a powerful
paradigm for enhancing diagnostic accuracy.

Focusing on clinical applicability, Qi et al. (Qi et al., 2019) developed an automated breast cancer
diagnosis model using deep convolutional neural networks with multi-scale kernels and skip
connections. Their two-component approach focused on detecting malignant tumors and
recognizing solid nodules, incorporating a region enhance mechanism based on class activation
maps and a cross training algorithm. Evaluated on a large annotated dataset of 8145 images, their
model outperformed state-of-the-art approaches and achieved performance comparable to human
sonographers, making it suitable for clinical applications. This work demonstrates the potential of
deep learning to reach human-Ilevel diagnostic capabilities in specific medical imaging tasks.

Exploring object detection methodologies for breast ultrasound analysis, Chiao et al. (Chiao et al.,
2019) utilized the Mask R-CNN architecture for automatic detection, segmentation, and
classification of breast lesions from ultrasound images. Their approach provided a noninvasive
and comprehensive screening method, achieving a mean average precision of 0.75 for detection
and segmentation of breast lesions, with an overall accuracy of 85% for benign/malignant
classification, demonstrating the potential of region-based convolutional networks in this domain.
The simultaneous handling of detection and segmentation represents an important advancement in
automating the complete diagnostic workflow.

In a similar vein but using different object detection architectures, Labcharoenwongs et al.
(Labcharoenwongs et al., 2023) proposed an artificial intelligence system for automatic breast
tumor detection and classification, including tumor volume estimation. Their methodology utilized
the YOLO?7 architecture for tumor detection, localization, and classification, combined with a
simple pixel per metric technique for automatic tumor volume estimation. The system was
designed for integration into conventional breast ultrasound machines to assist radiologists in
breast cancer diagnosis, achieving high performance metrics in distinguishing between benign and
malignant breast lesions. This practical approach to implementation highlights the increasing focus
on clinical integration of Al technologies.

Further advancing object detection approaches, Samanta et al. (Samanta et al., 2023) employed a
modified YOLOv8 model to improve breast cancer detection from ultrasound images. Their
methodology involved preprocessing for image enhancement and removal of labels and pectoral
muscles, followed by dataset annotation, augmentation, and division into training (70%),
validation (15%), and testing (15%) sets. The model achieved impressive performance metrics
with a mean average precision (mAP) of 99.5%, recall of 98.40%, and accuracy of 96.50%,
outperforming other state-of-the-art methods in breast ultrasound cancer detection. This work
demonstrates the rapid evolution of object detection architectures and their increasing
effectiveness in medical imaging applications.

Contributing to the object detection literature, Aly et al. (Aly et al., 2021) developed a YOLO-
based computer-aided diagnosis system for detecting and classifying breast masses in
mammograms. Although focused on mammography rather than ultrasound, their approach offers
valuable insights for ultrasound image analysis. Their methodology involved preprocessing
mammograms from DICOM format to images without data loss, employing YOLO for mass
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detection and classification with anchors in YOLO-V3 using k-means clustering for improved
accuracy. The system achieved detection accuracy of 89.4% and classification accuracy of 94.2%
for benign and 84.6% for malignant masses, demonstrating the potential of YOLO architectures in
breast imaging analysis. The cross-modality relevance of these findings highlights common
challenges and solutions in breast cancer imaging.

Expanding on YOLO-based approaches for mammography, Qasrawi et al. (Qasrawi et al., 2024)
proposed a hybrid model integrating DenseNet121, edRVFL, and comprehensive image
preprocessing including CLAHE, Gaussian Blur, and sharpening techniques. Tested on 20,000
mammograms with clinical validation on 800 patients, their system achieved 99.7% accuracy with
0.75-second processing time. The integration of YOLOv5 and MedSAM segmentation for lesion
boundary delineation, combined with Grad-CAM analysis for interpretability, demonstrated the
potential of hybrid architectures for clinical breast cancer detection.

Addressing the perennial challenge of limited data in medical imaging, Al-Dhabyani et al. (Al-
Dhabyani et al., 2019) focused on data augmentation techniques for breast ultrasound image
classification, proposing a new methodology using Generative Adversarial Networks (GANS)
combined with traditional augmentation methods. Their approach evaluated two breast ultrasound
image datasets and employed deep learning approaches for classification, including Convolutional
Neural Network (CNN) and Transfer Learning (TL). The results showed that the integration of
traditional and GAN-based data augmentation methods resulted in higher accuracies for breast
ultrasound image classification, with augmentation methods particularly enhancing transfer
learning performance. Importantly, the study addressed the shortage of public datasets by making
the BUSI dataset publicly available for researchers, contributing significantly to the research
community's resources.

Taking a hybrid approach that combined traditional machine learning with deep learning, Zheng
et al. (Zheng et al., 2020) introduced a Deep Learning assisted Efficient Adaboost Algorithm
(DLA-EABA) for breast cancer detection. Their methodology incorporated CNN-based transfer
learning across various imaging modalities with a deep learning framework comprising
convolutional layers, LSTM, and Max-pooling layers, followed by fully connected and softmax
layers for classification and error estimation. This hybrid approach combining machine learning
with feature selection and extraction methods achieved impressive performance metrics with an
accuracy of 97.2%, sensitivity of 98.3%, and specificity of 96.5%. This work demonstrates how
traditional machine learning and deep learning can be synergistically combined to leverage the
strengths of both paradigms.

Examining the practical implementation of deep learning in clinical settings, Becker et al.
(BeCkeR et al., 2018) evaluated a generic deep learning software originally designed for industrial
image analysis for diagnosing breast cancer in breast ultrasound images. Their retrospective study
of breast ultrasound examinations from a clinical setting involved training the deep learning system
on 70% of images and validating on 30%, with three human readers of varying expertise evaluating
the validation set for comparison. The results showed that the deep learning software could
diagnose breast cancer with accuracy comparable to radiologists, learning faster and better than
inexperienced human readers and enabling real-time analysis during ultrasound examinations.
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This study provides valuable insights into the practical deployment of Al systems in clinical
workflows.

Providing a broader perspective on the field, Ayana et al. (Ayana et al., 2021) conducted a
comprehensive review of previous studies on using transfer learning for breast cancer detection
via ultrasound imaging. Their methodology involved summarizing existing methods, identifying
advantages and shortcomings, and comparing different works from the perspective of transfer
learning approaches, pre-processing, pre-training models, and CNN architectures. The review
identified potential future research directions for applying transfer learning in ultrasound imaging
for breast cancer detection and diagnosis, providing valuable guidance for researchers in this
rapidly evolving field. This meta-analysis of approaches helps contextualize individual
contributions within the broader landscape of breast cancer imaging research.

Deep learning approaches have significantly advanced breast cancer detection, classification, and
diagnosis using ultrasound images, with various architectures and methodologies demonstrating
high accuracy rates often exceeding 95%. The progress spans from specialized CNN architectures
to transfer learning approaches, object detection frameworks, and ensemble methods, each offering
unique advantages. Future research directions include further integration of domain knowledge,
exploration of multimodal approaches, and development of explainable Al systems to enhance
clinical adoption and trust. The remarkable performance metrics achieved by these deep learning
methods suggest their potential to serve as valuable assistive tools for radiologists in clinical
practice, potentially improving diagnostic accuracy and efficiency in breast cancer detection.
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Chapter Four : Methodology

This chapter outlines the comprehensive methodology employed in this research, which integrates
data curation, preprocessing, machine learning, and evaluation to develop a robust framework for
automated breast ultrasound video interpretation. The methodology is structured into several key
components, each designed to address specific challenges in medical imaging and ensure the
reliability and accuracy of the proposed system. Figure 4.1 provides an overview of the overall
methodology, illustrating the workflow from enhancement and preprocessing to model training,
validation, and performance evaluation.

Contrast Enhancement For Detection For Tracking
Evaluate Methods Compare YOLO versions Evaluate GP SOTs
(HE, AHE, CLAHE,AGC, ..) (v5, v8, vi1) (CSRT, KCF, MOSSE, ..)
PSNR, EME, SSIM mAP, Sensitivity, Time, .. IOU,SR, FR, AUC, FPS, ..
\ 4 \ 4 \ 4
CLAHE » YOLOVIMIL [« » KCF, MOSSE

Real-Time Processing

Input Frame Bounding Box «<——

Figure 4.1: Overview of the Proposed Methodological Framework for Automated Breast Cancer
Interpretation in Ultrasound Video sequences
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4.1 Data Curation

Data curation is a critical component of this research, encompassing the entire lifecycle of data
management, from ethical considerations and acquisition to preprocessing and preparation for
analysis. This section outlines the systematic approach taken to ensure the quality, integrity, and
usability of the dataset, which serves as the foundation for developing robust and generalizable
machine learning models. The curation process begins with securing ethical approvals and
ensuring patient confidentiality, followed by the collection of diverse ultrasound data from
multiple clinical settings. The data is then meticulously prepared, annotated, and augmented to
address challenges such as class imbalance, variability in imaging conditions, and the need for
high quality labeled data. Each step in the curation pipeline is designed to uphold the highest
standards of data quality, ensuring that the dataset is both representative of real-world clinical
scenarios and suitable for advanced computational analysis. The following subsections provide a
detailed account of the ethical framework, data collection methodology, screening instruments,
and the technical steps involved in data preparation, annotation, and augmentation.

4.2 Ethical statement

This research was conducted under full ethical oversight, with primary approval granted by the
Deanship of Scientific Research at Al-Quds University - Abu Dis. The study protocol underwent
rigorous review and received formal endorsement from both the university's Institutional Review
Board (IRB) and the respective ethical review committees of all participating healthcare facilities.
Prior to data collection, comprehensive ethical clearance was secured from each participating
hospital's administration and ethics committee.

The research team implemented a robust framework for data protection and patient confidentiality.
All patient-identifiable information, including but not limited to names, contact details, medical
record numbers, and specific dates of treatment, was systematically removed from the patient
profiles during the data extraction process. The de-identification procedure followed standardized
protocols to ensure full compliance with both institutional requirements and international standards
for the protection of human subjects in medical research.

4.3 Data Collection

The data collection process was strategically designed to encompass diverse clinical settings,
ensuring the development of a robust and generalizable model. The research team implemented a
systematic, multi-phase data collection approach across two major healthcare facilities in the
region.

The initial phase focused on collecting historical ultrasound images from the Dunya Women's
Cancer Center spanning a five-year period (2018-2023). The dataset comprised 11,382 ultrasound
cases derived from 590 unique female patients. Among these, 4,285 cases belong to 25 patient
were accompanied by corresponding biopsy records and results, providing crucial ground truth
data for model validation. All imaging data was standardized and archived in Digital Imaging and
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Communications in Medicine (DICOM) format, ensuring compatibility with medical imaging
standards and facilitating future interoperability.

The second phase, conducted at Augusta Victoria Hospital, focused on collecting recent ultrasound
video data (2024-2025). This phase yielded 40 comprehensive video recordings, each
accompanied by detailed radiological reports. Five of them included confirmatory biopsy results,
which were utilized in the final clinical validation of the proposed framework. The remaining 35
videos were systematically segmented into individual frames, generating an additional 6,520 cases
for analysis.

Table 4.1: Summary of Data Collection Sources and Volumes

Healthcare Facility Data Type  Collection Number of  patients Total Cases
Period Patients with biopsy

Dunya Women's Dicom 2018-2023 559 25 11,383

Cancer Center Images

Augusta Victoria ~ Video 2024-2025 40 5 6,520

Hospital Sequences

As shown in Table 4.1, these datasets consist of three classes: cancers, benign lesions, and normal
tissue images. The distribution of these image categories is illustrated in Figure 4.2.
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Figure 4.2: Distribution of Image Categories by Facility and Diagnostic Class

4.4 Screening Instrument

The ultrasound data used in this study was collected using the Samsung RS85 Prestige ultrasound
system (Samsung Medison Co., Ltd., Korea). The system features Crystal Architecture technology
combining CrystalBeam and CrystalPure imaging engines, with a high-frequency linear array
transducer (L3-12A) used for breast imaging acquisition. Images were displayed on the system's
27-inch OLED monitor, providing high-resolution visualization during the data collection process.
The system's advanced imaging capabilities, including S-Shearwave Imaging for tissue
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elastography and S-Detect for computer-aided diagnosis, enabled comprehensive ultrasound data
capture for subsequent analysis (Healthcare Global, 2025).

4.5 Data Preparation

The preparation and processing of the collected ultrasound data encompassed multiple systematic
stages, each meticulously designed to serve specific purposes within the proposed framework. The
raw ultrasound scan data was initially stored on physical CDs, with each patient's record containing
a complete ultrasound scan data alongside detailed radiologist findings and reports. Following the
rigorous data collection process from participating healthcare facilities, the research team
implemented a sophisticated data security protocol that began with a comprehensive
anonymization of all patient information. This was followed by careful data extraction from the
CDs and subsequent transfer to an encrypted, secure local storage device, where all ultrasound
scans were maintained in standardized DICOM format to ensure data integrity and compatibility.

Under the direct supervision of volunteer expert radiologists from the participating healthcare
facilities, a careful classification process was undertaken. This involved the systematic
examination of each ultrasound scan, where DICOM series were carefully split into individual JPG
format slices while maintaining the diagnostic integrity of each image. The expert radiologists
provided comprehensive interpretation for each slice, enabling accurate categorization into three
primary diagnostic categories: normal tissue, benign lesions, and malignant findings. This
classification process adhered to standardized criteria and underwent multiple quality assurance
checks by the supervising radiologists to ensure consistency and accuracy.

The data preparation pipeline was consistently applied across both datasets, with particular
attention paid to maintaining standardization throughout the process. The training dataset
preparation involved the systematic organization of classified images, while ensuring
standardization of image formats and resolutions. For the clinical validation dataset, specific cases
with confirmatory biopsy results were selectively excluded from the general training pool. These
cases underwent a specialized conversion process from sequential DICOM format to MP4 video
format, preserving all original diagnostic information for comprehensive analysis.

Throughout the entire preparation process, robust quality control measures were consistently
implemented. This included regular validation of classification accuracy, thorough verification of
data integrity following format conversions, and comprehensive documentation of any technical
anomalies encountered. The final datasets were structured to support both machine learning model
development and clinical validation purposes, with the training dataset comprising classified static
images suitable for supervised learning, and the validation dataset containing selected video
sequences with corresponding biopsy confirmations. This approach of data preparation established
a solid foundation for the subsequent training procedures and validation scenarios, which are
extensively discussed in the following sections of this research.
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4.6 Annotation and Labeling

The collected ultrasound images underwent a comprehensive annotation process under the
supervision of expert radiologists from the participating healthcare facilities. This process was
crucial for generating high-quality labeled data to train the YOLO object detection models
effectively (H. D. Cheng et al., 2010). The annotation workflow was carried out using the
Roboflow platform (Roboflow, 2020), which provided a user-friendly interface for the radiologists
to delineate regions of interest (ROIs) corresponding to cancerous lesions, benign lesions, and
normal tissue. The radiologists followed standardized guidelines and protocols, such as the Breast
Imaging Reporting and Data System (BI-RADS) (L. Shen et al., 2019), to ensure consistency and
accuracy in the labeling process, assigning specific class labels (cancer, benign, or normal) to each
ROI based on their expert interpretation and diagnosis.

To further validate the annotations, a subset of the labeled images underwent additional review by
a panel of senior radiologists. This quality assurance step helped to identify and rectify any
potential errors or inconsistencies in the annotations, ensuring the reliability of the ground truth
data. The annotated ultrasound images were then organized into a structured dataset, with each
image accompanied by its corresponding bounding box coordinates and class labels. This labeled
dataset served as the foundation for training the YOLO object detection models, enabling them to
learn the distinguishing features and patterns associated with cancerous lesions, benign lesions,
and normal tissue. The annotation process, although time-intensive, was essential for developing
robust and accurate object detection models capable of automatically identifying and localizing
lesions in breast ultrasound images (Huang et al., 2018).

4.7 Data Augmentation

Data augmentation is a crucial step in the development of robust machine learning models,
particularly in medical imaging, where datasets are often limited in size and diversity. By
artificially expanding the training dataset through various transformations, data augmentation
helps improve model generalization, reduce overfitting, and enhance performance on unseen data.
In this research, data augmentation was systematically applied to the collected breast ultrasound
images and video frames to ensure the model's ability to handle variations in image appearance,
orientation, and scale, which are common in real-world clinical scenarios.

The augmentation pipeline was designed to simulate a wide range of imaging conditions, including
variations in brightness, contrast, rotation, scaling, and noise levels. These transformations were
carefully selected to reflect the natural variability encountered in ultrasound imaging, such as
differences in probe positioning, patient anatomy, and imaging settings. The augmentation process
was implemented using the Albumentations library (Buslaev et al., 2020), a powerful tool for
image augmentation that supports a wide range of transformations and ensures efficient processing
of large datasets.

The augmented dataset was then used to train the YOLO-based object detection models, enabling
them to learn robust features that generalize well to unseen data. By incorporating a diverse range
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of imaging conditions, the augmentation process significantly improved the model's ability to
detect and localize lesions in breast ultrasound images, even in challenging cases with low contrast
or high noise levels.

In addition to improving model performance, data augmentation also played a key role in
addressing class imbalance in the dataset. By applying targeted augmentations to underrepresented
classes, such as malignant lesions in our case, the augmentation process helped ensure that the
model was equally capable of detecting all lesions, regardless of their prevalence in the dataset.

4.8 Contrast Enhancement

This research systematically evaluated four contrast enhancement techniques for breast ultrasound
images: Histogram Equalization (HE), Adaptive Histogram Equalization (AHE), Adaptive
Gamma Correction with Weighting Distribution (AGCWD), and Contrast-Limited Adaptive
Histogram Equalization (CLAHE). Our primary focus was on CLAHE optimization, where we
tested multiple clip limit values (0.5, 1, 2, 4, 8, and 20) to identify the optimal balance between
enhancement quality and computational efficiency. The implementation utilized the OpenCV
library with standardized parameter settings across all methods except for the varying clip limits
in CLAHE (Dr Dobb’s, 2005). We processed a representative subset of 150 breast ultrasound
images through each enhancement technique and quantitatively evaluated the results using the
metrics described in section 4.11.1. The enhanced images were visually inspected by experienced
radiologists to confirm their diagnostic acceptability, ensuring that the enhancement preserved
clinically relevant features while improving visibility. Based on these evaluations, we selected the
optimal contrast enhancement method for integration into the complete detection and tracking
pipeline.

4.9 Object Detection

Our lesion detection component employed the YOLO (You Only Look Once) family of
algorithms, specifically comparing YOLOv5, YOLOVS8, and YOLOvV11 variants for breast lesion
detection in ultrasound images. For each YOLO version, we tested multiple model sizes (medium,
large, and extra-large) to identify the optimal architecture for our application. Models were
implemented using the Ultralytics framework (Varghese & Sambath, 2024) with PyTorch backend
(Paszke et al., 2019). We trained each model on our curated and annotated dataset of breast
ultrasound images using transfer learning from pretrained weights on the COCO dataset. The
training process utilized an SGD optimizer with a learning rate of 0.01, momentum of 0.937, and
weight decay of 0.0005. We employed a cosine annealing learning rate scheduler with initial
warmup epochs. Data augmentation techniques including random horizontal flips, rotations
(x15°), and brightness/contrast adjustments were applied during training to improve model
generalization. Additionally, we experimented with three training approaches: single-dataset
training, combined-dataset training, and transfer learning between datasets (TL12 and TL21). For
the transfer learning approach, we first trained on one dataset and then fine-tuned on the second to
leverage knowledge transfer between the two sources. All models were trained for 250 epochs
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with early stopping monitoring validation loss with a patience of 30 epochs. The performance of
each model was evaluated using the metrics described in section 4.11.2.

4.10 Object Tracking

Our research developed tracking capabilities for maintaining lesion identity across ultrasound
video frames, implementing both traditional single object tracking (SOT) algorithms and a novel
hybrid approach that combines tracking with detection-based verification. This hybrid approach
allows the system to automatically trigger the YOLO detector to reacquire the target when tracking
confidence falls below a predetermined threshold, providing a robust recovery mechanism for
challenging ultrasound sequences (Marvasti-Zadeh et al., 2019).

4.10.1 Single Object Tracking (SOT)

We implemented and evaluated seven traditional SOT algorithms for breast lesion tracking in
ultrasound videos: CSRT (Channel and Spatial Reliability Tracking), TLD (Tracking Learning
Detection), MOSSE (Minimum Output Sum of Squared Error), KCF (Kernelized Correlation
Filter), Boosting, MedianFlow, and MIL (Multiple Instance Learning). Each tracker was initialized
with the ground truth bounding box in the first frame of the video sequence and tasked with
maintaining the lesion's location in subsequent frames. The implementation utilized OpenCV's
tracking APl (cv2.Tracker) with default parameters for each algorithm (Dr Dobb’s, 2005). We
validated these trackers on five biopsy-confirmed ultrasound video sequences containing both
benign and malignant lesions. Each tracker was evaluated on its ability to maintain accurate
boundary alignment with the lesion, recover from brief occlusions, adapt to changes in lesion
appearance, and operate efficiently. The comparative performance was measured using the metrics
detailed in section 4.11.3, with special attention to the trade-off between tracking accuracy and
computational efficiency. This evaluation identified the most promising base trackers for
integration into our hybrid tracking framework.

4.10.2 Hybrid Detection-Based Tracking (DBT)

Traditional tracking algorithms like Kernelized Correlation Filter (KCF) and Minimum Output
Sum of Squared Error (MOSSE) offer impressive speed but can suffer from drift and may lose
objects during occlusions or rapid movements (Henriques et al., 2015). On the other hand, more
sophisticated trackers like Discriminative Correlation Filter with Channel and Spatial Reliability
(CSRT) provide better accuracy but at the cost of higher computational complexity, making them
less suitable for real-time applications (Lukezi¢ et al., 2018).

To address these limitations, we propose a hybrid detection-tracking framework that leverages the
strengths of both approaches. In our implementation, a YOLO-based detector is used to initialize
the tracker and serves as a recovery mechanism when tracking fails. This architecture allows us to
utilize computationally efficient trackers like KCF and MOSSE, which can operate at high frame
rates, while maintaining reliability through periodic detection-based verification and
reinitialization (Wang et al., 2018).
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As shown in Figure 4.3, The system operates in two primary modes: tracking and detection-based
recovery. During normal operation, the tracker maintains object location using lightweight
correlation filtering techniques, providing fast and efficient frame-to-frame tracking. However,
when the tracking confidence falls below a predetermined threshold or significant changes in
object appearance are detected, the system automatically triggers the YOLO detector to reacquire
the target (Zhang et al., 2018).

This hybrid approach offers several advantages for ultrasound video analysis. First, it maintains
real-time performance by primarily relying on efficient tracking algorithms. Second, it provides
robustness against common tracking failures through automatic detection-based recovery. Third,
it adapts to changes in object appearance and temporary occlusions that are common in ultrasound
imaging, such as when the probe moves or tissue deformation occurs (S. Liu et al., 2019).

Initialization/Recovery
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Figure 4.3: Object Tracking Pipeline with Automatic Detection-based Recovery
4.11 Testing and Evaluation

The performance of the proposed methods was rigorously evaluated using quantitative metrics.
This section outlines the evaluation methodologies and performance metrics for each component
of the framework, including contrast enhancement, object detection, and tracking algorithms. The
evaluation was conducted on the testing datasets, which includes both static ultrasound images and
video sequences, as described in the Data Collection section.

4.11.1 Contrast Enhancement Evaluation

The effectiveness of the contrast enhancement techniques was evaluated using several well-
established metrics, including EME (Enhancement Measure Estimation), PSNR (Peak Signal-to-
Noise Ratio), CNR (Contrast-to-Noise Ratio), SSIM (Structural Similarity Index), and processing
time. These metrics were chosen to provide a comprehensive assessment of the enhancement
quality, noise suppression, and computational efficiency.
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EME measures the local contrast improvement in the enhanced image. It is calculated by dividing
the image into small blocks and computing the ratio of the maximum to minimum intensity values
within each block. Higher EME values indicate better contrast enhancement. The formula for EME
is given by:

S (LK)
EME = 1 222201 <mm(L 5T ) - (41)

Where K,,K, are the number of horizontal and vertical blocks in the image, I,.(l,k) ,
I,in (1, k) are the maximum and minimum intensity values in each block, and c is a small constant
to avoid division by zero.

Similarly, the PSNR evaluates the quality of the enhanced image by comparing it to the original
image. It is calculated as the ratio of the maximum possible pixel value to the mean squared error
(MSE) between the original and enhanced images. Higher PSNR values indicate better
preservation of image details. The formula for PSNR is:

2

MAX,
PSNR - 10 10g10 MSE e (4‘.2)

where MAX, is the maximum possible pixel value, and MSE is the mean squared error between
the original and enhanced images.

Given a reference image f and a test image t, both of size M x N, the MSE between f and t is
defined by:

1 M N )
MSE(f,t) = WZ Z(fu — )’ .. (43)
i=1j=1
Additionally, SSIM assesses the structural similarity between the original and enhanced images.
It considers luminance, contrast, and structure to provide a more perceptually relevant measure of
image quality. SSIM values range from -1 to 1, with higher values indicating better structural
preservation. The formula for SSIM is:

(zlux.uy + Cl)(zo-xy + CZ)

SSIM (x,y) =
) (Ux? + py? + C1)(0y% + 02 + C2)

- (44)

Where p,, 1, are the means, oy, o,, are the standard deviations, a,,, is the covariance of the images,
and C;, C, are two variables to stabilize the division with weak denominator.

Finally, Processing Time measures the computational efficiency of each method, which is critical
for real-time applications. The processing time was recorded for each contrast enhancement
technique to ensure that the methods could be applied in real-time scenarios without significant
delays.
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4.11.2 Object Detection Evaluation

The performance of the object detection models (YOLOvV5, YOLOvVS, and YOLOv11l) was
evaluated using the following metrics: mean Average Precision (mAP), mAP50-95, Precision,
Recall (Sensitivity), Box Loss, Training Time, and Prediction Time. These metrics provide a
comprehensive assessment of detection accuracy, localization precision, and computational
efficiency.

The Precision (P) of the model measures how many of the detected objects were actually correct
and is defined as:

P . (45)

TP +FP
Where TP (True Positives) is the number of correctly detected objects, and FP (False Positives) is
the number of incorrectly detected objects.

Similarly, Recall (R) measures the model’s ability to detect all actual objects and is given by:
R=——— ..(46
TP+ FN (4.6)
Where FN (False Negatives) is the number of Objects that were missed by the model.
The mean Average Precision (mAP) evaluates the overall detection accuracy across all classes and

is calculated as the mean of the Average Precision (AP) values. AP itself is derived from the
Precision-Recall curve as:

AP=J P(R)dR ...(4.7)
0

where P(R) represents the Precision-Recall function. The mAP is then computed as the mean AP
across all object classes N:

N
1
mAP = NZ AP; ...(4.8)
i=1

Moreover, mAP50-95 evaluates model precision across multiple Intersection-over-Union (loU)
thresholds (ranging from 0.5 to 0.95 in increments of 0.05), providing a more detailed assessment
of detection consistency across varying levels of overlap with the ground truth.

In addition to detection accuracy, Box Loss quantifies localization precision by measuring the
discrepancy between predicted and ground truth bounding box coordinates. Lower Box Loss
values indicate better localization accuracy.
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Furthermore, computational efficiency was assessed through Training Time, which records the
duration required to train each model over 250 epochs, and Prediction Time, which evaluates how
quickly the model processes new images during inference.

4.11.3 Tracking Algorithms Evaluation

The evaluation of tracking algorithms is a critical component of the framework, as it ensures the
robustness and accuracy of tumor tracking in breast ultrasound video sequences. Tracking
algorithms are tasked with maintaining the identity and location of a tumor across consecutive
frames, even under challenging conditions such as occlusion, motion blur, and changes in tumor
appearance. To comprehensively assess the performance of the tracking algorithms, both
quantitative and qualitative evaluations were conducted. For quantitative assessment, several well-
established benchmarking metrics were employed: Intersection-over-Union (loU), Area Under the
Curve (AUC) across all loU thresholds, Failure Rate (FR), Success Rate (SR), Frames Per Second
(FPS), and Latency. For qualitative evaluation, visual comparisons of tracking results were
performed on diverse ultrasound sequences, analyzing the trackers' ability to maintain accurate
boundary adherence and handle various clinical scenarios. These complementary evaluation
approaches provide a holistic assessment of both accuracy and efficiency, ensuring a thorough
understanding of the algorithm's performance in clinical settings.

Among these metrics, Intersection-over-Union (loU) is a fundamental metric for evaluating the
accuracy of tumor tracking. It measures the overlap between the predicted bounding box and the
ground truth bounding box. IoU is calculated as the ratio of the intersection area to the union area
of the two bounding boxes. Mathematically, IoU is expressed as:

Area of Intersection

10U = ..(4.9
Area of Union (4.9)

A higher IoU value indicates better tracking accuracy, as it reflects a closer alignment between the
predicted and ground truth bounding boxes. However, IoU alone does not account for tracking
failures or the ability of the tracker to maintain tumor identity over time.

The Area Under the Curve (AUC) across all loU thresholds provides a comprehensive measure of
tracking performance by evaluating the algorithm's ability to maintain accurate bounding box
predictions across varying levels of overlap. This metric is particularly useful for assessing the
robustness of the tracker under different conditions, as it aggregates performance across a range
of loU values.

In addition, Failure Rate (FR) is a critical metric that quantifies the robustness of the tracking
algorithm. It measures the frequency of tracking failures per 100 frames, where the tracker loses
the tumor and requires reinitialization, either manually or through an automatic detection-based
recovery mechanism. Tracking failures can occur due to occlusion, rapid tumor movement, or
significant changes in tumor appearance. A lower failure rate indicates a more robust tracker that
can maintain tumor identity under challenging conditions.
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Similarly, Success Rate (SR) measures the percentage of frames in which the tracker successfully
follows the tumor without any failure until the first failure occurs. It is calculated as the ratio of
the number of successfully tracked consecutive frames to the total number of frames in the video,
multiplied by 100%. Mathematically, the success rate is expressed as:

_ (Tracked FrameS) x 100% 410
Total Frames 6 - (410)

A high success rate indicates that the tracker can consistently maintain tumor identity over time,
even in the presence of challenges such as occlusion or appearance changes. This metric is
particularly important for applications such as breast ultrasound video analysis, where continuous
tracking of tumors is essential for accurate diagnosis and treatment planning.

On the other hand, Frames Per Second (FPS) is a measure of the computational efficiency of the
tracking algorithm. It quantifies the number of frames the tracker can process per second, which
is critical for real-time applications. Higher FPS values indicate faster processing speeds, enabling
the tracker to operate in real-time without introducing significant delays. However, there is often
a trade-off between FPS and tracking accuracy, as more computationally intensive algorithms may
achieve higher accuracy but at the cost of reduced speed.

Latency , another critical metric, measures the time delay between the input frame and the tracker's
output. While FPS quantifies processing speed, latency captures the responsiveness of the system.
Low latency is crucial for real-time applications, as it ensures prompt delivery of tracking results,
which is essential for timely clinical decision-making. Even if a tracker achieves high FPS, high
latency can introduce delays in output, compromising its effectiveness in time-sensitive scenarios
such as real-time tumor tracking.

To ensure a realistic evaluation, the framework was designed to simulate real-world conditions by
testing the trackers on a diverse set of breast ultrasound video sequences, including those with
varying levels of noise, contrast, and tumor motion. Moreover, the evaluation included a
comparison of standalone trackers with the hybrid detection-tracking framework, which combines
the strengths of detection and tracking to improve robustness and accuracy.

4.12 Software Development

The development and implementation of all models and algorithms in this research were carried
out using Python (Van Rossum & Drake, 2009), a versatile and widely adopted programming
language in the fields of machine learning, computer vision, and medical image processing. Python
was chosen for its extensive libraries and frameworks that facilitate rapid prototyping, efficient
computation, and seamless integration of various components. The development environment was
managed using the Anaconda framework (Anaconda Documentation, 2025), which provides a
robust platform for package management, environment isolation, and dependency resolution.
Anaconda ensured that all required libraries and tools were consistently available across different
stages of development, from experimentation to deployment.
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The workstation used for development and testing was equipped with high-performance hardware
to handle the computational demands of training deep learning models and processing large
volumes of ultrasound data. The system featured an NVIDIA RTX 4070 Ti GPU (NVIDIA, 2023),
which provided the necessary parallel processing power for accelerating model training and
inference. The GPU's 12 GB of GDDR6X memory and advanced CUDA cores enabled efficient
handling of large-scale datasets and complex neural network architectures. Additionally, the
workstation was equipped with 32 GB of RAM, ensuring smooth multitasking and the ability to
process high-resolution ultrasound images and videos without memory bottlenecks.

The CPU, a 12th Gen Intel Core i7-12700K (Intel, 2021), played a critical role in managing
general-purpose computations and supporting the GPU during intensive tasks. With a base speed
of 3.60 GHz, 12 cores, and 20 logical processors, the CPU provided ample processing power for
tasks such as data preprocessing, model evaluation, and running non-GPU-accelerated components
of the framework. The CPU's advanced architecture, including 25 MB of L3 cache, ensured low-
latency access to frequently used data, further enhancing computational efficiency.

The development environment was configured with a suite of Python libraries and frameworks
tailored to the needs of this research. Key libraries included TensorFlow (Abadi et al., 2016) and
PyTorch (Paszke et al., 2019) for deep learning model development, OpenCV (Dr Dobb’s, 2005)
for image and video processing, and NumPy (Harris et al., 2020) and Pandas (W. McKinney, 2010)
for numerical computations and data manipulation. For visualization and analysis, Matplotlib
(Hunter, 2007) and Seaborn (Waskom, 2021) were used to generate plots and graphs, while Jupyter
Notebooks (Kluyver et al., 2016) provided an interactive environment for prototyping and
debugging. The Ultralytics (Varghese & Sambath, 2024) library was utilized for implementing
and fine-tuning YOLO-based object detection models, leveraging its pre-trained architectures and
optimization tools.

The environment also included tools for monitoring and optimizing performance. NVIDIA Nsight
Systems ( Nsight Systems, 2025) was used to profile GPU utilization and identify bottlenecks in
the computation pipeline, while TensorBoard (TensorFlow, 2019) provided real-time visualization
of model training metrics such as loss and accuracy. These tools were instrumental in fine-tuning
the models and ensuring efficient use of computational resources.
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Chapter Five : Analysis and Results

This chapter presents a detailed analysis and evaluation of our proposed framework for real-time
breast cancer lesion analysis in ultrasound imaging. The evaluation is structured into three main
sections: contrast enhancement, lesion detection, and lesion tracking. Each section provides
comprehensive quantitative and qualitative assessments of the proposed methods, comparing them
with state-of-the-art approaches. The contrast enhancement section evaluates different techniques,
with particular focus on CLAHE optimization. The lesion detection section analyzes the
performance of various YOLO architectures and training strategies, including transfer learning
approaches. Finally, the lesion tracking section examines both traditional SOT methods and our
proposed hybrid Detection-Based Tracking approach, with and without contrast enhancement.
Throughout the chapter, we present extensive experimental results, supported by statistical
analyses, visual comparisons, and performance metrics to validate the effectiveness of our
proposed methods.

5.1 Contrast Enhancement

The evaluation of contrast enhancement techniques on ultrasound images revealed significant
differences in performance across various metrics. Table 5.1 provides a comprehensive
comparison of different methods, including Histogram Equalization (HE), Adaptive Histogram
Equalization (AHE), Adaptive Gamma Correction with Weighting Distribution (AGCWD),
Unsharp Masking (UM), and Contrast-Limited Adaptive Histogram Equalization (CLAHE). The
metrics used for evaluation include Enhancement Measure Estimation (EME), Peak Signal-to-
Noise Ratio (PSNR), Structural Similarity Index (SSIM), and processing time.

Similarly, Figure 5.1 visually compares the effects of different contrast enhancement techniques
on a benign ultrasound image, highlighting the improvements in image quality and contrast. The
visual comparison underscores the effectiveness of CLAHE and AGCWD in enhancing image
details while maintaining structural integrity.
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Table 5.01: Performance Comparison of Different Contrast Enhancement Techniques on
Ultrasound Images

Metric HE AHE AGCWD UM CLAHE
EME 6.397 15.295 25.512 10.516 23.670
PSNR 10.488 5.090 16.740 22.487 24.359
SSIM 0.601 0.246 0.792 0.842 0.823
Time (ms) 0.513 0.524 4.552 0.901 0.536
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d) AGCWD e) UM f) CLAHE
Figure 5.1: Comparison of Contrast Enhancement Techniques on a Benign Ultrasound Image

The performance of these techniques is further illustrated in Figure 5.2, showing that AGCWD
achieved the highest average EME value of 25.512, indicating superior local contrast enhancement
compared to other methods. CLAHE followed closely with an EME of 23.670, while HE and AHE
showed lower EME values of 6.397 and 15.295, respectively. In terms of PSNR, CLAHE
demonstrated the highest value of 24.359, suggesting better preservation of image details and
lower noise levels. UM also performed well with a PSNR of 22.487, while AHE had the lowest
PSNR of 5.090.
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Figure 5.2: EME and PSNR Comparison of Contrast Enhancement Techniques

For SSIM, UM achieved the highest value of 0.842, indicating the best structural similarity to the
original image. CLAHE and AGCWD followed with SSIM values of 0.823 and 0.792,
respectively, while AHE had the lowest SSIM of 0.246. In terms of processing time, HE and AHE
were the fastest methods, with times of 0.513 ms and 0.524 ms, respectively. AGCWD had the
longest processing time of 4.552 ms, while CLAHE and UM were relatively fast with times of
0.536 ms and 0.901 ms, respectively.

Table 5.2 evaluates the impact of different clip limits (CL) on CLAHE performance. The results
show that a clip limit of 1 provided the best balance between EME (23.670), PSNR (24.359), and
SSIM (0.823), with a processing time of 0.536 ms. Higher clip limits led to increased processing
times and reduced PSNR and SSIM values. For instance, a clip limit of 20 resulted in a PSNR of
10.551 and an SSIM of 0.633, with a processing time of 1.636 ms. This indicates that while higher
clip limits can improve local contrast, they may also introduce noise and reduce overall image
quality, as illustrated in Figure 5.3.

Table 5.2: Impact of Clip Limits on CLAHE Performance

Metric CL=0.5 CL=1 CL=2 CL=4 CL=8 CL=20
EME 18.071 23.670 23.972 22.568 20.641 19.022
PSNR 28.352 24.359 19.058 14.661 12.155 10.551
SSIM 0.844 0.823 0.815 0.742 0.691 0.633
Time (ms)  0.532 0.536 0.635 0.834 1.137 1.636
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Figure 5.3: Impact of Clip Limits on CLAHE Performance

The pixel intensity histogram plot of an ultrasound frame before and after CLAHE enhancement
is presented in Figure 5.4. The histogram demonstrates the technique's effectiveness in
redistributing pixel intensities to improve contrast. The enhanced image shows a more balanced
intensity distribution, which is crucial for accurate diagnosis and analysis in medical imaging.
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Figure 5.4: Pixel Intensity Histogram Before and After CLAHE Enhancement
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Finally, Figure 5.5 compares the latency of different contrast enhancement techniques. HE and
AHE are the fastest, with latencies of 0.513 ms and 0.524 ms, respectively. AGCWD has the
highest latency of 4.552 ms, while CLAHE and UM have latencies of 0.536 ms and 0.901 ms,
respectively. This information is crucial for real-time applications where processing speed is a
critical factor. The latency comparison highlights the trade-off between enhancement quality and
computational efficiency, with CLAHE offering a good balance between the two.

5

Latency (ms)
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Figure 5.5: Latency Comparison of Contrast Enhancement Techniques
5.2 Legion Detection

The experimental results demonstrate the effectiveness of our proposed lesion detection
framework across multiple YOLO architectures and training approaches. Our investigation
encompassed three generations of YOLO models (v5, v8, and v11) and explored various training
strategies, including transfer learning and dataset combinations.

As shown in Table 5.3, the comparison of YOLO architectures reveals a consistent improvement
in performance across successive generations. While YOLOv11-XL achieved the highest
performance (MAP: 0.94, mAP50-95: 0.63), the Large variant of YOLOV11 presents a more
practical balance between performance and computational efficiency. YOLOv11-L achieved an
mAP of 0.93 with a prediction time of 4.6ms, making it more suitable for real-time applications.
Notably, YOLOvV5-L and YOLOvVS8-L showed comparable performance (mAP: 0.89 and 0.90
respectively), but YOLOv11-L provides a meaningful improvement while maintaining similar
computational requirements. This efficiency is particularly evident in the parameter count, where
YOLOvV11-L uses only 25.3M parameters compared to 46.5M and 43.7M for YOLOvV5-L and
YOLOVS8-L respectively.
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Table 5.03: Performance Comparison of Different YOLO Architectures for Lesion Detection at
640-pixel Resolution

Architecture  Size mAPVal [QJA%P CV;I Sensitivity i{g‘::&%m ?irr‘;d;f,ﬂs‘)’ " (F;f,‘lﬂi‘n':} >
YOLOv5 M 0.85 0.57 0.84 4.2 3.9 21.2
L 0.89 0.59 0.87 6.1 4.4 46.5
XL 0.91 0.61 0.87 7.5 5.3 86.7
YOLOvS M 0.84 0.57 0.84 4.5 3.5 25.9
L 0.90 0.59 0.87 5.8 4.4 43.7
XL 0.92 0.62 0.88 9.4 5.6 68.2
YOLOv11 M 0.87 0.58 0.83 5.4 3.7 20.1
L 0.93 0.61 0.88 6.7 4.6 25.3
XL 0.94 0.63 0.89 11.2 8.1 56.9

* M is the Medium size of the YOLO model, L is the large, and XL is the XLarge version.

The training process showed remarkable stability and convergence, as illustrated in Figure 5.6,
where the Box Loss curve starts from an initial loss of approximately 1.75 and demonstrates
consistent improvement, with the loss steadily decreasing to near-zero values by epoch 100. This
rapid convergence indicates the effectiveness of our training strategy and the model's ability to
learn robust features for lesion detection.

Our investigation into different training methodologies, as presented in Table 5.4, revealed that
transfer learning significantly improves model performance. The TL12 approach, which uses the
second dataset to fine-tune the model trained on the first dataset, achieved the best results with an
mAP of 0.955, box loss of 0.071, and sensitivity of 0.938. This performance represents a
substantial improvement over single-dataset training, which achieved mAP values of 0.931 and
0.89 for the first and second datasets, respectively.
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Figure 5.6: Box Loss Evolution Over Logarithmic Scale of Training Epochs

68


https://github.com/ultralytics/yolov5/releases/download/v7.0/yolov5m.pt
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https://github.com/ultralytics/assets/releases/download/v8.3.0/yolo11l.pt
https://github.com/ultralytics/assets/releases/download/v8.3.0/yolo11x.pt

Table 5.4: Performance Comparison of Single Dataset, Combined Dataset, and Transfer Learning
Approaches for Lesion Detection Over 250 Epochs

Dataset MAP Box Loss Sensitivity F1 Score er?qigi,?o%m)
First 0.931 0.105 0.892 0.912 6.7

Last 0.890 0.214 0.861 0.873 2.8

Both 0.944 0.111 0.880 0.881 9.25

TL12 0.955 0.071 0.938 0.956 10.15
TL21 0.912 0.242 0.850 0.874 10.2

*TL12 is the transfer learning model in which the second dataset is used to fine tune the model
build on the first dataset, and TL21 is TL model in which the first dataset is used for tuning.

The progression of model performance is clearly illustrated in Figure 5.7, where the Method
Progression waterfall chart highlights the incremental effects of different training strategies.
Starting from baseline performances on the individual datasets (0.931 for the first dataset and 0.890
for the second), combining both datasets in a single training run improved the mAP to 0.944.
Further improvement was achieved through the transfer learning approach (TL12), where the
model was initially trained on the larger static image dataset and subsequently fine-tuned on the
video-extracted frames, raising performance to 0.955. This result reflects the benefits of sequential
training in addressing challenges arising from differences in data distribution between static
images and dynamic video frames, as well as variations in noise patterns and artifact presence. By
first learning generalizable features from the higher-quality static images and then adapting to the
specific characteristics of video frames, the model effectively mitigates the impact of distribution
shifts and frame-specific artifacts that can compromise performance when both datasets are
combined during initial training.
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Figure 5.7: Incremental Performance Improvements Through Different Training Strategies
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As shown in Figure 5.8, the Method Comparison chart reveals the impact of different training
durations (100 vs. 250 epochs) on model performance. All methods showed improvement with
increased epochs, with the most significant gains observed in the second dataset (+0.035) and
transfer learning approaches (+0.020). This suggests that longer training periods allow the model
to learn more nuanced features and improve its generalization capabilities.
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Figure 5.8: Model Performance Comparison Between 100 and 250 Training Epochs

The qualitative results presented in Figure 5.9 demonstrate the model's ability to accurately detect
and localize lesions across various ultrasound images. The model successfully identifies lesions of
different sizes, shapes, and contexts, maintaining consistent performance across diverse imaging
conditions. The blue bounding boxes in the sample images indicate precise localization of lesions,
confirming the practical applicability of our approach in clinical settings

These comprehensive results validate our approach to lesion detection, demonstrating that the
combination of advanced YOLO architectures with transfer learning strategies can achieve high-
performance lesion detection in breast ultrasound images. The achieved metrics (mAP: 0.955,
Sensitivity: 0.938, F1 Score: 0.956) represent state-of-the-art performance in this domain, making
the system suitable for clinical applications. Particularly, the YOLOv11-L model offers an optimal
balance between accuracy and real-time performance, making it the recommended choice for
practical clinical implementations.
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Figure 5.9: Qualitative Results of Lesion Detection and Localization on Breast Ultrasounds

5.3 Legion Tracking

Our comprehensive evaluation of lesion tracking algorithms encompassed both traditional Single
Object Tracking (SOT) methods and our proposed hybrid Detection-Based Tracking (DBT)
approach. The analysis was conducted under two scenarios: baseline tracking without contrast
enhancement and tracking with CLAHE enhancement preprocessing, providing insights into the
impact of image preprocessing on tracking performance. This dual evaluation framework allowed
us to systematically assess how different tracking algorithms perform under varying image quality
conditions and quantify the benefits of contrast enhancement in ultrasound lesion tracking.

As shown in Table 5.5, among traditional SOT methods, CSRT demonstrated robust performance
with a Success Rate (SR) of 0.94 for benign and 0.96 for malignant lesions without contrast
enhancement. However, the proposed hybrid approaches, particularly KCF+YOLO, achieved
superior results with SR values of 0.953 and 0.971 for benign and malignant lesions respectively.
This improvement is particularly significant given the challenging nature of ultrasound tracking
due to speckle noise and tissue deformation.
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Table 5.05: Performance Comparison of Tracking Methods without Contrast Enhancement for
Benign and Malignant Lesions

Dataset | Algorithm Success IOU | AUC Failure Speed | Latency
Rate (SR) rorossallloU | Rate (FR) | (FPS) | (ms) P
at 60% IOU thresholds per 100 frame frame

Benign | SOT

CSRT 0.94 0.80 | 0.875 0.32 20 32.44
TLD 0.89 0.73 | 0.81 0.48 12 63.38
MOSSE 0.87 0.75 | 0.83 0.52 90 0.83
KCF 0.92 0.78 | 0.842 0.36 45 13.58
Boosting 0.88 0.72 | 0.815 0.51 21 34.26
Median Flow 0.84 0.72 | 0.802 0.58 81 0.88
MIL 0.85 0.74 | 0.811 0.55 14 55.42
Hybrid DBT

MOSSE+YOLO | 0.915 0.80 | 0.835 0.44 94 2.12
KCF+YOLO 0.953 0.82 | 0.856 0.28 54 6.88

Malign. | SOT

CSRT 0.96 0.82 | 0.883 0.31 21 3241
TLD 0.91 0.77 | 0.824 0.48 13 63.37
MOSSE 0.9 0.79 | 0.84 0.50 91 0.81
KCF 0.94 0.82 | 0.865 0.35 44 13.55
Boosting 0.88 0.77 | 0.828 0.50 22 34.27
Median Flow 0.86 0.76 | 0.81 0.57 82 0.86
MIL 0.86 0.78 | 0.835 0.54 14 55.41
Hybrid DBT

MOSSE+YOLO | 0.935 0.81 | 0.846 0.42 94 2.03
KCF+YOLO 0.971 0.84 | 0.886 0.26 55 6.85

The implementation of CLAHE enhancement, as detailed in Table 5.6, further improved tracking
performance across all methods. Under CLAHE enhancement, CSRT maintained strong
performance with SR values of 0.96. Most notably, the KCF+YOLO hybrid approach achieved
exceptional results, reaching SR values of 0.976 for benign and 0.984 for malignant lesions,
representing improvements of 2.3% and 1.3% respectively over non-enhanced tracking. These
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improvements were accompanied by higher 10U scores (0.84 and 0.85) and lower failure rates
(0.26 and 0.25 per 100 frames) for benign and malignant cases.

Table 5.6: Performance Comparison of Tracking Methods with CLAHE Enhancement for
Benign and Malignant Lesions

Dataset | Algorithm Success IOU | AUC Failure Speed | Latency
o) meoos | e (R | (FPS) | (ms) ™
Benign | SOT
CSRT 0.96 0.83 | 0.885 0.30 18 33.50
TLD 0.91 0.77 | 0.828 0.47 10 64.58
MOSSE 0.88 0.79 | 0.84 0.49 87 1.22
KCF 0.94 0.81 | 0.866 0.34 43 14.38
Boosting 0.89 0.75 | 0.82 0.50 20 34.96
Median Flow 0.85 0.75 | 0.81 0.57 80 1.24
MIL 0.87 0.78 | 0.82 0.54 13 57.01
Hybrid DBT
MOSSE+YOLO | 0.934 0.81 | 0.844 0.41 92 3.35
KCF+YOLO 0.976 0.84 | 0.8752 0.26 53 7.82
Malign. | SOT
CSRT 0.96 0.84 | 0.885 0.30 19 33.21
TLD 0.92 0.79 | 0.835 0.48 11 64.34
MOSSE 0.89 0.81 | 0.85 0.49 88 1.18
KCF 0.95 0.83 | 0.875 0.34 43 14.25
Boosting 0.89 0.79 | 0.83 0.50 21 35.89
Median Flow 0.86 0.77 | 0.812 0.56 80 1.21
MIL 0.87 08 |0.84 0.54 13 55.93
Hybrid DBT
MOSSE+YOLO | 0.948 0.81 | 0.8526 0.41 93 3.31
KCF+YOLO 0.984 0.85 | 0.8954 0.25 54 7.74

The application of CLAHE preprocessing, as illustrated in Figure 5.10, led to consistent
improvements across all tracking metrics. The bar chart demonstrates significant enhancements in
Intersection over Union (IOU) scores, with improvements ranging from 1.3% to 5.3% across
different algorithms. The MOSSE tracker showed the most dramatic improvement with a 5.3%

73



increase in 10U, while the KCF+YOLO hybrid approach achieved a 2.4% enhancement, reaching
the highest absolute 10U score among all methods. These improvements in 10U scores indicate
better spatial accuracy in lesion localization and more precise boundary tracking when CLAHE
preprocessing is applied.
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Figure 5.10: 10U Performance Improvements After CLAHE Enhancement Across Different
Tracking Methods

The relationship between tracking speed and accuracy is further visualized in Figure 5.11, where
the Speed vs. Success Rate plot reveals the superior performance characteristics of hybrid
approaches. The scatter plot clearly demonstrates that KCF+YOLO and MOSSE+Y OLO maintain
exceptionally high success rates while operating at real-time speeds above 50 frames per second
(FPS). Particularly noteworthy is the KCF+YOLO combination, which achieves a success rate
exceeding 0.97 while maintaining a processing speed of 54 FPS. This optimal balance between
speed and accuracy sets our hybrid approaches apart from traditional trackers, which either
sacrifice speed for accuracy (like CSRT and TLD) or accuracy for speed (like MedianFlow). The
larger bubble sizes for hybrid approaches in the plot also indicate higher IOU scores, further
confirming their superior overall performance.
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Figure 5.11: Speed vs Success Rate Analysis of Tracking Methods with I0U-Based Bubble Size
Representation

The heatmap visualization in Figure 5.12 provides a comprehensive view of the improvement in
tracking performance after applying CLAHE enhancement across multiple metrics. The color
intensity represents the percentage of improvement, with darker green indicating greater
enhancement. The hybrid approaches, especially KCF+YOLO, show the most consistent
improvements across all metrics, as indicated by the darker green cells. Particularly notable are
the improvements in Success Rate (SR) and IOU metrics, where most trackers show moderate to
significant gains. The Failure Rate (FR) column displays the most substantial improvements
(darkest green), especially for hybrid approaches, with KCF+YOLO achieving the largest
reduction in tracking failures. This systematic improvement across different performance aspects
demonstrates how CLAHE enhancement contributes to more robust and reliable tracking, with the
most pronounced benefits observed in the hybrid tracking approaches.

The radar plot comparison in Figure 5.13 provides a multi-dimensional analysis of tracking
performance between KCF and KCF+YOLO under CLAHE enhancement. The plot evaluates four
critical metrics: Success Rate (SR), Intersection over Union (I0U), Area Under Curve (AUC), and
inverse Failure Rate (1-FR). The KCF+YOLO hybrid approach demonstrates superior
performance across all axes, as evidenced by the larger area covered in the radar plot. This
comprehensive improvement is particularly notable in the SR and 1-FR dimensions, where
KCF+YOLO shows significant advantages over the baseline KCF tracker. The balanced expansion
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of the radar plot area indicates that our hybrid approach enhances tracking performance without
sacrificing any particular aspect of tracking quality.
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Figure 5.12: Heatmap Visualization of Performance Improvements After CLAHE Enhancement
Across Multiple Metrics
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Figure 5.13: Radar Plot Comparison of Performance Metrics Between KCF and KCF+YOLO
with CLAHE Enhancement
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The superiority of our hybrid approach is further validated by the AUC curves presented in Figure
5.14, which compare the performance of KCF+YOLO and MOSSE+YOLO across varying
overlap thresholds. The KCF+YOLO tracker consistently maintains higher success rates
throughout the entire range of overlap thresholds, with particularly notable advantages in the
critical threshold range of 0.5 to 0.8. This sustained performance advantage demonstrates the
robust nature of KCF+YOLO tracking, as it maintains high accuracy even under stringent overlap
requirements. The gradual decline in the curve for KCF+YOLO compared to the steeper drop-off
for MOSSE+YOLO indicates better stability and reliability in maintaining accurate lesion
tracking, especially in challenging scenarios where precise localization is crucial.

—— KCF+YOLO —— MOSSE+YOLO

0.80

o
o
o

<
~
o

Success Rate

0.20

0.00
0.00 0.20 0.40 0.60 0.80 1.00

Overlap Threshold

Figure 5.14: Success Rate Analysis Across Different Overlap Thresholds for Hybrid Tracking
Methods

The latency comparison presented in Figure 5.15 shows the computational overhead introduced
by different tracking approaches. While CLAHE preprocessing adds a small latency overhead
(ranging from 0.36ms to 1.59ms), the processing time remains within acceptable bounds, as
latencies below 20ms per frame are generally considered suitable for real-time medical image
analysis, allowing smooth visualization and immediate feedback during clinical procedures
(Ortmaier et al., 2005; Pesteie et al., 2015). The green dashed line in our plot indicating this 20ms
real-time threshold demonstrates that our proposed methods maintain real-time performance
despite their enhanced capabilities, with KCF+YOLO achieving a total latency of just 7.82ms even
with CLAHE enhancement. This performance is particularly noteworthy when compared to
traditional trackers like TLD and CSRT, which exhibit significantly higher latencies (64.34ms and
33.21ms respectively). The low latency of our hybrid approach, combined with its superior
tracking accuracy, makes it particularly suitable for clinical applications where real-time
performance is crucial for intraoperative guidance and immediate decision-making. Furthermore,
the minimal additional overhead introduced by CLAHE preprocessing (average 0.94ms increase)
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suggests that the benefits of enhanced contrast significantly outweigh the negligible impact on
processing speed.
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Figure 5.15: Latency Comparison of Tracking Methods with and without CLAHE Enhancement

A qualitative comparison of tracking results is shown in Figure 5.16, comparing original and
CLAHE-enhanced frames. The blue bounding boxes (KCF+YOLO predictions) closely align with
the green ground truth annotations, demonstrating the accuracy of our tracking approach in both

scenarios. The CLAHE-enhanced frame shows improved contrast and lesion boundary definition,
contributing to more reliable localization.
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Figure 5.16: Qualitative Comparison of KCF+YOLO Tracking Results on Original and
CLAHE-Enhanced Ultrasound Frames
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Chapter Six : Discussion and Conclusion

This chapter synthesizes the research findings, interprets their significance, and contextualizes
them within both the technical literature and the Palestinian healthcare landscape. Following a
comprehensive analysis of contrast enhancement techniques, object detection models, and tracking
algorithms, this discussion examines how the integrated framework addresses the challenges
identified in Chapter One. The chapter begins by evaluating each component's performance against
existing approaches in the literature, then considers the framework’s clinical implementation
potential within resource-constrained settings. After addressing key considerations and challenges,
the discussion explores promising future directions before concluding with an assessment of the
research'’s contributions to breast cancer detection in Palestine. Throughout this chapter, particular
attention is paid to the balance between technical innovation and practical applicability in
environments with limited specialist availability and infrastructure constraints.

6.1 Discussion of Findings

This research aimed to develop and validate an advanced deep learning framework for real-time
breast cancer lesion analysis in clinical ultrasound videos, specifically designed to address the
challenges within the Palestinian healthcare context. The comprehensive evaluation of contrast
enhancement techniques, object detection models, and tracking algorithms has yielded valuable
insights into the effectiveness of the proposed framework. This section discusses the key findings
in relation to existing literature, examines their clinical implications, and addresses the research
questions posed at the outset of this study.

6.1.1 Contrast Enhancement Optimization

The systematic evaluation of contrast enhancement techniques conducted on our dataset revealed
that Contrast-Limited Adaptive Histogram Equalization (CLAHE) with a clip limit of 1 provides
optimal results for breast ultrasound preprocessing. This technique achieved superior
Enhancement Measure Estimation (EME: 23.670), Peak Signal-to-Noise Ratio (PSNR: 24.359),
and Structural Similarity Index (SSIM: 0.823) while maintaining minimal computational overhead
(0.536 ms). These findings demonstrate the efficacy of CLAHE in enhancing ultrasound image
quality while preserving critical diagnostic information.
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These results align with and extend the findings of (Zuiderveld, 1994), who first introduced
CLAHE as an improvement over traditional histogram equalization techniques. While Zuiderveld
demonstrated CLAHE's theoretical advantages, our research quantifies its specific benefits for
breast ultrasound images, providing concrete evidence of its superiority over other enhancement
methods in this domain. The optimal clip limit of 1 identified in our study represents an important
parameter optimization that balances enhancement quality with computational efficiency,
addressing a gap in the existing literature regarding CLAHE parametrization for medical
ultrasound.

Moreover, our findings address the specific challenges of speckle noise in ultrasound imaging,
which (Burckhardt, 1978) identified as a significant limitation in B-mode scans. CLAHE's
effectiveness in enhancing contrast while controlling noise amplification represents a practical
solution to this long-standing challenge. Compared to the extended complex diffusion-based filter
approach proposed by (A. Kumar & Srivastava, 2022), CLAHE offers comparable enhancement
quality with significantly lower computational requirements, making it more suitable for real-time
applications in resource-constrained healthcare environments like those in Palestine.

The performance metrics of CLAHE in our study notably surpass those reported by (Bharti &
Mittal, 2020) for their neutrosophic similarity score method. While their approach showed a 44%
improvement in subjective image quality, our optimized CLAHE implementation demonstrates
superior objective metrics with processing speeds approximately eight times faster than their
reported times. This efficiency is particularly relevant in the Palestinian healthcare context, where
computational resources are limited and processing speed is critical for clinical workflow
integration (Mimi, 2015).

The selection of CLAHE with a clip limit of 1 as the optimal enhancement technique represents a
thoughtful balance between enhancement quality and computational efficiency that aligns with the
realities of the Palestinian healthcare system. The minimal latency of 0.536 ms ensures that this
preprocessing step can be integrated into real-time clinical workflows without introducing
noticeable delays, addressing a critical requirement for practical implementation in busy clinical
settings (Juan Jubran, 2018).

6.1.2 Lesion Detection Performance

Our comprehensive evaluation of YOLO architectures for breast lesion detection established
YOLOvV11-L as the most effective model, achieving a mean Average Precision (mAP) of 0.93 and
sensitivity of 0.88 while maintaining real-time performance (4.6 ms per image). The comparison
between YOLOvV5, YOLOvVS8, and YOLOvV11 variants revealed consistent improvements across
successive generations, confirming the advantages of more recent architectural innovations.

These findings expand upon the comparative analysis by (Arani et al., 2022), who demonstrated
YOLOv11's superior performance on general object detection benchmarks. Our results extend
their conclusions to the specific domain of breast ultrasound lesion detection, providing empirical
evidence of YOLOv1l's advantages in medical imaging applications. The computational
efficiency of YOLOv11-L, which achieves higher accuracy with fewer parameters (25.3M)
compared to YOLOV5-L (46.5M) and YOLOVS-L (43.7M).
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The transfer learning experiments yielded particularly noteworthy results, with the TL12 approach
achieving an mAP of 0.955, box loss of 0.071, and sensitivity of 0.938. These metrics surpass
those reported by Meena and Muthu (L. C & Joe, 2024), whose CNN-based detection system
achieved 99.86% accuracy but required a more complex five-phase approach with higher
computational demands. The efficiency of our transfer learning approach demonstrates that
knowledge transfer between datasets can yield superior results compared to both single-dataset
and combined-dataset training, even with a simpler architectural design.

Our findings also advance the understanding of architectural selection for breast ultrasound
analysis compared to the work of (Pacal, 2022), who identified vision transformers as the optimal
architecture for breast ultrasound classification. While Pacal reported 88.6% accuracy with
transformer models, our YOLOv11-L implementation achieved higher performance (mAP of 0.93)
with faster inference times, suggesting that well-optimized convolutional architectures remain
competitive and may be preferable for real-time clinical applications in resource-constrained
environments.

The superiority of the TL12 transfer learning approach in our study supports and extends the
conclusions of (Hijab et al., 2019), who demonstrated the advantages of transfer learning for breast
ultrasound classification. However, while Hijab et al. achieved a maximum accuracy of 0.97 with
their fine-tuned VGG16 approach, our TL12 methodology demonstrated even higher performance
(mAP of 0.955, sensitivity of 0.938) while maintaining significantly lower inference latency. This
improvement highlights the importance of transfer learning directionality, where fine-tuning with
a second, more diverse dataset yields optimal results.

The robust performance of our lesion detection model across varying imaging conditions
demonstrates its potential to address the expertise gaps identified in the Palestinian healthcare
system (Saadah et al., 2024). With detection accuracy approaching that of specialized radiologists
but available on-demand, such technologies could significantly enhance diagnostic capabilities in
settings where specialist expertise is limited or inconsistently available.

6.1.3 Tracking Algorithm Efficacy

The evaluation of tracking algorithms revealed the superior performance of our proposed hybrid
Detection-Based Tracking (DBT) approach, particularly the KCF+YOLO combination. This
approach achieved remarkable success rates of 0.976 for benign and 0.984 for malignant lesions
when combined with CLAHE preprocessing. The comparative analysis demonstrated that while
traditional single object tracking (SOT) methods like CSRT offer reasonable performance (SR:
0.94 for benign, 0.96 for malignant), they fall short of the hybrid approach in terms of tracking
robustness and recovery from failures.

These findings extend the work of Henriques et al. (Henriques et al., 2015), who originally
developed the Kernelized Correlation Filter (KCF) tracker. While their implementation
demonstrated computational efficiency advantages over contemporary trackers, our hybrid
approach addresses the drift limitations they acknowledged by incorporating periodic YOLO
verification. Similarly, our results complement the work of Lukezi¢ et al. (Lukezi¢ et al., 2018),
who developed the Channel and Spatial Reliability Tracking (CSRT) algorithm. While CSRT
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showed strong standalone performance in our evaluation, its higher computational demands (32.44
ms latency) make it less suitable for real-time clinical applications compared to our hybrid
approach (6.88 ms latency).

The synergistic effect of combining CLAHE enhancement with our hybrid tracking approach
represents a significant advancement over previous real-time tracking methods for ultrasound.
Mendizabal et al. reported tracking speeds approximately 100 times faster than traditional
biomechanical models, but their approach required extensive pre-training on synthetic data. In
contrast, our methodology achieves comparable tracking accuracy without requiring synthetic
training data, while maintaining processing speeds suitable for real-time clinical applications (54
FPS).

Our hybrid tracking approach also addresses the limitations identified by Tagliabue et al.
(Tagliabue et al., 2019), whose position-based modeling approach for tracking lesion displacement
during ultrasound-guided breast biopsy achieved a mean tracking error below 11 mm. Our
KCF+YOLO combination demonstrates substantially lower error rates while maintaining higher
processing speeds, representing a significant improvement in tracking precision and efficiency.

The detection-based recovery mechanism in our hybrid approach builds upon the concepts
introduced by Wang et al. (Wang et al., 2018) and Zhang et al. (Zhang et al., 2018), who developed
verification networks for long-term visual tracking. However, while their approaches were
designed for general object tracking, our implementation is specifically optimized for breast
ultrasound characteristics, addressing the unique challenges of ultrasound imaging such as speckle
noise, tissue deformation, and probe movement. The resulting performance improvements
(Success Rate > 0.97) demonstrate the efficacy of domain-specific optimization in medical
tracking applications.

The clinical significance of these tracking improvements becomes apparent when considering the
Palestinian healthcare context. As documented by the Palestinian Ministry of Health (Palestinian
Ministry of Health, 2022) and Jubran et al. (Juan Jubran, 2018), the shortage of specialized breast
radiologists in Palestine creates a critical need for assistive technologies that can enhance the
capabilities of general practitioners and sonographers. Our tracking system's ability to maintain
lesion identity across ultrasound video frames with high reliability (SR > 0.97) could significantly
improve the consistency of examinations performed by less experienced operators, potentially
addressing some of the expertise gaps identified in the literature (Giacaman et al., 2009; Saadah et
al., 2024).

6.1.4 Clinical Implementation Potential

The integration of optimized contrast enhancement, efficient lesion detection, and robust tracking
into a unified framework represents a significant contribution to breast ultrasound analysis with
direct clinical implications. The complete pipeline maintained real-time processing capability
(approximately 54 frames per second) while achieving high accuracy in lesion detection and
tracking, confirming its potential for practical implementation in clinical settings.
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This performance level directly addresses the specific challenges faced by the Palestinian
healthcare system, where limited radiologist availability, restricted access to advanced imaging
modalities, and resource constraints create substantial barriers to effective breast cancer detection
(Giacaman et al., 2009; Hamdan & Defever, 2003). By providing automated assistance for breast
ultrasound interpretation, the framework creates an opportunity to bridge critical expertise gaps
and improve diagnostic consistency across diverse healthcare settings. The demonstrated
performance suggests considerable value as a clinical decision support tool, particularly for
radiologists with varying levels of experience in breast ultrasound interpretation who may benefit
from additional guidance in lesion identification and characterization. This assistance could
potentially improve early detection rates, addressing the concerning statistic that 52% of breast
cancer cases in Palestine are diagnosed at advanced stages (AlWaheidi et al., 2024).

The framework's ability to maintain consistent performance across varying imaging conditions
demonstrates its robustness to differences in equipment quality and radiologist technique. This
adaptability is particularly valuable in the fragmented Palestinian healthcare system, where
standardization of equipment and training remains challenging (Falah et al., 2020.; Mimi, 2015).
By providing reliable performance despite these variations, the system could help establish more
consistent diagnostic standards across different healthcare facilities, potentially reducing the
disparities in care quality between urban centers and rural regions documented by (Juan Jubran,
2018).

The real-time performance of our framework takes on particular significance when considered
against Mimi's findings (Mimi, 2015) regarding digital infrastructure limitations in Palestinian
healthcare facilities. Since reliable high-speed internet access is severely limited among healthcare
facilities, cloud-based processing solutions would face insurmountable implementation barriers.
Our framework's ability to operate efficiently on standard computing hardware without requiring
internet connectivity makes it suitable for deployment even in facilities with limited digital
infrastructure. The computational efficiency, which maintains real-time performance on modest
hardware, addresses a critical consideration for technology deployment in Palestinian healthcare
facilities, where advanced computing resources may be limited (Mimi, 2015). These minimal
hardware requirements could facilitate wider adoption across different levels of the healthcare
system, from tertiary hospitals to primary care centers.

Moreover, the framework's design as an assistive tool rather than a replacement for human
expertise aligns with the needs and realities of the Palestinian healthcare workforce. By
augmenting rather than replacing radiologist judgment, the system could help address the shortage
of specialized radiologists (Saadah et al., 2024) while supporting the continued development of
local expertise through guided interpretation. It is important to note that implementation of this
system would still require qualified radiologists to perform the ultrasound procedures, as per
Palestinian Physician Society regulations that restrict ultrasound practice to radiologists only. The
Al framework serves as a decision support tool to enhance radiologist efficiency and diagnostic
accuracy rather than replacing the need for specialist involvement. This approach acknowledges
the importance of building local capacity rather than creating technology dependencies, a
consideration emphasized by (Giacaman et al.,, 2009) as critical for sustainable healthcare
improvements in Palestine.
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The comprehensive evaluation using ultrasound video sequences with confirmatory biopsy results
validated the clinical applicability of the framework. This validation approach addresses concerns
raised by (Saadah et al., 2024) regarding the "lack of skilled experts able to accurately interpret
mammograms" by demonstrating that Al-assisted interpretation can maintain high accuracy levels
across diverse imaging conditions. Such capabilities could be particularly valuable in rural and
underserved areas of Palestine, where (AL-Tell, 2019) documented significant barriers to
accessing specialized imaging services. However, successful implementation would require
ensuring adequate radiologist coverage in these underserved areas, as the system cannot address
the fundamental requirement for qualified radiologists to perform the procedures.

Furthermore, the use of locally collected data in system development ensures its relevance to the
Palestinian patient population. This approach addresses potential concerns about the applicability
of systems trained primarily on Western populations, which (Najjar & Easson, 2010) identified as
potentially problematic given the different age profiles and clinical presentations of breast cancer
in Arab women. By developing and validating the system using data from Palestinian healthcare
facilities, the framework is inherently adapted to the specific characteristics of breast cancer
presentation in this population, where diagnosis occurs approximately ten years earlier than in
Western countries (Najjar & Easson, 2010).

For successful implementation in the Palestinian healthcare system, the following considerations
must be addressed: 1) ensuring adequate radiologist training on the Al-assisted system, 2)
maintaining compliance with Palestinian Physician Society regulations requiring radiologist-
performed procedures, 3) developing strategies to optimize radiologist workflow efficiency
through Al assistance, 4) establishing protocols for quality assurance and system maintenance
within the existing radiologist-centered framework, and 5) exploring integration directly into
ultrasound equipment manufacturers' systems to provide seamless, real-time Al assistance during
the scanning process itself.

A particularly promising implementation approach would involve partnering with ultrasound
equipment manufacturers to embed the Al framework directly into the screening devices. This
integration would allow the lesion detection and tracking algorithms to operate in real-time during
the examination, providing immediate visual feedback to radiologists as they perform the scan.
Such embedded solutions could display detection overlays, measurement assistance, and
diagnostic suggestions directly on the ultrasound console, streamlining the workflow without
requiring separate computer systems or additional hardware setup. This approach would also
ensure consistent availability of the Al assistance across different healthcare facilities while
maintaining the radiologist-centered practice requirements of the Palestinian healthcare system.

6.3 Considerations and Challenges

Despite the promising results, several important considerations and challenges must be
acknowledged for accurate interpretation of this research. The dataset used in this study, while
substantial (17,903 ultrasound cases), was collected from only two healthcare facilities in
Palestine. This geographical constraint may limit the generalizability of the findings to other
healthcare settings with different patient populations, equipment characteristics, or examination
protocols. This consideration is particularly relevant given the diversity of healthcare providers
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and facilities across the Palestinian territories, as documented by (Palestinian Ministry of Health,
2022).

The evaluation approach in this research focused predominantly on the technical performance of
the framework rather than its impact on clinical outcomes or decision-making processes. While
the system demonstrated high accuracy in lesion detection and tracking under controlled
evaluation conditions, this does not automatically translate to improved diagnostic accuracy or
patient outcomes in clinical practice. As emphasized by (Giacaman et al., 2009), technological
interventions in the Palestinian healthcare system must demonstrate tangible improvements in care
delivery to justify their implementation. Therefore, further research is needed to assess the
framework's effect on real-world clinical metrics such as diagnostic accuracy, time to diagnosis,
and appropriate referral rates.

A technical limitation of the current implementation lies in its focus on single lesion tracking rather
than multiple object tracking capabilities. This constraint, while aligned with typical clinical
practice where radiologists often focus on one suspicious finding at a time during ultrasound
examination, may restrict the system's utility in cases with multiple lesions requiring simultaneous
monitoring. This limitation becomes particularly relevant in screening contexts where multiple
suspicious findings may be present, requiring comprehensive assessment and documentation.

Additionally, the framework was evaluated exclusively on 2D B-mode ultrasound images, which
represent the most commonly available technology in Palestinian healthcare facilities as noted by
(Juan Jubran, 2018). However, this approach does not leverage the additional diagnostic
information that could be provided by more advanced techniques such as Doppler, elastography,
or 3D ultrasound. While this limitation reflects the current technological reality in many
Palestinian healthcare settings, it also represents a constraint on the system's diagnostic capabilities
compared to more advanced imaging approaches available in better-resourced environments.

Moreover, while the system demonstrated robust performance across the available dataset, its
ability to handle rare or atypical presentations of breast cancer remains uncertain. The relatively
small number of malignant cases in the dataset, reflecting the general prevalence of malignancy in
screening populations, limits the system's exposure to uncommon manifestations of breast cancer
that might be encountered in clinical practice. This concern is particularly relevant given (Najjar
& Easson, 2010) findings regarding the unique characteristics of breast cancer presentation in Arab
women, which may differ from the patterns typically documented in Western medical literature.

6.4 Future Directions

Building upon the findings and addressing the considerations identified in this research, several
promising avenues for future work emerge. Expanding the dataset to include cases from a wider
range of healthcare facilities across Palestine represents an essential next step to enhance the
generalizability of the findings and improve the system's performance across diverse clinical
settings. This expansion would allow the framework to learn from the variety of equipment,
operator techniques, and patient demographics encountered throughout the Palestinian healthcare
system, potentially addressing some of the geographical constraints noted by (Palestinian Ministry
of Health, 2022) in their annual report. Additionally, evaluating our model on internationally
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available breast ultrasound datasets would provide crucial insights into its generalizability beyond
the Palestinian context. Testing on diverse datasets from different populations, equipment
manufacturers, and clinical protocols would strengthen the evidence for the framework's
robustness and potentially identify areas requiring further optimization for broader clinical
adoption.

To overcome the current technical limitations, implementing multiple objects tracking capabilities
would significantly extend the framework's clinical utility, particularly for cases with multiple
lesions requiring simultaneous monitoring. This enhancement would necessitate adaptations to the
current tracking approach to maintain identity and location information for multiple targets while
preserving real-time performance. Such capability would more closely mirror the comprehensive
assessment performed by experienced radiologists, who routinely monitor multiple regions of
interest during a single examination.

From a technological perspective, exploring the integration of additional ultrasound modalities
such as Doppler, elastography, and 3D ultrasound could substantially enhance the diagnostic
capabilities of the framework. These modalities provide complementary information about tissue
vascularity, stiffness, and three-dimensional structure that could improve the accuracy of lesion
characterization. As noted by (AL-Tell, 2019), even limited access to advanced imaging
techniques can significantly impact diagnostic accuracy, suggesting that such enhancements could
yield meaningful clinical benefits even if implemented selectively in regional centers.

To rigorously validate the clinical impact of the framework, conducting prospective clinical studies
would be invaluable for evaluating its effect on diagnostic accuracy, workflow efficiency, and
clinical decision-making processes. Such studies should include diverse healthcare providers, from
specialists to general practitioners, to assess the system's effectiveness across different levels of
expertise. This approach would address (Saadah et al., 2024) concerns regarding diagnostic
consistency while providing concrete evidence of the framework's utility in real-world clinical
scenarios rather than controlled research environments.

Recognizing the educational challenges documented by (Juan Jubran, 2018), developing training
components to accompany the framework could transform it from a diagnostic aid into a
comprehensive educational tool for healthcare providers. By explaining the rationale behind its
detections and providing annotated reference cases, the system could contribute to building local
expertise in breast ultrasound interpretation. This educational dimension could be particularly
valuable in addressing the systemic shortage of specialized training opportunities highlighted by
(Mimi, 2015) in the Palestinian healthcare workforce.

Beyond breast imaging, extending the framework to other medical imaging applications relevant
to the Palestinian healthcare context could maximize its impact on public health. The
methodological approach developed in this research—combining optimized preprocessing,
efficient detection, and robust tracking—could be adapted to other imaging modalities and
anatomical regions where similar expertise gaps exist. This expansion would align with (Giacaman
et al., 2009) call for integrated approaches to healthcare improvement in Palestine, where
technological innovations address multiple interrelated challenges rather than isolated issues.
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6.5 Conclusion

This research developed and validated an advanced deep learning framework for real-time breast
cancer lesion analysis in clinical ultrasound videos, specifically designed to address the challenges
within the Palestinian healthcare context. The framework integrates optimized contrast
enhancement using CLAHE, efficient lesion detection with YOLOv11-L, and robust tracking
through a hybrid KCF+YOLO approach, achieving high performance in all components while
maintaining real-time processing capability.

The findings demonstrate that deep learning approaches can effectively enhance breast ultrasound
interpretation capabilities in resource-constrained healthcare environments. By providing
automated assistance for lesion detection and tracking, the framework has the potential to
complement limited specialized expertise, improve diagnostic consistency, and enhance early
detection capabilities in settings where traditional approaches to capacity building face significant
barriers.

The methodological approach established in this research offers a blueprint for developing context-
specific Al systems for medical imaging in resource-constrained environments. By carefully
considering both technical performance and implementation feasibility, this approach ensures that
technological innovations address the practical realities of healthcare delivery in challenging
contexts.

In conclusion, this research represents a significant contribution to addressing breast cancer
detection challenges in Palestine by providing a computationally efficient, clinically applicable
framework that complements limited specialized expertise. While further research is needed to
evaluate its impact on clinical outcomes and decision-making, the demonstrated technical
performance suggests considerable potential for enhancing breast cancer detection capabilities in
the Palestinian healthcare system.
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