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ABSTRACT

Late gadolinium enhancement cardiac magnetic resonance imaging (LGE-CMR) has
emerged as the gold standard for non-invasive myocardial tissue characterization,
particularly for identifying scarred or infarcted myocardia regions. The current
diagnostic workflow remains reliant on manua segmentation and expert interpretation,
which are time-consuming and subject to inter-observer variability. Although deep
convolutional neural networks (DCNNs) have demonstrated strong potential in
automated medical image segmentation, existing models suffer from low segmentation
accuracy due to the intrinsic complexity of the modality. This study proposes a fully
automated, end-to-end framework for M| detection, comprising two main components:
a segmentation of myocardial scars and a subsequent detection module that employs
sequential analysis to identify Ml cases based on the segmented regions. As a
foundational step, this study proposes a new automated classification method to address
a gap in previous studies that relied on manua dice preselection. A shalow deep
convolutional neural network (S-DCNN) model is introduced to automatically classfy
LGE-CMR dlices into those containing the left ventricle (LV) and non-LV categories.
This classification step significantly streamlines the automated segmentation pipeline
by ensuring that only relevant dices are processed further. Central to the proposed
approach is a novel dual-stage segmentation model designed for fully automated
myocardia infarction detection from LGE-CMR images. This model comprises two
task-specific stages, each built upon a customized DeeplLabV 3+ segmentation network.
Thefirst stage, referred to as DeepLabV 3+ Tailor LV (DLT-LV), istailored for accurate
segmentation of the LV region. The second stage, DeeplLabV 3+ Tailor Scar (DL T-Scar),
focuses on segmenting myocardial scar tissue within the segmented LV area. To
improve the reliability of this pipeline, a morphological post-processing procedure is
introduced between the two stages to refine the LV segmentation output and address
common issues such as smal gaps and isolated mis-segmentations. To further enhance
the performance of the second stage, a hybrid optimization-segmentation approach is
proposed. This method integrates Particle Swarm Optimization (PSO) into the DLT-
Scar model by automatically tuning the hyperparameters of the Tversky loss function
used in its classification layer, specificaly addressing the class imbalance inherent in
scar segmentation. Finally, in the MI detection phase, a Scar Sequential Slice
Reconstruction (3SR) module is integrated with a SDCNN classification model to
exploit the spatia continuity of myocardial scars across consecutive sices. This module
constructs a localized sequence of consecutive image slices with the largest segmented
scar identified during the segmentation stage. During the performance evauation stage,
the results were compared with patient radiology reports to assess their clinica
relevance. Experimental results demonstrate that the proposed method achieves high
segmentation accuracy and robust MI detection, with a mean Dice Score of 74.31% for
scar segmentation and 96.7% accuracy, sensitivity of 100% and specificity of 95% for
MI classification. These findings offer a scalable and fully automated solution for
improving diagnostic consistency and efficiency in clinical cardiac imaging workflows.
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CHAPTER 1
INTRODUCTION

11 Resear ch Background

The heart is avital organ responsible for circulating blood throughout the body.
When the coronary arteries become blocked, the blood supply carrying oxygen is
restricted, preventing oxygen from reaching the heart muscle. This deprivation causes
irreversible tissue damage, leading to the formation of myocardial scars. The condition
caused by these arterial blockagesisknown asischemic heart disease (IHD) [ 1], [2]. The
severity of the blockage determines the extent of tissue damage, and a more significant
obstruction may result in myocardial infarction (MI), commonly known as a heart
attack.

According to the World Heath Organization (WHO), cardiovascular diseases
(CVDs) cause about 32% of dl globa deaths with 85% of these fatalities due to
ischemic heart diseases and strokes [3], [4]. In Malaysia, ischemic heart disease has
been the leading cause of death for over a decade, and the number of cases continues to
grow annualy [5], [6]. Among these conditions, MI stands out as a mgjor contributor
and are often referred to as a "silent killer" due to their sudden and life-threatening
nature. Recently, large-scale studies have reported a long-term increase in the risk of
cardiovascular events, including MI, among individuals recovering from COVID-19
and among vaccinated individuals who experienced heart-related side effects [7], [8],
[9], [10]. These trends point to a growing population at risk and a rising demand for
timely and accurate cardiac assessments. Therefore, the adoption of automated
techniques offering high-speed and precise assessment should be carried out in order to
improve the growing interest in medical image analysis and to enhance early detection
and ultimately improve patient outcomes.

MI detection relies on multiple diagnostic tools, each offering specific
advantages and limitations. Among these, late gadolinium enhancement-cardiac
magnetic resonance (LGE-CMR) has emerged as the reference standard for non-
invasive myocardial tissue characterization, particularly in the left ventricle (LV) [11],
[12], [13]. LGE-CMR provides high-resolution visualization of fibrotic and scarred
myocardia regions, which are critical indicators of prior or ongoing infarction. The



early identification and accurate delineation of these scarred regions are essential for
guiding clinical decision-making, enabling timely therapeutic interventions, and
potentially reducing the risk of adverse cardiac events [14], [15],[16]. However, the
current standard for myocardial scar analysis involves manua segmentation, wherein
radiologists delineate scar boundaries slice by slice. This approach is not only time-
consuming and labor-intensive but also subject to inter-observer variability, asit relies
heavily on expert judgment [17], [18]. As the demand for cardiac imaging continues to
grow, these limitations underscore the growing need for automated segmentation
techniques that can improve efficiency, minimize observer dependence, and facilitate
large-scale deployment in healthcare settings.

In the context of M1 detection, segmentation serves as acritical prerequisite, as
identifying and quantifying myocardial scars are fundamental steps in diagnosing
infarction from LGE-CMR images. Recent studies have shown increasing interest in
automated segmenting of left ventricular scar tissue dueto its significant role in clinical
applications. However, in CMR imaging, automatic segmentation of myocardial
infarction in LGE-CMR remains highly challenging due to the intrinsic complexity of
the imaging modality. These scars often exhibit structural variability, including
differences in size and shape, as well as heterogeneity in signal intensity within the
LGE-CMR images [19], [20]. This heterogeneity arises from both intrinsic tissue
characteristics and extrinsic imaging limitations, which frequently hinder the clear
visualization of infarcted regions and their boundaries. As aresult, infarcted areas may
appear poorly defined or visually similar to surrounding healthy tissue, thereby reducing
the effectiveness of conventional threshold-based segmentation methods.

In recent years, deep convolutional neural networks (DCNNSs) have shown great
promise in medical image segmentation [18], [21], [22] . Unlike traditional threshold-
based or handcrafted feature methods, DCNNs can automatically learn hierarchical
gpatial and intensity-based features directly from imaging data. However, only a few
studies[18], [23], [24] aimed primarily at fully automated myocardial scar ssgmentation
with LGE-CMR modality, with reported relatively low accuracy in scar segmentation.
Many of these models are primarily designed for general-purpose segmentation with
limited adaptation to the unique characteristics of LGE-CMR images.

Hence, as motivated by the fact that the size of the infarct can be significantly
reduced when early treatment is administered, and that timely diagnosis plays a critical
role in improving patient outcomes, new research must consider a task-specific DCNN



framework designed to address the anatomical and imaging complexities of cardiac
structures, with afocus on fully automating myocardial infarction detection from L GE-
CMR images. This includes recognizing that each segmentation task may require
different tuning strategies depending on the nature of the target region and the LGE-
CMR modality characteristics. In addition, a fully automated framework that operates
from the point at which radiologists receive the LGE-CMR images is essentia to
support fast and clinically practical myocardial infarction segmentation and detection.

1.2 Problem Statement

Early detection of myocardial infarction is essential for minimizing severe
cardiac complications and reducing the risk of sudden cardiac death. The presence and
extent of infarcted myocardial tissue can be accurately assessed through tissue
characterization using LGE-CMR imaging. While expert visual interpretation of cardiac
images remains a fundamental aspect of clinical practice, the increasing demand for
cardiac imaging, coupled with the time-intensive and subjective nature of manual
analysis, presents a significant challenge. Therefore, there is an urgent need for an
automated diagnostic system that can deliver rapid, accurate, and reproducible results
to support early detection and facilitate improved clinical decision-making in
myocardial infarction management.

In typical CMR protocols, the acquired image stack includes both LV and non-
LV cardiac segments [25], where non-LV refersto any image that does not contain the
LV region. However, only the slices containing the LV region areclinically relevant for
myocardial scar assessment, while the outermost non-LV slices are usually excluded
from further analysis. This selection process is currently performed manually by
radiologists, adding unnecessary burden to their workflow and reducing overall
efficiency. Severa researchers have claimed to have developed an automated Ml
detection systemasin [26], [27],[28],[29], [30], [31]. However, these methods apply
their algorithms directly to manually selected LV images, requiring radiologists to
predetermine the LV region. Without an initial classification mechanism to distinguish
LV from non-LV slices, segmentation pipelines remain semi-automated and dependent
on expert input. Therefore, there is aneed for a fully automated approach that includes
aninitial classification stageto correctly identify LV cardiac segments. Thisstep isvital



to streamline the segmentation process and reduce the computational burden associated
with the subsequent process.

Despite advancements in deep learning techniques for cardiac image analysis,
only a limited number of studies have dedicated efforts to achieving fully automated
myocardial scar segmentation directly from LGE-CMR images. The process of
extracting myocardial scar from LGE-CMR images using a single segmentation model
often results in suboptima performance [32], [33]. This is primarily due to class
imbalance and the difficulty in learning distinct anatomical features, each of which
introduces its own challenges. Current methods often overlook the need for task-
specific modeling strategies that can effectively adapt to the anatomical variations of
the LV and the diverse sizes of myocardia scars. These chalenges are further
complicated by heterogeneity in signd intensity within LGE-CMR images, intensity
inconsistencies within the LV cavity, and the influence of structures such as papillary
muscles and trabeculations [23], [28], [33], [34]. Additionally, background artifacts and
surrounding tissues that resemble the LV, aong with low scar-to-background contrast,
further hinder accurate segmentation [18], [19]. These factors have contributed to low
Dice scores in previous studies, underscoring the need for more robust and adaptive
segmentation approaches.

Loss functions play a critical role in the performance of deep learning-based
medical image segmentation models, particularly in addressing the issue of class
imbalance when the target region occupies a smdl portion of the image, especialy in
medical imaging. This challengeis particularly evidentin myocardial scar segmentation
from LGE-CMR images, where scar tissue often constitutes a minimal fraction
compared to the background myocardium. Conventional loss functions such as binary
cross-entropy and Dice loss tend to bias predictions toward the mgority class [35],
resulting in under-segmentation of clinically important scar regions and increased false
negatives. To address class imbalance in medical image segmentation, severa studies
have adopted adaptive loss functions including the Tversky loss. The Tversky loss
introduces tuneable parameters, a and P, which adjust the weighting between fase
positives and fadse negatives,depending on the specific characteristics of the
segmentation task or clinica application. In the context of myocardial scar
segmentation, where reducing false negativesis crucial, this flexibility allows the model
to be more sensitiveto smal or subtle scar regions. However, in most existing studies,
the values of a and P are manualy set or empirically defined without systematic



optimization [36], [37], [38]. Such rigid parameter settings limit the adaptability and
generalizability of the loss function across different medica imaging contexts.
Therefore, there is a need to propose an optimized method to automatically search
accurate aand P values.

Most existing studies on MI detection from LGE-CMR images focus on
analyzing a single segmented image dice to determine the presence of infarcted
regions[23]. However, this approach does not align with standard clinical practice,
where radiologists assess infarction based on the continuity of enhancement across
sequential image dices to confirm pathological findings and reduce the risk of
misinterpretation caused by artifacts or isolated noise. A common approach in previous
studies involves applying voxel count thresholds to classify each case as either M1 or
non-MI [39], [40]. Therefore, there is a need for a post-segmentation framework that
incorporates information from the entire LV sequence rather than relying on isolated
dices.

Thus, this study proposes a fully automated, end-to-end framework for
segmentation and detection of MI in short-axis LGE-CMR images, incorporating a
CNN-based method to improve diagnostic accuracy. It introduces atask-specific design
taillored to the unique challenges of myocardial scar segmentation and clinical
interpretation in LGE-CMR, addressing severa limitations that have been overlooked
in previous research. As for the outcome of this study, the proposed system is expected
to provide clinicians with reliable and efficient assistance in early MI detection and
treatment.

13 Resear ch Objectives

The primary objective of this research is to develop a fully automated, end-to-
end framework for segmentation and detection of M1 in short-axis LGE-CMR images
using a CNN-based model. To achieve this aim, the work is divided into severa stages
and carried out systematically with the associated objectives that have been identified

as follows:

1. To propose an automated method to classify LV and non-LV chambersin short-
axis LGE-CMR images using a DCNN model.



2. To model a new Dual-stage DeeplabV3+-based model to improve the
segmentation performance of myocardial scar in LGE-CMR images.

3. To enhance the performance of the proposed model in (2) by automatically
identifying the optimal Tversky loss hyperparameter values through a particle
swarm optimization (PSO) based agorithm.

4. To develop an automated MI detection system from sequences of images
obtained in (3) and validate its performance through the radiologist reports.

14  Scope of Research

This research is focused on developing an automated detection of MI in LGE-
CMR images by incorporating neural network design and image processing. The
research scope is outlined as follows:

i)  Image acquisition and data collection:

This study uses a private dataset obtained from the Imaging Department,
Advanced Medical and Denta Institute (AMDI), Universiti Sains Maaysia (USM),
Kepala Batas, Pulau Pinang, with ethical approval. The dataset comprises LGE-CMR
images from patients scanned using the Philips Achieva 3.0T Scanner. A total of 60
patient data sets were collected retrospectively from 2018 to 2024, which included 31
patients with confirmed M1 diagnoses and 29 subjects from 'normal’ cardiac patients. It
isimportant to note that no individual patient assessments or interviews were conducted
before, during, or after the imaging process. The data collection for this study was
specifically limited to patients with myocardial scars, indicative of prior myocardial
infarction events related to IHD only.

i)  Selection of methods:

The study introduced a new framework for the fully automated detection of Ml
using exclusively the LGE-CMR imaging modality. The overall methodological design
isaligned with the research objectives, emphasizing the integration of DCNN and image
processing techniques tailored for LGE-CMR data. The classification component of the
proposed system employs a hierarchical DCNN-based approach to differentiate images



containing LV and non-LV regions. A comparative analysis was conducted involving
both shallow and deeper DCNN architectures, including pretrained models.

In the segmentation stage, the study focuses on myocardial scar segmentation
through a dual-stage segmentation framework built upon a modified DeepLabV 3+, an
encoder-decoder CNN architecture. To enhance the accuracy of LV segmentation, a
novel post-processing morphological procedure is introduced between the two stages,
utilizing image processing techniques to refine the initial segmentation output before
proceeding to the scar segmentation phase.

Furthermore, to address the challenge of class imbalance and improve the
robustness of scar detection, the second stage integrates a heuristic optimization
technique, specificadly PSO. The PSO is employed to automatically optimize the
hyperparameters of the loss function, thereby enhancing the model's ability to segment
scar tissue accurately and consistently across diverse anatomical variations.

iii)  Evaluation and analysis:

The performance evauation of the proposed method implemented on the
MATLAB software is divided into two categories. qualitative and quantitative
evaluation. Quantitative assessments are done on each output of the objectives using
evaluation metrics from the confusion metrics, such as accuracy, sensitivity/recall, and
F-score for classification. Dice Similarity Index and Intersection over Union are used
for segmentation results. For MI detection, the MI detection results will also be
compared with radiologist reports to ensure the validity of the find outputs.

iv)  Platform

The automated system is developed using MathWorks. MATLAB version
R2023b software. It is designed to detect MI from LGE-CMR images using customized
CNNs including DeepLabV 3+ segmentation model that built and trained within the
MATLAB environment using built-in functions from the Deep Learning Toolbox.
Suitable and well-established morphological post-processing methods were aso applied
to the segmented images in both the segmentation and detection stages using image
processing techniques.



15 ThesisLayout

This thesis is divided into five (5) chapters that explain the entire operation of
this study. It begins with a brief introduction to MI and its clinical importance. It
discusses the role of LGE-CMR imaging in non-invasive M1 diagnosis and outlines the
challenges in accurately segmenting myocardial scars, particularly due to anatomical
variability, image noise, and class imbalance. The chapter also presents the problem
statement. The objectives and scopes of the thesis are defined at the end of this chapter.

Chapter 2 continues presenting the descriptions of Ml, the differences in Ml
detection tools, issues, and challenges. The chapter includesacomprehensive literature
review of existing studiesthat address M| segmentation and detection through advanced
deep-learning imaging techniques and medical image analysis. It discusses traditional
methods as well as recent advancements in DCNN and optimization strategies,
including innovative architectures and loss functions designed to manage class
imbalance effectively. Additionally, the review highlights significant gapsin the current
methodologies, laying the groundwork for the proposed advancementsin M| detection
and segmentation algorithms.

Chapter 3 describes the details of the proposed methodology for automated Ml
detection using LGE-CMR images. Starting from data collection and preparation stages,
including theimagelabelling process and augmentation. Next, it describesan automated
dlice classification method using a Shallow DCNN (S-DCNN) to differentiate between
slices with and without the LV region for the next stage. The core of the methodology
liesin the development of anovel dual-stage segmentation model, designed specificaly
for the sequential segmentation of the LV region and myocardial scar tissue. Each stage
inthismodel isbuilt upon acustomized DeeplL abV 3+ segmentation network, optimized
for the respective segmentation task. A morphological post-processing procedure is
introduced between the two stages to refine the LV segmentation before scar detection.
The chapter also presents a hybrid optimization-segmentation approach that integrates
PSO into the scar segmentation model, enabling automated tuning of the Tversky loss
function parameters for enhanced scar segmentation accuracy. Finally, the Scar
Sequential Slice Reconstruction (3SR) module and the SSDCNN classification model
are described for robust M1 detection based on spatia continuity.

Chapter 4 presents the experimental results of the proposed framework,

including both quantitative and qualitative evaluations of classification and



segmentation performance. Comparisons are made between different network
architectures, loss functions, and classification inputs (single vs. sequential images).
The effectiveness of post-processing, PSO optimization, and the 3 SR module are aso
evaluated. Performance metrics such as Dice Score, 10U, sensitivity, specificity, and
confuson matrices are analyzed in detail, and the results are correlated with expert
radiology reports to assess clinical relevance.

Finally, Chapter 5 concludes the thesis by summarizing the main findings of this
study, as well as the contributions made from each part of the study. Limitations of the
current work are acknowledged, and directions for future research are suggested.



CHAPTER 2
LITERATURE REVIEW

2.1 I ntroduction

Myocardial infarction (MI), commonly referred to as a heart attack, remainsone
of the leading causes of morbidity and mortality worldwide. Timely and accurate
detection of MI is crucial for initiating effective clinical interventions and improving
patient outcomes. The identification of myocardial scar tissue, which is an indicator of
infarction, is essential not only for diagnosis but also for treatment planning, risk
stratification, and prognosis assessment. Late Gadolinium Enhancement Magnetic
Resonance Imaging (LGE-MRI) has emerged as the gold standard for non-invasive
myocardial tissue characterization. It provides high-resolution contrast between healthy
and infarcted myocardium, enabling precise visualization of scars. However, the
manual interpretation and delineation of scar tissue in LGE-MRI is time-consuming,
subject to inter-observer variability, and requires specialized expertise. These
l[imitations underscore the growing need for automated, end-to-end deep learning
frameworks capable of accurately segmenting myocardia infarction regions from L GE-
MRI with minimal human intervention.

This chapter presents a comprehensive literature review of existing
methodologiesrelated to M1 detection. It begins by outlining the clinical background of
MI, followed by a discussion of the challenges faced by radiologists in accurately
identifying infarcted tissue from LGE-CMR images. The subsequent section provides
an overview of deep learning techniques relevant to medical image optimization,
including a review of key model architectures, loss functions, and hyperparameter
optimization approaches, with a particular attention to PSO. The chapter then critically
reviews prior research on the automated segmentation and detection of MI, covering
both conventiona and deep learning-based methods. This review highlights the
evolution of fully automated pipelines, their limitations, and how recent advances
address key clinical and technical challenges. The chapter concludes with a summary
of the main findings, identifying research gaps that form the foundation for the proposed
methodology in this study.
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22 Cardiac Anatomy and Myocardial Infarction

The human heart is a complex muscular pumping organ composed of four
chambers, including two large ventricles and two atria, which work in tandem to
facilitate blood circulation throughout the body. The left ventricle (LV) is the biggest
chamber has a cone-shaped chamber enclosed by the myocardium, whereas the right
ventricle (RV) has a more complex crescent shape. LV plays a vita role in pumping
oxygenated blood to the entire body organs and tissues via the aorta with every
heartbeat, and lung by the RV [41]. There are three main coronary arteries of the heart:
(i) left anterior descending artery (LAD), (ii) left circumflex artery (LCX) and (iii) right
coronary artery (RCA) [42]. These mgor arteries supply oxygen-rich blood to the heart
muscle, which allows the heart to beat and pump blood throughout the body. Ischemic
heart disease (MD) refers to a condition where the coronary arteries, which supply
blood to the heart muscle, become narrowed or blocked usually caused by abuildup of
plague (atherosclerosis) within the artery walls. When the coronary arteries are
narrowed, the blood flow to the heart muscle is reduced, leading to a shortage of oxygen
caled ischemia. Prolonged ischemia can lead to cell death, reducing the heart's ability
to pump effectively, and may result in a myocardial infarction (MI). During a heart
attack, the myocardium undergoes cell death and is gradually replaced by scar tissue
over severa weeks[1]. The specific characteristics of that scar such as the size, location,
shape and mechanical properties can sgnificantly influence the patient's long-term
surviva and risk of future heart problems [1], [43] . Ml is often called a "silent killer"
because it doesn't always present with obvious symptoms. Instead of classic chest pain,
some experience milder symptoms like discomfort in the chest, arm, or jaw, shortness
of breath, fatigue, or indigestion [44]. These vague symptoms can be easily dismissed
or misattributed to other conditions, leading to dangerous delays in seeking treatment.
The infarcted heart due to narrowed artery illustrate in Figure 2.1 and the cross
anatomical section of the normal and infarcted heart are illustrated as in Figure 2.2.
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Figure2.1 The Infarcted Heart Due To Narrowed Artery [45]
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Figure 2.2  Cross-Section Illustration of the Human Heart For
(a) Normal and (b) Infarcted, reproduced from [46]



The infarcted tissue or myocardial scarring is the accumulation of fibrosis tissue
from the formation of excess tissue in replacement of necrotic tissue [43]. It is referred
to as the find result and pathological correlate of myocardial infarction. Scar formation
following a myocardia infarction typically progresses from the endocardium (the
innermost layer of the heart wall) outward toward the epicardium (the outermost layer)
in a"wavefront” pattern. Depending on the presence of collateral circulation, persistent
or intermittent coronary arteria blockage, sendtivity of myocytes to ischemia,
preconditioning, and individual demand for myocardial oxygen and nutrients, complete
necrosis can take 2-4 hours or longer. Figure 2.3 illustrates the anatomical classification
of MI based on the extent of myocardia involvement[47]. Transmura infarcts involve
the full thickness of the myocardium, extending from the epicardium to the
endocardium. Subendocardial infarcts affect the inner layer of the myocardium adjacent
to the endocardium. Intramura infarcts involve the middle layer of the myocardium.
Subepicardia infarcts affect the outer layer of the myocardium adjacent to the
epicardium. The ventricular scars can be indicative of an earlier episode of myocardial

infarction.

1 Subendocardial infarction

2 Intramural infarction
3 Transmural infarction I

4 Subepicardial infarction

Figure 2.3 Lateral Cross-Section Anatomical Classification of M1 [47]

2.2.1 Diagnosis of Myocardial Infarction

MI may represent a mgjor catastrophic event leading to severe hemodynamic
fallure or sudden death, or it may occur repeatedly in patients with established heart
disease. It requires timely and accurate screening methods to ensure effective treatment
and reduce mortality. Severa methods and technologies are used for M| screening, each
with its own advantages and limitations. An electrocardiogram (ECG) is the most
common non-invasive and rapid technique for MI diagnosis [47]. It detects ischemic



changes such as ST-segment elevation (STIEMI), where there's a compl ete blockage of
a coronary artery or depression by identifying characteristic electrical patterns.
However, its senditivity in non-ST-segment elevation MI (NSTEMI) and prior Ml
detection is limited[44]. In this context, the role of imaging techniques may become
useful for the understanding of the determinants in a preclinical setting before acute
coronary events, and for an accurate and correct diagnosis of MI. Echocardiography
uses ultrasound waves to create images of the heart [48]. It provides valuable insights
into cardiac function and wall motion abnormalities, useful for assessing MI-related
damage. Yet, its accuracy can be affected by factors like body habitus and operator
expertise [49]. Three-dimensional imaging techniques, such as Cardiac Computed
Tomography (Cardiac CT), specificaly Coronary computed tomography angiography
(CCTA) and Cardiac magnetic resonance imaging (CMR) are both valuable imaging
techniques used in M1 screening, but they have distinct focuses and characteristics.
CCTA excels at visualizing coronary artery anatomy with high spatial and temporal
resolution, making it ideal for detecting blockages or narrowing. Itsfast acquisition time
and wide availability make it a practical choice, especialy in acute settings. However,
CCTA involves radiation exposure and may be limited by calcifications or rapid heart
rates, with alimited capacity to directly assess myocardial tissue [50], [51]. In contrast,
CMR provides comprehensive information about both coronary anatomy and
myocardial tissue characteristics, including infarct size and viability without radiation
exposure. It also assesses cardiac function and wall motion. Therefore, CMR has been
established as a method to detect myocardia infarction, particularly useful in cases
where the diagnosis is uncertain or when further information is needed to guide
treatment decisions. Figure 2.4 shows an example of a cardiac MRI scan.
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Figure2.4 CMR Scanner

2.2.2 Manual Diagnosisof Myocardial Infarction Using LGE-CMR

CMR plays acrucia role in assessing cardiac mass. The segmentation of heart
chambers and myocardium presents significant challenges primarily due to variations
in heart anatomy among individuals and CMR imaging acquisition parameters. This
complexity is compounded by the need for precise delineation of anatomical structures
and pathological lesions, which is critical for accurate clinical diagnosis and treatment
planning in cardiovascular medicine [52], [53], [54]. MI mainly affects the LV, which
is the heart's primary pumping chamber, but the damage may extend into the right
ventricle (RV) or the atria. While MRI can be applied to both ventricles, the LV has
historically been the focus of more research due to its greater workload and clinical
significance. Its thicker wall, compared to the thinner-walled RV, also allows for better
resolution on CMR imaging. The LV is cone-shaped and positioned posterior to the
right ventricle, sloping from its base in the plane of the atrioventricular groove to the
cardiac apex [55]. Left ventricular segmentation in cardiac images typically involves
dividing the chamber into three main segments. apical, middle, and basal. These
segments are defined using the standard imaging plane for cardiac imaging, known as
the short-axis plane, which is oriented perpendicular to the long (apex-base) axis of the
heart [56] and shown in Figure 2.5. In the field of cardiac magnetic resonance imaging
(MRI), a stack of short-axis cardiac MR images frequently includes above or out of
outmost slices of the left ventricle (LV) coverage [57], [58].



Figure 2.5 Short-axis CMR Imaging Planes Illustrating the Division of the Left
Ventricle Into Basal (Base), Mid (Middle), and Apex (Apical) Segments reproduced
from [31]
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Figure2.6 An Example of Short-Axis LGE-CMR Image, LV Region and the
Myocardium Scar

The choice of cardiac imaging modality CMR imaging depends on the disease
being investigated. Late Gadolinium Enhancement Cardiac Magnetic Resonance
imaging (LGE-CMR) has emerged as a gold-standard modality for identifying and
quantifying regions of scarring in[47], [59]. Theimaging is performed 10 to 20 minutes
after of the injection of a gadolinium-enhanced contrast agent, which accumulates in
damaged tissues and causes over-enhancement of the scar region [60]. In contrast,
normal myocardium tissue exhibits rapid gadolinium wash in and wash out, with no
abnormal accumulation of the contrast agent. This contrasting feature on the LGE-CMR
images clearly delineate the regions of scar tissue, as presented in Figure 2.6. By
visually assessing the contrast between enhanced and non-enhanced areas on LGE
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images, experienced cardiac radiologists or cardiologists can accurately pinpoint the
location and extent of myocardial infarction.

The location of myocardial scar on LGE isvisually assessed using the American
Heart Association (AHA) 17-segment model [56] (Figure 2.7), a widely adopted
standard in clinical practice. This model facilitates the correlation of abnormalities
observed in short-axis cardiac segments with the corresponding territories of the three
maor coronary arteries, LAD, RCA and LCX. In current clinical practice, the
radiologist usually presents slices of images through the entire cardiac. Medical experts
visually estimate and manually draw contours on pathological tissues to quantify the
disease's severity according to the amount and transmural extent of myocardial scar
[57], [61]. For example, a large, transmural scar might indicate a more severe heart
attack, and a higher risk of complications compared to a small, subendocardial scar. It
can appear in many different ways, and these variations are important for diagnosis,
prognosis, and treatment planning. However, this inspection procedure is highly time-
consuming, and the reliability of the diagnostics largely depends on the expert's

experience, availability, and skills.
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Figure2.7 The American Heart Association (AHA) 17 Segment Model [40]
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2.2.3 Issue and Challengesin Manual Delineation of Myocardial Scar

Current issues in LGE-CMR imaging reflect both the potential of this diagnostic
tool and the challenges that hinder its widespread application in clinical practice.
Despite being recognized as the gold standard for assessing myocardial infarction tissue
characteristicc, CMR faces gignificant barriers, including resource limitations,
interpretation difficulties, and variability in diagnostic performance across different
clinical contexts. These challengesinclude:

i) LGE-CMR Image Quality Variations [62], [63], [64]: These variations arise
from several sources. Cardiac and respiratory motion during image acquisition
can induce blurring artifacts, distorting the true morphology of the scar.
Furthermore, inconsistencies in MRI hardware, acquisition protocols, and
patient-specific factors can lead to variations in image noise and artifacts.
Finally, the degree of gadolinium contrast enhancement can vary both between
patients and within different regions of the same myocardium. This variability
poses a challenge for consistent scar tissue identification. Furthermore, the
intensity distribution of pathological myocardium is inherently heterogeneous.

i)  Anatomical Variability [64], [65]: Hearts exhibit significant variations in size,
shape, and orientation across individuals. Moreover, scar tissue itself can have
irregular shapes, varying sizes, and different transmural extents (from
subendocardial to transmural), making them challenging to segment accurately.

i) Subjectivity in Manual Segmentation:
Manual segmentation of cardiac structuresin current clinical practice is labour-
intensive and time-consuming process, prone to observer variability [66], [67].
Including LGE in MRI significantly extends the scanning time. The complexity
of cardiac anatomy and physiology necessitates a high level of expertise among
radiologists and cardiologists, which is often lacking due to insufficient training
opportunities [68]. This shortage of qualified personnel can lead to delays in
diagnosis and treatment, particularly in urgent cases.

iv)  High Workload: The increasing demand for cardiac imaging has resulted in a
substantial workload for radiologists, who face challenges managing the volume
of cases within limited timeframes using traditional manual methods [69], [70].

Therefore, automated image analysis tools that assist in scar identification can



improve radiologist efficiency and potentially mitigate burnout in this high-

stress environment

Given the inherent challenges in manua scar delineation from LGE-CMR
images, automated segmentation and detection of myocardial scar tissue has become a
critical area of research. This Computer-Aided Detection, particularly those employing
deep learning techniques, offers the potential to address these challenges. These
technological tools can play a significant role in early diagnosis, improved screening
time, and optimized treatment planning, ultimately enhancing patient care and
potentially mitigating the burden on clinicians.

2.3  Deep Convolutional Neural Network for Medical |mage Optimization

Deep Convolutional Neural Networks (DCNN) have emerged as a powerful and
widely adopted class of deep learning models, demonstrating state-of-the-art
performance in various computer vision tasks, including image recognition, object
detection, and medical image analysig[18], [ 71]. Characterized by their hierarchical and
multi-layered architecture, DCNN is designed to extract and learn relevant features
from input images automatically. While these networks have demonstrated remarkable
learning capacity, especialy in tasks involving large-scale datasets, early deep neural
network research highlighted challenges in optimizing architectures and struggled to
generalize effectively when exposed to complex object categories [72] . Given their
potential, particularly in the medical domain, this section focuses on the optimization
of DCNNs for medical image analysis. It covers key components including
convolutional neural networks, architectural advancements, loss function selection, and
modern hyperparameter tuning strategies to enhance model robustness, accuracy, and
clinical applicability.

2.3.1 Convolutional Neural Networks

A fundamental building block of DCNN is the Convolutional Neural Network
(CNN). processing structured grid-like data, such as images, by exploiting spatial
correlations between pixels. Their design is inspired by the biological visual cortex,
enabling them to automatically learn hierarchical feature representations from raw input
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data without manual feature engineering. The core components of CNN are
convolutional layers, pooling layers, activation functions, and fully connected layers
[18], [71]. The convolutional layer forms the fundamental building block, employing
smal learnable matrices known as kernels (filters) that dide across the spatia
dimensions of the input to produce feature maps. These kernels detect local patterns,
such as edges or textures, in early layers and progressively capture more abstract
features in deeper layers. By applying weight sharing and sparse connectivity,
convolutional layers significantly reduce learnable parameters compared to fully
connected networks, improving generalization and computational efficiency. Following
convolution, pooling layers perform downsampling to reduce spatia dimensions while
preserving the most salient information, thereby enhancing translation invariance,
lowering computational demands, and mitigating overfitting. Pooling operations, such
as max pooling or average pooling, must be carefully designed to avoid the excessive
loss of small features like lesions. Non-linearity is introduced through activation
functions, which enable CNNsto model complex input-output relationships. Functions
such asthe Rectified Linear Unit (ReLU) and its variants are widely adopted in shallow
models for their computational efficiency, mitigation of the vanishing gradient problem,
and faster convergence compared to traditional sigmoid or tanh functions. Finally, fully
connected (FC) layers integrate features extracted by previous layers, enabling high-
level reasoning and classification; the output is typically normalized via a Softmax
function to produce probabilistic predictions. Although FC layers are highly
discriminative, they are also parameter-intensive, and in shallow networkstheir size and
number must be carefully minimized to maintain high accuracy while controlling
overfitting and computationa cost.

The strength of CNNs liesin their localized receptive fields, weight sharing, and
hierarchical feature maps, which enable them to detect low-level patterns such as edges,
cornersin earlier layers and progressively more complex structures like shapes, textures
in deeper layers [72]. These properties reduce the need for handcrafted feature
extraction, alowing end-to-end learning optimized for the specific dataset and task.
However, the relationship between depth and performance is not strictly linear. While
deeper models can improve accuracy in challenging datasets, they aso come with
drawbacks, including higher computational costs, longer training times, increased
memory requirements, and a higher risk of overfitting when data is limited [73].
Moreover, very deep networks can suffer from vanishing or exploding gradients, which
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impair training stability unless mitigated by advanced architectural strategies such as
batch normalization and skip connections.

Recent studies [72], [74] emphasize that optimal depth is task-dependent, as
adding layers beyond a certain point may yield diminishing returns or even degrade
performance. Thisis particularly relevant for medical imaging tasks, which also depend
on task-based figures of merit, indicating that what is optimal depends not only on the
network but also on the diagnostic or clinical task at hand. In such scenarios, shallow
yet well-optimized CNN architectures can match or outperform deeper models by
focusing on efficient feature extraction while avoiding overfitting.

2.3.2 Modd Architecture

Segmentation is one of the most common and essential tasks in medical image
analysis, and CNN-based encoder-decoder architectures have become the foundation of
many modern segmentation networks. In these structures, an encoder is often used to
extract image features while a decoder is often used to restore extracted features to the
original image size and output the final segmentation results. Common encoder-decoder
frameworks include Fully Convolutional Neural Networks (FCNNs), U-Net, SegNet
and DeeplLab variants. Among these, segmenting myocardial scars, especialy within
the complex and variable multiscale shape of the LV region, poses unique challenges
that require more advanced multiscale feature aggregation strategies. Motivated by the
strength of the ASPP module [75], [76], [77], [78] in capturing contextual features at
multiple scales, this study explores the use of DeeplLabV 3+[79] for myocardial scar
segmentation.

Originally developed as an extension of the DeepLab family, DeeplLabV 3+
builds upon the strengths of its predecessors, DeeplL abV 2 [80] and DeepL abV 3 [81] by
integrating a decoder module into the atrous convolution-based encoder architecture.
DeeplL abV3+ introduces a lightweight yet effective decoder module that refines the
segmentation output, particularly along object boundaries. In parallel with architectural
refinements, the DeepL ab series has also evolved through successive improvements in
backbone network integration. Early versions of DeepLab, such as DeepLabV1 and
DeepLabV 2, employed VGG-16 and ResNet-101 respectively. In DeeplL abV 3, ResNet-
101 was retained as the default backbone, leveraging atrous convolution to extract
dense, multi-scale features. However, the computational cost of applying atrous
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convolutions over deeper residual blocks posed scalability limitations, especially when
targeting finer resolution outputs. To address this, DeepLabV 3+ introduced a more
efficient backbone choice by adopting a X ception architecture to improve segmentation
performance while significantly reducing computational complexity. Beyond the
Deepl ab series, numerous studies have explored the integration of other backbonesin
encoder. For U-Net, numerous variants have emerged that replace the original encoder
with more powerful pre-trained backbones such as ResNet, MobileNetV 2, VGG16 [82],
[83], [84]. FCNN-based and SegNet architectures have also adopted advanced
backbones to improve segmentation outcomes. For instance, EfficientFCN[85] utilizes
a standard ImageNet pre-trained network (such as ResNet) as its encoder backbone,
omitting dilated convolutions to reduce computational complexity and memory usage.
In the SegNet architecture proposed by Badrinarayanan et al.[86], the encoder network
leverages pre-trained weights from VGG16, which facilitates better generalization and
accelerates convergence during training. These backbones are often adopted to leverage
their superior feature representation capabilities, which improve segmentation
accuracy.

Motivated by these insights, this study investigates task-specific backbone
configurations within a dual-stage modified DeeplLabV 3+ framework for myocardial
segmentation. The backbone networks were empirically evaluated alongside the
original DeepL abV 3+ backbone, Xception, to determine the optimal trade-off between
segmentation accuracy and computational efficiency for each task. To the best of the
author's knowledge, this is the first study to implement the DeepLabV 3+ architecture
specifically for myocardial scar segmentation using LGE-CMR images.

2.3.3 LossFunction

Lossfunctionsplay acrucial role in guiding the learning process, particularly in
tasks that involve significant class imbalance, such as segmentation of small medical
structures like scars, tumors, or lesions. In these scenarios, the foreground regions
represent only aminor fraction of the entireimage, resulting in the model biasing toward
the dominant background class and causing false-negative predictions (high precision
but low recall) [87], [88], [89], [90]. During the training phase of deep learning
algorithms, backpropagation updates model parameters in accordance with the
optimization goal defined by the loss function. While standard approaches such as
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Cross-entropy [91] hold its own values, the quest for better performance has opened
new doors for various modified loss functions. These modified solutions tackle specific
limitations of traditional 1osses method in medical image segmentation tasks, focusing
on enhanced robustness towards class imbalance.

Notably, generalized Dice loss addresses the sensitivity to foreground volume
by incorporating weight penalty terms. Generalized Dice loss function (GDL) as
formulated in Equation (2.1), is a class-specific weighting approach proposed by Sudre
et a. [92] to control each class's contribution to the overall loss in segmentation tasks.
Built upon the Dice similarity coefficient, which quantifies the overlap between
predicted and ground truth segmentation, GDL accounts for the loss in similarity
between the predicted probability, P;jx of class k at pixd (i,j), and the corresponding
ground truth gix (binary) of class k at pixel (i,j). To address class imbaance, the

weighting factor wy for each class is computed as the inverse of the expected region
areafor class k, as defined in Equation (2.2), across atotal number of classes (n). This
formulation reduces the well-known dependency between region size and the DSC, thus
ensuring that the model does not become biased toward larger regions

The GDL used in this study is given by:

ZK-IWZijPijgij 21
GDL(P,g)=I-2 e @y
Zk-iWkZijPijk+Zijgijk

_ 1 (2.2)
Aij Sijk)

Similarly, weighted cross-entropy [93] combats class imbalance by assigning
higher weights to the underrepresented class during error calculation. The weighted
cross-entropy (WCE) has been notably used in [93], [94] . It is a modification of the
standard cross-entropy loss that addresses the issue of class imbalance in classification
tasks. The WCE loss function is calculated by multiplying the standard cross-entropy
loss for each class by its corresponding weight (a;). Thisweight is typically determined
based on the inverse frequency of the class, meaning that underrepresented classes are
assigned higher weights. By penalizing misclassifications of underrepresented classes
more severely, WCE encourages the model to focus on these classes and improve its
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performance on imbalanced datasets. The WCE loss function used in this study can be
expressed as Equation (2.3):

WCEL (P,g)= WCEL (py)=-0d 0og(pr) (2.3)
Whe.e_ — (P ifg=1
Lo@p otherwise

Focal loss [95] takes a different approach, dynamically reduces the weight of
easly classfied examples to focus on harder ones, leading to improved convergence.
Focal loss function (FL) introduced by Lin et d. [95] is another loss function designed
to address class imbalance in object detection tasks. It builds upon the cross-entropy
loss by introducing a modulating factor that focuses learning on difficult examples. This
factor downweights easy samples, alowing the modd to concentrate on the more
challenging ones, which are often from the minority class. The modulating factor in
Focal Loss as in Equation (2.4) is controlled by a hyperparameter y, which determines
the degree of downweighting for easy samples. In our comparative study, we adopted
the proposed hyperparameter value of y = 2 for the Focal Loss function, as
recommended by Lin et al.

FL (py)=-1og(l-p:) "Tog(py) (2-4)

Introduced by Salehi et a. [36], the Tversky loss function is an extension of the
Dice loss function, which has become well-known in the fidd of medica image
segmentation [38] because of its adaptability in managing class imbalance and imposing
distinct penalties on false positives and fase negatives viaits aand P parameters based
on specific requirements of the segmentation task. Tversky loss function is defined as
Equation (2.5). This study proposes to use this loss function as in scar segmentation
task, it is highly desirable to have a higher rate of false positives than false negatives in
clinical settings, as missing a scar can lead to incorrect treatment decisions. By
increasing p parameter , the pendty for fase negatives is reduced, making the
segmentation model more sensitive to scar tissue and minimizing the risk of
overlooking these critical areas. This feature is particularly beneficia in scenarios

where different tissues or structures possess varying degrees of importance.
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Traditionally, choosing hyperparameters like a and P has been a manual, trial-
and-error process. Researchers would train multiple models, each with a different
hyperparameter setting, and compare their validation results. This manua tuning is
common but often requires extensive trial-and-error to achieve optimal results [36],
[37]. Most studies utilized the proposed hyperparameter values of a=0.3 and P=0.7 as
suggested in [36]. However, some studies have demonstrated that Tversky
hyperparameters strongly affect performance. For instance, in their research on stroke
lesion segmentation, Hui et al. [96] systematically varied the parameter P from 0.5 to
0.95. They observed sgnificant changes in the Dice score, with the optima
segmentation performance achieved a P = 0.8 and a =0.2 . In another study on
segmentation of carotid artery cacification from panoramic radiographs in [97], the
authors applied the Tversky loss function to mitigate the effects of class imbalance in
segmentation tasks. The two weighting parameters, a and P, were adjusted manually
through an ablation experiment in which their values were varied asymmetrically in
increments of 0.1. In their study, the optimal Dice score for the dataset was at a= 0.4
and P = 0.6. While this manual tuning approach was systematic and provided insight
into the trade-off between fase positives and fase negatives, it was constrained by
coarse search resolution, high computational cost, and potential dataset-specific bias.
The authors' findings underscore the influence of aand P on segmentation performance,
and the study exemplifies the common practice of manua hyperparameter selection in
medical image segmentation, highlighting the need for improvement, such as adopting
automated optimization methods for more efficient and generalizable results.

234 PSO for Automated Optimization Techniques

In recent years, automated methods for parameter tuning in CNN, particularly
using metaheuristic algorithms, have attracted significant attention. Among these,
Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) are widely adopted
due to their ability to navigate complex, nonlinear, and multimodal search spaces
efficiently. Inspired by natural processes, these methods iteratively improve candidate
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solutions based on defined objective functions and have been successfully applied to
optimize diverse CNN parameters, including the number of Network architectures [98],
Learning Parameters [99] and specific application parameters [100], [101], [102]. The
choice between these metaheuristic algorithms typically depends on factors such as the
complexity of the hyperparameter search space, the availability of computational
resources, and the desired model performance.

Empirical evidence suggests that PSO often demonstrates competitive or
superior solution quality compared to GA and other metaheuristics in CNN
hyperparameter optimization tasks. For instance, Ru et a. [99] investigated the
prediction of rheological behavior in multi-walled carbon nanotubes and ethylene
glycol nanofluids using machine learning models optimized with metaheuristic
algorithms. Their results showed that PSO-tuned models achieved higher predictive
accuracy and faster convergence than those optimized with other metaheuristics,
including GA. The authors attributed PSO's advantage to its collaborative information,
a common limitation in GA when population diversity is lost early. In a different
domain, Sahu et a. [100] developed ahybrid Cellular Potts-PSO model for optimizing
energy consumption and latency in edge computing environments. Their hybrid
approach leveraged the spatial modeling strengths of Cellular Potts and the continuous-
Space optimization capabilities of PSO, resulting in superior performance over GA. The
study demonstrated PSO's flexibility to integrate with domain-specific models, a
concept transferable to deep learning contexts where PSO could be embedded within
model training pipelines. In the medical imaging domain, Gangwar et a. [102]applied
PSO to optimize enhancement parameters for an exposure region-based modified
adaptive histogram equalization method in chest X-ray preprocessing. The PSO-
optimized parameters yielded higher image contrast and improved diagnostic clarity
compared to GA-optimized configurations.

From a theoretical perspective, PSO is a population-based metaheuristic
optimization algorithm inspired by the sociad behavior of birds flocking or fish
schooling [100], [103]. It operates by having a swarm of particles, where each
represents a candidate solution. The agorithm iteratively updates each particle's
position in the search space based on both its own historical best position and the best
position identified by the swarm. At iteration t, the velocity of the i-th particle in the |-
th dimension, denoted as v.j(t), isupdated according to Equation (2.6) [98]
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Vij(t+ D=w X yiy(t) + ¢, X rp X (pBestyj - X1;4(t)) (>

+ CgXrgX(gBest;-xq4(t)),

where x isthe current particle position, w is the inertia weight controlling the
influence of the previous velocity, ¢, and ¢, are cognitive and social acceleration
coefficients, respectively, rp and rq are uniformly distributed random values in (0,1),
pBestij represents the best position previously achieved by the t-th particle, and
gBestj denotes the best position discovered by the entire swarm in dimensionj.

Subsequently, the position of the t-th particle in they-th dimension is updated
asin Equation (2.7) [98] . This update mechanism ensures that particles progressively

converge toward promising regions of the search space.

Xij (t+1) = x(t) + vij(t+]) (2.7)

The general workflow of PSO isillustrated in Figure 2.8 [104]. The PSO update
mechanism balances exploration and exploitation in a smple yet effective manner. The
process begins with random initialization of particle positions and velocities, followed
by iterative evaluation of fitness, updating of personal and globa best solutions,
velocity and position updates, and termination once convergence criteria are met. It
requires fewer parameters to configure than GA and avoids the use of complex genetic
operators such as crossover and mutation [98] . This smplicity, combined with PSO's
collaborative search dstrategy, often results in faster convergence and competitive
optimization performance. While most existing works have applied PSO to optimize
network architecture parameters, learning rate schedules, or image preprocessing
settings, they have rarely addressed loss function hyperparameters within the
classification layer of a CNN. To the best of current knowledge, no prior study has
employed PSO to automate the hyperparameter tuning of the loss function in the
classification layer specificaly for the Tversky loss function (aand P) in medical image
segmentation or classification tasks, which motivates this study to adopt PSO as the
automated method for hyperparameter tuning.
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24  Review of Past Research in Automated Segmentation and Detection of M|

The limitations of manual MI assessment from LGE-CMR imaging, as
discussed in the Section 2.2, highlight the need for automated solutions. Numerous
automated segmentation and detection method and analysis have been successfully
applied for MRI medical image applications. This Section is structured to first address
traditional and conventional methods in Subsection 2.4.1, followed by acomprehensive
overview of the deep learning-based methods for Myocardial Scar Segmentation
approaches in Subsection 2.4.2. Thus, the limitations of existing methods and the
research gaps motivating the present work, particularly concerning the use of single
L GE modality input for deep learning models, will be summarized. Lastly the detection
method will be discussed in 2.4.3.

24.1 Conventional Techniquesfor Myocardial Scar Segmentation

The segmentation of left ventricular (LV) myocardial scars from LGE-CMR
remains a critical area of research, with ongoing advancements in algorithmic
approaches underscoring its essential role in future clinical developments. Early efforts
to delineate the scar regions accurately predominantly employed rule-based algorithms
that leveraged pixel intensity thresholds to identify scarred regions. Notable techniques
include the Full-Width at Half-Maximum (FWHM) method [105] and the n-standard
deviation approach [106], [107], which defines infarcted tissue based on signal
intensities deviating from the mean of healthy myocardium by a fixed number of
standard deviations (n=2, 3,4, 5, 6). Clustering algorithms such as k-means and
fuzzy c-means were also employed to group pixels based on signal similarity. Y et, these
intensity-based segmentation techniques struggle to address the heterogeneity in L GE-
CMR images, where non-scar cardiac structures may also appear enhanced. Moreover,
many rule-based techniques require manual pre-segmentation of the myocardium to
narrow down the region of interest, reducing scalability and increasing the burden on
clinicians. This dependence on manual input significantly hinders their integration into
fully automated clinical workflows. Thus, these limitations have led to a growing
interest in deep learning techniques, which offer the ability to learn hierarchical features
directly from data, eliminate the need for handcrafted inputs, and enable end-to-end
segmentation frameworks.
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24.2 Deep Learning-Based Methods for Myocardial Scar Segmentation

Deep learning-based algorithms excel at automatically extracting complex
features from data for object detection and segmentation. These features are learned
directly from data through an end-to-end training process using genera-purpose
optimization techniques, bypassing the need for manually crafted feature extraction
rules. This makes deep learning-based algorithms easy to apply in various image
analysis applications. Recent studies have shown that CNNs have the potential to
segment medical imagesin avariety of ways[22]. However, in acomprehensive review
from Chen et al. [18] on deep learning for cardiac image segmentation, noting that a
magjority of works have focused on segmenting cardiac chambers or regions such as the
left ventricle (LV), right ventricle (RV), and left atrium (LA). In contrast, relatively
fewer studies have focused on segmenting myocardial scars, which are fibrotic regions
formed as a result of myocardia infarction, using deep learning approaches applied to
LGE-MRI of the left ventricle. Thisislikely due to the limited relevant public datasets
as well asthe challenging task associated with accurately segmenting myocardia scars
due to variability in the size, heterogeneity, and intensity of scar in the image itself.

Precise LV segmentation is critical as it provides areliable foundation for scar
segmentation. During the early 21st century, radiologists often relied on cross-
referencing LGE-CMR with cine MRI to manually delineate the myocardium. This
practice inspired the development of computational methods that integrated other image
modalities such as cine CMR, bSSFP CMR and T2 CMR for LV myocardia
segmentation  [20], [27], [108], [109], [110]. While some of these approaches
demonstrated promising accuracy, their reliance on multiple data sources introduced
several challenges, including increased model complexity, higher computational
demands, and a greater risk of misalignment between modalities. Theselimitations have
prompted researchers to shift their focus toward utilizing single-modality LGE-CMR
data, which is widely regarded as the primary imaging modality for myocardial scar
assessment. Furthermore, following the breakthroughs in CNN architectures for
computer vision, most researchers aimed to develop efficient and practical solutions
that ensured high accuracy while simplifying the segmentation process for clinical and
research applications.

Severa studies have explored whether a single-network approach or task-
specific (multi-network) models yield better results for complex segmentation tasks.
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Mocciaet a., in [28] and [33] were among the first to explore this area, utilizing aFully
Convolutional Neural Network based on the modified Efficient Neural Network (Enet)
architecture. Both studies utilized a total of 250 dices short-axis LGE-CMR images
from 30 patients with ischemic cardiomyopathy. In the 2018 study, the direct scar
segmentation from cropped and resized 64x64 L GE-CMR images achieved aDice score
of 55% using a single model configuration. In their 2019 follow-up, the authors further
supported this observation by showing performance improvements when restricting
segmentation to predefined anatomical regions. Their results demonstrated that
performance improved when segmentation was restricted to the manualy predefined
anatomical regions, with the Dice score increasing from 54% to 71.25%). However, a
key limitation in both studies is their reliance on manually cropped or segmented LV
regions as input, hindering the realization of atruly end-to-end solution. Additionally,
neither study incorporated an initial LV dlice classification mechanism to exclude non-
relevant dices, a necessary step in clinical settings where entire MRI volumes are
presented.

Sharma et a. [34] reported alow Dice score of 2> when using a standard U-
Net with a geometric transformation’'s augmentation technique for scar segmentation in
LGE-MRI images, highlighting its poor performance in detecting subtle, low-contrast
infarct areas. To address these challenges, Sharma et al. proposed a two-stage chained
U-Net architecture, where the first network segments the LV myocardium and the
second focuses on infarcted regions within the previousy segmented myocardium.
They reported alow DSC of 326> suggesting further refinement and optimization. While
the concept of chained U-Nets is novel, the resulting scar segmentation performance
remains low. The authors also noted that the public dataset's training set lacked
aufficient examples with visible infarction and included cases where the annotated
ground truth scar regions were not visibly distinguishable in the corresponding images.
Similarly, Jani et al. [32] investigated the benefits of a cascaded U-Net approach, where
LV myocardium segmentation is followed by scar segmentation. Their results
demonstrated an improved Dice score for infarcted regions compared to single-network
U-Net, confirming that anatomical pre-localization can enhance segmentation
performance.

Chen et a. [23] pioneered early work on end-to-end myocardial scar
segmentation from LGE-MRI. Their work proposes two frameworks using modified U-
Net architecture, one incorporating pre-segmented left ventricular myocardium and
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another without such anatomical guidance. While achieving relatively low Dice scores,
their work demonstrated the potentia of incorporating pre-segmented myocardial
boundaries, which led to improved scar segmentation accuracy compared to the lower
performance observed when this anatomical guidance was not included. A limitation of
their work is the suboptimal performance, reflected in a low Dice score of 67%. This
highlights the need for further improvements in segmentation accuracy. Notably, their
results were calculated only on the middle dlices, excluding the most basal and apical
dices. This excluson may have contributed to an overestimation of the model's
performance, as these more complex LV regions were not fully considered in the
evauation.

Another study from Fahmy et a. [I1l] presented an initial proof-of-concept
study to quantify LV myocardium and scar segmentation using the U-Net architecture
on LGE-CMR images. The U-Net architecture is built upon the FCN with skip
connections between the downsampling path and the upsampling path, applying a
concatenation operator instead of summation using concatenation rather than
summation to preserve spatial information. The study reported a Dice score of 82% for
LV identification and 57% for scar segmentation.

In summary, these studies revea that single-stage models often struggle with
low performance for myocardial scar segmentation due to large class imbalance and
limited contextual awareness. In cardiac MRI (eg. LGE-CMR), myocardial scar
regions are often tiny and have subtle intensity differences from surrounding tissue,
making them hard to distinguish. Scar tissue typically occupies less than 10% of the
myocardial volume, creating a severe bias toward dominant classes like the LV and
myocardium [19]. In contrast, task-specific or multi-stage frameworks have
demonstrated improvements in scar segmentation accuracy, athough they ill face
challenges in low accuracy, demonstrating potential for improved performance by
leveraging prior anatomical localization. Moreover, robust architectura models are
required due to severa factors, such as variations in LV size and heterogeneous
intensity distribution that further complicate segmentation accuracy [18], [19], [119].
The presence of infarcted scars adjacent to cavities or blood pools leads to low contrast
between the LV myocardium and surrounding tissues, making accurate boundary
delineation difficult.

In addition to these challenges, current studies have not addressed an essentia
processing step, which automatically excludes images that do not contain theLV region.
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In clinical practice, radiologists receive MRI scans that include a range of slices, some
of which do not feature the LV as stated in Section 2.2. Manual preselection of slices
containing the left ventricle remains a standard practice in many myocardial scar
segmentation pipelines using LGE-CMR. Most existing studies begin by manually
selecting slicesthat contain only the relevant LV dlices, requiring radiologiststo identify
and crop these regions beforehand. This not only increases workload but introduces
subjectivity and inefficiency, undermining the goa of end-to-end automation. To
achieve a fully automated segmentation approach, this initial exclusion step must be
systematically integrated into the workflow to ensure the model processes only relevant
images. Table 2.1 summarizes past literature on the deep learning approach for
segmentation of myocardial scar on LGE-CMR images.
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Table 2.1

Overview of Prior Deep Learning Approaches for Segmenting Myocardial Scar Regionsin LGE-CMR

Author (year)

A. Fahmy et al. (2021)
[27]

Y. Liuetal.
(2020) [20]

W.Ding et. a. (2023)
[109]

M.Chen et al. (2019)
[110]

Mocciaet a. (2018)
(28]

Dan et a (2022) [112]

Dataset /MRI
modalities

LGECMR

CineCMR

T2-weighted CMR
bSSFP
LGE CMR

bSSFP
LGE CMR

LGE CMR

CineCMR

LGE CMR

LGECMR

DCNN Model

U-Net

U-net

U-MyoPS

DNN

E-Net

ACSNet

Performance

Accuracy (successfully segmented % of
total slices) =95%

Average Dice score=57%

Average Dice score: 64.7%

Accuracy = 87.6%

precision = 86.2%.

Scar segmentation Average Median Dice

score (single E-net) =55%

Average Dice score: 57%

Advantage/Disadvantage/Gap

High performance Scar segmentation.
Segmentation on manually cropped LGE and Cine
images.

Two U-Net were trained for myocardium and scar
segmentation for L GE-Cine image fusion.
M-shape network based on U-net was trained on
bSSFPimagesto locate LV myocardium.

Greater risk of misalignment between modalities.

Model complex,

higher computational demand

LV myocardium image information from the cine
CMRI and motion information described by the
optical flow were fused with LGE and fed into the
stack denoising autoencoder (SDAE) with a
support vector machine (SVM) to assess
myocardia scar.

Automated Scar segmentation on manually
cropped LV myocardium region.

Low performance Scar segmentation.

Low performance Scar segmentation.



Author (year)

Mocciaet al. (2019)
[33]

Sharmacet al., 2020
[34]

Jani et al. 2024 [32]

Chen et a.(2022) [23]

Fahmy et a. (2018)
[111]

Dataset /MRI
modalities

LGE CMR

LGE CMR

LGE CMR

LGE CMR

LGE CMR

Felix Lauetal. (2018) LGE CMR

[29]

DCNN Model

FCNN- E-Net

Chained two U-Net

U-Net and Cascaded U-
Net

Modified Unet

Unet

GAN + U-Net

Performance

Protocol 1 (single E-net) :

Scar segmentation- Average Median Dice
score = 54%

Protocol 2 (manual LV myocardium
segmentation) :

Scar segmentation- Average Median Dice
score=71.25%

Scar Average Dice score:
Single Unet =25%
Chained Unet = 32%

Scar Average Dice score:

Single Unet = 46%
Cascaded Unet = 50%

Scar segmentation
Average Dice score = 67%.

Scar segmentation

Average Dice score = 57%.

Scar segmentation improves
Median Dice score = 75.9% to 80.5%.
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Advantage/Disadvantage/Gap

Protocol 1:

Low performance Scar segmentation.

Input is manually cropped LV images.
Protocol 2:

Input is manually identifying LV myocardium
images.

No LV dlice classification step to exclude
irrelevant slices before segmentation.
Low performance of Scar segmentation.

No LV dlice classification step to exclude
irrelevant slices before segmentation.

Low performance of Scar segmentation.

No LV dlice classification step to exclude
irrelevant slices before segmentation.

Results were calculated on the LV middle slices

only, excluding the most basal and apical slices.

Low performance of Scar segmentation.

Low performance of Scar segmentation.

Employing GAN to augment scar data.

Manually crop myocardium LV region.



24.3 Detection of Myocardial Infarction from Sequences of LGE-MRI

The presence of myocardial scars typically visuaized in LGE-CMR are strong
indicator of prior MI. Consequently, the segmentation of scar tissue has been widely
used as an indirect method for identifying M1 in previous research [23], [107], [113].
However, the risk of false segmentation that often due to low contrast, heterogeneous
intensity distribution, and imaging artifacts present in LGE-CMR images can lead to
the misclassification of hedthy tissue as infarcted regions, thereby reducing the
reliability of MI detection systems. A common approach in previous research is to use
voxel count thresholds to refine segmentation outcomes or the presence and absence of
segmented scar tissue as a decision rule to classify each case as either non-MI or Ml
[39], [40]. For instance, Ma et al. [114] proposed post-processing method that, if the
segmented scars are absent or contain fewer than 10 voxels after post-processing, the
case is classified as non-Ml; otherwise, it is labeled as M. The classification achieved
an accuracy of 92% in distinguishing between normal and pathological cases based on
segmentation results. However, the specific voxel thresholds used to define infarct
presence vary across studies, influenced by factors such as image resolution and the
gpatial representation of scar tissue.

DelaRosaet al. [115] aims to develop an automatic method for M1 detection
and quantification from LGE-MRI using a cascade approach. Their method consists of
three main stages. In the first stage, LGE-MRI slices are classified as either healthy or
pathological using a fine-tuned VGG19 network as a feature extractor, followed by a
Support Vector Machine (SVM) with a linear kernel for classification. In the second
stage, scar segmentation is performed using morphological operations to obtain an
initial infarct mask after image enhancement method using non-parametric top-hat
transform. The third stage involves refining this segmentation through an ensemble of
CNNs, which perform boundary-voxel reclassification. A key limitation of their
approach lies in the reliance on traditional morphological operations for the initial
segmentation, which may be sensitive to image quality, noise, and the heterogeneous
appearance of scar tissue. Furthermore, the classification of slices as either healthy or
pathological is performed as a separate preliminary step before segmentation, rather
than being integrated into an end-to-end framework. This separation of tasks, combined
with the need for manual configuration of enhancement and morphological parameters,
makes the pipeline semi-automated rather than fully automated. While the method
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demonstrated promising results, achieving a classification accuracy of 90.63% and an
average Dice coefficient of 77%, further evaluation on larger and more diverse datasets
is needed to assess the generalizability and robustness of their method.

Abdulkareem et al. [108] investigated the possibility of predicting post-contrast
cardiac MRI (CMR) information, specifically myocardial scar presence using pre-
contrast cine CMR images and machine learning techniques. The classification
component of the study employed feature engineering to capture relevant information
from the cine short-axis images, including optical flow to myocardial motion patterns,
rate of change of myocardial area, and radiomics data to extracted texture and shape
features in order to distinguish between patients with M1 and healthy controls. LGE-
MRI was used as the ground truth to establish the presence of myocardial infarction
(MI). The patterns of gadolinium enhancement on LGE-MRI were used as the reference
standard for confirming the presence of MI, with patterns of gadolinium enhancement
indicating necrosis and fibrosis. The study compared deep learning (ResNet50) with
traditional machine learning approaches (SVM and Decision Tree). Despite these
efforts, the results showed only modest performance, with SVM achieving the highest
classification accuracy at 68%.

Several recent studies have explored 3D deep learning approaches for
myocardial scar segmentation from LGE-CMR images. Brahim et al. [30] introduced
a 3D U-Net combined with a 3D Autoencoder to enforce anatomical shape constraints
for improved scar segmentation, achieving a Dice score of 76.56%, though excluding
basal and apical slices due to common artifacts and lower scar prevalence in these
regions. Zabihollahy et al. conducted a progressive series of works beginning with semi-
automated 2D and 3D CNNs trained on patch-based input, reaching Dice scores above
93%, but requiring manual myocardium delineation and facing high computational
demands [26],[116]. They later proposed [117] afully automated cascaded multi-planar
U-Net (CMPU-Net), which processes axial, sagittal, and coronal views, achieving Dice
scores of 85.14% for myocardium and 88.61% for scar segmentation. Fahmy et al. [118]
applied a deep U-Net with 150 layers for 3D scar quantification but reported a lower
Dice score of 54%. Overall, athough some 3D segmentation methods demonstrate high
performance in detecting myocardial scars, they often incur high computational costs,
depend on labour-intensive manual annotations, and primarily focus on segmentation

accuracy.
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From the reviewed studies, most existing methods detect M|l using a single
segmented scar slice and the post-processing method using voxel-based thresholds,
which does not accurately reflect clinical practice, where radiologists assess the
continuity of the scar across multiple slices to confirm infarction. Although some
studies have attempted to incorporate multi-slice information, research in this area
remains limited. A fully automated, robust, and generalizable M1 detection systems still
require further development and validation. Table 2.2 summarizes past literature on the
MI detection approach on LGE-CMR images and highlights the need for sequential
diceanalysis.
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Table 2.2

Overview of Prior Myocardia Infarction Detection Approaches and the Need for Sequential Slice Analysis

Author (year) Method Type  MI Detection Approach Performance Limitations/ Gap
Maetal. [114] 2D Post-processed scar segmentation. Accuracy: 92% Voxel count threshold varies across studies.
Voxel count threshold (<10 voxels = non- Don't assess the continuity of scar.
Mi)
DelaRosaet al. [115] 2D MI Slice classification & segmentation classification accuracy of  Slice classification done separately,
0,
90.63% semi-automated: Handcrafted segmentation.
Abdulkareem et al. 2D Feature-engineered ML (SVM) from pre-  Accuracy: 68% Indirect M| detection from cine,
[108] contrast cine . .
lacks anatomical segmentation.
K.Brahim et al. (2021) 3D Scar segmentation only Average Dice score: Input segmentation on manually cropped LGE
Myocardial scai= 76.56% 9%
SegU-Net model based on the fusion of two deep
learning segmentation techniques (U-Net and Seg-
Net) and with exclusion of basal and apical dlices
from the evaluations.
Zabihollahy et . 3D Scar segmentation only- 2D CNN (4 conv + Average Dice score: High accuracy, limited to manually segmented
(2018) [26] 2 FC layers, patch-based) car= 94.5% myocardium, semi-automated.
lacks integrated M1 detection
Zabihollahy et . 3D Scar segmentation only- 3D CNN (patch-  Average Dice score: Improved 3D context, still semi-automated; high

(2018) [116]

based,AdaDelta optimizer)

scar= 93.63%,

computation cost.
lacks integrated M1 detection
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Author (year) Method Type  MI Detection Approach Performance Limitations/ Gap
Zabihollahy et 3D Scar segmentation only - CMPU-Net Average Dice score lacks integrated M1 detection
al.(2020) [11 i- - : axi i
(2020) [117] ((:r(;‘r‘:)';'as'a”ar U-Nets: axidl, sagittal, Scar=88.61% no detection/classification with healthy images and
complex pipeline/computationally intensive.
Fahmy et a. [118] 3D Scar segmentation only Average Dice score Focused on segmentation only, no sequential

Scar : 54%

diagnostic logic.

Low performance Scar segmentation
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25 Summary

MI remains a leading cause of morbidity and mortality worldwide, with early
and accurate detection being critical for improving patient outcomes. The identification
of myocardial scar tissue serves as a key biomarker for diagnosis, treatment planning,
and prognosis assessment. While severa diagnostic tools, such as ECG and
echocardiography, play important roles in Ml detection, LGE-CMR has established
itself as the gold standard for non-invasive myocardia tissue characterization, offering
high spatial resolution and excellent contrast between healthy and infarcted
myocardium. However, manual interpretation and delineation of scar tissue from LGE-
CMR images are time-consuming, highly dependent on expert experience, and subject
to inter-observer variability, which limits efficiency and reproducibility in clinica
practice. Furthermore, variability in image quality, anatomical differences, and the
subtle or heterogeneous appearance of scars make manual segmentation challenging,
while growing clinical workloads exacerbate the problem. These limitations underscore
the urgent need for automated, robust, and efficient computational methods

DCNNSs have become central to medical image analysis due to their ability to
automatically extract hierarchical features from raw data, reducing the need for manual
feature engineering. Thelr architecture, which comprises convolutional layers for
localized feature extraction, pooling layers for spatial reduction, activation functions for
non-linearity, and fully connected layers for classification, has delivered strong
performance in segmentation, detection, and classification tasks [72], [73]. However,
evidence from prior studies shows that smply increasing network depth does not
necessarily lead to higher accuracy [72], [74], suggesting that simpler and more efficient
architectures are needed. Additionally, the challenge of medical imaging segmentation,
including for myocardia scar segmentation, is often accompanied by severe class
imbalance [87], [88], [89], further complicating these efforts. This imbalance suggests
careful selection of loss functions to mitigate bias toward dominant classes and improve
sengitivity to smal pathological regions [91], [92], [93], [94], [95]. Furthermore,
conventional manua tuning of network hyperparameters, including those in loss
functions, is labor-intensive and prone to dataset-specific bias [35], [36]. Metaheuristic
algorithms such as PSO have shown great promise in overcoming these limitations,
offering efficient, automated, and robust parameter optimization for improved
performance [97]-[102].
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Recent deep learning-based algorithms have demonstrated substantial potential
for cardiac imaging tasks, yet relatively few studies have focused specificaly on
myocardial scar segmentation from LGE-CMR [18],[19]. Existing research shows that
single-stage models often underperform in this domain due to severe class imbalance
and limited contextual awareness, as scar regions in LGE-CMR are typically smal and
exhibit subtle intensity differences from surrounding tissues [19],[26],[30],[32]. This
imbalance biases models toward dominant classes like the LV and myocardium, while
additional factors such as anatomical variability in LV size, heterogeneous intensity
distribution, and the close proximity of infarcted scars to blood pools further complicate
accurate boundary delineation [18], [19], [118]. Although multi-stage frameworks have
shown improved accuracy by incorporating prior anatomical localization, significant
opportunities remain to optimize performance further in a fully automated manner.
Notably, the review reveals that current pipelines often rely on manual preselection and
cropping of LV-containing dlices, which increases workload, introduces subjectivity,
and hinders the goa of full automation.

Furthermore, most existing M1 detection methods base their decision on asingle
segmented scar dice or apply post-processing voxel-based thresholds. This approach
does not reflect clinical practice, where radiologists evaluate scar continuity across
multiple dices to confirm infarction. While some studies have attempted to integrate
multi-slice information, research in this area remains limited. Addressing these
challenges forms the centra motivation of this study, which proposes a nove
framework to deliver more reliable, scalable, and clinically aligned M1 detection from
LGE-CMR.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 I ntroduction

Theincreasing incidence of myocardial infarction (M1) has driven recent studies
to focus on automating M1 detection, with the aim of reducing radiologists workload
and improving the efficiency of clinical diagnostics. However, relatively few
researchers have focused on achieving fully automated M1 detection using short-axis
L ate gadolinium enhanced cardiac magnetic resonance (LGE-CMR) images [18], [19].
This limited focus can be attributed to several significant challenges, including the
scarcity of high-quality annotated datasets and the complexities in accurately
segmenting infarcted tissue. To fill the research gaps outlined in Chapter 2, this chapter
introduces a novel method for fully automated segmentation and detection of infarcted
tissue, commonly referred to as myocardial scar, associated with ischemic heart disease.
The proposed approach is based on a deep convolutional neural network (DCNN)
framework and is applied exclusively to sequences of LGE-CMR images. This chapter
begins with a description of the image acquisition and data collection, pre-processing
and expert labeling procedures that are essential for training the proposed DCNN
models. It then introduces a novel DCNN-based method for classifying imagesinto LV
and non-LV regions, facilitating automatic detection. Following this, a dual-stage
Deepl abV 3+-based segmentation model is introduced, structured into two key stages:
the DeepLabV3+ Tailor LV (DLT-LV) model for segmenting the LV region in the
initial stage, followed by the DeepLabV 3+ Tailor Scar (DLT-Scar) model focused on
segmenting scar tissue within the LV region. Finally, an approach for detecting cases
indicative of MI isintroduced, utilizing Scar Sequential Slice Reconstruction (3SR) in
conjunction with a DCNN-based method. Each of these methods is systematically
detailed in its separate subsection.

3.2  Overview of Research Methodology

The primary goal of this research is to provide an automated end-to-end

framework for M| segmentation and detection using only LGE-MRI images. This



section provides an overview of the proposed methodology, asillustrated in Figure 3.1,
with the main contributions highlighted in red blocks to align with the study's research
objectives. The overall process is divided into four (4) main phases. Phase 1 involves
data collection and preparation, starting with obtaining ethical approva and gathering
the data. This phase involves removing annotations, labeling ground truth (GT) by
experts, and augmenting images before proceeding to the next phase. The details of this
phase are described in Section 3.3.

The second phase involves the classification of images containing the left
ventricle (LV) and those without the LV. The LV, which functions asthe heart's primary
pumping chamber, isexamined fromitsbasal to apical regionsto identify potential areas
of infarction. LGE-CMR imaging acquires a series of short-axis slices of the heart,
covering the outermost parts and the entire cardiac segment. However, when assessing
the patient's myocardial scar, only the slicesthat include the LV region arerelevant. To
streamline this process, this study proposes an automated approach based on DCNN.
The goal isto accurately classify LGE-CMR images to isolate those containing the LV
region from non-LV images, thereby preparing them for a subsequent segmentation
process. The proposed classification method utilizes both a shallow DCNN model
architecture (S-DCNN) and pre-trained DCNN networks. Phase 2 corresponds to
Objective 1, which isdetailed in Section 3.4.

Once the images containing the LV region have been identified, the third phase
introduces a proposed automatic dual-stage myocardial scar segmentation model, where
each stage is optimized for a specific segmentation task using a customized
DeeplL abV 3+ segmentation network. In the first stage, the DLT-LV model is used to
segment the LV region. In the second stage, the DL T-Scar model focuses on segmenting
scar tissue within the previously segmented LV region. On top of that, the study
proposed a morphological procedure after first-stage segmentation that links the DLT-
LV and DLT-Scar to further refine the LV region segmentation, addressing potential
issues such as small gapswithin the LV chamber and isolated miss-segmentations after
the DLT-LV model. This dual-stage segmentation model corresponds to objective 2,
and the development processes for both stages of the segmentation model are discussed
in detail in Section 3.5. Following the second-stage scar segmentation, a novel
optimization approach is introduced, integrating Particle Swarm Optimization (PSO)
with Tversky loss function hyperparameter tuning within the DLT-Scar model to



enhance myocardial scar segmentation performance. This phase relates to objective 3,
with details of the proposed optimization method provided in Subsection 3.5.2.2

Finally, the fourth phase continues with the detection of truly segmented scar
tissue identification, followed by an overall evaluation process. While the presence of
myocardial scars in LGE-CMRI is strongly indicative of prior MI [1], using a single
segmented LGE-CMRI image aone is insufficient for reliable scar detection due to
limitationsin spatial context and variability in scar appearance across slices. To address
this, this phase introduces a methodological approach that reconstructs an image from
a sequence of LGE-CMR slices, thereby enhancing the visualization of scar features
across multiple views. The SDCNN model, as detailed in Section 3.4.1, is then
employed to classify whether the segmented scar imageis indicative of M| or represents
non-MI myocardial tissue. This phase concludes with an overall evaluation assessing
the proposed frameworks. This stage corresponds to objective 4 and detailed
methodology is provided in Section 3.6.
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3.3  Phasel: Data Collection and Preparation

This section detailsthe initial data preparation steps carried out in Phase 1 of the
study. It includes the data collection procedure, expert labeling, and augmentation
processes, as illustrated in Figure 3.1. The general flow of the dataset acquisition and
data labelling is illustrated in Figure 3.2. The process begins with obtaining ethical
approval, followed by image acquisition and preprocessing steps, before proceeding to
ground truth (GT) annotation, which was guided and validated by an expert radiol ogist.
Detailed descriptions of each step are provided in the subsequent subsections. Detailed
explanations of each step are provided in the following subsections.

Ethical + Image Ground Truth+ _
Approval collection ® labelling Augmentation

Figure3.2 The Genera Flow for Data Collection and Preparation

3.3.1 DataCollection

In order to utilize LGE-CMRI data from patients, this research obtained ethical
approval on 22 November 2021 from the Human Research Ethics Committee of USM
(JEPeM) under the School of Medical Sciences, USM, IPPT, Bertam, Pulau Pinang.
The approval was extended until February 2025 under JEPeM Code:
USM/JEPeM/21090623 (See Appendix 1). The flow of the ethical approval process
applied to JEPeM-USM is detailed in Appendix 2. All LGE-CMR images used in this
study were acquired using a Philips Achieva 3.0T CMRI scanner. The imaging data
were retrieved in Digital Imaging and Communications in Medicine (DICOM) format
from Picture Archiving and Communication System (PACS) using OsiriX® software
(ver. 12.5.2) on an Apple Mac workstation at Imaging Department, AMDI, USM
Bertam. LGE-CMR images were retrospectively collected from patients diagnosed with
M1 with scar-related ischemic heart disease between 2018 and 2024. Short-axis L GE-
CMR images with a resolution of 320 x 320 pixels were obtained from a total of 60
patients. For training and testing purposes, the study included a total of 30 patients,
comprising 21 individuals with M1 and 9 healthy cardiac subjects. An additional 30
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patients were involved in the find validation phase to assess the performance of the
proposed end-to-end automated M1 detection framework, which included 10 subjects
with Ml and 20 hedlthy subjects without MI. Each image was accompanied by its
corresponding MRI radiology report, providing clinical context for each case. An
example of aradiology report is included in Appendix 3. DICOM images often contain
patient information, dates, and other metadata unnecessary for the proposed method. To
comply with ethical regulations that have been used, these images were anonymised to
remove confidential patient information before being transferred to the study domain
for storage. Many MATLAB image-processing functions operate on standard numeric
image arrays rather than directly on DICOM files, so this study utilizes the dicomread
function to read DICOM images and then convert them to Bitmap (BMP) format to
facilitate the processing workflow in the MATLAB environment. BMP is an
uncompressed, lossless image format that preserves pixel intensities accurately,

enabling reliable image processing and visualization.

332 LV and Non-LV Region Labelling

The number of images obtained per patient varied depending on the dice
settings and the anatomical size of the patient's heart. This study used MRI scans with
an 8 mm dicethickness, which typically produced between 15 and 20 short-axisimages
for each individual. These images consist of both those containing the LV region,
gpanning from the basal (base) to the apica of the heart, and those that do not contain
the LV region which located below the apical namely non-LV Apica (NLVA) and
images that do not contain the LV region located at upper basal namely non-LV Basal
(NLVB), asillustrated in Figure 3.3. In this study, both types of non-LV images were
grouped under a single category referred to as the non-LV region. The LV region, on
the other hand, refers to image dices that contain anatomical structures within the
boundaries of the Ieft ventricle, including the myocardial wall, papillary muscles, and
the LV cavity, as illustrated in Figure 2.6 of Chapter 2. The labeling task for LV and
non-LV region classification was conducted manually by the cardiac radiologist
through visual assessment. Figure 3.5 displays LGE-CMR images of LV and non-LV
regions based on soft tissue density. Since myocardial scar assessment is primarily
focused on the LV region, a classification method is required to distinguish LV from
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non-LV regions at the beginning. The proposed method for automated LV and non-LV

classification is detailed in Section 3.4.

Figure 3.3 Example of LGE-CMR Image Sequences Per Patient. Uppermost Basal
and Lower Apical Images Comprise the Non-LV Chamber Class
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LGE-CMR Images

LV region

Non-LV region
a) Badl (NLVB)

b) Apical (NLVA)

Figure 3.4 Example of Short-Axis LGE-CMR image of LV and Non-LV Region
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3.3.3 Manual Labelling of LV Region

Next, dl LGE-CMR images containing the LV region were subjected to a
manual labeling process for both the LV region and the infarcted scar area. The GT
labelling process was manualy performed using the Image Labeller tool available in
MATLAB R202launder the Image Processing and Computer Vision apps, as shown in
Figure 3.5. The Pixel Label feature was selected to obtain the GT for each class. This
GT datais utilized in the segmentation and detection processes in Phases 3 and 4, as
outlined in Figure 3.1. Figure 3.6 presents examples of GT masks for the LV region and
myocardial scar obtained through manual expert annotation. Subfigure (a) displays the
origina short-axis LGE-CMR image, (b) shows the corresponding GT for the LV
region, and (c) illustrates the GT mask for infarcted scar tissue.

- Scene Label Definitions

To label a scene, you must first define a

Remo efron mage

Figure 35 The MATLAB Image Labeler Tool for LV Region Labelling
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I (a) (b) (©
Figure 3.6 The Examples of GT for the LV region and Myocardial Scar for
Validation Purposes, (@) Short Axis of LGE-CMR Image (b) GT for LV Region and
(c) GT for infarcted Scar Tissue

3.34 Image Augmentation

A well-trained CNN model depends on a substantial amount of data [2], [5]. In
the model training phase, we utilized 512 short-axis LGE-CMR images obtained from
30 patients, which were divided into training and testing sets. Specifically, 70% of the
images were alocated for training, while the remaining 30% were reserved for testing.
This alocation ratio is widely regarded as optimal for achieving strong training and
testing performance [124]. Prior to the training process, we employed data
augmentation techniques involving geometric transformations [123] to enhance the
generalization capability of the DCNN model. These techniques included image
rotations (+90, +180, +270 degrees) and image flipping (reversed along the center),
which were applied more extensively to the non-LV class than the LV class to address
the class imbalance by increasing the representation of underrepresented samples. This
geometric transformation approach was chosen not only to expand the dataset but also
to preserve key anatomical structures. Table 3.1 presents the total number of imagesin

each class both before and after data augmentation.
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Table 3.1
The Tota Number of Images in Each Class Before and After Data Augmentation

Dataset Original Dataset After Data Augmentation
LV Non-LV region TOTAL LV Non-LV region TOTAL
region region
(NLVA + NLVB) (NLVA + NLVB)
Training 252 105 357 756 756 1512
Tedting 109 46 1% 327 327 64
Totd Images 512 2166

34 Phase 2: New Automated Classification of LV Images Using DCNN

This section introduces a new method for classifying images with LV and non-
LV regions using DCNNs to automate the manual identification of the short-axis dice
in LGE-MRI images prior to segmenting the LV region for M1 detection. To the best of
the authors' knowledge, this study is the first to introduce an automated method for
classifying LV and non-LV regions from a sequence of LGE-CMR images. A new
Shallow DCNN (S-DCNN) model was built and trained from scratch with random
weight initialization to assess the effectiveness of narrower architecture in handling this
task and compared to more complex pre-trained models. The SSDCNN was constructed
by first defining the model architecture by experimenting with the number of
convolutional layers and incorporating batch normalization layers. Subsequently,
optimization techniques including Stochastic Gradient Descent with Momentum
(SGDM) and Adaptive Moment Estimation (Adam) used in adjusting the model's
weights during training [120] were evaluated, and the learning rate hyperparameter was
fine-tuned to achieve the optimal configuration tailored to the classification task. All
proposed DCNN models are trained to classfy LGE-MRI images into two categories:
LV and non-LV regions as shown in Figure 3.4. Consistent with clinical assessment,
diceslabelled as LV are selected as dices of interest, while both non-LV categories are
excluded from further assessment. The flowchart illustrating the proposed image
classification method for LV and non-LV regions using a DCNN is shown in Figure
3.7. The following subsections discuss the implementation and architecture details for
both the from-scratch SSDCNN model and the pre-trained models.

53



Sart
— __/
Partitioning Training and
Testing Dataset

Configure network using
default Parameter

£ 1 Tuning/ modify
Pre-trained SDENN Network parameters
network
I Non-LV
Non-LV LV LV

NLVA NLVB
NLVA NLVB :

T
- "
P L
e Testing ™.
< Performance ::"»
T safisfied? No
. L

..
ey

£ Yes

Performance comparison

=

Figure 3.7 Flowchart of the Proposed Classification of LV and Non-LV Regions

34.1 Shallow DCNN (S-DCNN) Model

DCNN architecture typically includes multiple convolutional layers that work
together to extract hierarchical features from the input image. The initial convolutional
layer captures low-level features, such as edges and textures, while subsequent layers
learn more complex patterns. Pooling layer is then used to reduce dimensionality while
preserving essential features, followed by fully connected layers for classification. In
this study, a train-from-scratch approach was adopted to minimize the complexity of
DCNN, making it suitable for deployment on lower-specification systems. Furthermore,
the network was kept simple and reliable to fulfil the next research objectives: to hybrid
with another network model to automatically segment the infarcted tissue in the LV
region. A series of experiments were conducted to identify the optimal architecture for
classifying LV and non-LV regions, starting by incrementally increasing the number of
convolutional layers from oneto four. This approach allowed for a thorough assessment



of how additional depth impacts classification accuracy. While deeper networks can
potentially capture more complex features, limiting the architecture to four layers helps
balance performance with computational efficiency and mitigate issues like vanishing
gradients and overfitting [121]. Each DCNN mode was trained using LGE-CMR
images with aresolution of 320x320x3 pixels as input. A conservative learning rate
of 0.0001, abatch size of 16, and the Adam optimizer were initially chosen for training
this initial experiment. The training parameters were selected based on recommended
practices to establish a stable baseline [122] , and the configuration was set using
MATLAB's training parameters. Overal comparison, the concept of increasing number
of convolution layers was investigated and the best model will be chosen for further
improvement. The detailed structure of the four DCNN models, each with a varying

number of convolutional layers, is outlined as follows:
One convolutional layer DCNN

The structure of DCNN that utilising one convolution layer block shown in
Figure 3.8. The convolutional layer has 8 kernels (filters) with each of size 3x3. In the
context of convolutional operations, features are extracted by applying kernels to the
input data. The size of the kernel determines the spatia extent of the receptive field,
which influences the scale of features extracted. Smaller kernels typically capture fine-
grained details, while larger kernels are more suited for extracting coarse-grained
features [123]. In this study, the initial layers of the DCNN employ smal kernel sizes
to focus on fine-grained details, ensuring that the output feature maps from these layers
provide detailed information about the local structure of the input. The stride, which
controls the movement of the convolutional kerndl, is setto 1, and padding is set to
'same' to preserve the spatia dimensions of the input image, ensuring that the output
feature map has the same width and height as the input. This convolution layer followed
by a RelLU activation function for non-linear transformation and a max-pooling layer
with a 2x2 filter and a stride of 2 is then applied to reduce spatia dimensions to
160 X 160 X 24, preserving essential features while minimizing computational
complexity. The max-pooling layer was chosen for its ability to select the maximum
value from each pooling region, effectively preserving the most significant features of
the input data, such as edges and textures. By focusing on the maximum values, max
pooling helps to ignore less relevant background information and noise, which might
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otherwise dilute the quality of the feature representation. The output from this process
is 'flattened’ by the fully connected layer into a single vector, which is then processed
by the activation function to compute the probability distribution across all classes. A
softmax activation function [124] is applied to determine the probability for each class,
represented by two neurons corresponding to the class labels (LV and non-LV). Table
3.2 provides a summary of the detailed parameters for the single-layer DCNN model.
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Figure 3.8 The One Convolutional Layer DCNN Structure

2
g?:bll\leNsLayer Configuration for the One Convolutional Layer Model
Layer Type Kernal Size No. of Kernel Stride Output size
0 Input - - 320x320
1 Convl 3x3 8 1 320x320
RelLu - - - 320x320
Pool1 2 - 2 160x160
2 FC - - - 2
Softmax - - - 2

Two convolutional layer DCNN

The two-convolution layer DCNN is amost similar to the previous one-
convolution layer DCNN, but with an additional convolutional layer block, asillustrated
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in Figure 3.9. The first convolutional layer mirrors that of the one-layer DCNN.
Following the second convolutional block, which consists of a 3x3 kernel with 16 filters
and a stride of 1, aRelLU activation function is applied, and a 2x2 max-pooling layer
with a stride of 2 reduces the output size to 80x80. This additional convolutional layer
enhances the model's ability to capture more complex features by increasing the number
of filters , dlowing for richer feature extraction a the cost of minima added
computational complexity. The network retains the same fully connected layer
configuration, with the find layers consisting of a fully connected layer followed by a
softmax layer, smilar to the previous one-convolution layer DCNN model. Table 3.3
provides a summary of the detailed parameters for the two convolution-layer DCNN
model.
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Figure 39 The Two Convolutional Layer DCNN Structure

Table 3.3
DCNN Layer Configuration for the Two Convolutional Layer Model

Layer Type Kernal Size No. of Kernel Stride Output size

0 Input 320x320
Convl 3x3 320x320
RelLu 320x320
Pooll 2 160x160
Conv2 3x3 16 160x160
RelLu 160x160
Pool2 16 80x80
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Layer Type Kernd Sze No. of Kerndl Stride Output 9ze

3 FC
Softmax

Three convolutional layers DCNN

The three-convolution layer DCNN model builds on the previous architectures
by adding an additiona convolutiona block, further enhancing its capacity to capture
complex features, as illustrated in Figure 3.10. The first two convolutional layers are
smilar to those in the two-layer model. The additiona third convolutional layer
(Conv3) applies 32 kernels of size 3x3 with a stride of 1, followed by RelLU activation.
This is succeeded by a 2x2 max-pooling layer, which reduces the feature map size to
40x40. This third layer alows the model to capture even more detailed features,
enhancing its ability to distinguish finer details within the images. The fina layers are
also structured similarly to the previous models, with a fully connected layer that
flattens the features into a vector and a softmax layer that outputs the probability
distribution across the three classes. The detail parameters of this three convolutional -
layer DCNN is summarized in Table 3.4.
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Figure 3.10 The Three Convolutional Layer DCNN Structure
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Table 34
DCNN Layer Configuration for the Three Convolutional Layer Model

Layer Type Kernal Size No. of Kernel Stride Output size

0 Input - - 320x320
1 Convl 3x3 8 1 320x320
RelLu - - - 320x320
Pool1 2 2 160x160
2 Conv2 3x3 16 1 160x160
RelLu - - - 160x160
Pool2 2 2 80x80
3 Conv3 3x3 32 1 80x80
RelLu - - - 80x80
Pool3 2 32 2 40x40
4 FC - - - 2
Softmax - - - 2

Four convolutional layers DCNN

The four-convolutional layer DCNN model further builds on the previous
architectures by incorporating an additional convolutional block, increasing its ability
to capture more detailed and complex features, as illustrated in Figure 3.11. This
architecture begins similarly to the three-layer model, with the additional third
convolutional layer (Conv3) applying 32 kernels of size 3x3 with astride of 1, followed
by a ReLU activation and another 2x2 max-pooling layer, reducing the feature map to
40x40. The additional fourth convolutiona layer (Conv4) further extends the feature
extraction capacity, using 64 kernels of size 3x3 with a stride of 1, followed by aRelL U
activation function and a 2x2 max-pooling layer, reducing the output to 20x20. As the
network depth increases, the number of convolutional kernelsisincreased to 64 to detect
more specific and detailed patterns. As with the previous models, thefinal layersconsist
of afully connected layer that flattens the extracted features into a vector and a softmax
layer that outputsa probability distribution acrossthe two classes. Thedetail parameters
of this four convolutional -layer DCNN is summarized in Table 3.5.
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Figure 3.11 The Four Convolutional Layer DCNN Structure

Table 3.5
DCNN Layer Configuration for the Four Convolutional Layer Model

Layer Type Kernal Size No. of Kernel Stride Output size

0 Input - - 320x320
1 Convl 3x3 8 1 320x320
RelLu - - - 320x320
Pooll 2 8 2 160x160
2 Conv2 3x3 16 1 160x160
RelLu - - - 160x160
Pool2 2 16 2 80x80
3 Conv3 3x3 32 1 80x80
RelLu - - - 80x80
Pool3 2 32 2 40x40
4 Conv4 3x3 64 1 40x40
RelLu - - - 40x40
Pool4 2 32 2 20x20
5 FC - - - 2
Softmax - - - 2
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Batch normalization is not typically included by default in basic DCNN
architectures, asits effects can vary across different network configurations [125], [126]
.This study investigates incorporating batch normalization into the best-performing
DCNN model from previous experiments to evaluate its impact on classification
performance. The batch normalization layer was placed after each convolutional layer,
just before the activation function, to standardize activations before they pass through
non-linear functions. Given that batch normalization can interact differently with
various optimizers, further experiments were conducted to evaluate the model's
performance with and without batch normalization under different training conditions.
Specifically, three learning rates (0.0001, 0.001, and 0.01) were tested with two types
of optimizers, SGDM and Adam, to determine the optimal settings. This experimental
setup allows for a comprehensive assessment of how batch normalization influences
model stability and accuracy across a range of configurations. The placement of the
batch normalization layers within the convolutional block isillustrated in Figure 3.12.
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Figure 3.12 Placement of Batch Normalization Layers Within the Convolutional
Block

3.4.2 Pretrained DCNN Modd

In addition to the SSDCNN model trained from scratch, this study also explores
customized pre-trained DCNN architectures, with modified classification layers, as an
aternative network. Pretrained networks offer an effective solution for small image data
samples [127]. These models have been previoudy trained on extensive datasets,
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learning to recognize general image features like edges, textures, and shapes. This
version of DCNN can aso be deployed using an approach known as transfer learning
[128], [129] with a pre-trained model. By leveraging this pre-existing knowledge, pre-
trained models can be fine-tuned for specific tasks, such as classifying LV and non-LV
regionsin LGE-MRI images. This study opted to concentrate on three well-known CNN
models, namely Alexnet, GoogLeNet, and SgueezeNet, where each of these
architectures has its own strengths in performing the classification task. AlexNet by
Alex Krizhevsky et. a [130] was the first prominent model to in-corporate the
convolutional layers that define a CNN. Its architecture consists of five convolutional
layers followed by three fully connected layers, with an input size fixed at 227x227x3.
Notably, AlexNet introduced Rectified Linear Units (ReLU) as the activation function,
which improved learning efficiency compared to the previously used sigmoid function.
GoogLeNet [131] introduced a more complex architecture by incorporating nine
inception modules, each designed to perform multilevel feature extraction using Ixl1,
3x3, and 5x5 filters. The network consists of 27 layers of deep convolutiona layers. It
requires input images sized at 224x224x3. The inception modules enable GoogL eNet
to capture both local and global features effectively. SqueezeNet [132] introduced a
highly compact architecture with nine fire modules, designed to reduce the model's
parameters while maintaining classification accuracy. It has 18 layers and requires the
same input size as AlexNet. Each fire module uses x| convolution filters to act as
bottleneck layers, reducing the computational load before passing datato the 3x3 filters.
All three pre-trained models were imported from the MATLAB Deep Learning
Toolbox.

The input images were resized to match each model's expected input
dimensions, and the final classification layer of each model was customized to produce
two output classes for binary classification of LV and non-LV regions. For a far
comparison with our SSDCNN model, al customized pre-trained networks were
configured with the same learning rate, batch size, training epochs and optimizer
settings as Table 3.6 below.
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Table 3.6
Hyperparameter Setting Details for DCNNs Training

DCNN Parameter Default Value
Learning Rate 0.0001
MaxEpochs 70

Validation Frequency 32 iterations
Mini Batch Size 16

Solver Adam

3.4.3 Performance Evaluation

This study investigates the proposed method for detecting LGE-MRI images
with LV region by classifying into LV and non-LV regions using four SDCNN models
and three pre-trained models. The LV classification comprised images spanning from
the basal (base) to the apica regions of the heart, while the non-LV classification
included images located below the apica and above the basal regions. To ensure
consistency in model comparisons, this classification task performance was tested using
12" Gen Intel 17-12700H processor, NVIDIA GeForce RTX 3050 Laptop GPU and
16GB of RAM. The performance was assessed using classification metrics derived from
the Confuson Matrix (CM), including true positive (TP), true negative (TN), fase
positive (FP), and fase negative (FN) outcomes. These metrics provide a quantitative
basis for evaluating the effectiveness of each model in accurately classifying images.
The definition for each CM value is described below [133]:

TP - The number of correctly classified LV regions

TN - The number of correctly classified non-LV regions

FP - The number of incorrectly classified as LV regions

FN - The number of incorrectly classfied as non-LV regions

Below arethelists of performance metrics using the CM components to evaluate
the proposed method.

Accuracy (Ace) - represents the ratio of the number of correct classifications
(both LV and non-LV) to the total number of images/cases considered. It is calculated

63



as the proportion of correctly classified samples (true positives and true negatives) to

the total number of samples. The formulafor accuracy is given by Equation 3.1:

TP+TN (3.0)
CCUraCy Tp+FN+TN+Fp

Recall/Sensitivity (SN) - the ratio of the number of correctly classified LV
regionsto the total actua LV regions. The percentage of sensitivity is given by Equation
3.2.

... TP 32

Reca I/sensmwty—m

Precision - the ratio of correctly classfied LV regions to the total number of
predicted LV regions, given by Equation 3.3:

b TP (3.3)
Precision=
(TP+FP)
FI-score - harmonic mean of precision and recall, providing a balance between
these two metrics. It gives a single measure of the model's predictive performance,
particularly useful when there is an uneven class distribution, given by Equation 3.4:

Precision x Recall (34)
Fl-Score=2 - Vo
Precision+ Recall

The next stage utilized images containing only the LV region, as classified by
the best-performing automated S-DCNN, for the tasks of LV region and scar
segmentation.



35 Phase 3. New Dual-Stages DeeplabV3+-Based Myocardial Scar
Segmentation

As discussed in Chapter 2, Section 2.2, the presence of myocardia scar tissue
in LGE-CMRI is a key indicator of MI. This section presents a comprehensive
methodology for developing a new automatic dual-stage myocardial scar segmentation
model using LGE-CMR images that contain only the LV region obtained from the
previous phase. The proposed approach comprises two segmentation stages, each
designed to perform a distinct task tailored to its specific segmentation objective.
Motivated by the DeeplLabV3+ encoder-decoder architecture and its successful
application in image segmentation studies [78], [79], [134], this study enhances the
encoder architecture at each stage to improve segmentation performance. DeepL abV 3+
is well-suited for these segmentation tasks due to its ability to extract multi-scale
contextual features, making it effective in handling LV anatomical variations and
detecting abnormalities of different scar sizes. The first stage focuses on developing the
DLT-LV network for precise segmentation of the LV region, where scars are likely to
be present. The customized network architecture is detailed in Subsection 3.5.1.1. This
stage aso includes a post-processing procedure following the segmentation of the LV
region. This procedure addresses potential issues such as small gaps within the LV
region and isolated mis-segmentations produced by the DLT-LV network. This
procedure is discussed in detail at the end of the first stage, as presented in Subsection
3512

Subsequently, Subsection 3.5.2 turns its attention to the development of the
DLT-Scar network, which focuses on the segmentation of scar tissue within the
identified LV region. The same model architecture used in the first stage was applied in
this second stage, but the selection of the backbone network was determined through
the same experimental evaluation conducted in the first stage. Given that myocardial
scars typically occupy avery smal proportion of the LGE-CMR image relative to the
background, the segmentation task is inherently affected by class imbalance, which can
significantly degrade model performance if not properly addressed [37], [87], [88]. To
overcome this, the study investigates several loss functions suited for imbalanced
segmentation tasks and evaluates their impact on the DLT-Scar network's performance.
Additionally, anovel approach utilizing the PSO algorithm is proposed to optimize this
model by automatically searching for the optimal values of Tversky loss function
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hyperparameters, as detailed in section 3.5.2.2. To the best of our knowledge, thisisthe
first investigation to automate the hyperparameter optimization of the Tversky loss
function using the PSO-DL T-Scar segmentation model. Figure 3.13 showsthe proposed
framework for the Dual Stage Myocardial Scar segmentation model, and the flowchart
of the proposed two-stage model is demonstrated in Figure 3.14. The offline mode
involved the development, training, and testing of the DCNN, while the online mode
focused on developing a fully automated myocardial scar segmentation and detection
model, utilizing al trained DCNN models.

Stage 1: LV Segmentation

LV segmentarion model
(DLT-LV)
LV mask
Image Refinement

LGE-MRI image
(from output Phasel)

Scar segmentation
Model
(DLT-Scar)

LGE-MRI +LV mask Scar Prediction

Stage 2: Scar Segmentation

Figure 3.13 Proposed Framework for Dual-Stage Myocardial Scar Segmentation
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Figure 3.14 Fowchart of Dual-Stage Myocardial Scar Segmentation
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3.5.1 First Stage: LV Region Segmentation Model

This subsection focuses on the first stage of the segmentation process, which
targets the delineation of the LV region, as illustrated in Figure 3.14. Figure 3.15
illustrates the multiscale morphology of the LV region, with representative short-axis
LGE-MRI dlices captured at three anatomical levels: (a) apical, (b) mid-ventricular
(middle), and (c) basal sections. This stage is critical, as its segmentation output will
directly influence the accuracy and reliability of the subsequent scar segmentation. The
proposed LV segmentation approach combines amodified DeepL abV 3+ network with
a post-processing procedure to achieve refined LV region segmentation. The
architectural modifications are detailed in Subsection 3.5.1.1, while the post-processing
procedure for segmentation refinement is presented in Subsection 3.5.1.2.

(a) apical (b) middle (c) basal

Figure 3.15 The Example of LV Region in LGE-CMR Image

3.5.1.1 DeepLabV3+ Tailoredto LV (DLT-LV) Network

DeeplLabV 3+, introduced by Chen et al. [79], is an advanced semantic
segmentation network that integrates both an encoder and a decoder. The decoder in
DeeplLabV3+ consists of a backbone architecture that serves as the feature extractor,
along with the atrous spatial pyramid pooling (ASPP) module, a crucial component for
capturing multi-scale contextual information. The integration of both the backbone and
A SPP module within the encoder of DeepL abV 3+ resultsin a highly effective semantic
segmentation framework. A key aspect of the modifications in this study involved
adjusting the encoder of DeeplLabV 3+, as it is essential for effective feature extraction
in image segmentation tasks. These modified elements are highlighted in the encoder
part of the DeepL abV 3+ structure, as shown in Figure 3.16.
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Figure 3.16 The Encoder-Decoder Structure of the DeepL abv3+ Model

Network backbone

The backbone network is crucia in feature extraction, capturing essential
information from the input image within the DeepLabV3+ model providing high-
guality feature mapsto subsequent modules, such asthe Atrous Spatial Pyramid Pooling
(ASPP) to achieve high performance in semantic segmentation tasks. This study
compared three prominent backbones networks, each offering unique strengths for the
task: ResNet50, X ception, and MobileNetV 2. Xception has been commonly utilized in
prior research as the default backbone for DeepLabV 3+ [79]. MobileNetV2 [135] was
chosen for its lightweight design, which enhances computational efficiency, making it
ideal for applications with limited resources or real-time processing needs. Its
streamlined structure reduces the model size while preserving accuracy, making it well-
suited for extensive datasets such as LGE-MRI scans. Alternatively, ResNet50 [136] is
particularly effective at segmenting small or complex anatomical features due to its
residual connections. Comparing these backbones helps determine which model
provides the most balanced performance in terms of accuracy, efficiency, and
adaptability for myocardial scar segmentation. This study used networks pre-trained on
over a million images from the ImageNet database, which were then retrained with a
short-axis LGE-CMR dataset. Pre-trained networks are known for their efficiency and
effectiveness, especially when applied to medical imaging tasks with limited training
data.

69



Improved ASPP Module

In DeepLabV3+ encoder, the ASPP is utilized for resampling feature maps
created from the backbone architecture at different atrous rates. The ASPP module
includes four parallel atrous convolutions with different dilation rates, alowing the
network to simultaneously learn features at various scales. These features are
concatenated and passed through a 1 x 1 convolution to create a rich representation of
contextual information at multiple scales before being applied to the encoder's feature
maps. Asthe dilation rate increases, the receptive field grows, allowing the network to
capture broader contextua information from the input. The proposed module includes
extending four paralel branches of the atrous depthwise separable convolution
proposed in DeepLabV 3+ to five paralel branches with dilation rates of 1,2, 6, 12, and
18 to enhance multi-scale feature extraction. The selected dilation rates are lower than
the default values (1,6, 12, and 18) used in the original ASPP module, as this approach
is particularly effective in enhancing the representation of small-scale features, as
demonstrated in [137], [138]. Additionally, a set of batch normalization and ReL U
layers are applied after each pointwise convolution. Batch normalization following each
convolution stabilizes training by normalizing the input distributions, which has been
shown to improve network convergence and generalization in deep learning models,
especially when applied to complex medical imaging tasks [139]. The inclusion of
RelL U activation also enhances non-linearity, alowing the ASPP module to better
capture complex patterns in myocardial images. Together, the modification ASPP
architecture is tailored to address specific challenges in the segmentation of cardiac
structures, where capturing fine details at is crucial for accurate LV delineation. The
original ASPP module in the DeepL abV 3+ mode and the improved ASPP module used
inthe DLT-LV model are displayed for comparison in Figure 3.17. The three backbones
mentioned above were tested on the modified ASPP module and compared to the
original ASPP. The best-performing backbone was selected as this study's automated
DeeplL abV3+-based model for LV segmentation, referred as DLT-LV, which will be
applied in the subsequent refinement procedure described in the following section. In
this section, dl training parameters, including the learning rate and number of epochs,
were carefully selected to promote stability throughout the training process until the
learning progress reached a steady optimal point. This choice of parameters facilitated
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balanced convergence toward the highest possible model performance, as detailed in
Table 3.7.

Depthwisc Pointwise
Conv Conv

Featurss

» Global pocling

Figure 3.17 The Original ASPP Module in the DeeplLabV 3+ (Top) and the Proposed
Improved ASPP Module in LV Segmentation Model (DLT-LV) (Bottom). The 'r'
Denotes the Atrous Rate

Table 3.7

Second Stage: Scar Segmentation Settings for Semantic Segmentation
Parameter

Settings
Initial Learning Rate 0.0001
Max Epochs 100
Mini Batch 8
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Par ameter Settings

Function loss Generdized Dice Loss Function

Network Optimizer ADAM

3.5.1.2 DLT-LV Refinement Using Morphological Procedure

The segmentation of the LV chamber in short-axis LGE-CMR images presents
several challenges due to the inherent complexity of the imaging modality. These
challenges include intensity inconsistencies within the LV cavity, along with the
influence of papillary muscles and trabeculations. Additionally, background artifacts
and surrounding anatomical structures that closely resemble the LV further complicate
segmentation. As shown in Figure 3.18, these factors may cause the network to
misinterpret structures, leading to small gaps within the segmented LV chamber and
isolated mis-segmentations outside the LV region. Such issues can negatively affect
segmentation accuracy, emphasizing the need for additional refinement techniques. To
minimize incorrect interpretations for the next stage, the output from the DLT-LV
network requires additional refinement and filtering strategies to ensure robust and
reliable results. Therefore, this involves a morphological procedure to further refine the
segmentation and address potential issues such as small gaps within the LV chamber
and isolated mis-segmentations. The stepsinvolved in this procedure are as follows:

i)  For agiven binary image;

a) Define holes as sets of background pixels surrounded by object foreground
pixels.

b) Fill al holes with the value of adjacent pixels in the horizontal or vertical
direction to ensure that any small gaps within the segmented LV region are
closed.

i)  Measure the area/size of each object in the binary image. Then, identify the
object with the largest area.

i)  Retain only the largest object and remove any smaller objects. This step ensures
that isolated mis-segmentations are discarded.
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Intensity inconsistencies and Papillary Muscles within LV cavity

Background Artifacts and Similar Anatomical Structures

Figure 3.18 Examples of Segmentation Challenges in Short-Axis LGE-CMR Images

352 Second Stage: Scar Segmentation Model

After the image refinement process, the resulting LV mask images are merged
with the corresponding LGE-CMR images and subsequently used as input for the
second stage of the modified DeeplLabV 3+ network, referred to as DLT-Scar. This
network retains the same encoder-decoder architecture asthe DLT-LV model from the
previous stage, incorporating the modified ASPP module. The backbone for this stage
was selected based on the same comparative experiment involving three backbones
(MobileNetV2, ResNet50 and Xception) as described in Section 3.5.1.1, with the best-
performing architecture adopted to ensure optima feature extraction. This section
focuses on the second stage of the proposed Dual-Stage DeeplabV 3+-based
Myocardial Scar Segmentation Model, specifically targeting the selection of the most
suitable loss function for the model's classification layer to address class imbalance
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caused by the small foreground region whichisthe scar. Asmentioned in Section 2.3.3,
during the training of semantic segmentation, class imbalance due to small target
regions can cause the network to become biased toward the dominant class (background
pixels). This often resultsin poor segmentation performance for the minority class (scar
regions), as the model tends to overlook critical areas, leading to higher rates of false
negatives and under-segmentation. Loss functions play a crucia role in guiding the
training process of deep learning models for segmentation. By addressing class
imbalance in the classification layer, these functions help the model effectively learn
features from both the foreground and background classes. This section discusses the
second stage of the proposed Dual-Stage approach, which focuses on scar tissue
segmentation, with a particular emphasis on optimizing the loss functions to improve
performance. Experiments were conducted on the DLT-Scar model using four state-of-
the-art loss functions, as described in Subsection 3.5.2.1, to determine the most

adaptable loss function for achieving optimal segmentation performance.

-.

(a) Original LGE- (b) LV labcl (c) merged images (d) Expected Output
CMR with scar from the 2" stage
scgmentation

(a) Original LGE- (b) LV label (c) merged images (d) Expected Output
CMR without scar from the 2" stage
scgmentation

Figure 3.19 Examples of Merged Images, the Input Images to the Second Stage and
|ts Expected Output From the 2™ Stage Segmentation

Finally, to further enhance segmentation performance in scar tissue detection,
Subsection 3.5.2.2 introduces a novel automated method for determining the optimal
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hyperparameter values of the Tversky loss function. This approach utilizes PSO to fine-
tune the loss function automatically, aiming to improve the model's sensitivity to small
scar regions while smplifying the hyperparameter search process. As illustrated in
Figure 3.19, the input image used in this stage is trained against manually segmented
ground truth scar labels, enabling the model to effectively learn and distinguish scar
tissue during segmentation.

3.5.2.1 Loss Fu nction Sdection for Imbalance Class

Loss functions provide feedback to the model while training by measuring how
far its predictions deviate from the actua ground truth. Minimizing the loss allows the
model to adjust its parameters, gradually improving its ability to produce accurate
segmentations. Each loss function handles class imbalance in different ways, making it
important to choose the most suitable one for tasks involving smal and
underrepresented regions. In this study, four loss functions were selected based on their
ability to effectively manage class imbalance and enhance segmentation performance
for smal regions. the Generalized Dice loss function, Weighted Cross-Entropy loss
function , Foca loss function and Tversky loss function. These functions were
compared to determine the best approach for addressing the challenges of class
imbalance in this context with same training settings used across the scar segmentation
framework as in Table 3.8.

E?:bll\leN?)fayer Second Stage: Scar Segmentation Settings for Semantic Segmentation
Parameter Settings

Initial Learning Rate 0.0001

Max Epochs 100

Mini Batch 8

network Optimizer ADAM
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3.5.2.2 Proposed Automated Tversky loss Function Hyperparameters Optimization
Using PO

Tversky loss function relies on two independent hyperparameters. a and P, to
control the relative penalties on false positives and false negatives. While researchers
often employ P=0.7 and a=0.3 [37], [88] it is important to note that the optimal values
of these parameters can vary depending on the specific tasks and datasets [36]. While
manual random search can be a straightforward method for hyperparameter tuning, it is
inefficient due to the extensive manual adjustments required, which are time-consuming
for complex CNNs and lack the systematic exploration needed to optimize parameters
effectively [140]. To address this limitation, it is necessary to explore automated
methodologies for defining parameter spaces to achieve higher performance. Hence,
this study further investigated the use of PSO to solve the problem of locating the
optimal Tversky loss hyperparameters automatically ideally for LGE-CMR images for
segmenting myocardia scars.

This study proposes a modification to the existing pathway by implementing
PSO optimization in the scar segmentation, DLT-Scar model training flow. In the
default CNN modd training process prior to optimization, feature segmentation is
straightforward, without any automated feedback mechanism to refine the find
segmentation features based on the manual selection of Tversky loss hyperparameters.
The proposed PSO-based optimization specificaly targets the Tversky loss function in
the classfication layer of the DLT-Scar architecture. Additionaly, the two
hyperparameters aand P were smplified to a single parameter search by exploiting their
mathematical dependency (where P=1- a) [36], [38]. This approach mergesthe control
of fase positives and fase negatives into a single entity, thereby reducing the
hyperparameter search space. The choice to optimize only a or P doesn't make a mgjor
difference, because once ais optimized, P's effect is aready reflected.

To automatically determine the optima value of a, the DLT-Scar model was
integrated with PSO. In this implementation, the original Tversky loss function
originally parameterized by both a and P was smplified to a single tunable parameter
by customizing the MATLAB classification layer to include only one user-defined
variable for the avalue within the DLT-Scar model. In this study, the initia value of a
was set to 0.3. The PSO agorithm was guided by a fitness function defined using the
Dice Similarity Coefficient (Dice score), which was computed on atesting dataset after
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training the DLT-Scar model with each candidate a value. The optimization process
began with a population of particles or swarms, each representing a potential a value
randomly initialized within a defined range between 0.1 and 0.5 [36], and assigned
initial velocities. At every iteration, the objective function was evauated for each
particle, and the particles updated their velocities and positions based on both their
personal best (pbest) and the global best (gbest) solutions found so far. These updates
were modulated by a linearly decreasing inertia weight to balance exploration and
exploitation of the search space. The algorithm proceeded iteratively until a stopping
criterion was met, defined by either convergence of the solution or reaching a maximum
of 50 iterations. Upon completion, the optima a value was extracted from the find
gbest, representing the most effective hyperparameter configuration found during the
search. The corresponding pseudo-code implementation of this optimization strategy is
detailed in Figure 3.20.

PSO DLT-Scar optimization algorithm
Initialization PSO parameter : Swam size (S), aboundary conditions (nlow,nmax),

1 max iterations, dataset (train,val,test) ,Number of training epochs
Output: a (gbest), Highest Dice score achieved with that a (gbestfitness)

2 fori=I to Sdo

3 Fitness evaluation <— calculate PositionFitness (train DLT_Scar(a))

4 find ghbest

5 end

6 fori <iteration do <— Particle Updates

7 fori=1to S

8 update velocity & position for each particle

9 CalculatePositionFitness

10 If fitnesy(i) > particle.pbestfitness

n update pbest fitness & position

12 if fitness(i) > gbestfitness

13 update gbest fitness & position

14 end

15 end

16 end

17  Return gbest, gbestfitness

Figure 3.20 Pseudocode for PSO-DLT-Scar Training For
Tversky Hyperparameter Searching
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3.5.3 Performance Evaluation of LV and Myocardial Scar Segmentation

The evauation of the proposed method in the development of Dual-Stages
Deepl abV 3+-based Myocardial Infarction segmentation model focused on accurately
segmenting two key target classes: the left ventricle (LV) region in the first stage and
the infarcted tissue or scar in the second stage. All models were trained and tested using
a computer equipped with a NVIDIA GeForce RTX 4070Ti GPU and 8GB of RAM
NVIDIA. For LV segmentation tasks, this study utilized two similarity metrics: the Dice
Similarity Coefficient (Dice Score) and the Jaccard Index, also known as Intersection
over Union (IoU). These metrics are commonly used in image segmentation to quantify
how well the predicted segmentation matches the ground truth. The Dice Score is
particularly useful for evaluating overlap between two regions, while the 1oU Index
provides aratio of intersection over the union of the predicted and ground truth regions.
Equation (3.10) demonstrates the calculation of the Dice Score and 1oU in Boolean
representation between the ground truth (GT Area) provided during manual delineation
by radiologists and the resulting segmented area (Predicted Area). In this context, AA
represents the ground truth region and BB represents the predicted region. Both metrics
range from O to 1, with a value of 1 indicating perfect overlap. While both assess
similarity, the Dice Score tends to emphasize overlap more due to the factor of 2 in its
numerator, making it more sensitive to small, well-segmented regions. On the other
hand, the IoU dividing the intersection by the total union of the two regions, which is
particularly useful for larger regions with fewer discrepancies. Figure 3.21 provides an
example of the LV region segmentation result as the target class, showing the binary
image predicted from the segmentation process as the Predicted Area (green), the GT
Area provided by a radiologist (magenta), and their overlapping region (white). The
overlapping region is used to calculate the IoU and assess the segmentation process's
performance. Both the Dice Score and 1oU metrics complement each other, offering a
balanced evauation of segmentation performance, especially in cases with varying
region sizesin LV scar segmentation.

2 (Areaof Overlap) (3.5)
Dice Similarity Index (Dice score) ~ <1 Areat+Predicted Area
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Area of Overlap (3.6)

Jaccard Index (loU)=
(1) GT AreatPredicted Area-|AA n BB|

Area of Overlap

GTArea

Predicted Area

Figure 3.21 Example of the LV Region Segmentation Result as the Target Class,
Including Area of Overlap, Ground Truth (GT) Area and Predicted Area (Right)

In the second segmentation task, the Dice coefficient was employed as the
primary evaluation metric as it is the most widely used metric for evaluating scar and
tumor segmentation in medical imaging due to its sengitivity to small, well-segmented
regions as mentioned above. In addition to the Dice Score, the F2-Score was also used
to evaluate the second-stage scar segmentation. The F2-Score, which emphasizes recall
over precision, has been frequently employed as metric in medical applications [36] as
it gives more weight to correctly identifying positive cases (scar tissue). Identifying all
relevant target areas is more critical than missed target regions. F2-Score formulated in
Equation 3.7

5 (Precison x Recall) (3.7)

F2-Score = 4* Precisons- Recall

Recall/Sengitivity (SN) - the ratio of the number of correctly classified Scar class
to the total actual Scar class. The percentage of sensitivity is given by Equation 3.8:

TP (3.8)

Recall/sensitivity=
(TP+FN)

Precision - the ratio of correctly classified Scar class to the tota number of
predicted Scar class, given by Equation 3.9:
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Precision=
(TP+FP)
Where,
TP = The number of correctly predicted scar class (True Positive),
FP = The number of incorrectly predicted as scar class (False Positive),
FN = The number of incorrectly predicted as background classes (False

Negative)

36 Phase 4. The Proposed MI Detection using Scar Sequential Slice
Reconstruction (3SR) and DCNN

This section explains the fina phase of the proposed automated M1 detection. A
patient confirmed to have myocardial scars on LGE-CMR is diagnosed with a history
of MI. In previous steps, Section 3.5, not adl segmented outputs correctly represent scars
as there are some scar-like objects obtained due to the similar pixel intensity between
scar tissue and artifacts from motion and magnetic field inhomogeneities within the
LGE-CMR images. These artifacts can create fase hyperintensities that may be
incorrectly classified as scar tissue by segmentation algorithms. False segmentation can
mistakenly classfy healthy tissue dices as infarcted, leading to an inaccurate diagnosis.

In short-axis LGE MRI, the heart is typically imaged in cross-sectional dlices
from base to apex. Observations in this study reveal that myocardial scars typically
exhibit a gradual change in scar size, shape and continuity across sequential dlices as
illustrated in Figure 3.22. The scar initidly appears in the first dices as a smdl area at
any location within the myocardium and generaly enlarges in the same anatomical
location in the following dlices. Although it may change in size or thickness due to
natural tapering, the scar should typically remain consistent with the same region.
Discontinuity in the pattern may indicate the presence of imaging artifacts as shown in
Figure 3.23.
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Figure 3.22 Sequential Scar Progression: An Example of the Ground Truth from
Slices 7 to 12 of a Patient with an Infarcted Myocardial Scar. The Y ellow Numbers
Indicate the Number of the Slice and the White Regions Represent the Segmented
Scar

Figure 3.23 An Example Discontinuity in the Pattern in Sequential Scar Slices. The
Y ellow Numbers Indicate the Number of the Slice

Most previous studies have relied on a single CMR segmentation to predict
images with scar regions. However, single-segmented images often lack the contextual
information necessary for accurately identifying true scars. To address this limitation,
the final phase of this study aims to enhance the detection of M1 by identifying true scar
tissue through the continuity of sequential images, combined with a DCNN model, to
accurately differentiate between true scar tissue indicative of M1 and healthy tissue
classified as non-MI. This method aligns with Objective 4 and Phase 4 outlined in
Figure 3.1, proposing anovel strategy for detecting accurate scar images that contribute
to MI diagnosis by leveraging the sequence of scar continuity in images and a DCNN.

The proposed MI detection process begins by identifying a reference image
containing the largest segmented scar tissue in apatient, along with sequential slices of
the same image. These dlices are used to determine potential M1 regions through scar
sequential slice reconstruction, which captures and consolidates pattern information
across images. Once the reconstructed dlice is generated, the SDCNN model, as
proposed in Section 3.4.1, isemployed. Thismodel has been trained on anewly defined
task to analyze and identify image patterns, determining whether the patient has healthy
tissue, which is classified as non-MI or has suffered from an MI. Figure 3.24 illustrates
the workflow for the MI detection method. To validate the proposed method, a

comparative analysis was conducted between the proposed scar image reconstruction

81




and single-segmented using the same S-DCNN. The following subsection provides a
step-by-step explanation of the scar reconstruction process for potential M1 images used
as input for SSDCNN.

Training S-DCNN
model (offline)

Potential M| region Result Diagnosis
Output from Potential Scar < M
Dual-Stage identification: = 3SR MI Detection
segmentation -ALargest scar Non-Ml

Figure 3.24 Workflow for Automated Detection of Myocardia Infarction

3.6.1 Scar Sequential Slice Reconstruction Method

As previousy mentioned, myocardial scars indicate areas of the heart affected
by infarction. In practice, the radiologist must compare the LGE-MRI images before
and after to confirm true scar images. True scar tissue typically shows persistent
enhancement. On the other hand, artifacts or temporary changes (e.g., due to motion,
poor contrast timing) may appear differently. This is an important characteristic of
myocardial scars [141], [142]. To address this, the proposed Scar Sequential Slice
Reconstruction (3SR) method generates three-channel RGB composite images based
on the spatia position of a reference dice within a patient's short-axis LGE-CMR
sequence. The reference dice is defined as the dlice containing the largest segmented
scar, as this region generally represents the most clinically significant manifestation of
myocardial infarction.

To ensure the continuity of slices is preserved at the edges of the images, the
RGB composite construction process in 3SR is determined by the position of the
reference dice within the short-axis LGE-CMR sequence. Let the total number of dices
in the sequence be denoted as P, and the reference dice index asi, where 1 < i < P.
The RGB channels are assigned based on three consecutive dlices according to the
following cases, and the pseudocode agorithm for this Scar Sequentiad Sice
Reconstruction is shown in Figure 3.25.
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1. Apicd case (reference dice is the firg dlice, i = 1): The composite image is

formed using the first dice and the next two consecutive dlices. 3SR= Slice (1)
+Slice (2) +Slice (3)

Basal case (reference dice is the last dice, i = P ): The composite image is
constructed using the last dice and the two preceding dices. 3SR= Slice (P — 2)
+ Slice (P - 1) + Slice (P)

Intermediate case (reference dlice is neither the first nor last dice 1 < i < P):
the composite includes the preceding dice, the reference dice, and the following
dice. 3SR= Slice (i - 1) + Slice (i) + Slice (i + 1)

Proposed Scar Sequential Slice Reconstruction algorithm

6
7
8
9

10
11
12
13
14
15
16
17
18

Initialization variables: Largest Segmented Scar Area (L)
input: total patient images (P)
Output: A new RGB image

fori=ItoPdo

Read image segmented LGE

Convert RGB to binary image

Find the largest area of scar in the sequentia of patient dices as reference image:
Calculate total white area (segmented as scar) = S

if S>L
update areaimagelL = S
update reference image = i
end
end
Load the reference image (i)
Check if the reference image is the firgt, last, or middle in the sequence
ifi==1
Generate RGB images using the reference image and two dices immediately following it.
if i == P: (Last image)
Generate RGB images using the reference dlice and two dices immediately preceding it.
else

Generate RGB images using the reference dice and one dlice before and after it.

Figure 3.25 Pseudocode Algorithm for This Scar Sequential Slice Reconstruction

After reconstructing the potential M1 images, this image will be fed to the

DCNN model to predict whether the image is diagnosed as M1 or healthy tissue labeled
as non-MI. The SDCNN architecture model proposed in subsection 3.4 is employed
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for thistask. Prior to that, the SSDCNN model has to be trained with a new task, which
is to detect M1 or non-MI.to distinguish between M1 and non-MI patterns. For this
purpose, atotal of 1083 images were prepared for training and testing, comprising both
MI and non-MI cases. Both the training and testing datasets were derived from the same
dataset generated in Section 3.5, which consists of segmented images reconstructed into
three-channel composites using the Scar Sequential Slice Reconstruction (3SR)
strategy. Figure 3.26 displays examples of M1 and non-MI patterns used during the
training process.

To evaluate the effectiveness of the 3SR approach, the SDCNN model was
trained and tested using two different input strategies, as illustrated in Figure 3.27. In
the first approach, shown in Figure 3.27(a), images were reconstructed using the 3SR
method from a sequence of consecutive slices was input into the model. In the second
(baseline) strategy, shown in Figure 3.27(b), individual segmented slices were used
without reconstruction. To ensure a far comparison, a mini-batch size of 16, a
maximum number of epochs of 70, and the Adam optimizer were selected for the S-
DCNN model during training on both single images and scar sequential slice

reconstruction images.

MI Patterns Non-MI patterns

Figure 3.26 Displays Examples of Ml and Non-MI Pattern Samples From 3SR
Method Used in Training Dataset




Reference dice

Slice Sice Slice Slice Slice Lz_ast

The output segmented dices for a given patient.

MI
Shlce SI|2ce Shgce 3SR . SDCNN
' Non-Ml

n

(@) 3SR Approach

Slice S-DCNN
-Non-Ml

(b) Single Approach

Figure 3.27 Integration of Scar Sequential Slice Reconstruction (3SR) with the S
DCNN Model Compared to the Single-Slice Approach

3.6.2 Performance Evaluation of 3SR and S-DCNN

The detection of true image with Ml and vs. Non-MI that indicates truly scar
appearance in the image is evaluated by measuring the percentages of True Positive
(TP) and True Negative (TN) according to the CM components , with detection
accuracy as defined in Equation 3.10.

Total Number of correctly images classfied (3.10)

Accurac .
ceuracy Total Number of images

To further evaluate the model's precison in detecting scarred regions,
sengitivity (also known as recal) was used. Senditivity focuses specifically on the
model's ability to correctly identify M1 images. The percentage of senditivity is given
by Equation 3.11.:
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Recawsensitivity% 311

On the other hand, specificity measures the model's ability to correctly identify
non-Mil images, reducing fase positives by ensuring heathy tissues are not
misclassified as MI. The percentage of specificity is given by Equation 3.12:

™ (312)

8pecifTI cl.t*y= (T/\ P7
The definition for each CM value is described below:

TP - The number of correctly classified Ml

TN - The number of correctly classified non-Ml

FP - The number of incorrectly classified as Ml

FN - The number of incorrectly classified as non-MI

3.7 Summary

This chapter discusses the overall proposed method for fully automatic
myocardial infarction (MI) detection in short-axis LGE-MRI images. Currently, in
Malaysia, manua detection remains the most commonly used method for M1 diagnosis.
This process involves direct human intervention, requiring radiologists to visually
inspect the images and identify myocardial scars indicative of MI. The accuracy of this
method heavily depends on the radiologist's knowledge and experience. The proposed
method is developed based on radiologists manual interpretation of the images during
clinical evaluation. The automated approach begins by processing the images received
by the radiologist for M1 detection evaluation.

In this study, a dataset comprising short-axis LGE-CMRI image sequences was
collected locally from the Advanced Medical and Dental Institute (AMDI), Universiti
Sains Maaysia (USM), Maaysia. This dataset was utilized to develop and test the
proposed method at adl stages, as described in Section 3.3. In alignment with research
objective 1, a new automated procedure for M| detection was developed, focusing on
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LV classfication since the LGE-CMRI images contain both LV and non-LV regions,
as detailed in Section 3.4. By utilizing aDCNN to classify LV and non-LV regions, this
study introduces an innovative approach that eliminates the need for manual
intervention, streamlines the process and facilitates LV segmentation for subsequent Ml
detection. Moreover, the proposed classification method reduces anaysis time by
excluding non-LV regions from further evaluation, ensuring that only relevant regions
are analyzed for M| detection.

Next, Section 3.5 addresses Research Objective 2 by introducing a novel dual-
stage segmentation framework specificaly designed to optimize myocardial scar
segmentation, with each stage tailored to its respective segmentation task. The first-
stage network, DLT-LV, is designed to segment the target LV from complex
backgrounds. In this stage, the original backbone of the DeepLabV3+ modd was
replaced with aternative network architectures, accompanied by enhancements to the
Atrous Spatiad Pyramid Pooling (ASPP) module. These modifications were specifically
tailored to improve the segmentation of LV regions, building on the foundation of the
original DeepLabV 3+ model. To address variationsin LV size, the ASPP module was
extended with smaller dilated rate tuning to extract multiscale features with greater
distinguishability. Three pretrained architectures were evaluated as backbones to assess
the performance of the proposed ASPP module. Additionally, a post-processing
procedure was introduced to refine the segmentation outputs of the DLT-LV network.
The second-stage network, DLT-Scar, is designed to segment myocardial scars and
employs the same model architecture as DLT-LV, with the exception of the backbone.
The optimal backbone for each stage was chosen based on its task-specific performance.
In this stage, an investigation into four different loss functions was conducted for scar
segmentation, aiming to address the challenges of class imbalance in medical imaging.
Among the evaluated loss functions, the Tversky loss function demonstrated the best
performance, making it the ideal choice for the task. To further enhance the model's
effectiveness as in line with Research Objective 3, a novel method was proposed to
automate the optimization of the Tversky loss function's hyperparameters within the
DLT-Scar model. This optimization was achieved by using PSO to fine-tune the
hyperparameters and improve the segmentation accuracy. Furthermore, the
hyperparameters of the Tversky loss function were smplified to a single parameter, a,
by recognizing the redundancy between the two original hyperparameters, aand p. This
smplification significantly reduced the hyperparameter search space, making the
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optimization process more efficient while maintaining model performance. Overall, the
proposed dual-stage segmentation framework enhances myocardial scar detection by
optimizing both the LV segmentation and scar segmentation stages, offering a robust
solution for myocardial scar detection in complex and imbalanced medical imaging
scenarios.

In medical diagnosis, higher recall is often prioritized to ensure that al potential
cases are identified. However, increasing recall also makes the model more susceptible
to false positives. This limitation is particularly chalenging in LGE-MRI, where scar-
like artifacts can closely resemble true myocardial scars, potentially leading to false
diagnoses, particularly in heathy tissue. To address this issue, and in line with the
radiologist's approach of reviewing images before and after to identify true scars, the
Scar Sequential Slice Reconstruction method was introduced following the
segmentation process. This method is consistent with Research Objective 4 aims to
improve the identification of true scars in short-axis LGE-CMRI, thereby ensuring more
accurate M| detection. Section 3.6 details the proposed automated method for true scar
identification, which further classifies MI and healthy tissue using the DCNN-S mode!.
The following chapter presents the results and discussion of the proposed methodol ogy.
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 I ntroduction

This chapter continues the findings of the study by presenting and discussing
the results. It is divided into four main parts. The first part focuses on the results and
discussion of the proposed method for classifying LV and non-LV regions. The study
provides a detailed analysis of the shallow deep convolutional neural network (S-
DCNN) model, developed from scratch, by evaluating different network layers and
optimizing the model using batch normalization, two network optimizers, and learning
rates. Additionally, a comparison is made between the results of this SDCNN model
and several well-known pre-trained DCNN architectures, which are considered
alternative methods.

The second part presents an in-depth analysis of the newly proposed Dual-stage
Deepl abV 3+-based segmentation model on LGE-MRI images containing only the LV
region. Thefirst stageinvolvesLV region segmentation, while the second stage focuses
on myocardia scar segmentation. The analysis is presented separately for each stage,
providing a comprehensive evaluation of the results. The first stage examines the
performance of the proposed DLT-LV architecture, followed by a morphological
procedure to refine the LV segmentation by eliminating isolated mis-segmentations and
small gaps. The second stage focuses on analyzing the proposed DLT-Scar
segmentation model. The focus then shifts toward optimizing the DLT-Scar
segmentation model, where a comparison of different loss functions is conducted to
address classimbalance more effectively, ultimately leading to an effective solution for
the task. Then, the analysis explores the outcomes of automated hyperparameter
searching for the Tversky loss function using the PSO profiling approach to achieve
optimal performance.

The third part of this chapter analyzes the performance of a newly proposed
method for predicting the presence of true scar tissue in LGE-CMR segmented images,
which is essential for identifying M1. This method focuses on detecting myocardial scar
tissue, a key indicator of MI, by analyzing its appearance across a sequence of L GE-
CMR images. In this approach, the sequentia features of the scar regions are
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reconstructed to capture the continuity and progression of scarring across three adjacent
image dices. Once these sequentia features are restructured, the DCNN-S model,
introduced in Section 3.4, is applied to classfy the images and determine whether the
patient has norma myocardial tissue or a history of myocardia infarction. This part of
the study evaluates the effectiveness of the sequentia reconstruction method in
distinguishing true scar images compared to using a single image for Ml classification.

Finally, the last part of this chapter describes the proposed fully automated
myocardia infarction segmentation and detection framework, evaluated against the
radiologist's manual interpretation. This system aimsto assist radiologistsin diagnosing
the presence of myocardial scar associated with myocardial infarction in LGE-MRI
images through a quick and straightforward process.

4.2 Analysis of LV Classification Using DCNN

This section presents the anaysis of the proposed automatic method for
detecting images containing the LV region by classifying images with LV and non-LV
regions using DCNN models. The purpose of this method is to identify the LV region
astheinitial step for the subsequent segmentation process, where only images with the
LV region will be used in the segmentation stage. As outlined in Subsection 3.4, the
DCNN model was designed specifically to classify images based on the presence of LV
and non-LV regions in sequential LGE-MRI. Section 4.2.1 presents the results and
analysis of the new proposed SSDCNN architecture, while Section 4.2.2 presents the
results obtained using three well-known DCNN architectures, namely AlexNet,
GoogLeNet, and SqueezeNet, employing pre-trained models as aternative classfiers.
The performance of these models is compared to the proposed S-DCNN through both
gualitative and quantitative analyses.

421 Analysis of SDCNN Mode

To analyse the performance of the LV and non-LV classification using SSDCNN
model, several parameters such as the number of convolution layers, batch
normalization layer and training algorithm are investigated. For the initiad step, the
effect of increasing the number of convolution layers from two (2) to four (4) in building
S-DCNN model was investigated. Adam optimizer algorithm was adopted to train with
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aninitial learning rate of 0.0001. The main purpose of this observation isto analyse the
effect of adding a convolution layer to the network performance in terms of its
prediction accuracy. Table 4.1 presents the precision, recall, F1-score, and accuracy
results for different numbers of convolutional layers (Conv Layer) used in the SDCNN
model. The results show that increasing the number of convolutional layers generaly
leads to improved performance up to a point. With one convolutional layer, the model
achieves an accuracy of 88.14% and an F1-score of 87.79%. As additional layers are
introduced, the model's ability to extract hierarchical and more abstract features
improves, leading to better discrimination between LV and non-LV regions. This is
evident asthe performance steadily increases, with three convolutional layers providing
the best performance, achieving an accuracy of 91.89% and an F1-score of 91.80%.
Precision and recall follow a similar upward trend, improving as more layers are
introduced. However, when the model uses four convolutional layers, the performance
dightly decreases, with accuracy dropping to 89.18% and F1-score to 88.80%. This
reduction can be attributed to two primary factors. First, adding excessive layers
introduces more parameters, increasing model complexity and making it more prone to
overfitting, especially when training on a limited dataset. The model starts memorizing
noise rather than learning meaningful patterns, leading to reduced generalization to
unseen data. Second, deeper networks require more computational resources and may
suffer from vanishing gradients, where information from the earlier layers is weakened
as it propagates through the network, hindering effective feature learning.

Table 4.1
Precision, Recall, F1-Score, Accuracy Using Different Convolutional Layers
Conv Layer Precision Recall F-Score Accuracy
1 90.52 85.21 87.79 88.14
2 92.24 85.79 88.90 89.29
3 92.90 90.71 91.80 91.89
4 92.03 85.79 88.80 89.18

Next, the investigation focuses on the incorporation of batch normalization
layers into the highest-scoring model from the previous experiment, the S DCNN with
three (3) convolutional layers. As batch normalization can interact with different
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optimizers during training, this study further evaluated the model with and without
batch normalization, using three different learning rates (0.0001, 0.001, 0.01) and two
optimizers: SGDM and Adam. Figure 4.1 illustrates the impact of incorporating batch
normalization for the Adam and SGDM optimizers across three different learning rates.
The results consistently showed significant performance improvements with BN across
al configurations. At a learning rate of 0.0001, the Adam optimizer without BN
achieved 91.89%, but with BN, it increased substantially to 97.36%. SGDM at the same
learning rate followed a similar trend, improving from 90.16% without BN to 94.26%
with BN. This suggests that batch normalization stabilizes training and enhances
performance at lower learning rates. For a learning rate of 0.001, SGDM showed a
dramatic improvement from 52.26% to 94.96% when BN was applied. Likewise, Adam
also benefited from BN, improving from 88.49% to 91.96%. At a higher learning rate
of 0.01, both Adam and SGDM performed poorly without BN, achieving 42.09% and
42.26%, respectively, but with BN, both improved significantly to 82.56% and 84.46%,
respectively. These findings reinforce the crucia role of BN in mitigating interna
covariate shift and allowing the network to train effectively across different learning
rates. Overal, the Adam optimizer with a learning rate of 0.0001 and batch
normalization delivered the best performance, achieving 97.36% test accuracy, making
it the optimal combination for this model and task. This underscores the importance of
BN in deep learning architectures, particularly in stabilizing training and improving
model robustness under various hyperparameter settings.
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Figure4.1 Test Accuracy Results for the Adam and SGDM Optimizers with and
Without BN Across Three Different Learning Rates

92



4.2.2 Analysisof Pre-Trained DCNN Model

This subsection compares the SSDCNN model against three customized well-
known DCNN architectures: AlexNet, SqueezeNet, and GoogleNet. The results in
Table 4.2 demonstrate the effectiveness of the proposed method using DCNN models
in terms of depth, accuracy metrics, and training time. In this context, the depth refers
to the total number of layers within the respective DCNN models, reflecting their
architectural complexity. The proposed SSDCNN model, designed with only 4 layers,
stands out for its lightweight structure. In comparison, AlexNet possesses a moderate
depth of 8 layers, while SqueezeNet and GoogleNet are considerably deeper with 18
and 22 layers, respectively. All models demonstrated strong performance in classifying
LV regions, achieving accuracy rates above 90%. The S-DCNN with 3 convolutional
layers achieves an accuracy of 97.36% dlightly outperforms AlexNet (96.43%), but
faling just below the performance of GoogleNet (98.75%) and SqueezeNet (98.39%)
by approximately 2%. GoogleNet exhibits the highest overall performance with a
precision of 99.21%, recall of 98.29%, F-Score of 98.74%, and accuracy of 98.75%,
indicating its superior capability in accurate classification. SqueezeNet closely follows,
with precision and recall values of 99.06% and 97.71%, respectively, resulting in an F-
Score of 98.38% and an accuracy of 98.39%. These metrics highlight SqueezeNet's
robustness, making it a strong alternative to GoogleNet. Notably, the SDCNN model
excels in computational efficiency, with a training time of just 20 minutes and 47
seconds, significantly shorter than the 2 hours and 27 minutes required by GoogleNet,
1 hour and 7 minutes for SqueezeNet, and 1 hour and 6 minutes for AlexNet. While S
DCNN model exhibits dightly lower accuracy compared to pre-trained models like
SqueezeNet and GoogleNet offers significant advantages in  simplicity and
computational efficiency, making it well-suited for integration as a computer-aided
system with other networks in subsequent processes. Its less complex architecture
tranglates to faster training times and reduced resource requirements, making it a
practical choicefor resource-constrained environments. Furthermore, unlike pre-trained
models that require fixed input image sizes, the SSDCNN model offering greater
adaptability to different image sizes datasets and potential future applications without
the need for image resizing, which can introduce noise and potentially degrade
performance. These strengths in simplicity and efficiency make the SSDCNN as a
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compelling alternative to pre-trained models, particularly when computational

resources are limited.

Table 4.2
Comparison of the Training Time and Accuracy S-DCNN and Pre-Trained AlexNet,
SqueezeNet and GoogleNet

DCNN Model Depth Precision Recall F-Score  Accuracy Training
(layers) (%) (%) (%) (%) Time

(h:m:s)

S-DCNN 4 97.77 96.93 97.35 97.36 0:20:47

(3 conv)

Alexnet 8 97.03 95.79 96.41 96.43 1:06:35

SqueezeNet 18 99.06 97.71 98.38 98.39 1:07:05

GoogleNet 22 99.21 98.29 98.74 98.75 2:27:03

The details of the percentage of each output class in the confusion matrix are
illustrated in Figure 4.2 (a) to (d), which shows the testing classification performance
for each output class. All models exhibit a similar pattern of achieving high accuracy in
classfying non-LV images while encountering relatively greater chalenges in
classifying LV images, as evidenced by higher false negative rates. Additionaly, the
models demonstrate balanced performance with a strong emphasis on minimizing
misclassifications. These similarities highlight the proposed method for LV and non-
LV classification is robust and capable of maintaining consistent accuracy across
different architectures,
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Figure4.2 Confusion Matrix Illustrating the Classification Performance Across
Different DCNN Models

43 Analyss of New Dual-Stages DeeplabV3+-Based Myocardial Scar
Segmentation

This section presents the analysis of the newly proposed fully automated dual -
stage myocardial scar segmentation model, applied to the origina LGE-MRI images
identified in Section 4.2 as containing the LV region.

The segmentation pipeline consists of two stages: the first involves LV region
segmentation using the DLT-LV model, and the second focuses on myocardial scar
segmentation using the DLT-Scar model. In thefirst stage, the LV segmentation results
using DLT-LV was benchmarked against the standard DeeplL abV 3+ architecture. This
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was followed by an analysis incorporating post-processing refinement techniques to
enhance the segmentation output by addressing issues such as small gapswithin the LV
region and isolated mis-segmentation. The second stage of this section presents the
analysis of myocardial scar segmentation using the DLT-Scar network, with particular
emphasis on evauating different loss functions and optimizing the Tversky loss
function through the integration of the PSO algorithm. The performance of the PSO-
optimized configuration is compared against the standard Tversky parameter settings to
assess its effectiveness in improving segmentation accuracy.

4.3.1 Analysisfor First Stage: LV Region Segmentation Model

This subsection presents the analysis of the proposed DLT-LV model for LV
region segmentation, which forms the first stage of the dual-stage DeepL abV 3+-based
myocardial scar segmentation framework. It consists of two key analyses: the first
focuses on evaluating the proposed DLT-LV architecture, beginning with architectural
experimentsinvolving three different backbone networks and a modified ASPP module.
The second analysis assesses a post-processing refinement procedure applied to the
DLT-LV segmentation output to address minor segmentation errors. This refinement is
crucial for generating accurate input for the second-stage scar segmentation and is
aimed at improving LV segmentation accuracy.

4.3.1.1 Analysisof DLT-LV Network

This study began by investigating the backbone of the DeeplL abV 3+ for the LV
segmentation task before further enhancement with the proposed ASPP module as
described in Section 3.5.1.1. Figures 4.3, 4.4, and 4.5 present the segmentation results
for the upper basal, middle, and lower apical segments of the LV region on short-axis
LGE-CMRI images, respectively, comparing the outputs from the DeepL abV 3+ model
with three different backbone networks, namely MobileNetV2, ResNet50, and
Xception. The purpose of this finding is to select the ideal backbone for LV region
segmentation for further improvement. The results reveal distinct strengths and
weaknesses for each backbone, with all three backbones successfully segmenting the
middle LV region but encountering significant challenges in segmenting the apical and
basal segments of the LV region.
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Figure 4.3 Example of Visual Segmentation Results of the Top Basal LV Chamber
on LGE-CMRI and its Ground Truths
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Figure 4.4 Examples of Visua Segmentation Results of the Middle LV Chamber on
LGE-CMRI and Its Ground Truths
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Figure 4.5 Visua Segmentation Results of the Lowest Apical LV Chamber on LGE-
CMRI and Its Ground Truths



As illustrated in Figures 4.3 and 4.5, which correspond to the basal and apica
LV regions, the DeepLabV3+ mode using the MobileNetV2 backbone produces
outputs that show comparatively better alignment with the ground truth than those
generated by ResNet50 and Xception. However, al models ill exhibit noticeable
inaccuracies in segmenting these regions, largely due to the tapering geometry of the
heart at the apical end and the structural complexity present in the basal region. In
addition, inter-subject anatomical variability, such as differences in heart size, further
contributes to these challenges. Collectively, these factors result in a multi-scale
representation of the LV region across dices, which complicates consistent boundary
delineation during segmentation. Following the qualitative observations, this issue is
further investigated through quantitative analysis using the proposed modified ASPP
module, which is designed to enhance the model's ability to capture multi-scale
contextual information and improve segmentation accuracy in complex regions. The
ASPP module in DeepLabV3+ is designed to capture multi-scale contextual
information by applying dilated convolutions at varying rates, allowing the model to
effectively manage variations in object size and spatia resolution. Subsection 3.5.1.1
details the architectural modifications introduced in the proposed ASPP module aimed
a enhancing feature extraction for LV segmentation. To evaluate the effectiveness of
this enhancement, dl three backbone networks mentioned earlier were integrated into
the DeepLabV 3+ architecture to perform LV segmentation using the proposed ASPP
module. This experimental provides a comprehensive assessment of the proposed
design relative to the origina DeepL abV 3+ configuration, which employs the Xception
backbone with the standard ASPP module.

Table 4.3 presents the quantitative performance comparison of the original and
proposed A SPP modules across three DeeplLab V 3+ backbone networks (MobileNetV 2,
ResNet50, and Xception) for LV segmentation. The performance is evaluated using
mean |oU and mean Dice Score. Using the original ASPP module, the results indicate
that MobileNetV2 achieved the highest mean Dice Score of 96.12%, followed by
ResNet50 at 96.09%. Xception, which serves as the benchmark backbone in the origina
Deepl abV 3+ architecture, however yielded the lowest Dice Score of 95.47%. A smilar
trend is observed in the mean 1oU, where MobileNetV2 again achieved the highest
performance at 94.91%, followed closely by ResNet50 at 94.78%, while Xception
recorded the lowest at 94.44%. These results highlightthat al three backbones achieved
strong LV segmentation performance, with both mean Dice scores and loU values
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exceeding 90%. Among them, MobileNetV2 emerged as the most effective backbone
when paired with the standard A SPP configuration. When the proposed modified ASPP
module was integrated, performance improvements were observed across all three
backbones. The MobileNetV2 backbone again achieved the highest overal
performance, with a Dice score of 97.02% and an 1oU of 95.60%. Similarly, ResNet50
and Xception showed performance gains, reaching Dice scores of 96.96% and 96.02%,
respectively. The consistent improvements across all backbones highlight the
effectiveness of the proposed modified ASPP module in enhancing contextual feature

representation and segmentation performance.

Table 4.3
Quantitative Comparison of Original and Improved ASPP Modules Across Three
Backbone Networks

Backbone Original ASPP Improved ASPP module
loU Dice Score (%) loU Dice Score (%)
MobileNetV2 94.91 96.12 95.60 97.02
ResNet50 94.78 96.09 95.32 96.96
Xception 94.44 95.47 94.91 96.02

Figure 4.6 compares the performance of all three backbone networks in terms
of mean Dice Score and training time, based on segmentation results using the proposed
modified ASPP module. As illustrated, MobileNetV 2 achieves the highest Dice Score
of 97.02% while aso recording the shortest training time, approximately 540 seconds,
demonstrating both superior accuracy and computational efficiency. The effectiveness
of MobileNetV2 can be attributed to its lightweight architecture, which enables faster
convergence during training process. In contrast, ResNet50 achieves a comparable Dice
Score of 96.96% but requires a significantly longer training time of about approximately
940 seconds. Xception which serves as the benchmark backbone in the original
DeepL abV 3+ architecture, shows the lowest performance with a Dice Score of 96.02%
and the longest training time at approximately 1,020 seconds. These results highlight
the practicality of the MobileNetV2 as the backbone in DeeplabV 3+ architecture for
LV segmentation task particularly in applications where computational resources are

limited or real-time segmentation is required.

101



MobileNetV2
B

ResNet50

ore

Mean Dice S«

Xception

Figure4.6 Correlation Analysis of the Mean Dice Score and Training Time
for the Three DeeplabV 3+ Backbones

Following the identification of MobileNetV2 as the most suitable backbone for
LV segmentation, further analysis was performed to visually assess the performance of
the proposed DLT-LV model. Figure 4.7 presents a side-by-side comparison of
segmentation outputs generated by the baseline DeepL abV 3+ model using the standard
ASPP module and the proposed DLT-LV model, both incorporating the MobileNetV 2
backbone. The results are displayed across three representative LV slices. (a) upper
basal, (b) middle, and (c) lowest apical regions. Acrossall anatomical levels, the DLT-
LV model demonstrates improved segmentation performance compared to the baseline
model. Although minor boundary misalignments are still observed, the segmentation
output adequately captures the LV region, ensuring its reliable inclusion for the
subsequent scar segmentation stage. Quantitatively, the DLT-LV model demonstrated
an increment in Dice and IoU scores in each region, with particularly notable
improvementsin the challenging basal and apical slices. For example, intheapical slice,
the Dice Score increased from 77.06% to 79.10% and the 1oU improved from 62.68%
to 65.42%. While the segmentation of small or ambiguous LV regions remains a
challenge, the proposed ASPP module incorporating adjusted dilation rates, batch
normalization, and an additional convolutional branch demonstrates improved multi-
scale contextual learning by more effectively capturing spatial features across varying

resolutions.
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Figure 4.7 Qualitative and Quantitative Comparison of LV Segmentation Using
Baseline model and Proposed DLT-LV Models Across Basal, Middle, and Apica
Slices

4.3.1.2 Analysis of DLT-LV Refinement Using Morphological Procedure

At the end of the LV segmentation stage, this study proposed morphological
procedures to correct and remove segmentation errors, such as small gaps within the
LV region and isolated mis-segmentations, that occurred after DLT-LV model
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segmentation. By doing so, it isexpected that the DL T-LV model will correctly segment
the LV region, ensuring that the input image fed to the second stage is accurate. For this
analysis, the segmented outputs of all testing images from DLV-LV were refined using
amorphological algorithm. Figure 4.8 presentsavisual analysis of the image refinement
process, comparing segmentation outputs before and after applying the proposed
algorithm. As shown in Figure 4.8(a), the initial output from the DLT-LV model
contains segmentation errors, including spurious regions and internal gaps. Following
the application of the targeted morphological algorithm, these errors are effectively
eliminated, asillustrated in Figure 4.8(b).

LGE-CMR images (a) image after DLT-LV (b) resultant after applying
isolated mis-segmentations morphological procedure
J -
Original image (a) image after DLT-LV (b) resultant after applying
holes within the LV region morphological procedure

Figure4.8 Example of Segmented Image Before and After Image Refinement Using
the Morphological Procedure

The quantitative assessment before and after applying the image refinement
performance is presented in Table 4.4. Following the application of the refinement
algorithm, the results show a dlight improvement in both the Dice score and 1oU around
0.78% and 0.37%, respectively. Small increment in loU relative to the Dice score
because the Dice score is generally more sensitive to small changes in overlap because
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it gives more weight to the intersection. Although the results show only a small
increment in performance, this post-segmentation procedure is significant as it
addresses critical segmentation errors by correcting false negatives (isolated mis-
segmentations) and false positives (closing gapswithin the LV). Additionally, it acts as
a precautionary measure to prevent segmentation errors that might mistakenly remove
or add regions resembling scarsin other areas. By improving the overall delineation of
the LV region, it provides a reliable foundation for the subsequent scar segmentation
task to be performed accurately.

Table4.4
Performance Comparison of DLT-LV Segmentation Output with and Without the
Morphological Procedure.

LV Output Mean Dice Score (%) Mean l1oU (%)
Without morphological procedure 97.02 95.60
With morphological procedure 97.80 95.97

4.3.2 Analysisfor Stage 2: Scar Segmentation M odel

This subsection analyzes the performance of the DLT-Scar model, which shares
the same architecture as DLT-LV used previously for LV segmentation, with the
exception of the backbone network. The optima backbone for myocardia scar
segmentation was selected from MobileNetV2, ResNet50, and Xception based on
experimental results demonstrating the highest segmentation accuracy. Initialy, the
optimal backbone for myocardial scar segmentation was selected from MobileNetV2,
ResNet50, and Xception, based on experimental results demonstrating the highest
segmentation accuracy. Following this, a comparative analysis was conducted to
evaluate the effectiveness of various loss functions employed in the classification layer
of the DLT-Scar network. Subsequently, PSO was applied to fine-tune the
hyperparameters of the best-performing loss function, and the corresponding results are
discussed. This network uses the merged images from LGE-CMR and LV mask labels
from the previous stage as input to perform scar segmentation. During training, the
network was trained on manually segmented scar images to accurately classify the scar
tissue.
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4.3.2.1 Analysis of DLT-Scar Backbone Selection

Table 4.5 presents the comparative performance analysis of three backbone
networks (MobileNetV2, ResNet50, and Xception) integrated into the DeepLabV 3+
architecture for the task of myocardial scar segmentation, from LGE-CMR images. It is
noteworthy that this backbone selection experiment was also conducted in thefirst-stage
segmentation task (LV segmentation), under the same training settings, as detailed in
Section 3.5.1.1. Among the evaluated backbones, ResNet50 outperformed the others,
achieving the highest scar mean Dice Score of 71.98%, precision of 0.6821, and recall
of 0.7822, resulting in the best overall F2-Score of 0.7599. MobileNetV 2, despite being
computationally efficient, reported the lowest scar Dice Score (67.39%) and F2-score
(0.6948), highlighting potential trade-offs between model size and segmentation
performance. Xception, while dightly outperforming MobileNetV2 in scar Dice Score
and F2-Score, did not surpass ResNet50 on any performance metric. The results
highlight ResNet50's effectiveness in capturing fine-grained features essential for
segmenting small and heterogeneous regions such as myocardia scars. This is likely
due to its residua connections, which preserve lower-level details and support richer
deep feature representation. Given its strong performance, ResNet50 has been selected
as the backbone architecture for myocardial scar segmentation in this study.

Table 4.5

Comparison of the Different DeeplLabV 3+ Backbone for Scar Segmentation

Backbone Mean Dice Score (%) Precision Recall  F2-Score
Background Scar

MobileNetV2 99.88 67.39 0.6413 0.7096  0.6948

ResNet50 99.88 71.98 0.6821 0.7822  0.7599

Xception 99.87 68.17 0.6557 0.7096  0.69811

While the background segmentation yielded a Dice Score exceeding 99%, the
scar Dice Score remained substantially lower at 71.98% emphasizing the challenges of
detecting and delineating myocardia scars due to their smal size, weak contrast, and
highly imbalanced representation in the dataset compared to the background. This
significant performance gap underscores the need for further optimization, particularly
in enhancing the model's sensitivity to small and irregular scar regions. To addressthis,
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the next objective of the study focuses on analyzing the effect of different loss functions
specificaly within the DLT-Scar model, which utilizes ResNet50 as its backbone.

4.3.2.2 Analysis of Function Loss Selection for Imbalance Class

A comparative analysis of four state-of-the-art loss functions was carried out to
address class imbalance and improve the model's effectiveness in accurately
segmenting myocardial scars, particularly by adjusting how the network penalizes
misclassifications involving the underrepresented scar class. Figure 4.9 demonstrates
the segmentation results obtained using the proposed DL T-Scar model, highlighting the
impact of different loss functions namely Weighted Cross-Entropy (CE), Weighted
Dice, Foca Loss, and the Tversky Loss. The input LGE-CMR images and
corresponding ground truth masks are shown for four representative cases. Visualy,
Tversky Loss and Weighted Dice Loss produce segmentation masks that most closely
resemble the ground truth in terms of shape across al examples. However, Tversky
Loss demonstrates superior capability in accurately capturing both the shape and
completeness of scar regions, particularly in Image 2 and Image 3, where Dice Loss
produces narrower and less continuous segmentations compared to the ground truth,
thereby introducing fase negatives. In contrast, the segmentation results using
Weighted CE exhibit noticeable over-segmentation and thickened boundaries,
indicating that the model strugglesto accurately distinguish scar tissue from non-scarred
areas. Conversely, the segmentation results using Focal Loss tend to under-segment,
resulting in the exclusion of scar areas that are less apparent.

Table 4.6 presents the quantitative performance analysis of the proposed DLT-
Scar model trained using the four previously mentioned loss functions. The evaluation
was conducted on the test set using standard metrics widely adopted in medical image
segmentation, namely mean Dice Score, Precision, Recall, and F2-Score. Among the
evaluated loss functions, the Tversky Loss achieved the best overall performance, with
a scar Dice Score of 72.71%, a Precision of 0.6891, Recall of 0.7903, and the highest
F2-Score of 0.7677. The Weighted Dice loss aso performed well, producing a scar Dice
Score of 71.98%, Precision of 0.6821, Recall of 0.7822, and an F2-Score of 0.7599,
dightly lower than those obtained with Tversky Loss but gtill competitive. In contrast,
the Weighted CE loss function yielded the highest Recall of 0.7943, indicating high
sengitivity to scar regions. However, this came at the cost of low Precision (0.4339) and

107



the lowest Dice Score of 56.12%, suggesting a high rate of false positives. The Focal
L oss produced the highest Precision of 0.8097 but suffered from alow Recall of 0.5252
and a moderate Dice Score of 60.71%, indicating a tendency to under-segment and miss
scar regions. These findings clearly demonstrate that the choice of loss function has a
significant impact on segmentation performance. Overal, Tversky Loss shows as the
most effective or this myocardial scar segmentation task, primarily due to its ability to
handle class imbalance by offering more flexibility and its superior balance between
detecting scar tissue accurately and minimizing false positives.

Table 4.6

Result of Performance Analysis on the Test Set for Four Different Loss Functions Used
in Training for Scar Segmentation

L oss function Mean Dice Score (%) Precision Recall F2-Score

Background Scar

Weighted CE 99.75 56.12 0.4339 0.7943 0.6811
Weighted Dice 90.88 71.98 0.6821 0.7822 0.7599
Focal Loss 90.88 60.71 0.8097 0.5252 0.5649
Tversky Loss 99.89 72.71 0.6891 0.7903 0.7677
(a=0.3, (3=07)
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Image 1 Image 2 Image 3 Image4

(LV reagion)
Ground Truth
Weighted Dice
o
Tversky Loss

Figure 49 Visua Comparison of Myocardial Scar Segmentation Results Using
Different Loss Functions in the DLT-Scar Model

4323 Analyss of the Proposed Automated Tversky Loss Function
Hyperparameters Optimization Using PSOfor Scar Segmentation Model

Building upon the promising results obtained using the Tversky Loss, this
subsection focuses on further improving the model's quantitative performance by

automatically optimizing its hyperparameters, a and P, which control the trade-off
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between false positives and false negatives. Rather than relying on fixed, manualy
selected values, this study applies the PSO agorithm to automatically search for the
optimal Tversky loss parameter (a), based on the smplified formulation described in
Chapter 3, Subsection 3.5.2.2.

The objective of the PSO algorithm in this study is to automatically optimize
the Tversky loss function hyperparameter (a) in the DLT-Scar model, with the Dice
Score defined as the fitness function. The value of this function directly reflects the
segmentation accuracy of the model, where a higher Dice Score indicates better scar
delineation. The PSO is configured with 5 particles or also known as svarm and a
maximum of 50 iterations. Figure 4.10 show the convergence behavior of the PSO
algorithm applied to optimize the hyperparameter of the Tversky loss function. The y-
axis represents the function value and the iteration count on the x-axis. The sharp
decrease in the early iterations, with significant improvements in the objective function,
indicates that the PSO algorithm quickly identified better hyperparameter value for the
Tversky loss function during the initial search phase. By iteration 20, the function value
beginsto stabilize, suggesting that the algorithm had converged on an optimal solution.
This value remained consistent as the optimization process stopped at iteration 38,
indicating that no further improvements were possible, and the agorithm had
effectively converged on the optima hyperparameter value for the Tversky loss
function. The best function value achieved, as shown in the graph, is 0.74314, which
corresponds to a Tversky loss function hyperparameter (a) value of 0.2141.
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Figure 4.10 Convergence Behavior of the PSO Algorithm Applied to Optimize the
Hyperparameter of the Tversky Loss Function in DLT-Scar Model

Table 4.7
Result of Performance of DLT-Scar Model with Default and PSO-optimized Tversky
Loss Parameter.

Tversky Loss Mean Dice Score (%) Precision Recall F2-Score
hyper parameters

Background Scar
a=0.3, (3=07 99.89 72.71 0.6891 0.7903 0.7677
PSO (a= 0.2141) 99.90 74.31 0.7219 0.8092 0.7893

The quantitative analysis of test set performance across default Tversky loss
hyperparameters, (a = 0.3, P = 0.7) with the optimized hyperparameters obtained
through PSO (a= 0.2141) is presented in Table 4.7. While background segmentation
remained consistently excellent across dl configurations, the PSO-optimized avalue of
0.2141 produced a distinct advantage in terms of scar segmentation. Notably, it
achieved the highest Dice Score and the F2-Score improved by 16% (72.71% to
74.31%) and 2.16% (0.7677 to 0.7893), respectively.

In summary, these results highlight that the automated PSO optimization

significantly improves scar segmentation by optimizing ato 0.2141, the loss function
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assigns relatively more weight to false negatives (FN) and less weight to false positives
(FP). This adjustment shifts the model's focus toward improving recall without
drastically reducing precision. This confirms the value of PSO as an effective strategy
for fine-tuning the Tversky loss and addressing the class imbalance challenges inherent
in medical image segmentation, where maximizing recall is often prioritized to ensure
no potential signs of the condition are missed.

44  Analyss of the Proposed MI Detection Using 3SR and DCNN

The previous results in Section 4.3.2 indicate that the proposed Dual-Stage-
DeeplabV3+based segmentation model has successfully predicted scar images.
However, the model also identified scar-like objectsin some images, which could result
in fase diagnoses especialy for healthy tissue. Therefore, a single image is often
insufficient for reliably identifying the presence of a true scar in short-axis LGE MRI,
which strongly suggests a history M1 and plays a critica role in accurate M| detection.
This section representing the final stage of this study, provides a comprehensive
description and analysis of the results obtained from the MI detection method,
employing the proposed scar sequential dice reconstruction with the SDCNN model.
The scar sequential dice reconstruction algorithm, along with its training parameter
setup, is discussed in detail in Section 3.6.1 of Chapter 3, while the SSDCNN network
architecture is comprehensively covered in Section 3.4.1. A comparison was conducted
between the S DCNN model's performance on the same segmented images, which were
produced from the predicted range of images containing scars as in Section 4.3.3. This
evaluation included both single segmented images and reconstructed sequential images
to assess the impact of scar sequential dlice reconstruction on true scar detection, thus
indicating MI detection accuracy.

44.1 Description of Dataset for Training and Testing the M1 Detection

Figures 4.1 1(a-c) to 4.12 (a-c) and Figures 4.13 to 4.14 (a-c) present examples
of a sequential segmented image from a non-MI subject and a subject with M,
respectively. Scar segmentation was performed using the previous method described in
Section 3.5.2. The ground truth for each image was adopted from the manual
segmentation performed by radiologists in the previous section, where images
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containing scar tissue were labelled as M1 and those without scar tissue were labelled
as non-MlI. Figures 4.11(d) and 4.12(d) present the results of scar sequential slice
reconstruction obtained from a healthy subject, while Figures 4.13(d) and 4.14(d)
display the results of scar sequential slice reconstruction from an M1 subject. The RGB
composite visually represents the continuity of the scar pattern across consecutive
glices. As observed in Figures 4.11(d) to 4.12(d), fase scar-like segmentations
frequently exhibit not only discontinuity but also a scattered pattern in the sequential
dlice reconstructions. These discontinuities and scattered patterns may suggest the
presence of imaging artifacts. In contrast, the true scar patterns as in Figures 4.13(d)
and 4.14(d) exhibit a continuous pattern across adjacent slices, maintaining their
position within the same anatomical region. Despite variations in size or thickness, the
circumferential placement of the scar remains relatively consistent across slices.

(@) (b) (©) (d)

Figure4.11 (a-c) and (d) Present Examples of Sequential Slices Showing
Discontinuity of the Scar From the Segmented of a Healthy Subject and the
Corresponding Results of Scar Sequential Slice Reconstruction, Respectively

(a) (b) (c) (d)

Figure4.12 (a-c) and (d) Present Examples of Scattered Pattern in Sequential Slices
From the Segmented of a Healthy Subject and the Corresponding Results of Scar
Sequential Slice Reconstruction, Respectively
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(@) (b) (d)

Figure4.13 (a-c) and (d) Present Examples of Sequential Slices Showing Continuity
of the Scar From the Segmented of a M| Subject and the Corresponding Results of
Scar Sequential Slice Reconstruction, Respectively

(d)

(@) (b)

Figure4.14 (a-c) and (d) Present Examples of Sequential Slices Showing Continuity
of the Scar From the Segmented of a M| Subject and the Corresponding Results of
Scar Sequential Slice Reconstruction, Respectively

4.4.2 Analysisof Scar Sequential Slice Reconstruction Method

This section presents the results and performance of the proposed MI detection
method. The goal is to assess the impact of the sequential image patterns on Ml
detection compared to single segmented images using the same SSDCNN model. The
analysis began by evauating the SSDCNN using scar segmentation images obtained
from the segmentation result described in Section 4.3.2 without featuring the sequential
image reconstruction. The results were then compared to the output of the SSDCNN
when fed with an image generated through the proposed sequentia image
reconstruction applied to the segmented predicted scar. Figure 4.15 shows the
performance evaluation bar chart comparing the SDCNN model's ability to detect Ml
using single segmented images versus reconstructed sequential images. The accuracy
of the SDCNN model increased significantly from 73.66% to 94.30%, demonstrating
the effectiveness of incorporating sequential image patterns in capturing the continuity
of myocardial structures, which is often missed in single-segmented images. Similarly,
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specificity improved from 49.46% to 92.50%, reflecting the model's enhanced ability
to identify non-MI cases and reduce false alarms. Although sensitivity dlightly
decreased from 97.85% to 96.15%, it remains high, maintaining overall classification
reliability. Insights from the confusion matrix as in Figure 4.16, further support these
findings, showing a marked reduction in fase positives while explaining a dlight
increase in false negatives. The false positive rate was significantly reduced from
50.54% to 7.50%, highlighting the model's improved precision and its ability to reduce
unnecessary false alarms. However, the false negative rate increased dightly from
2.15% to 3.85%. A detailed analysis, as visually demonstrated in Figure 4.17(a),
revealed that the increase was due to large anatomical gaps between dlices in the
sequential reconstruction image. Variations in cardiac size, related to the thickness of
the LGE-MRI slices, may have contributed to these large gaps, resulting in
discontinuities. Additionally, Figure 4.17 (b) illustrates the misclassifications, where
false positives occurred because the sequential pattern of healthy tissue resembled true
scar tissue. The proposed method introduces a novel contribution to M1 detection by
leveraging sequential image reconstruction to address the limitations of single
segmented images. This approach provides a more comprehensive anaysis of
myocardial structures and significantly enhances diagnostic accuracy.

100
0
80
70
50
40
30
20
10
Accuracy Sensitivity Specificity
Single Image 73.66 97.85 49.46
Sequential images 94.30 96.15 92.50

Figure 4.15 Accuracy, Sensitivity and Specificity Performance of the SDCNN
Model for Ml Detection: Comparison Between Single Segmented |mages and
Reconstructed Sequential Images
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Figure 4.16 Confusion Matrix Plot for M1 Detection Using the SSDCNN Classifier:
(a) Single Image, (b) Sequential Image Reconstruction

.
(a)
.-
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Figure4.17 Analysis of Misclassifications in the Sequential Reconstruction of L GE-
MRI Segmented Image:(a) Misclassifications of False Negative Caused By Large
Anatomical Gaps Between Slices Resulting in Discontinuities and (b)
Misclassifications of False Positives Caused by the Sequential Pattern of Healthy
Tissue Resembling True Scar Tissue



4.5 Fully Automated Myocardial Infarction Detection

This study presents a novel fully automated framework for the detection of Ml
in late gadolinium enhancement cardiac magnetic resonance (LGE-CMR) images. The
proposed system is designed to assist radiologists in the diagnosis of MI by providing a
fast, reliable, and fully automated analysis pipeline. Thefirst step involves an automated
LV region classification, which filters out images that do not contain the LV, thereby
allowing the subsequent segmentation process to focus exclusively on clinically
relevant slices. The myocardial scar segmentation is performed using the proposed dual -
stage DeeplL abV3+-based segmentation model, specifically tailored for accurate scar
delineation. Detailed training results and performance anayses of this segmentation
model are provided in Section 4.3. Following segmentation, the detection of myocardial
infarction begins by identifying the image dice containing the largest segmented scar
tissue for each patient. This dice serves as areference point for the proposed 3 SR, which
consolidates scar continuity across sequential dices to enhance infarct pattern
recognition. Once the reconstructed representation is formed, it is passed through the
proposed SSDCNN model for classification. Further training and analysis of this
classification method are discussed in Section 4.4.

To validate the proposed system, 30 subjects were used, including 10 patients
with confirmed M| and 20 healthy control subjects. Table 4.8 presents a validation
analysis comparing the predictions made by the proposed fully automated M1 detection
against radiologist reports to assess the system's diagnostic performance. The confusion
matrix in Figure 4.18 provides a detailed breakdown of the classification results.
Overdl, the model correctly classified 29 out of 30 patients, resulting in a tota
classification accuracy of 96.7%. This high accuracy demonstrates the reliability of the
proposed system in distinguishing between pathologica and non-pathological cases.
The system successfully identified al 10 MI cases, resulting in a True Positive Rate
(Sengitivity) of 100%. This indicates the model's strong ability to detect infarcted cases,
acrucia factor in clinical applications where missing an MI diagnosis can have severe
implications. The model also correctly classified 19 out of 20 Non-MI patients,
achieving a True Negative Rate (Specificity) of 95%. Only one healthy patient (Patient
18) was incorrectly classified as having Ml, representing a False Positive. Importantly,
the absence of any False Negatives (FN = 0) highlights the model's clinical safety in
avoiding missed MI diagnoses. These validation results underscore the effectiveness
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and clinical potential of the proposed end-to-end MI detection framework, showing
strong agreement with radiologist-reported findings.

Table 4.8
Validation Analysis of a Fully Automated MI Detection Outputs with Radiologist
Reports

No Patient Patients' Radiologist Report  Proposed Fully Automated M| Detection

Prediction
1 Ml MI
2 Ml MI
3 Ml MI
4 Ml MI
5 Ml MI
6 Ml MI
7 Ml MI
8 Ml MI
9 Ml MI
10 Ml MI
1 Non-Ml Non-Ml
Non-Ml Non-Ml
Non-Ml Non-Ml
14 Non-Ml Non-Ml
15 Non-Ml Non-Ml
16 Non-Ml Non-Ml
17 Non-Ml Non-Ml
18 Non-M| MI
19 Non-Ml Non-Ml
20 Non-Ml Non-Ml
21 Non-Ml Non-Ml
22 Non-Ml Non-Ml
23 Non-Ml Non-Ml
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No Patient Patients' Radiologist Report  Proposed Fully Automated MI Detection

Prediction
24 Non-Ml Non-Ml
25 Non-Ml Non-Ml
26 Non-Ml Non-Ml
27 Non-Ml Non-Ml
28 Non-Ml Non-Ml
29 Non-Ml Non-Ml
30 Non-Ml Non-Ml
Correctly classified: 29/30 = 96.7%
PREDICTED
CLASSES Ml Non-M|
3 ™ 10 0
H
9 | Non-MI 1 19

Figure 4.18 Classification Outcomes for Ml and Non-MI Cases Fully Automated
Myocardia Infarction Detection

451 Comparison of Fully Automated M1 Detection with Other Methods

In this section, the performance of the proposed fully automated MI
Segmentation and detection model will be benchmarked against several recent studies
that utilized the DCNN approach. Table 4.9 shows the comparison of the proposed
method with five different methods. Moccia et a. [28] developed a CNN-based mode
for myocardial scar segmentation using LGE-CMR images, achieving a Dice score of
approximately 55%. Aside from the low performance in scar segmentation, their
approach aso relied on manually cropped myocardia regions and lacked classification
components. Similarly, Chen et a. [23] reported segmentation Dice scores 67% using
an ensemble of U-Net-based architectures and their results are also confined to middle
dices only. Their method also excluded MI detection, making it unsuitable for end-to-
end automated and clinical diagnostic coverage. Dan et d. [112]introduced ACSNet for
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anatomically constrained scar segmentation across apical, middle, and basal LV levels.
However, the method reported a relatively low scar segmentation Dice score of only
57% and it did not include any classification component. Abdulkareem et al. reported
significantly lower detection performance (68%) using LGE-CMR and pre-contrast
cine CMR, highlighting the effectiveness of our approach that integrates both
segmentation and detection in a sequential learning framework. Abdulkareem et al.
[108] proposed a complicated classification-only approach using pre-contrast cine
CMR and ResNet50, reporting an M1 detection accuracy of just 68%. Their method
lacked segmentation and was limited by the absence of contrast-enhanced visibility and
structural context.

A more recent study by Dela Rosaet al. [115] proposed a cascaded approach in
which a CNN is first used to detect infarcted slices, followed by a rule-based
morphological segmentation and final refinement using a DCNN ensemble. Despite
achieving a high scar segmentation Dice score of 77.22%, their rule-based
morphological segmentation method relies on the manual selection of infarcted images,
which limits its automation and generalizability. In contrast, our proposed method
achieved a comparable Dice score of 74.31% while delivering a higher MI detection
accuracy of 96.67%, outperforming all related works.

Table 4.9

Comparison of the Proposed Dual-Stage Model with Related Worksin Myocardial Scar
Segmentation

M odel LV region Myocardial Scar Myocardial
Classification Segmentation (mean Infarction Detection
(Accuracy %) Dice Score %) (Accuracy %)

Mocciaet al. [28] - 55.00

Chenetal.[23] - 67.00

Danet al. [112] - 57.00

Abdulkareem et a. [108] - - 68.00

DelaRosaetal. [115] - 77.22 90.63

Proposed Method 97.36 74.31 96.67

The proposed model addresses the limitations of previous works by using an
end-to-end automated pipeline that integrates classification, segmentation, and
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detection, without manually selecting dlices or cropping the LV region. Furthermore,
the dataset encompasses the full range of LGE-CMR dlices, from the lowest epicardial
to the upper basal regions, astypicaly received by radiologists. This approach makes it
more practical for real-world clinical applications. Although direct comparisons with
previous studies may be limited by differences in datasets, it is important to note that
the results fdl within the expected performance range. Variations in dataset
characteristics such as anatomical complexity and image qudity can significantly
influence segmentation outcomes.

46 Conclusion

In this chapter, the results of the proposed methodology for fully automated
segmentation and detection of M1 in LGE-MRI images have been thoroughly discussed.
The results were analyzed based on the study's objectives, starting with the new
proposed classification method for identifying images containing LV and non-LV
regions using a DCNN model. Section 4.2 presents two viable options for automated
image classification with LV and non-LV regions: using the proposed S-DCNN with a
three-convolutional layer model or the customized pre-trained network, GoogLeNet.
While the GoogLeNet model achieved a higher accuracy of 98.75%, the SSDCNN
demonstrated a reliable accuracy of 97.36% with notable advantages in smplicity and
computational efficiency. The promising results of this research highlight the potential
of both automated approaches. The output of this work, which identifiesthe LV region,
can automate the manual process, serving as input for the next assessment stage:
myocardial scar segmentation for M| detection.

Section 4.3 elaborates analysis of the novel Dual stage DeeplabV 3+based
myocardial scar segmentation model by using the origind DeeplLabv3+ as the
benchmark. Subsection 4.3.1 evaluates the performance of the proposed DLT-LV
network model for first-stage LV region segmentation, incorporating MobileNetV2 as
the backbone and a morphological refinement step. The analysis demonstrates that the
proposed DLT-LV model (Dice: 97.02%), 1oU: 9560%6>) significantly outperforms both
the origina DeepL abV 3+ mode with Xception backbone (Dice: 95.47%, I0U: 94.44%)
and the baseline DeepL ab VV 3+ model with MobileNetV 2 backbone (Dice: 96.12%, 10U:
94.9P/0). The inclusion of the morphological refinement in the post-processing step
further enhances segmentation quality by eliminating isolated mis-segmentations and
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filling interna gaps, thus improving the structural integrity of the LV mask.
Quantitatively, the application of the refinement procedure improved the mean Dice
score from 97.02% to 97.80% and the mean 1oU from 95.60% to 95.97%. These results
demonstrate that the proposed approach not only outperforms the baseline model but
also provides a more reliable foundation for the subsequent scar segmentation stage.
Subsection 4.3.2 presents a comprehensive evauation of myocardial scar
segmentation using the proposed DL T-Scar model, with particular focus on backbone
selection, loss function analysis, and automated loss function optimization to address
class imbalance in LGE-MRI images. Initidly, three backbone networks
(MobileNetV2, Xception, and ResNet50) were tested under the same training
conditions. ResNet50 outperformed the others, achieving the highest scar segmentation
accuracy with a mean Dice Score of 71.98%), Precision of 0.6821, Recall of 0.7822, and
F2-Score of 0.7599. This strong performance is likely due to its residual connections,
which help retain low-level features and improve detection of smal and heterogeneous
scar regions. As a result, ResNet50 was chosen as the backbone for the DLT-Scar
model. To further address the class imbalance between the small scar regions and the
large background, a comparative analysis of four loss functions was conducted
(Weighted Cross-Entropy, Weighted Dice, Focal Loss, and Tversky Loss). The analysis
highlights the highest performance of the Tversky loss function (a = 0.3, P = 0.7)
achieving a scar Dice Score of 72.71%, Precision of 0.6891, Recall of 0.7903, and F2-
Score of 0.7677, outperforming the other loss functions, making it the ideal choice for
the task. To further optimize segmentation performance, the study introduced an
automated tuning strategy for the Tversky loss hyperparameters using Particle Swvarm
Optimization (PSO). By simplifying the Tversky formulation to a single tunable
parameter (a), the PSO algorithm identified an optimal avalue of 0.2141, which led to
further improvements in segmentation performance. The PSO-optimized model
achieved a Dice Score of 74.31%, Precision of 0.7219, Recall of 0.8092, and the highest
F2-Score of 0.7893, representing an increase of 1.6% in Dice Score and 2.16% in F2-
Score compared to the default Tversky configuration. This subsection highlights that
the integration of ResNet50 as the backbone, combined with the Tversky Loss function
and PSO-based hyperparameter optimization, significantly enhancesthe model's ability
to segment myocardial scars in LGE-MRI images. The refined architecture and loss
function effectively address the challenges of class imbalance and small target region
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detection, thereby improving the reliability and clinical applicability of the proposed
segmentation framework.

Based on the findings in Section 4.3.2, increasing recall enhances the model's
sengitivity to potential cases but also leads to a higher susceptibility to false positives.
Moreover, Scar-like artifacts can appear similar to true myocardia scars, which could
result in false diagnoses especialy for healthy tissue. To cater this issue, the new 3SR
method in combination with the SSDCNN was introduced following the segmentation
process to improve the identification of true scars in short-axis LGE-MRI, ensuring
more accurate M| detection. A comparative evaluation was performed using the same
SDCNN classifier to detect MI from single-segmented images and reconstructed
sequential images produced by the 3SR method. The results clearly show that the 3SR
method significantly improves M1 detection, with accuracy rising to 94.30%), specificity
to 9250%), and sengtivity remaining high at 96.15%), compared to the use of single
segmented images, which achieved only 7368%6> accuracy, 9785/6> sendtivity, and
49.46% specificity.

Finaly, Section 4.5 validates the overall proposed fully automated myocardial
infarction (MI) detection system against radiologist reports. The system correctly
classified 29 out of 30 patients, achieving an overal accuracy of 96.7%. This section
also provides a comparison with existing methods, highlighting the advantages of the
proposed approach in terms of automation, accuracy, and clinical reliability.

In summary, this end-to-end framework offers accurate, efficient, and clinically
relevant M| detection, demonstrating state-of-the-art performance and strong potential
for real-world application in LGE-CMR analysis. Future work will focus on extending
this framework to include scar quantification, paving the way for more effective Ml

screening and diagnosis.
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CHAPTER 5
CONCLUSION

51 Conclusion

This study presented a fully automated, end-to-end framework for segmentation
and detection of myocardial infarction (MI) in short-axis late gadolinium enhancement-
cardiac magnetic resonance (LGE-CMR) images. The system was successfully
developed using deep convolutional neural networks (DCNNSs) approaches to assist
radiologists by providing afully automated system for the analysis and identification of
myocardial Infarction.

The framework begins with a newly proposed automated classification method
for identifying images containing the left ventricular (LV) region, addressing Objective
1. This method classifies LGE-CMR dlices into LV and non-LV regions. A novel
shallow deep convolutional neural network (S-DCNN) was introduced and
benchmarked against three pre-trained networks: GoogleNet, AlexNet, and
SqueezeNet. The SSDCNN achieved areliable classification accuracy of 97.36%, which
was dightly higher than AlexNet (96.43%) but moderately lower than GoogleNet
(98.75%) and SqueezeNet (98.39%). However, the S DCNN offers notable advantages
in terms of architecture smplicity and computational efficiency. The output from this
classification stage eliminates the need for manual screening and serves asthe input for
the next stage: myocardial scar segmentation for M1 detection.

The second objective of this study (Objective 2) represents a key contribution,
focusing on the development of a segmentation framework to localize myocardial scar
regions associated with infarction in LGE-CMR images. To address this, a novel dual-
stage segmentation architecture was proposed using a customized DeeplLabV3+
network comprising two task-specific stages: DeepLabV 3+ Tailored to LV (DLT-LV)
for segmenting the LV region and DeepLabV3+ Tallor to Scar (DLT-Scar) for
identifying myocardial scar within theLV region. The DLT-LV model, developed using
a MobileNetV2 backbone and a modified Atrous Spatial Pyramid Pooling (ASPP)
module, achieved a Dice Score of 97.02% and an 1oU of 95.60%. This performance
surpassed the benchmark model, the original DeepLabV 3+, with Xception backbone
and standard ASPP configuration by approximately 2% Dice Score. A morphological
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post-processing procedure was introduced to refine the LV segmentation masks by
correcting small gaps within the LV chamber and eliminating isolated mis-
segmentations. Although the improvement in Dice Score was minimal, with an increase
of approximately 1%, this refinement step is essential to ensure that accurate and
anatomically consistent LV masks are provided to the subsequent scar segmentation
stage. For the second stage, the DLT-Scar model employed the same architecture as
DLT-LV, with the exception of using a ResNet50 backbone. To address the challenge
of class imbalance, specifically the small size of scar regions relative to the background,
the Tversky loss function with standard hyperparameters (a= 0.3, P = 0.7) was utilized.
This configuration yielded a scar segmentation mean Dice Score of 72.71% and an F2-
Score of 0.7677, demonstrating the model's effectiveness in accurately segmenting
myocardial scars in challenging LGE-CMR data.

Building on the proposed dual-stage segmentation framework, the third
objective (Objective 3) introduced an optimization strategy by integrating the DL T-Scar
segmentation network with the Particle Swarm Optimization (PSO) agorithm. This
method was designed to automatically fine-tune the Tversky loss function, which was
mathematically smplified to a single hyperparameter (a). By embedding PSO within
the training process of the DLT-Scar model, the framework eliminated the need for
manual hyperparameter selection, enabling adaptive loss optimization tailored to the
segmentation task. This PSO-DLT-Scar method optimized the a value (0.2141),
resulting in a further improvement in scar segmentation performance, with the mean
Dice Score increasing to 74.31% and the F2-Scoreto 0.7893.

The output of myocardial scar segmentation obtained from the previous stage
was further analyzed using anovel M1 detection approach (Objective 4), referred to as
Scar Sequential Slice Reconstruction (3SR) and DCNN classification. This method
leverages the anatomical continuity of the left ventricle across consecutive short-axis
LGE-CMR dlices by reconstructing a volumetric representation based on the largest
detected scar region. The resulting reconstructed image serves as the input for atrained
S-DCNN model classifier, which performs binary classification to detect the presence
of myocardia infarction as part of radiologist's report. The find implementation of this
automated detection system is presented in Section 4.6. The proposed method achieved
a myocardial infarction detection accuracy of 96.67%, successfully identifying al 10
MI cases and 19 out of 20 non-MI cases. These findings present a scalable, fully
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automated approach that enhances diagnostic consistency and operational efficiency

within clinical cardiac imaging workflows.

5.2

Research Contribution

This research contributes to the overall process of automated Myocardial

Infarction segmentation and detection using image processing and artificial intelligence

technigues. Based on the objectives of this study, the contribution of this research is

listed as follows:

A new automated method for classifying LV regions in a series of LGE-CMR
images using a novel shallow deep convolutional neural network (S-DCNN)
model, developed to operate efficiently in resource-constrained settings while
maintaining high classification accuracy. Since LGE-CMR scans include both
LV and non-LV dlices, this method addresses the gap in existing studies by
automating the classification process, where LV dlices are typically identified
through manual screening by radiologists or manually selected in most studies.
In addition, this study also explores an alternative classification architecture
utilizing a pre-trained network, providing a flexible and scalable solution for
improved cardiac assessment. This approach streamlines the subsequent
myocardial scar segmentation process and eliminates manua workload.

i. A novel, fully automated dual-stage segmentation framework based on

DeepLabV 3+, designed to independently handle left ventricular (LV) and
myocardial scar segmentation as two task-specific stages, namely DLT-LV and
DLT-Scar. To strengthen inter-stage consistency and improve overal
segmentation reliability, the framework incorporates a custom morphological
post-processing procedure between the two stages. Thisrefinement step corrects
common LV segmentation errors, such asgapswithintheLV region and isolated
mis-segmentations, ensuring that a cleaner and more anatomically accurate
mask is passed to the scar segmentation stage. In conjunction with the
framework design, this study also contributes a set of architectural
enhancements to the DeepL abV 3+ model, including a modified Atrous Spatial
Pyramid Pooling (ASPP) module with adjusted dilation rates, batch
normalization, and an added parallel convolutional branch to improve multi-
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scale contextual learning. In addition, task-specific backbone networks were
employed (MobileNetV2 for LV segmentation and ResNet50 for scar
segmentation) each selected based on empirical performance and suitability for
thelr respective segmentation objectives.

A new optimization strategy is introduced for tuning the Tversky loss function
hyperparameter used in training the DLT-Scar model, employing Particle
Swarm Optimization (PSO) to automatically identify the optimal avalue. To
reduce computational complexity, the loss formulation is smplified by
optimizing only a single parameter a, with P implicitly defined as (1 - a). This
smplification narrows the search space while maintaining effective control over
the trade-off between fase positives and false negatives. By emphasizing false
negative reduction, this strategy addresses the class imbaance commonly found
in medical imaging where small target regions present mgor challenges.

iv. A new method integrating Scar Sequential Slice Reconstruction (3SR) is

introduced to enhance the reliability of prior myocardia infarction (MI)
detection. Unlike conventional single-image segmentation, this approach
utilizes the spatial continuity of scars across segmented sequential LGE-CMR
dices to distinguish true infarcted regions from imaging artifacts. A reference
image containing the largest segmented scar is established to assess spatial
consistency across dices, effectively reducing fase positives caused by motion
artifacts and magnetic field inhomogeneities, particularly in healthy subjects
undergoing LGE-CMR scans. Furthermore, incorporating this method with the
previously proposed SSDCNN model enables automated detection of subjects
with and without M1

This study's contribution includes demonstrating that the fully automated system
developed based on the research objectives shows improved consistency and
reduced variability in readings with high accuracy compared to radiologists
report. This highlights the potential to improve diagnostic reliability in medical
imaging by providing more standardized, time-saving, and reproducible results.
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53 Recommendation for Future Work

This study successfully developed an end-to-end framework for fully automated
Ml segmentation and detection using DCNNs in short-axis LGE-CMR images.
However, several potential directions remain for further enhancement and exploration.

A promising extension of this research would be the development of areal-time
automated system that facilitates integration and control between the cardiac MRI
acquisition process and the end-to-end segmentation-detection pipeline. Embedding
this framework within the clinical imaging workflow could enable instantaneous
processing and interpretation of cardiac scans, supporting radiologists in making faster,
data-driven decisions at the point of care.

The proposed dual-stage DeeplLabV3+ segmentation model represents a
valuable step toward automated myocardial scar segmentation, with significant
potential for clinical extension. Future work could expand this framework to include the
guantification of infarct burden and transmurality, including the classification of
infarcts into subendocardial, mid-myocardial, subepicardial, and transmural categories
for clinical interpretation and treatment planning.

Given that this study focused exclusively on short-axis LGE-CMR images due
to their widespread clinical use and availability, future work could explore the
incorporation of additional imaging planes, such as long-axis views (two-, three-, and
four-chamber) within the same LGE-CMR modality. Leveraging diverse anatomical
perspectives would enable more comprehensive myocardial coverage, enhance spatial
context, and potentialy improve the robustness of scar localization, particularly in
complex or ambiguousinfarct patterns. Moreover, building on this multi-plane imaging
approach, the method could also be extended and adapted to detect other myocardial
pathologies, such as non-ischemic cardiomyopathies, where scar morphology and
distribution differ significantly from ischemic patterns. Tailoring the segmentation and
classification strategies to accommodate these conditions would further broaden the
clinical applicability and impact of the proposed system.

Scar regions in LGE-CMR images often exhibit ambiguous intensity profiles,
which can hinder accurate boundary delineation. Incorporating pre-segmentation image
enhancement techniques, such as denoising autoencoder, attenti on-guided enhancement
networks or transformer-based restoration models, offers promising capabilities for

improving visual clarity and emphasizing clinically relevant features. These approaches
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may contribute to more accurate and reliable segmentation performance, particularly in
cases with low scar-to-background contrast or diffuse scar distribution.

Although the sequential dice reconstruction (3SR) method demonstrated
promising results, inter-slice discontinuities were gtill observed in some infarcted cases.
These inconsistencies are likely attributed to variations in cardiac size and non-uniform
dice thickness during LGE-CMR acquisition. Future research could explore the
integration of motion-aware techniques, such as optical flow estimation or temporal
interpolation networks. Combining these methods with the 3 SR framework may result
in more anatomically coherent and clinicaly reliable infarct detection.
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APPENDIX 3

Anonymized Cardiac MRI Radiology Report Samplesfrom AMDI (I1PPT)

PPUSMB

| 1 1 1 1 1 1 1 1 1

Patient Name MRN # Access. # DOB Age Sex Date Mod Study Description Ordered by
ANONYMIZED ANONYMIZED Cardiac Without & Witt Contrast

Radiology Report

Cardiac MRI (Viability protocol) performed on 17/4/2023 at Philips MRI 3T.

Sequences:

Axial BB and WB

Cine: 4Ch, LVOT, 2Ch. SA stack
EGE: 4Ch_LVOT, and 2Ch stacks
LGE: 4Ch. LVOT 2Ch SA

Tl native and post-contrast: SA (1 SL)

"Weight: 75 kg

Height: [iSm

Body surface area: 1.77 m- (Du Bois)
BP: 173/79 mruHg

Haematocnt: 44_S% on 17.04.2023.

Findings:

Left ventricle (LV):

Increased indexed end diastolic volume and indexed end systolic volume with reduced ejection fraction.
Global hypokinesia with thin akinetic basal anterolateral wall: and basal to mid lateral and inferior walls.
Thickened basal-iiud anteroseptal wall, maximum 1.2S cm.

Increased indexed mass.

No aneurysmal formation.

Right ventricle (RV):

Normal indexed end diastolic: volume and end systolic volume with low normal ejection fraction.
Normal tricuspid annular plane systolic excursion (TAPSE). measuring 2.4 cm.

No regional wall motion abnormality.

No aneurysmal formation.

Atria:

Marginally dilated tight atrium - indexed area 15.4 cmVm- (Normal <15.0cm-/m’)
Mildly dilated left atrium - indexed area 17 cm?/ui' (Normal <15 Ocni'/m-)

No interatrial septal wall thickening.

Valves:
Mitral valve regurgitation (MR), likely mild"by visual assessment under scan condition.

Post-gadoliniLim:
Early phase:
No intraluminal thrombus or mass. No early myocardial enhancement.

Late phase:
Transmural hypereiihancement of basal anterolateral wall; and basal to mid lateral and inferior walls.

Thoracic great vessels:

The thoracic aorta is normal in size.

Mildly dilated pulmonary trunk measuring 3.1 cm.
Normal systemic and pulmonary venous returns.

Impressions:
.Dilated LV with reduced ejection fraction, LVEF 27 %
Normal RV size with low normal election fraction (RVEF 45 %)

-

Transmural myocardial infarction of basal antero lateral wall; and basal to mid lateral and inferior walls.

2.
3.
4. No myocardial inflammation or infiltration

5. Basal-mid anteroseptal wall hypertrophy, likely secondary to hypertension.
6. Mild MR. Suggest ECHO correlation for proper valve assessment.

7. Mild bi-atnal dilatation.

Features of ischemic dilated cardiomyopathy.

LAD: All segments are viable.

LCx: 3 of 5 segments are non-viable

RCA : 2 of 5 segments are non-viable.

See myocardial viability map for summary.

Reported with Dr ,Dr ,Dr. , Dr

Reporting team: Dr JDr /Dr / Dr ! Dr / Dr 'Dr

Reported by: DR ANONYMZD ,DR! ,DR
JJR

09/05/2023 _

Ml
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PPUSMB

Patient Name MRN # Access. # DOB Age Sex Dale Mod Study Description Ordered by

ANONYM IZED I I I Cardiac Without Contrast

Radiology Report

Cardiac MRI performed on 20/2/2023 at Philips Acliieva 3.0T scanner

Sequences:

Axia EB and WB

Cine: 4Ch, LVOT, 2Ch, SA stack
STIR: 4Ch.. LVOT, 2Ch, SA stack
EGE: 4Ch. LVOT, and 2Ch

LGE: 4Ch. LVOT, 2Ch, SA

T2 map SA base, mid and apical

Tl native and post-contrast: SA (1 SL)

Weight: 58 kg

Height: 154 m

Body surface area: 1.58 m? (Du Bois)
BP 133/76 inmHg

Haernatocnt (20/2/2023) :40.0%

Findings:

LefWentncle £LV):

High normal indexed end diastolic volume and increased indexed end systolic volume with low normal gection fraction
Globa hypokinesia especialy from basal to mid segments, more notable at the basal septum.

Normal wall thickness and indexed mass.

No aneurysmal formation.

Right ventricle (RV):

Normal indexed end diastolic volume and indexed end systolic volume with normal gection fraction
Normal tricuspid annular plane systolic excursion (TAPSE). measuring 2.0 cm.

Slightly hypokinetic apical free wall.

No aneurysmal formation

Atria:

Normal right atrial size, area 14 cm?.
Normal left atrium size, area 18 cn?.
No interatrial septal wall thickening.

Valves:
Suspicious of trivial mitral (MR) and aortic (AR) regurgitation by visua assessment under scan condition.

STIR:
No significant increase in myocardial signal intensity.

Parametric mapping:
Relatively increased mean native Tl relaxation time and extracellular volume fraction at basal septum.
Suboptimal assessment for myocardial T2 values due to respiratory motion artefact.

Post-gadolinium:
Early phase: No intraluminal thrombus or mass.
Late phase: Enhancement of the inferior RV insertion point.

Thoracic great vessels:
The thoracic aorta and pulmonary' artery are normal in size.
Normal systemic and pulmonary venous returns.

Impressions:

1.High normal LV size with low normal ejection fraction. LVEF 52%.

2. Normal RV size with normal ejection fraction, RVEF 57%.

3. Relative increase in Tl values and ECV at "basal septum. Limited assessment of T2 map.
4. Fibrosis at inferior RV insertion points.

5_ No evidence of myocardial infarction. Non-M I

6. Suspicious trivial MR & AR. Suggest ECHO correlation for proper valve evaluation.

Correlating w'ith clinical history, improvement of LV EF from 23% Jin previous echocardiography) to 52% and evidence of
interstitial fibrosis (relative increase in Tl values/ECV), this could indicate a resolving myocarditis.

The fibrosis at the inferior RV insertion site is usually due to the myocardial strain The remaining LV wall

hypokinesia is likely a sequelae of the myocarditis. However, given the diabetic status and mild coronary artery disease

on angiography, there is also a possibility of hibernating myocardium as a result of microvascular dysfunction. Consider
stress myocardial perfusion after 6 months.

Reported with Dr Numl Ain Bt Mat Idns (Radiologist), Dr Siti Aishah Binti Ahmad Maulana (Radiologist) and Dr Khairil
Amir Sayuti (Consultant Radiologist)
Dr Saifi.il / Dr Qistina/ Dr Thiban/ Dr Atifah .' Dr Jay a

Reported by: AMONVHZED DR ,DR
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