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Abstract

Myocardial scar, a non-viable tissue which occurs on the myocardium due to the insuf-
ficient blood supply to the heart muscle, is one of the leading causes of life-threatening
heart disorders, including arrhythmias. Analysis of myocardial scar is important for pre-
dicting the risk of arrhythmia and locations of re-entrant circuits in patients’ hearts. For
applications, such as computational modeling of cardiac electrophysiology aimed at strat-
ifying patient risk for post-infarction arrhythmias, reconstruction of the intact geometry
of scar is required.

Currently, 2D multi-slice late gadolinium-enhanced magnetic resonance imaging (LGE-
MRI) is widely used to detect and quantify myocardial scar regions of the heart. However,
due to the anisotropic spatial dimensions in 2D LGE-MR images, creating scar geometry
from these images results in substantial reconstruction errors. For applications requiring
reconstructing the intact geometry of scar surfaces, 3D LGE-MR images are more suited
as they are isotropic in voxel dimensions and have a higher resolution.

While many techniques have been reported for segmentation of scar using 2D LGE-
MR images, the equivalent studies for 3D LGE-MRI are limited. Most of these 2D and
3D techniques are basic intensity threshold-based methods. However, due to the lack of
optimum threshold (Th) value, these intensity threshold-based methods are not robust in
dealing with complex scar segmentation problems. In this study, we propose an algorithm
for segmentation of myocardial scar from 3D LGE-MR images based on Markov random
field based continuous max-flow (CMF) method. We utilize the segmented myocardium
as the region of interest for our algorithm.

We evaluated our CMF method for accuracy by comparing its results to manual
delineations using 3D LGE-MR images of 34 patients. We also compared the results of

the CMF technique to ones by conventional full-width-at-half-maximum (FWHM) and
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signal-threshold-to-reference-mean (STRM) methods. The CMF method yields a Dice
similarity coefficient (DSC) of 7148.7% and an absolute volume error (|VE|) of 7.56+7
em?®. Overall, the CMF method outperformed the conventional methods for almost all
reported metrics in scar segmentation.

We present a comparison study for scar geometries obtained from 2D vs 3D LGE-MRI.
As the myocardial scar geometry greatly influences the sensitivity of risk prediction in
patients, we compare and understand the differences in reconstructed geometry of scar
generated using 2D versus 3D LGE-MR images beside providing a scar segmentation
study. We use a retrospectively acquired dataset of 24 patients with a myocardial scar
who underwent both 2D and 3D LGE-MR imaging. We use manually segmented scar
volumes from 2D and 3D LGE-MRI. We then reconstruct the 2D scar segmentation
boundaries to 3D surfaces using a LogOdds-based interpolation method. We use nu-
merous metrics to quantify and analyze the scar geometry including fractal dimensions,
the number-of-connected-components, and mean volume difference. The higher 3D frac-
tal dimension results indicate that the 3D LGE-MRI produces a more complex surface
geometry by better capturing the sparse nature of the scar. Finally, 3D LGE-MRI pro-
duces a larger scar surface volume (27.49+20.38 c¢m?) than 2D-reconstructed LGE-MRI
(25.07+16.54 cm?).
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Introduction

Myocardial scarring is a complication that can occur due to ischemia or plaque formation
inside the coronary arteries. Coronary arteries supply oxygen-rich blood to the heart
muscle, myocardium. The fatty plaques formation will reduce the blood flow to the
descending regions of clogged arteries on the myocardium. The reduced blood flow will
lead to the mortality of the myocardium, which will accumulate a fibrosis tissue called
scar during the healing process. The myocardial scar can disrupt the electrical conduction
system of the heart. It can also cause spontaneous depolarization of the heart muscle.
The 3D segmentation of myocardial scar is important for analyzing the response of
patients to the cardiac resynchronization therapy (CRT) [1, 2]. The CRT therapy is a
procedure where doctors ablate around the scar tissue carefully to repair the electrical
conductor system of the heart. It is important to carefully segment the scarred region
prior to the CRT procedure to obtain the high achievement rate and to reduce the number
of non-responders to the therapy. The 3D scar segmentation also allows for other new

applications, such as computer simulations of cardiac electrophysiology [3].

0.1 Objectives

In this study, we have two main objectives. First, we want to segment myocardial
scar from 3-dimensional (3D) LGE-MR images in a semi-automated manner using an
optimized based segmentation method called the Continuous Max-Flow (CMF) method
[4]. Our second objective is to compare the volume and the shape of the manually

segmented scar geometries from 2D versus 3D LGE-MR images of same patients.



0.2 Motivation

Due to the latest advancements in image acquisition technology in the past decade,
acquiring 3D high-resolution, high contrast images of the myocardial scar is now possible.
These 3D LGE-MR images provide approximately one millimeter inner and outer-plane
resolutions which allow for capturing finer details of scar in the out-of-plane resolution
as compared to the anisotropic 2D LGE-MR images.

Although 3D scar segmentation is needed for several applications, the 3D scar seg-
mentation methods are still limited in the literature. The existing studies either use a
small number of image dataset or needs an excessive amount of user interaction to obtain
decent scar segmentations. State-of-the-art deep learning methods are also working in
a 2D manner and their results are validated on a small number of patients. There is a
clear need for scar segmentation from 3D LGE-MR images which motivates our research
in the first part of our work.

After reviewing the relevant literature, we have also encountered a gap in regards
to comparing the reconstructed geometries of scar using 2D and 3D LGE-MRI. While
several studies analyzed the performance of the 2D versus 3D LGE-MRI in scar mass,
scar volume, SNR, and some other measures, the reconstructed scar geometry and shape
analysis remained unexplored. We manually segment the scar regions from 2D and 3D
LGE-MR images of same patients to analyze at the reconstructed scar volume and shape.
2D manual scar segmentation is conventionally commonly performed, yet not interpolated
to 3D surfaces in the clinic. We are driven by the motivation that it is important to give
clinicians insight on the implications of choosing either 2D or 3D LGE-MR images for
manual scar segmentations by analyzing the scar shape based on complexity and scar

morphology.



0.3 Contributions

In our study, we propose to use a continuous max-flow based scar segmentation method
for 3D segmentation of myocardial scar. Using the CMF method by Yuan [4], we seg-
mented the myocardial scar tissue within the borders of the pre-segmented myocardium
without any further user interaction from 34 3D LGE-MR images. Including the CMF,
six scar segmentation methods were compared to manual expert segmentations using six
well-known comparison metrics including DSC, volume error, absolute volume error, nor-
malized scar volume, precision, and recall, as well as using two statistical tests called the
Bland-Altman plots and the student t-test. We contribute to the literature by reporting
that the CMF method outperformed other conventional segmentation methods in almost
all computed metrics including accuracy on our image dataset.

We also contribute to the scar shape analysis by interpolating 2D scar segmentations
into 3D scar geometries and comparing them with 3D manual scar segmentations. We
computed shape comparison metrics fractal dimensions (FD) and the number of con-
nected components as well as the scar volumes. In on our experiments, we show that the
3D LGE-MRI method captured a more complex scar geometry than the 2D LGE-MRI
in our dataset of 24 2D and 3D LGE-MRI. The 3D LGE-MRI presented a higher mean
scar volume than the 2D LGE-MRI.

0.4 Statement of Originality

In this thesis, we present a semi-automated myocardial scar segmentation study which
involves a 3-dimensional (3D) segmentation study of myocardial scar and a comparison
study of scar geometries obtained from 2D and 3D LGE-MR images. For the 3D scar
segmentation study, we propose to use an optimized based continuous max-flow (CMF)
method. We segment the left-ventricular scar in a 3D manner from thirty-four 3D late
gadolinium-enhanced magnetic resonance (LGE-MR) images. We utilize manually seg-

mented myocardium as a prerequisite to scar segmentation. In our experiments, the CMF



method segments the scar tissue within the borders of the pre-segmented myocardium
without any further user interactions. We compare our developed scar segmentation
method to well-known segmentation methods: full-width-at-half-maximum (FWHM) and
several signal-to-reference-mean (STRM) methods. We evaluate our scar segmentation
method using a regional overlap metric called DSC, and several scar volume metrics.
Our method outperforms the conventional FWHM and STRM methods in both DSC
accuracy and volume metrics. To be able to understand the observer variability of man-
ual scar segmentations, we also perform an inter and intra-observer variability analysis
for scar segmentations from 3D LGE-MR images. We ask three different observers to
segment a randomly selected subset of five 3D LGE-MR images repetitively three times
on different days. The inter and intra-observer variability study shows that there are
variations in segmented scar volumes among different observers and each observer also
has certain variability in their own delineations when they are asked to re-segment the
scar on the same dataset on different days.

In addition to the 3D scar segmentation study, we present a comparison study of 3D
scar geometries created using standard multi-slice 2D LGE-MRI versus high-resolution
3D LGE-MRI. For this, we manually segment the myocardial scar from twenty-four 2D
and 3D LGE-MR images. We use the 3D scar segmentations as is, while we reconstruct
3D scar models from the 2D scar segmentations using an interpolation method called
LogOdds. The 3D scar geometries from 2D and 3D LGE-MRI are compared using several
shape description metrics. The computed shape metrics show that the 3D LGE-MRI
produces a more complex scar structure; capturing the sparse nature of the scar, having
fewer disconnected regions and higher fractal dimension than the 2D LGE-MRI. Further,
we present a statistical analysis of the manual scar and myocardium segmentations to
compare the scar volumes obtained from 2D and 3D LGE-MR images. According to the
Bland-Altman and student t-test, we found that there are no significant differences in
scar volumes generated using twenty-four 2D and 3D LGE-MRI, and they can be used

interchangeably. The previous studies although comparing the 2D and 3D LGE-MRI



in regards to several cardiac metrics such as scar volume, scar mass, SNR, and image
acquisition times, have not explored the reconstructed scar geometries. To our knowledge,
this study is the first attempt at investigating differences in scar geometries generated
using 2D and 3D LGE-MR images by analyzing various shape descriptor metrics.
Based on this thesis, we have published two conference papers [5, 6] in the SPIE 2018

Medical Imaging Conference.



Background

Heart-related diseases are the number one cause of death globally. According to the World
Health Organization, about 17 million people die worldwide of heart-related diseases
every year |7]. These include diseases in the heart muscle and in the vessels of the heart.
In the scope of this thesis, we are interested in a serious heart-muscle-related disease
called myocardial scarring. The focus of this thesis is to develop algorithms to segment
the non-viable scar tissue on the left ventricular of the heart myocardium from 3D Late
Gadolinium-Enhanced Magnetic Resonance images (LGE-MRI).

In this chapter, we will first describe the context and background information per-
taining to the need for segmenting the myocardial scar using 3D LGE-MR images. We
will then introduce the basics of cardiac anatomy and discuss our disease of interest,
myocardial scarring. We will then briefly explain the cardiac imaging planes and differ-
ent imaging technologies for cardiovascular imaging. Finally, our focus will be on the

LGE-MR imaging, which is a special kind of MRI for imaging the myocardial scar. We



will categorize different MRI acquisitions as 2D vs 3D.

1.1 Ischemic Heart Disease and Myocardial Scar

The heart is supplied with its nutrient vessels called coronary arteries. If fatty plaque
builds up inside the arteries, this may lead to damages to the heart muscle and to the
coronary artery disease (CAD). Due to the built-up plaque, the blood flow to the heart
muscle is reduced or stopped in the case of a clogging. The reduced oxygen and nutrition
to the heart muscle cause partial defects and tissue deaths in the locations of narrow or
occluded arteries. This is called the ischemic heart disease (IHD)[8|. Any damage to the

heart muscle affects the functionality of the heart to supply oxygen to the organs.

Circurnfiex
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descending arlery

Area of heart muscle damaged

Figure 1: The occlusion of coronary arteries and accumulation of scar tissue in the area
of damaged heart muscle. The image is downloaded from ’wsiat.on.ca’ in September

2017.

After a coronary artery occlusion of the heart, myocardial scarring usually occurs.
If the occlusion continues, the viability of the heart muscle (myocardium) cannot be

sustained. During the healing process, a non-viable fibrosis tissue known as the scar is



formed on the patients’ heart. Scarring of the myocardium is a major cause of heart
failure and ventricular arrhythmias |9, 10]. The LGE-MRI has been used as a gold
standard imaging technique for assessing the myocardial tissue viability. Scar models
from LGE-MRI showed excellent agreement with the myocardial scar in histopathology
11, 12].

MRA LGE-MRI Scar

Figure 2: The MRA and LGE-MR images of the same patient with the myocardial scar.
The MRA image (on the left) visualizes the heart anatomy well while the LGE-MR image

(middle and the right) highlights the scar structure. The scar is manually segmented on
the LGE-MR image in red (on the right).

There are two major coronary arteries in the human heart. The right coronary artery
is located along the right atrium (RA) and right ventricle (RV), similarly two main left
coronary arteries descend along the left atrium (LA) to left ventricle (LV). Based on which
coronary arteries are blocked, the corresponding areas will vary for the scar accumulation.
The damage to the left coronary arteries negatively impacts the largest heart muscle, the
LV. The LV is responsible for ejecting blood through the systemic circulatory system
through the entire body. The oxygenated blood circulation throughout the body and its
systems depend heavily on the mechanical contraction motion of the LV. Contrary to a
healthy myocardium, the scarred myocardium cannot contract properly, which yields to

ventricular arrhythmias. Information related to scar size, shape, and the scar location on



the heart muscle is necessary for the planning of treatments of scar-related diseases such
as ventricular tachycardias (VT) [13, 14, 15]. In Figure 1, a coronary artery blockage is
seen in the myocardium. Due to the built-up plaques, the arteries narrow down which
reduces the blood flow to the heart muscle in the areas of the descending arteries. In
Figure 2, a medical image of the heart muscle can be seen which the myocardial scar is
segmented on the image (in red). In the first image (left) the anatomy of the LV can be
seen. The middle image shows the scar tissue (brighter area) and on the right, the scar

tissue is segmented manually in red.

1.2 Cardiac Anatomy and Function

The heart is an electrical and a mechanical organ. It is positioned obliquely in the
thoracic cavity and is surrounded by lungs from two sides [16]. The heart consists of
a self-contracting muscle named as myocardium, its blood supplying coronary arteries,
great valves and great arteries which carry blood in and out of the heart chambers.
The electrical impulse starting from the sinoatrial node, known as the SA node initiates
the contraction of the myocardium. The heart has two double chambers in which the
oxygenated and de-oxygenated blood is separated. The two small chambers at the top
are called atria, and the two larger chambers at the bottom of the heart are called
the right and the left ventricles (RV and LV). The LV is the largest chamber of the
heart which is capable of pumping blood with great force to the entire body at once.
Therefore, any electrical or mechanical abnormalities in the LV of the heart lead to
several complications. In Figure 3, a model of the human heart and its main chambers
can be seen. The heart model includes the four blood chambers, the great vessels, and
the valves of the heart. The valves are responsible for the controlled flow of the blood
between atria and ventricles and the great valves.

During the systole and diastole, the part of the blood in the heart is ejected from
the LV, and the ventricles refill with blood, respectively. The left ventricular ejection

fraction (LVEF) is an important measure of the functionality of the heart. The LVEF



shows the percentage of the blood that is ejected from the LV at each heartbeat. If
LVEF is smaller than 35%, it is an indicator of cardiac mortality, which may require an

implantable cardioverter defibrillator (ICD) therapy [17].
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Figure 3: The four chambers of the heart: the left and right atria (RA) are at the top
in light blue and the left and right ventricles (LV and RV) in darker blue are at the
bottom. Also, the great arteries and veins, such as the aorta and pulmonary artery, as
well as valves between atria and ventricles can be seen. The image is downloaded from

‘texasheart.org’ in September 2017

1.3 Anatomy of the Heart Wall

The heart wall has several diverse functioning layers. In Figure 4, a detailed wall model
of the heart is seen. From the outermost to the innermost, the main layers are named
as the pericardium, epicardium, myocardium, and endocardium. These layers have sev-
eral functionalities such as protecting the heart from the outside (pericardium) against
infection or surrounding the heart from the inside (endocardium). The yellow-painted

structure on the image depicts the pericardial cavity which is filled with a fluid and
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minimizes the effect of contracting motion of the heart to the surrounding organs. The
epicardium includes coronary arteries that supply oxygen to the heart tissue. The my-
ocardium is a thick muscle layer and it is responsible for the contraction motion. Lastly,

the endocardium is the interior layer which holds the valves from the inside of the heart.

MATOCARDILIM
PERICARDILM; (rscle layer)
Seraus

pevicardium
{porietol loper) —;

Spoci —iet i

Seraus
pencardium
[visgnral layer;
epizardivm|

Figure 4: From the outermost to the innermost layers are the pericardium, pericar-
dial cavity, epicardium, myocardium, and endocardium. The image is downloaded from

’scientificinformer.com’ in April 2018.

1.4 Cardiac Imaging Planes and Modalities

For diagnostic cardiac imaging, medical experts benefit from several imaging modali-
ties such as echocardiography, cardiac computed tomography (CT), cardiac magnetic
resonance (MR), and nuclear myocardial perfusion imaging. These modalities use stan-

dardized imaging planes to refer to the orientation of images.

1.4.1 Cardiac Imaging Planes

For imaging the human body, the imaging modalities use standardized orthogonal planes
called transverse, coronal, and sagittal planes. On the other hand, the heart is oriented
obliquely in the thoracic cavity. This complex orientation of the heart necessitates specific
planes for the heart imaging rather than the aforementioned standardized planes. The
special heart imaging planes are called the long-axis (LAX) and short-axis (SAX) planes

which are the lengthwise and widthwise lines from the center of the heart, respectively.
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The SAX is the most commonly used view for the ventricular scar segmentation. The

SAX images of the LV depict a donut-shape and the myocardial scar is visible through

this view from the LGE-MR images. In a multi-slice 2D LGE-MRI, a heart is imaged

using multi-slice (8 - 12 SAX 2D images). Figure 5 shows the body imaging planes.

Figure 6 is a medical image of the heart showing the SAX and LAX views. Figure 7

shows the specific cardiac imaging planes on a model heart.

x
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Figure 5: Standard body imaging planes or so called anatomical planes. The image is

downloaded and modified from ’commons.wikimedia.org’ in April 2018.

1.4.2 Ultrasound (US) or EchoCardiogram

The Ultrasound (US) is a real-time and safe imaging technology, which emits sound

waves to the body and constructs an image of inner organs using the reflecting waves.
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SAX View

Figure 7: Short-axis (SAX) (left), four chamber (middle), and long-axis (LAX) (right)
view of cardiac images. The image is downloaded from ’peninsulaheart.wordpress.com’

in December 2017.

The US is a low-cost, safe, and mobile imaging modality and it can provide real-time and
non-invasive images of the inner body. The US has smaller acquisition times compared
to other modalities like CT and MRI. The US can provide multi-planar images of the
body. Furthermore, advancements in software for processing received US waves enable
US to provide 3D images of inner organs similar to the CT images. However, the US

is low resolution and the acquisition and positioning of the US probe require expertise.
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Figure 8: An echocardiogram of the heart. Four chamber view. Two ventricles and two

atria are seen. The image is downloaded from ’echocardiographer.org’ in December 2017.

Furthermore, a Doppler US can image the blood flow in the heart and in great vessels,
and it is the gold standard for imaging valvular abnormalities.

Echocardiography is an alternative name for a cardiac US exam. It is useful to view
the size and shape of several cardiac structures such as the heart muscle, heart chambers,
valves, pericardium and great vessels. An echocardiogram can provide real-time images
of the heart while the heart is constantly beating. Moreover, a 2D echocardiogram and
the M-mode US can view the wall-thinning and systolic and diastolic functions of the
heart.

Echocardiography can be used to analyze the myocardial scar [18|. Clinicians visually
interpret the occurrence of the scar tissue from electrocardiogram images. Echocardio-
gram can assess the LV function [19, 20|, LVEF [21], LV size and volume [22], and LV
geometry [23]|. Using these measures obtained by a US exam, a clinician can assess the
myocardial viability and measure the extent of LV remodeling [24, 25|. There are several

studies used to classify the scar using US images [26]. The Figure 8 shows a US image of
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the heart. On the image, the right atria (RA), right ventricle (RV), left ventricle (LV),
left atrium (LA), mitral valve (MV), and tricuspid valve (TV) can be observed. The
LV, LA, RV, and RA are the four chambers of the heart. The TV and MV allow for

unidirectional and controlled blood flow from atria to ventricles.

1.4.3 Computed Tomography (CT)

Computed tomography (CT) is a diagnostic imaging that is capable of creating high-
resolution images of bones, internal organs, soft tissue and blood vessels. The CT uses
radiation to produce the images of the inner organs. As CT technology is becoming
cheaper, it is becoming a preferred tool for cardiac imaging. A cardiac CT computa-
tionally reconstructs cross-sectional 2D X-ray images of the heart. By using a contrast
agent, a cardiac CT can image the details of arteries and veins of the heart. Cardiac CT
is the gold standard modality to detect coronary artery stenosis. Clogged arteries are

seen excellent on a cardiac CT [27].

Figure 9: The four chamber view of the heart imaged using a cardiac CT. The image is

downloaded from ’'radiologyassistant.nl’ in December 2017.

Few studies showed that cardiac CT can be used to detect the scar size and its extent.
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Delayed enhanced CT is able to enhance the scar region at the cost of additional radiation
exposure and injection of a contrast agent [28, 29]. A CT image of a four-chamber view

of the heart can be seen in Figure 9.

1.4.4 Nuclear Myocardial Perfusion Imaging or PET

Nuclear PET imaging uses heavy radioisotope elements for imaging the body. It is called
functional imaging, which is capable of imaging the metabolism of soft tissues and organs

such as brain functions and the growing cancer tissues.

Stress

Relax

Figure 10: Nuclear Perfusion Image of a heart during stress (first row) and relax (second

row) states. The image is downloaded from ’cedars-sinai.edu’ in April 2018.

The PET myocardial perfusion Imaging (MPI) is an imaging technology to view the
blood flow in the myocardium. Coronary artery disease can be diagnosed using a PET
MPI. However, this imaging technology lacks detailed information on scar size, shape and
exact location and it has a very low resolution compared to other modalities. For cardiac
imaging, in particular, the heart is imaged at rest and under stress and in the case of

a discrepancy between two acquisitions, perfusion imaging can diagnose the scarring of

the heart.
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Figure 11: Short-axis view of left-ventricular using an MRA image (left) and an LGE-MR

image (right).

1.4.5 Magnetic Resonance Imaging (MRI)

Magnetic resonance imaging (MRI) is a non-invasive imaging technique which can provide
high-resolution and multi-dimensional images/videos of the whole body. An MRI uses
high magnetic field and radio waves for imaging the inner organs non-invasively. The
MRI provides high contrast and resolution of soft tissues, and it is useful for imaging
both cardiac anatomy and function. The MRI provides better soft tissue contrast than
a CT image; furthermore, it uses no ionizing radiation. However, the disadvantage of
the MRI is its high cost. There are many different MR modalities such as CINE-MRI,
T1-weighted MRI, MRA, and LGE-MRI which can be used to image the heart. These
modalities can also be combined with others after the image acquisition. In Figure 12 a
hybrid PET and MR images can be seen to highlight the scar tissue using a PET image

on the MRA image to provide the anatomy of the myocardium.
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Cinematic (CINE) MRI

Cinematic (CINE) MR images are short videos of heart motions during cardiac cy-
cles which are acquired in accordance with the electrocardiography (ECG) signals. The
CINE-MR images use ECG signals to create frame-by-frame images of the cardiac cy-
cle from the systolic phase to the diastolic phase. The CINE-MR images are generally
implemented to evaluate the cardiac function. Parameters such as LVEF, stroke volume
(SV), left ventricular end systolic and end diastolic volume (LVESV and LVEDV) among
others are evaluated using CINE-MRI. It is not very common to use CINE-MRI for scar

quantification since the scarred and the normal tissue appears similar in image contrast.

T1 Mapping MRI

A T1l-weighted image demonstrates differences in the T1-relaxation times of tissues,
which is a unique parameter to all tissues in the body. This parameter is based on the
longitudinal relaxation time of a tissue’s magnetization vector after excitation by a radio
frequency (RF) pulse. As different tissues take different amounts of time to relax back
to equilibrium after RF excitation, the longitudinal relaxation time of a tissue is what
determines its contrast on a T1-weighted image. In cardiac MR imaging, T1-weighted
images are acquired using a gradient echo (GRE) pulse sequences pre- and post- contrast
using intravenous (IV) gadolinium injection. The gadolinium will go through the circu-
latory system and eventually infiltrate the myocardium. Diseased myocardium typically
produces an increased uptake of contrast, which helps to differentiate the scar tissue from

healthy tissue.

Magnetic Resonance Angiography (MRA)

Magnetic resonance angiography (MRA) is a contrast-enhanced MR imaging technique

for visualizing the anatomy of the vessels and the muscles of the heart. For imaging

18



the blood pool anatomy, a gadolinium-based contrast agent can be utilized. Once the
contrast agent is injected into the IV bloodstream, it travels to the heart through the
blood. Depending on the location of the traveling contrast agent, the MRA allows us
to visualize the blood pool (if gadolinium is in the blood pool) and/or the great vessels
of the heart. Gadolinium enhances wherever it travels in the blood which highlights the
corresponding regions until it vanishes by the time. Once the blood pool is brighter,
the myocardium area appears darker and more distinguishable. The myocardium can be
identified using an MRA image, which can be utilized for segmenting the myocardium

prior to the scar segmentation studies. However, MRA is not useful for scar imaging.

Late Gadolinium-Enhanced (LGE) MRI

For myocardial scar visualization and quantification, late gadolinium-enhanced magnetic
resonance imaging (LGE-MRI) is a well-established tool and the gold standard imag-
ing method. Among the aforementioned cardiac imaging techniques, the LGE-MRI is
capable of capturing the detailed size, location, and extent of the scar. The LGE-MRI
uses a gadolinium-based contrast agent (Gd-DTPA) that is injected into patients’ blood-
stream similar to the MRA imaging. The scar tissue has damaged cell-membranes which
allow the gadolinium inside the intracellular space while the healthy cells with intact
cell membranes do not absorb the gadolinium. 10 to 15 minutes after the injection, the
gadolinium will be fully absorbed by the scarred tissue and an LGE-MR image of the
heart can be acquired, afterward. The gadolinium saturated areas (scarred or fibrosis tis-
sues) appear brighter than the others (healthy myocardium) on LGE-MR images which
allows the distinction of the scar from the healthy myocardium. The Figure 11 highlights
the differences between the MRA and LGE-MR image using one SAX slice of an image.
While MRA highlights the blood pool, LGE-MRI highlights the scar tissue.
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Figure 12: Long-axis view of the heart using hybrid PET /MR imaging which consists of
an LGE-MRI and a PET images of the same patient. The scar tissue is non-viable; there-
fore, there is no activity seen on the PET image on the scarred region while the healthy
myocardium appears bright. The image is downloaded from F. Nensa and T. Schlosser,
University Hospital Essen, Germany and is downloaded from 'auntminnieeurope.com’ in

December 2017.

1.5 Image Segmentation

Image segmentation is one of the main fields of study in medical image computing. It
can be described as partitioning an image into at least two meaningful areas, such as
distinguishing a tumor tissue from the surrounding tissues from an image of the brain;
or separating myocardial scar from the surrounding healthy tissues in a medical im-
age of the heart. Image segmentation can be performed manually by medical experts,
semi-automatically or automatically with the aid of several medical image analysis algo-
rithms using 2D, 3D or 4D images. Cardiac medical image segmentation aims to extract
clinically relevant information from the medical images of the heart for diagnosis and

treatment planning.
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1.5.1 Manual Scar Segmentation using 2D and 3D LGE-MRI

Manual image segmentation is usually performed by an expert radiologist for identifying
and distinguishing an organ or structure of interest in a medical image. Based on their
expertise and experience, radiologists can identify the diseased areas and label the related
image regions by hand, using a mouse or brush tools on a computer, in a computerized
but qualitative manner by eyeballing on the image. The manual image segmentation is
commonly preferred due to the lack of well-established computerized methods.

For the 2D scar segmentation, the myocardium is initially segmented by tracing the
endocardial and epicardial boundaries using multiple slices taken in the SAX view.The
manual segmentation is performed using a commercial or open-source software such as
CVI142, 3D-Slicer, ITK-Snap or several other programs of choice. After identifying the
myocardial region on all consecutive image slices, the scar is then segmented on all slices
within the identified region in the same manner. The present artifacts can be removed
and both myocardium and scar regions care labeled accordingly.

For the 3D LGE-MRI, the manual segmentation is a very tedious task since it re-
quires the segmentation of many image slices. A high-resolution LGE-MR image may
consist of over one hundred slices. Segmenting these slices individually is time-consuming,
subjective, sensitive to human error and not reproducible [30, 31|. Moreover, manual seg-
mentation of scar is subject to high inter and intra-observer variability due to the varying
experience of radiologists to define the boundaries of scar [32]. Due to the aforementioned
disadvantages and challenges of the 3D manual segmentation, semi-automated and au-
tomated scar quantification methods are highly desirable. For a 3D dataset, the man-
ual myocardium segmentation can be performed using a semi-automated segmentation
method [33]. Tt requires relatively fewer user interactions to segment the myocardium.
Afterward, the segmented myocardium can be refined and the errors are corrected by an
expert manually. Then, the scar region is labeled manually using a 3D brush tool. This
brush can trace several slices of a 3D image simultaneously. In the bottom left corner of

the Figure 13, one slice of a masked LGE-MRI can be seen. Instead of segmenting the
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myocardial scar from the full-size LGE-MR images, it is preferable to limit the region-of-
interest to only myocardium area (masking) and segment the scar from only the masked
LGE-MRI. For our study, an expert clinician segmented the scar manually on 34 3D
LGE-MR images. Also, a semi-automated myocardium segmentation is performed and
manual corrections are performed. These myocardium segmentations are used to limit

the volume of interest for the scar segmentation algorithms.

Myocardial Mask Scar Myocardium & Scar

MRA LGE-MRI Masked LGE-MRI

Figure 13: At the top, the manual segmentation of the myocardium (left), manual scar
segmentation (middle) and the scar aligned within the myocardium region. At the bot-
tom, there is MRA (left), LGE-MRI (middle), and the masked LGE-MRI (right). The
masked LGE-MRI is obtained using LGE and the manual myocardium by element-wise

multiplying the LGE-MR images and the binary myocardium segmentations.
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1.6 Evaluation Metrics

To evaluate algorithm-generated results against manual segmentation results, several dif-
ferent measures called accuracy metrics can be employed. For comparison, manual seg-
mentation of scar is identified as a surrogate of ground truth. By having the manual scar
delineations created by an expert for the comparison, several other computerized meth-
ods can be implemented on the same dataset. After saving the resulted segmentations
in binary form, these segmentation results can be compared to the manual segmentation
results using several well-known accuracy metrics such as the Dice Similarity Coefficient
(DSC) [34, 35], scar volume difference, or recall and precision values. One single accuracy
metric is generally not enough to compare all aspects of two algorithms, so an algorithm
is determined as successful if it yields to good results from several metrics, such as a high

DSC accuracy value together with a low volume error [36].

1.6.1 Metrics for Comparing Scar Segmentation Results

Dice Similarity Coefficient (DSC)

Manual Algorithm

Segmentation Segmentation

Figure 14: A visual representation of DSC overlap metric.

The Dice Similarity Coefficient (DSC) [34, 35| is a measure of regional overlap be-
tween two binary segmentations such as algorithm generated results and manual scar
segmentations. The DSC metric yields an accuracy value for the algorithm segmentation

from 0 to 100 in terms of the regional overlap between the algorithm generated scar
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regions and manual segmentations. A DSC value of 100% represents the perfect overlap
between two segmentations; whereas, a DSC value of 0% means that there is no area
of overlap between two segmentations. Figure 14 shows partial overlap between manual

and algorithm segmentations. The DSC overlap metric can be calculated as below;

2184 NS4l
|Syr + Sal

The Sy represents the spatial surface area of the manual segmentation provided by an

DSC (1)

expert, and the S, means the surface area obtained by the algorithm segmentations. The
DSC is calculated as two times the intersection of the scar generated by experts and the
algorithm segmentation. Then this value is divided into the union of both segmentation
results. The intersection or overlap is calculated by summing the pixels/voxels of the
overlapped area. The union is calculated by summing pixels/voxels in both segmentations
individually. In the case of perfect DSC, two segmentations will be identical and overlap

fully which will give % =1

Volume Metrics

Volume metrics are important measures for evaluating the accuracy of a segmentation
since the scar volume has shown to be a predictor of the risk of arrhythmia in patients.
By comparing the scar volumes between the manual segmentations versus the algorithm
produced segmentations, the algorithm segmentation results can be interpreted as over
or under-segmenting the scar. The volume of a scar segmentation can be calculated by
multiplying the volume of one voxel with the number of voxels that are segmented as

scar as follows;

NVoa:els * ‘/voxel (2)

In the equation, Ny e is the number of voxels that are labeled as a scar, and V,ze

is the volume of one single voxel. The volume of one single voxel is calculated as;
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V=d,xd,*d, (3)

where d is the voxel size of either z,y or 2z axis. Since voxel volume sizes are on a
scale of mm, the volume of a voxel is in mm3. The mean absolute volume error and

normalized volume error are two of the many volume metrics that can be computed.

Mean of Absolute Volume Error

It is common to report the mean absolute value of scar volume differences that are
generated from the manual and the algorithm segmentations for measuring the perfor-
mance of an algorithm. For this, first, we calculated the volume differences between
manual and algorithm generated scar segmentations for each patient. Then we took the
absolute value of the volume errors. Finally, we calculate the mean of absolute volume

differences over our patient dataset. The volume error is calculated as;

VE|=V4—Vu (4)

In (4), |V E| is the absolute value of volume error V E, V4 and V), are the scar volumes

generated from the algorithm and manual segmentation results, respectively.

Normalized Scar Volume

The absolute volume error yields a single number for each algorithm. While it is
practical to compare single numbers representing the performance of each compared
algorithms, this approach has some limitations when the scar volume is highly varying
for different patients. Only calculating the mean value of the absolute volume differences
might yield discrepancies when comparing different algorithms. Besides calculating the
mean absolute volume differences of scar segmentations, it is also meaningful to report

the fraction of the scar volume in respect to the volume of the myocardium.
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One commonly used volume metric is the normalized scar volume, which represents
the fraction of the scar and myocardium volumes. The fraction of the scar and the
LV volumes can be calculated as Vi,/Viy. It is interesting to see how much of the
myocardium area is segmented as scar by different methods of scar segmentations. We
can calculate the normalized scar volume for each scar segmentation method including

the manual scar segmentations as follows;

‘/SC(ZT

myo

* 100 (5)

1.6.2 Metrics for Comparing Scar Geometries Obtained using 2D and 3D
LGE-MRI

Shape analysis of a scarred surface can be performed by using several different shape
descriptor metrics. In this thesis, we utilize fractal dimensions, number of connected

components, and mean volume difference as volume and shape descriptor metrics.

Fractal Dimensions

Fractal dimension is a measure of the complexity of an object. An object can be called
a fractal if it presents self-similar components. It is used in mathematics for measuring
the complexity of an object. It is also suggested to use for describing the pathologies of
tumors [37] which may categorize them as malignant or benign based on the complexity
of the shape.

The FD can be measured for both 2D and 3D objects. A 3D object can take a fractal
dimension value between one and three. The more complex is an object, the higher the
fractal dimension is. Figure 15 shows different FD values based on the complexity of an
object. On the image, the FD calculation is shown in 2D, so the FD value is expected
to be between 1 and 2. The D on the image refers to the FD.

The FD can be calculated using a box-counting or cube-counting (voxel counting in
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Figure 15: Fractal dimension of several 2D objects. The FD value is higher and closer
to 2 when the object is more complex. The image is downloaded and modified from

‘charles.vassallo.pagesperso-orange.fr’ website in April 2018.

our case) algorithm. The box-counting algorithm has been utilized on 3D volumetric
medical data for several different applications [38]. Reconstructed scar geometries are
complex structures, so we suggest to use FD calculations for comparing the 3D scar
geometries obtained using 2D and 3D LGE-MRI. The details of the FD metric can be

found in Chapter 4 under 'Metrics Based on Scar Geometry’.

Number of Connected Components

The connected component analysis is a classical image processing algorithm to count
the disconnected regions on a segmented image. The algorithm can count the adjacent
voxels that are combined with each other based on some neighborhood. The smallest
component of a 3D object will be one voxel with 6 faces, 12 edges, and 8 corners. We use
the number of connected components in 3D scar geometries to compare the shape of scar
geometries generated using 2D versus 3D LGE-MRI. The details of the shape metrics

will be explained in Chapter 4 in the comparison study of scar geometries generated from
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2D and 3D LGE-MRI.

1.7 Motivation and Thesis Outline

1.7.1 Motivation for Scar Segmentation using 3D LGE-MRI

The measures of the scar and myocardium volumes such as left ventricular end diastolic
volume (LVEDV), LV end systolic volume (LVESV), LV ejection fraction (LVEF) are
highly frequently associated with the cardiac death [39]. The LVEDV and LVESV are
computed by segmenting the myocardium at the end of the diastolic and systolic cardiac
phases of the heart. The measure of the scar extent or the scar volume is crucial to
quantify because it is used together with the other aforementioned measures for analyzing
the risk stratification for patients with myocardial infarction [39].

Furthermore, the quantitative analysis of myocardial scar has been found to be a
predictor of future cardiovascular events in ischemic cardiomyopathy patients [40]. In
other words, patients who had larger scar volume and larger scar/myocardium percentage
developed further cardiovascular events as compared to other patients [40]. On the
other hand, recent studies have shown potential that patients may greatly benefit from
treatments utilizing non-invasive computational modeling of the scar, which can predict
the risk of arrhythmia in patients [10, 41, 42, 43].

Currently, there are several imaging techniques for capturing the intact scar structure
from the medical images of the heart. The most widely used technique is the two-
dimensional (2D) late-gadolinium enhanced magnetic resonance (LGE-MR) imaging [44,
45]. Using the 2D LGE-MRI, the discrimination between the viable and non-viable
(scar) tissue can be performed by medical experts either manually or by the aid of
computers using intensity threshold-based techniques. Although being the most widely
used method in the clinic, 2D multi-slice imaging has several disadvantages, mainly due
to its anisotropic outer-plane resolution.

However, with the advancement of high-resolution 3D cardiac imaging technology,
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nearly isotropic LGE-MR imaging for viewing the myocardial scar is available. The
3D isotropic MR acquisitions have performed higher diagnostic scores[46, 47| than the
conventional 2D acquisitions due to their high resolution in any given plane. Yet, despite
the advancements in 3D MR imaging technologies, methods to analyze and quantify the
scar tissue on high-resolution 3D LGE-MR images are still lacking. To benefit from the
advantages that 3D imaging can offer for the computational scar for the treatments of
myocardial scar, robust and well-developed scar quantification and modeling algorithms
are promptly needed. In this study, we have developed image processing methods for

segmenting the myocardial scar from 3D LGE-MR images.

1.7.2 Motivation for Comparing Scar Geometries Obtained Using 2D and
3D LGE-MRI

Segmentation of myocardial scar is important for several applications. The degree of
scar transmurality is important to assess for predicting the myocardial restoration after
revascularization. Using the location and extent of myocardial scar, one can predict the
response to cardiac resynchronization therapy (CRT) and implantable cardioverter defib-
rillator (ICD) therapy. The infarct size, shape, and location can guide ablation therapies
to eliminate the ventricular tachycardias (VT). The optimum pacemaker placement is
also possible by assessing the location and extent of the scar. Furthermore, scar modeling
allows creating personalized computational models of the heart. These cardiac models
then can be used to guide arrhythmia management therapies such as CRT.

Accurate reconstruction of myocardial scar geometry is important for creating the
computational modeling of the heart to predict the risk of arrhythmia and the locations
of re-entrant circuits in patients’ hearts [48, 49|. Furthermore, for applications requiring
intact myocardial scar geometry, reconstruction of myocardial scar geometry is important
[43, 41, 48, 50]. Currently, multi-slice 2D LGE-MRI is the clinical standard for quanti-
fying myocardial scar, which acquires transverse slices with anisotropic dimensions [51].

However, reconstructing a 3D model of the scar from 2D LGE-MR images is problem-
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atic due to these anisotropic pixel dimensions in 2D LGE-MR images. Creating a scar
geometry from these 2D multi-slice images may result in reconstruction errors due to
the partial volume effect of 2D images. However, through the advancements in MRI
technology, we can now acquire 3D LGE-MR images to compute a high-resolution and
isotropic representation of myocardial scar. The 3D LGE-MRI is suitable for applications
requiring reconstructing the intact scar geometry, as it is isotropic in voxel dimensions

and have a higher resolution [52].

1.8 Thesis Outline

The first chapter of this thesis contains the introduction and background information of
my research work. Chapter 2 provides the literature review for existing segmentation
methods used in medical image segmentation with a specific focus on methods developed
for left ventricular scar segmentation. The developed methods are placed in Chapter
3 which describes a scar segmentation method based on a continuous max flow (CMF)
method. Chapter 4 describes our analysis of comparing scar geometries determined by
2D and 3D LGE-MRI. Results of our proposed methods can be seen after each method
chapter, Chapter 3 and 4. Finally, Chapter 5 includes the summary, conclusion, discus-

sion and future directions of the thesis work.
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Literature Review

A considerable amount of research has been devoted to quantitatively analyze the my-
ocardial scar from medical images of the heart. This review of the literature will be focus-
ing on the comparison of two-dimensional (2D) versus three-dimensional (3D) imaging
and the segmentation aspects of the myocardial scar. We categorize the scar segmen-
tation studies according to two separate classes. First, scar segmentation methods are
categorized as being 2D versus 3D. Second, these studies are separated between basic
methods (e.g. intensity thresholding) versus more advanced methods. Some of the ad-
vanced methods include clustering methods, functional optimization methods, and deep
learning methods. Finally, we employ a summary table to highlight the main features of

several scar segmentation studies.
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2.1 Scar Segmentation using 2D Late Gadolinium Enhanced-

Magnetic Resonance Imaging (2D LGE-MRI)

In terms of image acquisitions, the previous scar segmentation studies can be divided
into two groups: studies using multi-slice 2D LGE-MRI and studies using 3D whole-heart
LGE-MRI. The 2D multi-slice LGE-MRI is used as a gold-standard tool for analyzing
the myocardial scar since the beginning of myocardial viability assessment studies [11].
Although being the most commonly-used technique, the 2D LGE-MRI has the disad-
vantage of being highly anisotropic in the out-of-plane resolution. While their resolution
in short-axis (SAX) view is 1-2 mm, the resolution of 2D LGE-MRI in long-axis (LAX)
view is highly anisotropic (around 8 mm). The 2D LGE-MR images with anisotropic
pixel dimensions represent the heart as 8 to 12 consecutive 2D images taken 10 mm apart
and the images are stacked on top of each other [53|. This gap between each image slice
stacks leads to the loss of information in the corresponding areas of the myocardium.
Due to the anisotropic pixel dimensions of the 2D images, the SAX images are processed
in a slice by slice basis along the LAX axis. The segmentation results are approximated
to obtain the 3D scar volume or the volume of the heart. Slice by slice analysis of 2D
LGE-MRI is sometimes insufficient when representing a complex 3D object, like the hu-
man heart. The 2D anisotropic images carry the partial volume errors, which may lead
to overestimation or underestimation of the myocardial scar volume when a 3D volume
is reconstructed.

Another trend in 2D scar segmentation is to utilize the pre-segmented myocardium
as the region of interest before computing scar segmentation. This is because the scar
tissue is present only within the borders of the myocardium. For these studies, the
myocardial segmentation is either obtained manually [54, 55|, semi-automatically [56, 57,
or automatically [58]. In addition, some researchers obtain myocardial segmentations
from other spatially registered images, such as cine-MRI [59, 60, 32].

After obtaining the myocardial segmentations either manually or semi-automatically,
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the scar then can be segmented slice by slice in a 2D manner using different image
processing methods. These methods are usually intensity threshold methods, or more
advanced methods as will be explain in this chapter. Basic threshold methods include
the full-width at half-maximum (FWHM) [54, 61, 51|, signal-threshold to reference-
mean (STRM) [61, 59, 54], and region growing [32]. On the other hand, the advanced
techniques include support vector machines (SVM) [62, 60], clustering [63], watershed
segmentation [56], and machine learning methods [58].

After segmenting the scar from multi-slice 2D LGE-MRI, then the scar segmentation
results are usually compared to some expert manual segmentation results in a slice-
by-slice manner. The comparison against the manual scar segmentations in regards to
the overlap of the scar regions, scar volume and mass can be calculated for algorithm
segmentation results. This comparison is generally made in a slice-by-slice basis and the
average number of the slice-wise results is reported. To validate the algorithms, results
are also compared to some conventional segmentation methods such as the FHMM and,

the STRM.

2.2 Advantages of 3D LGE-MRI

The 3D LGE-MRI has established itself as an alternative to 2D LGE-MRI |53, 64, 65].
The resolution of 3D LGE-MR images is close to being isotropic in any given plane
meaning; close to or less than 1 mm, i.e. 1x 1x 1 mm?3. Recently, the 3D LGE-MR images
have been utilized for myocardial scar segmentation by several researchers|52, 66, 67].
These 3D LGE-MRI acquisitions are reported as superior to 2D multi-slice LGE-MRI in
terms of being able to better distinguish the scar lesions [46, 68|, having better signal
intensity [68] and image contrast [46], superior image quality [69], higher diagnostic
quality scores [46, 47, 68, 69], and shorter image acquisition times [53, 64, 65]. The 3D
LGE-MRI is also reported to capture finer details and small structures on an image,
such as myocardial scar [8, 52, 70|. The high resolution 3D LGE-MRI can produce more

reliable scar segmentation results |71].

33



Besides their high resolution, another advantage of the 3D Whole Heart LGE-MR
images is that they can be acquired while a patient is freely-breathing [66, 72, 73, 73, 74]
or in a single breath-hold |75, 76]. On the other hand, the multi-slice imaging has to be
acquired during several breath-holds |77, 53]. Each breath-hold requires approximately
15 seconds [78]. Therefore, the procedure of 2D conventional LGE-MR image acquisi-
tion is uncomfortable for cardiac patients who have difficulty holding their breath [53].
Furthermore, with the advancements in image acquisition times, 3D free-breathing LGE-
MRI requires shorter image acquisition times, which makes them more preferable than
the 2D acquisitions [53, 64, 65, 71].

As a result, the advancements in the high-resolution 3D whole heart image acquisi-
tions have increased the interest in image-guided therapies. Several researchers suggest
the use of 3D LGE-MRI for scar visualization due to its high resolution [79, 80, 81].
Specifically, there are studies utilizing 3D scar models in cardiac electrophysiology stud-
ies. Moreover, the 3D LGE-MRI has been found useful in recent interventional studies
such as in the ventricular tachycardia ablation [79, 80| as well as in the planning and
implementation of cardiac resynchronization therapies [79, 80].

Utilizing myocardium segmentation as a region of interest is also a common practice
in scar segmentation studies from 3D LGE-MRI. Several studies either used manually
segmented myocardium or semi-automatically segmented the myocardium prior to the
scar segmentation. Rajchl et. al. [82] utilized a semi-automated segmentation interface
which segmented the scar directly from the 3D LGE-MR images while semi-automatically
segmenting the myocardium, blood pool, and background along with the scar region.

Myocardium region is then corrected manually by an expert.

2.3 Studies in Scar Segmentation for Comparing 2D and 3D
LGE-MRI

Several previous studies compared scar segmentation methods as being 2D versus 3D

LGE-MRI. Studies mainly compared the scar volume, scar mass and several other mea-
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sures such as signal-to-noise-ratio (SNR), or left ventricular ejection fraction (LVEF)
between the 2D and the 3D LGE-MRI. Goetti et. al. [53] assessed sixty 2D and 3D
LGE-MR images for segmenting the myocardial scar in terms of produced scar volumes.
The author reported that the 2D and 3D LGE-MRI can be used interchangeably with no
significant difference in scar volumes. In addition, the author compared the acquisition
times and reported that the single-breath-hold 3D LGE-MR images required significantly
shorter acquisition times than the conventional 2D LGE-MRI while providing superior
imaging of scar. Pierce et. al. [83] compared the blood SNR, image quality, and arti-
facts from 2D and 3D LGE-MRI and reported no significant difference in aforementioned
measures between 2D and 3D LGE-MRI. Rajchl et. al. [71] compared several scar seg-
mentation methods using 2D and 3D LGE-MR images of thirty-five patients. The author
compared an optimization based segmentation method [82] and several threshold-based

methods implemented in both 2D and 3D LGE-MRI.

2.4 Conventional Methods in Scar Segmentation

The majority of the studies in myocardial scar segmentation are fixed threshold methods
using 2D multi-slice LGE-MRI. Although there are several known advantages of 3D LGE-
MR imaging over 2D LGE-MRI, relevant computerized quantification and segmentation
methods are lacking and need further exploration [71|. Current basic image segmentation
methods are not successful in segmenting the myocardial scar on the 3D LGE-MRI due
to the complexity of medical LGE-MR images [82, 36].

Applications of scar imaging require a 3D model of the heart and the myocardial scar.
Some of these applications are the electrophysiological mapping study, and guidance of
the ablation procedure of ventricular tachycardias (VT) [79, 13]. However, reconstruction
of 3D scar structure from conventional 2D MRI may lead to errors due to the anisotropic
dimensions of 2D images [52|. The 3D LGE-MRI is an appealing method when it comes
to providing superior inner and out-of-plane resolution, which enables superior recon-

struction of scar geometries than 2D LGE-MRI. Despite these advantages, little research
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has been conducted on 3D myocardial scar segmentation. This thesis represents a con-
tribution towards a better 3D left ventricle (LV) scar segmentation using 3D LGE-MR

images.

2.4.1 Intensity Threshold Methods

Intensity Threshold (th) methods are the most widely used techniques in scar segmen-
tation. These threshold methods include, but are not limited to, the FWHM [51, 54],
STRM [61, 59], and manually set threshold methods [51, 54]. Other threshold-based
methods include Otsu’s method [84], region growing [32], region split and merge|[85], and
watershed methods [56].

These th methods are commonly preferred since they are easy to implement, fast, and
computationally cheap. However, there are several disadvantages and challenges to using
these methods. The main disadvantage is that they solely rely on the signal intensity
of images. Therefore, the th method is only effective when the intensities of the target
object (scar) and the background are well-separated. Furthermore, they ignore the spatial
information and they cannot utilize the shape, geometry, or anatomical information of
scar to obtain the desired segmentation.

Another disadvantage of the th methods is the challenge of choosing an optimal th
value. The th value separates the normal myocardium from the scar intensities from
within an LGE-MRI. Inconsistent image contrasts over patients hinder choosing an op-
timal intensity th. The th methods often use a heuristic approach to set the th value
for varying image contrasts among patient groups. The FWHM method [54, 61, 51| uses
half of the maximum value of all the pixels within myocardium. The STRM method
sets the th value to several standard deviations (SD) from the mean intensity of a region
in the remote myocardium [61, 59, 54|. Broadly used STRM methods are STRM 2-SD,
3-SD, 5-SD, and 6-SD. For example, STRM 2-SD method sets the th value as the mean

signal intensity plus 2 standard deviations, as defined in (6).
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th = u(ly,) +2%0(ly) (6)

In (7), g(z,y) represent the label for the pixel value in location (x,y) on an image I.
Threshold methods assign a pixel to 1 if the intensity value is equal or higher to the th

value, and assign 0 to the pixel otherwise.

o(z.y) = 1 forl(z,y)>th "
0 forl(z,y) <th

I, is the myocardium area within an image I, p and o are the mean and the standard
deviation of the signal intensity of the myocardium area, respectively. Otsu’s thresholding
method decides on the th value automatically by calculating the minimum variance from
above and below the threshold. Region growing is a variation of the th methods which
starts with placing the manual seed points on the image. Region growing iteratively
decides on whether to include neighboring pixels in the segmented region. Location for
the initial seed point placement and the growing criteria of the region can be based on
pixel intensity, texture, and color. Watershed segmentation is another heuristic image
segmentation method. It treats a grayscale image as a topographic map. Brightest
points represent the highest point on the map. The image segmentation boundaries are
the separation lines along the ridges.

These heuristic and threshold-based approaches tend to either over- or under-segment
the scar tissue. As a result, they lead to highly varying results than manual expert
segmentations [36, 71]. The th methods are not suitable for cardiac imaging modalities,
such as the US and the MRI, due to several image artifacts and variations in complex
body structures. One example of variations is that the th methods cannot handle the
false-positive scar structures on an LGE-MRI, such as the pericardial cavity or the mitral
valve [36]. These structures contain liquid or fibrosis tissue, which absorb the gadolinium-
based dye like a scar tissue does by nature. These well-known structures are recognized

by experts by their anatomical location and are excluded from the scar region. However,

37



threshold methods blindly consider the brightest parts of images as a scar, so they fail
in excluding these variations from the segmentation. The occurrence of these two cases
can be seen in Figure 16. The figure on the left shows the pericardial cavity which is
a thin layer outside of the myocardium filled with a fluid structure. The figure on the
right shows the mitral valve which lets blood flow from one chamber to the other. Mitral
valve appears bright on an LGE-MR image due to its fibrosis tissue content. Therefore,
th methods fail to determine the false-positive structures as part of the background due
to the high intensity of these regions on the LGE-MR images. To incorporate the shape
and location of false-positive structures, more advanced methods needed to be used. The
CMF method may distinguish these structures if texture or shape based features can be

incorporated into the energy function of the method.

Pericardial Cavity Mitral Valve

Figure 16: Two commonly seen pseudo scar structures. A pericardial cavity (left), and

a mitral valve (right).

Several different results of th methods are reported in the literature by different re-
searchers. Rajchl et. al. [71] reported 58% and 68% average DSC accuracy for FWHM
and STRM-6SD methods over 35 LGE-MR images, respectively. The STRM 6-SD out-
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performed other 2-SD, 3-SD, and 5-SD methods in terms of Dice similarity coefficient
(DSC) accuracy. Other researchers reported that the 3-SD outperformed the other 2-SD,
5-SD and 6-SD methods in DSC accuracy and volume errors. These varying results show
that the th methods are not robust in scar segmentation. For watershed segmentation,
Grau et. al. [86] reported some drawbacks such as over-segmentation of the scar and

sensitivity to noise on the medical images.

2.4.2 Clustering Methods

Feature clustering methods cluster pixels/voxels into groups depending on similarities in
intensity, color, texture, location or some combination of these features. These techniques
use some distance metrics to decide on the similarity criteria. Some feature clustering
methods can be listed as support vector machines (SVM) (62, 60|, fuzzy C-mean cluster-
ing (FCM)[63, 87, 88|, improved fuzzy means clustering [89], mean-shift algorithm, and
k-means clustering [90, 91].

Although clustering methods are able to utilize information beyond the image inten-
sity, they cannot use smoothness constraints, anatomical and spatial information in the
segmentation evolution. Therefore, they are sensitive to image noise, as in the case of
the th methods. The biggest drawback of clustering methods is that the results of the
algorithm are sensitive to the starting point of segmentation. Depending on different
starting points, the algorithm can fall into local minima.

Several researchers reported image segmentation results using different clustering
techniques on different natural and medical images. Detsky et. al.[92] segmented the
scar core, gray zone, and border zone on fifteen delayed enhanced (DE-MR) images using
a fuzzy clustering algorithm. The fuzzy clustering algorithm determined the probability
of each voxel belonging to either if three clusters based on a distance metric. The voxels
having probabilities greater than 75% were assigned to the scar core. The author com-

pared the scar segmentation results using DE-MRI and conventional inversion-recovery

gradient echo (IR-GRE). The DE-MRI yielded favorable results in terms of ability to
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distinguish scar core, gray zone, and border zone areas.

2.4.3 Functional Optimization Methods

Functional optimization methods formulate a segmentation problem as an optimization
problem. Typically an energy function is employed to represent a contour and this
function is minimized to achieve optimal results for a segmentation problem. The main
advantage of functional optimization methods over the aforementioned th and clustering
methods is that the optimization methods are able to incorporate high-level information,
such as shape, smoothness, and location into the desired segmentation. Some of the
optimization methods are snakes [93], level sets [94], graph cuts [95], continuous max-
flow [96, 4] methods and their variations. Optimization-based methods give acceptable
results for several segmentation problems. Brief descriptions of these various optimization

based methods are provided below.

Deformable Snakes

Snakes or Active Contours method [93] is able to provide closed and smooth con-
tours or surfaces of objects [97]. They use a set of points to represent a contour in a
parameterized manner. The idea is to start with an initial curve and allow the points
on the curve to evolve iteratively to minimize an objective function. Then, iteratively
modify the curve by shrinking and expanding it according to an energy function. One
of the disadvantages of snakes is their dependency on local optimization. Therefore, the
initial contour should be close enough to the desired contour to achieve good results.
Furthermore, it is difficult to change the initially defined contour topology. The Snakes
method has been used for several medical image segmentation problems such as brain
lesion segmentation or myocardium segmentation. In Equation 8, E,; is the energy term
for the object to be segmented. E;,; and. E.,; are the internal and external energy terms,

which correspond to the smoothness and data terms, respectively.
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Eobj = Fint + Few (8)

Studies used some variations of the snakes method [97, 98| or they commonly combined
the snakes method with other methods to be able to segment the complicated medical
images. These hybrid methods can be seen in several studies [99, 100]. An interesting
recent application of snakes method is to segment the skin cancer [100] on medical images.
The snakes method is used to extract the edges of the cancer lesions, and an SVM method
is used to make predictions about the type of cancer according to this shape. The author
reported that the edges of the skin lesions extracted using the snakes method are ’close’
to the edges that experts detected. Another author, Itai et. al. [101] segmented lung
volumes as well as the abnormal areas in the lung tissues using snakes method on nine
CT images as well. The author reported 0.81 true positive fraction and 0.2 false positive

fraction in segmenting the abnormal regions.

Level Sets

Level sets is a frequently used optimization-based segmentation method, which is pro-
posed by Osher et. al. [94]. Level sets method represents a contour implicitly by defining
a level set function at the zero level set of a higher dimensional surface. The dimension-
ality of a level set function is one level higher than the object dimension to be segmented.
The contour is iteratively evolved by optimizing an energy function. Let us take an im-
age I, in a domain as Q C R3. The  C € is one point in an image corresponding to
a single spatial variable. Level set function can be defined as ®(x) : J[omega — R. The
zero level set of this function defines the boundary as follows: ®(x) = 0. Segmentation
is performed by implicitly evolving the level set function ®(x) instead of evolving the

boundary function itself. The evolution of the level set is defined as follows:

0P(x)
ot

+ Fly(@)| =0 (9)
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Here, F' represents the speed function. Level sets can modify the initial contour more
conveniently than the Snakes method. They take into consideration the region based
statistics for the segmentation. However, the major shortcoming of level sets is the
computational cost. Several researchers reported scar segmentation results using level
sets. Karim et. al. [36] reported 48%, 68%, and 89% mean DSC accuracy values for
segmenting the scar using Level sets method using thirty poor, medium, and good quality
LGE-MR images, respectively. Lara et. al. [102] also segmented the myocardial scar on
thirty DE-MR images and reported around DSC of 60% accuracy. However, the author
reported that the interobserver variability was high for manual scar segmentations for

creating a ground truth segmentation for comparisons.

Graph Cuts

The graph cuts is another commonly used optimization-based segmentation method.
The graph cuts method [95] constructs a graph whose vertices are the pixels/voxels and
edges are the pixel boundaries of an n-dimensional image to be segmented. By attaching
every pixel of an image to two terminals, named as the source and the sink, the object
and the background pixels are separated. The separation is performed by finding the
minimum cut (min-cut) that in the means of maximum flow from the source to the sink.
The min-cut is the minimum cost of separating an object from a background. A model
of the graph cuts technique can be seen in Figure 17, where S is the source node, and T’
is the sink node. A minimum cut to separate the image into two regions is highlighted
in yellow. Green nodes are attached to the source and pink nodes are attached to the
sink to separate the object and the background pixels.

Karim et. al. [103]| reported a DSC of 93% and 87% accuracy on scar volume over
ten human and ten animal dataset using graph cuts method. Lu et. al. [104] presented a
semi-automated scar segmentation algorithm using graph cuts. He reported an agreement
between his proposed method and the FWHM method over ten patients’ image data.

Both studies used a limited number of data which may have lead to inconclusive results.
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Further, both researchers utilized FWHM segmentation as the ground truth which may

not be a good replacement for expert manual segmentations for comparison purposes.

Min-cut

Terminal
T /

Figure 17: A 2D graph-cut representation.

Continuous Max-Flow (CMF)

Image processing applications can be modeled as energy minimization and solved by us-
ing min-cut and max-flow method [105]. Continuous max-flow method (CMF) method
represents a scar segmentation problem as an optimization problem by iteratively evolv-
ing the surface of scar based on an energy function. A graph is constructed based on an
image and a global minimum cut over the graph is searched using a classical min-cut and
max-flow theorem. In the cost function of the CMF method, one can use image intensity,
gradient, shape, and several other information.

The CMF method has the advantage of both level sets and graph cuts methods. In
3D and higher dimensions, CMF based segmentation methods outperformed the graph
cuts methods in speed [106]. Moreover, a fast and global optimization method by Yuan
et al. [4] has been proposed for the CMF method for quicker convergence. Previously
Ukwatta et. al. [50] segmented myocardial scar from 2D LGE-MR images and reported
around a DSC of 75% accuracy over 47 patients. In this thesis, we utilize the CMF
method to segment the scar in 3D LGE-MRI. Therefore, the details of the CMF method

will be explained further in the methods chapter (Chapter 3).
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Hierarchical Max-Flow (HMF)

The Hierarchical Max-Flow (HMF) method is developed by Rajchl et al. [82]. It is an
extension and a variation of the CMF [4] segmentation method developed by applying
the CMF method to a multi-region cardiac segmentation problem. The HMF method
segments the myocardial scar in a hierarchical manner by first separating all image
pixels as cardiac and background regions. Then, it divides the cardiac region into three
segments: scar, myocardium, and blood pool.

Using the HMF method, the author segmented the myocardial scar from 3D LGE-MR
images in an interactive manner. The strength of the HMF is that it enforces ordered
labels of different regions in the max-flow formulation. Therefore, it does not rely on
incorporating the myocardial boundaries prior to the scar segmentation. Although the
HMF method is independent of incorporating the myocardial segmentations into the scar
segmentations, it requires progressive user interaction to achieve competitive results.
The HMF algorithm yielded a DSC of 77% accuracy in around 6.5 minutes after five
consecutive corrections by an experienced expert during the segmentation. However,
with one single user interaction, the HMF method yielded a DSC of 54%. After five
interaction, the HMF reported high DSC accuracy results (a DSC of 76

2.4.4 Deep Learning Methods

Deep Learning methods are applied to many medical imaging problems. There are
hundreds of papers published in medical image computing using deep learning methods
between 2016 and 2018 [107|. The motivation behind this trend is that in medical image
analysis, finding the relevant features from the data and learning from them is crucial for
achieving the desired segmentation results. Finding the right features that can distinguish
the scar from the surrounding tissues is crucial for accurate image segmentation. Deep
learning methods are not only capable of incorporating high-level information to the
segmentation, they are also able to detect the features which are not intuitive to the

human eye. Xu et. al. [58] segmented the myocardial scar from 2D multi-slice images
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on a pixel level using deep learning methods and reported 94.35% classification accuracy
over 114 patients. This method is an automated and an end-to-end quantification method
for scar segmentation using 2D MRI. However, a deep learning method to analyze the

myocardial scar from 3D LGE-MRI is still missing.

Convolutional Neural Networks (CNN)

One of the most commonly used deep learning approaches is Convolutional Neural
Networks (CNN). Recently, CNN has become a preferred method by many researchers
in medical image segmentation applications. While dealing with the medical images, the
structural and spatial information is crucial to the segmentation. Regular deep learning
models only allow for vectorized inputs to the network. However, this approach destroys
the structural information on the neighboring pixels on the image data. The CNN is
designed to incorporate the spatial information to the deep learning by allowing inputs
as 2D or 3D images or patches to the network. A CNN is constructed by adding several
convolutional layers, an activation layer, followed by a max pooling layer and a fully-
connected layer at the end of the regular deep learning model topologies. A pooling
layer is suggested to be placed right after a convolutional layer or a stack of many
convolutional layers. The job of a pooling layer is to down-sample the feature maps of
a previous convolutional layer. The convolutional layer is responsible for detecting local
features on an image. This makes CNN extremely powerful and the preferred method
for solving many image processing problems. Additional layers can be used in CNN for
different purposes. To reduce overfitting, a dropout layer can be added, which randomly
drops learned weights on a network at each training phase. The dropout layers prevent
over-fitting and make the deep learning models perform well on both the training and

the test datasets [108].
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2.5 Summary

In the review of the literature, we have focused on the comparison of scar segmentation
studies performed using 2D versus 3D LGE-MRI. Rather than comparing the segmen-
tation accuracy, our purpose is to highlight the number of studies that use 2D versus
3D LGE-MR images. We also noted the amount of image dataset used to validate
each algorithm. Furthermore, we listed the commonly used scar segmentation methods
and provided insights on their performance in scar segmentation. We gave examples of
studies using threshold methods, optimization based methods, clustering, and machine
learning methods in scar segmentation. We reported results on several other medical
image segmentation applications when no scar segmentation has been found using the
aforementioned methods in the literature. We summarized some of the scar segmentation
results in the summary table, Table 2. The publications are listed in their chronological
order. In the table, we provide the author name and year as well as the citation to
the related publication. The 'Dataset’ column includes information related to the image
dataset such as the number of patient data, the dimensionality of the data, resolution
information, and the type of the images. Note that some researchers used the DE-
MRI notion instead of LGE-MRI. DE-MR imaging technique utilizes a contrast agent to
hyper-enhance the scar tissue and can be considered as the same as the LGE-MRI. In the
table, we also highlighted the advantage and disadvantages of the presented methods.

By reviewing the literature, we observed that the dominant trend in scar segmentation
is to utilize 2D LGE-MRI while the 3D LGE-MRI has superior imaging features such as
higher inner and out-of-plane resolution and better contrast when compared to the 2D
LGE-MRI. Although there are several attempts have been found to use 3D LGE-MRI
for scar segmentation, there is still potential and need for exploring further methods in
scar segmentation from 3D LGE-MR images.

After the review of the relevant literature, we have also encountered a gap in regards

to comparing the reconstructed geometries of scar using 2D and 3D LGE-MRI. While
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several studies analyzed the performance of the 2D versus 3D LGE-MRI in scar mass,

scar volume, SNR, and some other measures, the reconstructed scar geometry and shape

analysis remained unexplored.

Summary Table

Table 2: Summary table for scar segmentation methods.

Table 2 continued from previous page

Author, Year Dataset Accuracy Method Pros Cons
Zabihollahy et. | 12 3D LGE- | 95% DSC CNN Scar segmentation us- | Small Training and
al. 2018 [109] MRI 1.3 x 1.3 ing 3D LGE-MRI re- | Test Dataset, Man-

x 1.3 mm3 ported excellent accu- | ual segmentation of

racy myocardium required.

Xu et. al. 2017 | 114 2D LGE- | 95% DSC CNN, LSTM Excellent accuracy and | Used 2D LGE-MR im-
[58] MRI 8 mm end-to-end automated | age dataset.

spacing scar segmentation in

the pixel level.

Ukwatta et. al. | 61 2D LGE- | 76.67% Continuous No user interaction, re- | Myocardium segmen-
2016 [49] MRI1.5x24x | CMF2D, Max-Flow construction of 2D scar | tation needed.

8 mm3 73.2% CMF3D into 3D.

DSC

Lara et. al. | 15 human, 15 | 73% (human), | Otsu, SVM, | Level set incorporated | Increasing run time
2016 [36] porcine 2D | 86% (porcine) | Level sets shape constraints to | with post-processing.

LGE-MRI 1.8 | Median DSC the segmentation.

x 1.8 x 8 mm?
Karimaghaloo 15 human, 15 | 85% (human), | Conditional Good accuracy in both | Small neighborhood
et. al. 2016 | porcine 2D | 73% (porcine) | Random Fields | human and porcine | used for calculating
[36] LGE-MRI 1.8 | Median DSC datasets. scar statistics.

x 1.8 x 8 mm?>
Alba et. al. | 15 human, 15 | 70% (human), | Region grow- | Deletion of false- | Initialization required
2016 [36] porcine 2D | 73% (porcine) | ing, image | positive scar. for each slice to be seg-

LGE-MRI 1.8 | Median DSC morphology mented.

x 1.8 x 8 mm?>
Rajchl et. al. | 35 LV, 15 | 76.0% (LV), | Hierarchical Myocardium is | With single interac-
2014 [82] RV 3D LGE- | 71% (RV) scar | Max-Flow segmented semi- | tion, yielded a DSC of

MRI 1.3 x 1.3 automatically. ~55%.

x 1.3 mm?
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Table 2: Summary table for scar segmentation methods.

Table 2 continued from previous page

Author, Year Dataset Accuracy Method Pros Cons
Karim et. al. | 15 2D LGE- | >80% median | Graph Cuts | Consensus ground | Lower performance
2014[110] MRI 0.6 x 0.6 x | DSC Left | and EM algo- | truth, automated | when wusing smaller
4 mm3 Atrial scar rithm myocardium segmen- | training data.
tation.

Neizel et. al. | 20 3D DE- | 0.94 correlation | Automated Automated segmenta- | No comparison made
2012 [55] MRI with ~ manual | Threshold tion of the heart and | with other methods.

scar volume method vessels.

Detsky et. al. | 15 2D DE-MRI | Agreement Fuzzy Cluster- | Infarct core and gray | No expert manual
2009 [92] 8 mm spacing with FWHM: | ing zone analysis. segmentation used for
scar core r = comparison.
0.53, gray zone
r = 0.89
Hennemuth et. | 21 2D LGE- | 0.95 correlation | EM Fitting Image slices misalign- | Lack of different com-

al. 2008[56]

MRI1.7x1.7x

10 mm?3

with manual

scar volume

ment correction.

parison methods, such

as FWHM.
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Application of Continuous Max-Flow
Method on Semi-automatic

Segmentation of Myocardial Scar from

3D LGE-MR Images

The 3D LGE-MRI is increasingly being investigated for assessing myocardial tissue vi-
ability. Since manual segmentation of myocardial scar from 3D LGE-MRI is a tedious
task, semi-automated and fully-automated segmentation algorithms are highly desirable
in a clinical setting. In this study, we developed an approach to segment the myocar-
dial scar from 3D LGE-MRI using a Markov random field based continuous max-flow

(CMF) [4] method. The region-of-interest for the scar segmentation is constrained using
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manually segmented myocardium. We evaluated our CMF method for accuracy and re-
producibility by comparing it to manual scar delineations using 3D LGE-MR images of

thirty-four patients.

3.1 Background

The myocardial scar is non-viable tissue formed in the myocardium due to the insuffi-
cient blood supply to the heart muscle, is one of the leading causes of life-threatening
heart disorders, including arrhythmias. For applications, such as computational mod-
eling of cardiac electrophysiology aimed at stratifying patient risk for post-infarction
arrhythmias, quantification of intact scar extent is required [40, 10, 49, 48|. Moreover,
recently myocardial scar imaging has shown to be useful for predicting response of pa-
tients to arrhythmia therapies especially for cardiac resynchronization therapy (CRT)
[1, 2] implantable cardioverter defibrillator (ICD) therapy [14, 15]. Furthermore, the
reconstruction of intact scar geometry from LGE-MRI can be used for guiding the abla-
tive ventricular arrhythmias therapies [79, 80]. However, these applications require the
accurate segmentation of scar tissue from LGE-MRI.

Currently, 2D multi-slice late gadolinium-enhanced magnetic resonance imaging (LGE-
MRI) is widely used to detect and quantify myocardial scar regions of the heart. However,
due to the anisotropic voxel dimensions in 2D LGE-MR images, creating scar geometry
results in substantial reconstruction errors [50|. For applications requiring reconstruct-
ing the intact geometry of scar surfaces, 3D LGE-MR images are more suitable due to
isotropic voxel dimensions and higher resolutions [52|. Also, 3D LGE-MRI techniques,
when compared to 2D LGE-MRI, have reported superior signal intensity and contrast
[71], and higher accuracy and sensibility for discriminating scar [104]. While many tech-
niques have been reported for the segmentation of scar in 2D LGE-MR images, the equiv-
alent studies for 3D LGE-MRI are limited. The full-width-at-half-maximum (FWHM)
and signal-threshold-to-reference-mean (STRM) methods are the most widely-used th

methods in clinical studies. However, due to the lack of one single optimum threshold
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(th) value for a big variety of medical images, these intensity th methods are not robust
in scar segmentation. Other methods developed for 2D LGE-MR images are based on
support vector machines (SVM), level set based watershed, graph cuts, and continuous
max-flow [71]. Most of the 2D techniques are intensity th and require segmented my-
ocardium as the region of interest for scar segmentation. For segmentation of scar in 3D
LGE-MR images, only a few studies have been reported. Rajchl et al. [82] proposed a
hierarchical max-flow (HMF) approach for segmenting the scar interactively, requiring
~ 7 minutes for a single 3D LGE-MR image. Their method imposes an anatomical order
of cardiac regions as label order constraints and does not need a segmented myocardium
prior to scar segmentation. However, to obtain the desired accuracy, the HMF method
[82] depends on an extensive number of user interactions. In this study, we propose an
algorithm for segmentation of myocardial scar from 3D LGE-MR images using a CMF
method. Since the myocardium needs to be segmented for building 3D models of the
heart for computer simulations of cardiac electrophysiology, we propose to utilize the

segmented myocardium as the region of interest for our algorithm.

3.2 Methods

3.2.1 Image Dataset

For segmenting the myocardial scar, we obtained a 3D LGE-MRI dataset containing
volumetric cardiac images of thirty-five patients. All patients presented scar on the
left-ventricular region of the myocardium. With the approval of the Western University
Research Ethics Board, each patient provided a written consent for the study. These
patients with myocardial scar underwent LGE-MRI using an inversion recovery gradient
echo (IR-GRE) pulse sequence. The images were acquired from a Siemens Trio 3T MRI
scanner. The imaging parameters of 3D LGE-MRI can be seen in the Table 3. The 3D
LGE-MRI dataset was isotropic with 1.3x1.3x 1.3 mm? resolution. The 3D LGE-MR

images consisted of 80 slices on average. One image is excluded from the dataset due to
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Table 3: The acquisition parameters of 3D LGE-MRI dataset. [82].

Acquisition Parameters | Value

Manufacturer Siemens Medical

Model MAGNETOM Trio w/ Tim
Strength of Field 3 Tesla

Echo Time 1.3 ms

Flip Angle 20 degree

Pixel Spacing 1.3 x 1.3 mm

Slice Thickness 1.3 mm

Pulse Sequence Inversion-recovery gradient echo

the lack of manual myocardium segmentation. In the dataset, the 3D scar segmentations
were manually annotated by an expert clinician as the surrogate to ground truth for
evaluating our algorithm segmentation results. The myocardial regions were segmented
from 3D images using a semi-automated segmentation tool and manually corrected by

an expert.

3.2.2 Experimental Setup and Preprocessing

As a preprocessing step, we first cropped our 3D image dataset to obtain the volume of
interest of our algorithm. Afterward, we performed a linear intensity normalization on our
LGE-MR images to scale the intensity values different MR images to between 0 and 255
range. Then, we applied a secondary normalization technique which is called blood pool
intensity-based normalization and a myocardium intensity-based normalization [3]. Due
to the variations in metabolism and health factors among different patients, the contrast
agent residue in the blood pool and hence the contrast of images varies between patients.
To account for this contrast variation, the blood-pool normalization is calculated using

the following formula:

52



NI(i) = (I(i) = piwp)/ oop (10)
I is the image, NI is the normalized intensity, 1, is the mean, and oy, is the standard
deviation of the signal intensity distribution of the blood pool for each patient. We
then computed the CMF algorithm on thirty-four LGE-MR images. We obtained the
volumes of the binary scar segmentations in a 3D manner from the 3D LGE-MR images.
We then used DSC accuracy metric to compare the scar overlap between the manual scar
segmentations and the algorithm segmentations.

After normalization steps, we used our myocardium segmentation to extract the my-
ocardium region from the images. We computed the intensity log-likelihoods manually
using probability density function (PDF) calculations. For creating the intensity dis-
tribution, an n-fold cross-correlation method is used where we excluded the test image
each time from the training dataset. After obtaining the PDF for scar and PDF for
healthy myocardium using an n-fold cross-validation, we then applied a grid search to
optimize the three parameters that were needed for smoothness term calculation of our
CMF method.

We implemented our aforementioned preprocessing steps and the CMF method using
a Windows Desktop with 3.40 GHz Intel Core i7 Processor and 16GB of RAM. The CMF
method was written by Professor Jing Yuan from Xidian University and it was open
source on the Matlab File Exchange website and it was implemented using C+-+ and
a test function was written for the method on Matlab. The C++ max-flow calculation
code was called and compiled from Matlab. Besides using these core functions in Yuan’s
package (et. al. [4], we also wrote several functions such as volume calculation and
several volume metrics, DSC accuracy metric and several shape metrics, a 3D image
loader, a 3D image visualization function, the conventional methods such as FWHM
and STRM, probability distribution function (PDF) generation for the CMF method, an
image normalization function, an image interpolation function.

The results of the scar segmentation from the CMF method were also compared to
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Figure 18: Image dataset and block diagram of preprocessing steps for the CMF method.

that of the FWHM and STRM methods using manual scar segmentations as the surrogate
of ground truth. We used DSC accuracy, volume error (VE), absolute volume error
(|VE]), the percentage of scar volume fraction V.., /Vinyo, precision, and recall metrics
to evaluate the accuracy of scar segmentations. In this study, the |V E| was calculated as
the absolute value of W %100 (%), where Va is the algorithm-generated scar volume,
and w,, is the volume of manual scar segmentation. The percentage of the scar tissue
within the heart myocardium is calculated by taking one hundred times the volume of the
scar over the volume of the myocardium. For Vi, — V,,,, volume fraction percentage
calculation, wse,, is the calculated volume for each method, and V,,,, is the volume

of manual myocardium segmentation. For comparison, we calculated the precision as

TP __ and the recall as —L%

TPLFP Tpiry lor each scar segmentation method.
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3.2.3 The Continuous Max-Flow Method

For the CMF method, we first modeled our surface evolution as a variational formulation
as follows: Let I(x)eZ be a 3D image, where = represents each voxel and Z is the image
intensities. The segmentation task was formulated as an optimization problem. S is
an evolving surface corresponding to the foreground, the myocardial scar. The initial
surface S; evolved to Sy, after time h. During this evolution, S]T and S;r represent the
expansion of foreground and background surface regions from their first position; the
initial surface region S;. The foreground is set as the scar and the background is as the

normal myocardium.

SerT—

Figure 19: Surface evolution and the change in the segmented region from time t to time
t+1. S; is the surface at time ¢. S} is the surface belong to the foreground at time t.

Similarly, S} is the surface belong to the background at time t.

We calculated the associated costs, e}r and e, for changing a voxel label from back-
ground b to foreground f and vice versa. Function g(s) is the image gradient-weighted
boundary regularization term [4]. The surface is evolved from S; to S;;; based on the

following energy function:
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}Cmdx+lé+qﬂxﬁM%iésg@ﬁh} (11)

e
st f
In Equation 11, SJJ{ and S, are the expanding foreground and background surfaces.
The regions are expanded by modifying the S; using the cost functions e;f(x) and e, (z).
For labeling the regions enclosed by the surface S, we used a labeling function u(z)e{0, 1},
where u(z) = 1 when a voxel z is inside of the surface S; and u(z) = 0 when the voxel

is outside of the surface S;.

We express (11) as a continuous min-cut problem and we define assignment functions

D;(x) and Dy(x) below:

el(x), where  x€S
ooy o [0 :
0, otherwise
et(z), where x ¢S
Dy(z) := /

0, otherwise

Then we express (11) as the continuous min-cut problem [4] as follows:

min (1w, Dy) + {u, Dy) + / 9(2) [Vl do (12)
u(x)e{0,1} Q

In Equation 12, u(z)e{0,1} is a binary constraint. With that, there is a smoothness
function , g(x) = A\ + Aeexp(—A3 |7 I(x)|) where parameters Aj, Ay, A3 > 0. Equation
12 is a non-linear and a non-convex problem. We can express (12) in convex relaxation

form and solve it using the convex optimization theory [4, 111] as following:

mnu—wpg+mpg+/¢@WA@ (13)
u(z)el0,1] Q

Now, the binary constraint u(z)e {0, 1} in Equation 12 is relaxed to u(z)e [0, 1]. When
we threshold the result of the new convex relaxation in (13), we obtain the same global

optimum for the segmentation of (11).

o6



Instead of solving the challenging continuous min-cut problem in (13), one can effi-
ciently solve its dual version, the max-flow technique. The following discrete max-flow

problem (14) is called the primal model and the py, p;, and p are the primal constraints.

max /st(x)da: (14)

Ps,Pt,P

Using the primal model (14), one can formulate the primal-dual model (15) by intro-
ducing a dual variable X to the equation. The continuous max-flow model (16) then can

be calculated using the equivalent primal-dual model as follows;

max min/ psdx + / Adivp — ps + py)dz (15)
Q Q

Ds,Pt;p A

s.t.ps(z) < Ci(z), pi(2) < Ci(x), [p(e) < C(z)|

When re-arranged, the primal-dual model yields to 16.

max min/ {(1 = N)ps + Apy + Adivp} dz (16)
Q

Ds,Pt,D A

sit.ps(z) < Cs(x), pe(v) < Co(x), |p(z) < C(x)|

For further details of the continuous min-cut/max-flow method, the readers are re-
ferred to the paper by Yuan et. al. [111].

For the calculations of the continuous max-flow method, we used an intensity log-
likelihood as the data term. The intensity log-likelihood [112] was computed as follows;
probability density functions (PDF) for scar and normal myocardium were created from a
training dataset using manual scar segmentations. w;([(x)) is the PDF of the scar region,
where [w; is the possibility of a voxel x, to belong to the scar region according to the local
intensity information I(x). Similarly, w, is the PDF of the normal myocardium region,
the underscored b indicates the background, which is interchangeably used instead of
the myocardium. The intensity log-likelihood can be computed as p;) = —logw;(I(x)).
The variational formulation in (11) is formulated as an equivalent continuous min-cut

problem, which is then formulated as a continuous max-flow problem [111|. The CMF
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Table 4: Parameters of CMF method.
A A A3

02 01 1

formulation can be seen in Figure 20. The evolution of surfaces can be expressed as a vari-
ational model, which then can be formulated as a continuous min-cut model and solved

as its dual, the continuous max-flow model. The flow chart for the CMF calculations can

~

be seen in Figure 20.

min-cut

Figure 20: The flow-chart for the CMF formulation.

3.2.4 Parameter Optimization

For the developed CMF method, there was a set of parameters to be optimized. A range
of three most effective parameters was selected for optimization. The required parameters
were empirically optimized by changing one parameter at a time while keeping other
parameters constant. These parameters were called \{, Ao, and A\3. The A\ controlled the
smoothness of the segmentation boundaries and the A, is related to the image gradient.
The optimal set of these parameters after training were 0.2, 0.1, and 1 for the A\;, A, and
A3, respectively. Table 4 shows the optimal values of the three most effective parameters

used for the CMF method.
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3.3 Results

We present some visual results for the scar segmentations and their surface rendered
results from four different methods including manual segmentation, CMF, FWHM, and
STRM 3-SD methods. We selected the STRM 3-SD method randomly among other
STRM methods for visual comparisons. We show single slice views of scar segmentation
results from three different patients. For this, we selected three different patients which
the CMF method yielded high accuracy (DSC > 80%) in Figure 21, medium accuracy
(DSC > 60%) in Figure 22, and low accuracy (DSC < 50%) in Figure 23 for the regional
overlap with the manual scar segmentation results, respectively. As it can be seen from
the images, the scar geometries of CMF (in pink) and FWHM (in yellow) methods mostly
visually agree with the manual expert segmentations (in red). However, the STRM 3-SD
method tends to over-segment the scar for almost all cases.

The algorithm-generated results for the scar segmentation were compared to the ex-
pert manual segmentation results using several commonly used similarity metrics. As
shown in Table 5, the results were presented for scar segmentation from 3D LGE-MR
images using six different scar segmentation methods using six different comparison met-
rics. According to the table, the CMF method reported the highest accuracy in DSC as
compared to other segmentation methods. Particularly, the CMF algorithm yielded a
mean DSC of 72.18 + 8.51% for our dataset of thirty-four images, whereas the FWHM
and STRM 5-SD methods resulted in a mean DSC of 59.77 4+ 12.29 %, and 58.31 +
15.19%, respectively. The other STRM methods such as STRM 2-SD, 3-SD, and 6-SD
performed worse than the STRM 5-SD method. The CMF method, as well as yielding
the best regional overlap with the manual scar segmentation, also reported the lowest
volume error |V E|, when compared to other presented methods. The |V E| between the
CMF and the manually segmented scar was 15.42414.1 cm?, while the FWHM resulted
in a higher |V E| of 21.31 +25.4 ¢cm®. The STRM 2-SD method over-segmented the scar
and it yielded the highest |V E| of 110.714£69 ¢m? when compared to the other methods.
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Transverse Sagittal 3D View

Figure 21: An example segmentation of scar from four different methods. The CMF
method performed the best among other presented methods for 34 patients. The columns
from left to right represent the segmentation of different views of the heart, the transver-
sal, axial, and coronal. The rows represent different methods. The red segmentations are
the manual expert segmentation of scar. Below, in pink is our proposed CMF method,

in yellow, is the FWHM, and the green is the STRM 3-SD method.

Among the STRM methods, the STRM 5-SD reported the lowest |V E| of 25.88+29%,
which was slightly higher than the |V E| of the FWHM method.

Besides comparing the regional overlap, absolute scar volume error, scar volumes,
and normalized scar volumes for the algorithms, we also compared the normalized scar
volume percentages, Vicar/Vinyo, 0f the presented methods. We calculated the Viear/Vingo
of 10.10 = 6.20% for the manual scar segmentation. The CMF method yielded the closest
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Axial Transverse Sagittal 3D View

Figure 22: An example segmentation of scar from four different methods. The CMF
method performed average among 34 patients. The columns from left to right represent
the segmentation of different views of the heart, the transversal, axial, and coronal. Rows
represent different methods. The red segmentations are the manual expert segmentation
of scar. Below, in pink is our proposed CMF method, in yellow, is the FWHM, and the
green is the STRM method.

Vicar/Vimyo percentage, 10+£6.16%, to the manual scar volume percentage among all of
the six methods presented. The FWHM, STRM 5-SD and STRM 6-SD methods under-
segmented the scar and reported low Viear/Vinyo values of 6.01+£3.61%, 7.13+£2.47%, and
3.73+1.93%, respectively. The rest of the STRM methods over-segmented the scar and
they produced very high V., /Vinge values of 20.19+5.5% and 35.17+9.6 % for STRM
3-SD and STRM 2-SD methods, respectively.
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Axial " Transverse Sagittal 3D View

Figure 23: An example segmentation of scar from four different methods. The CMF
method performed the worst among 34 patients. The columns from left to right represent
the segmentation of different views of the heart, the transversal, axial, and coronal. Rows
represent different methods. The red segmentations are the manual expert segmentation
of scar. Below, in pink is our proposed CMF method, in yellow, is the FWHM, and the
green is the STRM method.

The CMF method presented the highest precision result of 82.43+12.2 % among
six different methods. The FWHM and the STRM 6-SD methods reported compara-
ble precision results, which were 79.58 +14.78% and 81.94+21.47%, respectively. The
CMF and STRM 3-SD methods also reported high recall values of 92.84 + 9.56% and
91.74+9.46%, respectively. The STRM 2-SD method reported the highest recall value
of 98.13 + 3.02%. While its high recall value, STRM 2-SD method reported the lowest
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Table 5: Validation of scar segmentation results from CMF, FWHM, STRM 2-SD, STRM

3-SD, STRM 5-SD, and STRM 6-SD methods using six different comparison metrics.

CMF FWHM STRM STRM STRM STRM
2-SD 3-SD 5-SD 6-SD

DSC (%) 721+ 8.5% 59.74 12.3  43.48+ 23 56.3+22 58.3+15.19  45.5+17.9
VE (cm?®) 4.79420.4* -19.8426.6 110.7+69.1 42.9+445  -15.5435.7 -30.4£36.9
\VE| (em3) | 15.4+14* 2134254  110.7469.1  47.8+39 25.8+29 33.7+33.9
Vicar/Vinyo(%) | 11.4746*  643.6 35.1749.6  20.1+55  7.13425  3.73£1.9
Precision (%) | 82+12* 80+15 31420 A7+25 72424 82421
Recall (%) 92.849.5*  52+18 98.13+3*  91.749.4  61+22 41425

precision value of 31.20420.35% among the six methods. The CMF method required 1.8
seconds of computational time for segmenting one whole-heart 3D LGE-MR image on

average.

Qualitatively, we created box-plots for the DSC and the |V E| values of the scar
segmentation results from six compared methods. As shown in Figure 24, the CMF
method reported the highest mean DSC value over thirty-four images as well as one
of the lowest standard deviation value after STRM 5-SD. The FWHM method yielded
slightly higher DSC value than the STRM 5-SD method. Among all STRM methods,
the STRM 5-SD performed the best in terms of DSC, volume error, absolute volume
error, normalized scar volume, and precision.

Figure 25 shows the box plots for the absolute volume error values of several scar
segmentation results when compared to the manual scar segmentations. The CMF and
FWHM methods have almost equivalent scar volume errors. The CMF method presents
the lowest absolute volume error and the lowest standard deviation. The STRM 5-SD
method outperformed other methods in scar volume error.

Figure 26 and 27 show the box plots for the scar volume error values and normalized
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Mean DSC Value of CMF, FWHM, 5TRM 2-5D, 3-5D, 5-50, and 6-5D Methods

_‘_ 5 T =

CMF
FWHM

STRM 2-5D
STRM 3-5D
STRM 5-5D

STRM &-5D

_|

BO

B0

-

EEEEOE

DSC %

40

— J

CMF PWHM STRM 2-5D STRM 3-5D STRM 5-5D STRM 6-5D

Scar 5egmentation Results

Figure 24: Box-plots represent the DSC results of several scar segmentation methods
including CMF, FWHM as well as STRM 2-SD, 3-SD, 5-SD, and 6-SD methods. The
CMF method yields the highest mean DSC accuracy and the lowest standard deviation

among other methods.

scar volumes of several scar segmentation results. According to the box-plots, the CMF
method yielded the closest scar volume and normalized scar volume values to the manual
scar volumes.

For comparing the volume of several scar segmentation results against the volume
of expert manual segmentation results, the Bland-Altman analysis was performed. The
CMF method showed 4.79 £ 20.18 ¢m? bias when compared to the manual segmentation
results using thirty-four 3D LGE-MRI. The majority of the data lied between the upper
and the lower limit of agreement (LOA). The FWHM method reported -19.83 + 26.20
bias. However, the STRM methods showed a significant bias when compared to the
manual expert segmentation results. The bias values were 110.71, 42.91, -154.9, and
-30.44 for STRM 2-SD, 3-SD, 5-SD, and 6-SD methods, respectively. The smallest bias
was reported for STRM 3-SD among different standard deviations of the STRM methods.
The results of the Bland-Altman analysis indicated that the CMF method reported lower

volume errors when compared to other scar segmentation methods. Therefore, the CMF
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Mean Absolute Volume Error Values of CMF, FWHM, STRM 2-5D, 3-5D, 5-5D, and 6-5D Methods
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Figure 25: Box-plots represent absolute volume error results of several scar segmentation

methods. The box-plots also compare results of 2-SD, 3-SD, 5-SD, 6-SD addition to the

FWHM and CMF methods.
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Figure 26: Box-plots represent scar volume results of several scar segmentation methods.

method can be used interchangeably with the manual segmentation.

For the paired student t-test, we set the null hypothesis, Hy, as there is no difference

between manual segmentation and algorithm generated scar volume measurements. For
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ScarVolume(cm®)of Manual, CMF, FWHM, STRM28D, STRM38D, STRM55D, STRM6SD Methods.
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Figure 27: Box-plots represent the normalized scar volume results of several scar seg-

mentation methods.
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Figure 28: The scar volumes of CMF versus Manual Segmentation methods using Bland-

Altman plots of scar volumes.

the CMF and FWHM methods, we accept the Hy, and we found that there is no sig-

nificant difference (p > 0.05) between the algorithm scar segmentations and the manual
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FWHM vs Manual Scar Volume Blad-Altman Plot
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Figure 29: The scar volumes of FWHM versus Manual Segmentation methods using

Bland-Altman plots.
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Figure 30: The scar volumes of STRM 2-SD versus Manual Segmentation methods using

Bland-Altman plots.
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Figure 31: The scar volumes of STRM 3-SD versus Manual Segmentation methods using

Bland-Altman plots.
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Figure 32: The scar volumes of STRM 5-SD versus Manual Segmentation methods using

Bland-Altman plots.
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Figure 33: The scar volumes of STRM 6-SD versus Manual Segmentation methods using

Bland-Altman plots.

scar segmentations. For all the STRM methods, the volumes of scar segmentations were
significantly different from the manual scar segmentations. Figures 28 to 33 present the
Bland-Altman plots from the scar volumes generated using the CMF, FWHM, and four
different STRM methods named as STRM 2-SD, 3-SD, 5-SD, and 6-SD methods.

3.3.1 Inter and Intra-Observer Variability

Manual scar segmentation is prone to error and high variability. The variability between
the scar volumes obtained from different observers is an indicator of subjectivity and
different experience among different radiologists. It is important to quantitatively mea-
sure the variability of manual scar segmentations from different experts. Therefore, we
calculated inter and intra-observer variabilities of manual scar segmentations. Figure 34
shows our results of the inter and intra-observer variability study of manually segmented
scar volumes. For the study, we asked three different observers to segment the myocardial

scar manually from a small subset of 3D LGE-MR images.
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Table 6: Results of the Bland-Altman analysis for the compared methods. Bias, standard
deviation, minimum, and maximum volume differences of different segmentation methods

when compared to the manual segmentations.

Bias Standard Deviation Minimum [em?®] Maximum [cm?]

CMF 4.79* 20.19 4.705 149.695

FWHM -19.83*%  26.21 4.08 114.77

STRM 2-SD | 110.71  68.15 38.59 194.37

STRM 3-SD | 42.91 43.87 26.49 136.83

STRM 5-SD | -15.49*% 35.24 8.56 97.58

STRM 6-SD | -30.44  36.41 6.19 90.06
Observer1
Observer2

60.00
Observer3

45.00

30.00
p1 p2 p3 p4 p5

Scar Segmentation Trials for 5 Patients by 3 observers 3 times each

Scarvolume(cm?)

Figure 34: The inter and intra observer variability of manual scar segmentation volumes.

For the inter-observer variability analysis, each observer segmented the same subset
of five images. For each patient image, the variability among the manual scar volumes by
three different observers are compared. The same procedure is repeated for all observers.
Table 7 shows the scar volumes of different segmentations from each observer. The pl to

p5 indicates the patient numbers as one to five. The scar segmentations from different
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Table 7: Segmented scar volumes obtained from three different observers.

Each ob-

server manually segmented the scar three times which are reported as in 'repetition 1’

to 'repetition 3’ for five different patients, 'patient 1’ to 'patient 5.

Observerl Observer2 Observer3
patient 1 | repetition 1 | 33.6279 50.8529 22,7734
repetition 2 | 25.3388 38.8263 27.5859
repetition 3 | 40.4676 44.0847 30.2981
patient 2 | repetition 1 | 7.9666 28.3304 4.0351
repetition 2 | 4.6556 28.7503 7.2622
repetition 3 | 12.1982 29.0982 5.8241
patient 3 | repetition 1 | 6.7570 22.7820 2.2669
repetition 2 | 110.8164  23.4599 2.9864
repetition 3 | 91.1894 23.3858 3.7532
patient 4 | repetition 1 | 35.8597 30.0483 17.4236
repetition 2 | 18.8556 58.0948 13.9318
repetition 3 | 13.7409 57.9368 13.9770
patient 5 | repetition 1 | 9.8058 44.9617 17.3162
repetition 2 | 7.1074 46.0601 15.1808
repetition 3 | 19.2768 46.1243 26.5654
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observers were visualized in three different colors on the bars.

On the other hand, for the intra-observer variability analysis, each observer is asked to
segment the five images repetitively three times. To overcome the memory bias, the rep-
etitions of the image segmentation are performed on different days for the same patients.
For each observer, the variability among the three different manual scar segmentations is
compared for each scar volume. The same procedure is repeated for all observers. Figure
35 shows the results of inter and intra-observer variability of different scar segmenta-
tion volumes. The bar graph shows each observer in different colors. The consecutive

unicolored bars indicate the repetitions of scar segmentations for each observer.

3.4 Contribution

In our 3D quantification of myocardial scar, we proposed to use a continuous max-flow
based scar segmentation method. In our experiments, the CMF method outperformed
other widely used th methods using several accuracy metrics. Using the CMF method,
we segmented the myocardial scar tissue within the borders of the pre-segmented my-
ocardium without any further user interactions. Six different scar segmentation methods
were compared using six well-known comparison metrics including DSC, volume error,
absolute volume error, normalized scar volume, precision, and recall, as well as using
two statistical tests called the Bland-Altman plots, and the student t-test. The proposed
CMF method yielded a mean DSC of 72.18 + 8.51% in accuracy outperforming the most
commonly used methods for scar segmentation including the FWHM and several STRM
methods. Moreover, the CMF method outperformed other th methods in almost all

presented metrics.

3.5 Discussion

Despite recent advancements in acquiring high-resolution 3D LGE-MR imaging, the
transition of computerized methods for utilizing these images during relevant clinical

procedures has been fairly slow. In order to fully benefit from the high-resolution 3D
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LGE-MRI, robust and accurate scar segmentation techniques are highly desirable. In the
scope of this thesis, we made efforts to quantitatively segment the myocardial scar from
3D LGE-MR images and to understand the differences in the reconstructed geometry
of scar generated from 2D versus 3D LGE-MRI. However, due to the challenges in the
nature of myocardial scar segmentation, there are several aspects of limitations in our
thesis.

In this study, we described an algorithm for myocardial scar segmentation from 3D
LGE-MR images. Our method is 3D and it is considered to be specifically useful in appli-
cations, such as computer simulations of cardiac electrophysiology [3]. One of the main
limitations of our method is the dependence on the manually segmented myocardium.
This requires an extensive amount of user time. For this study, we used the pre-segmented
myocardium which was present for creating the 3D model of the heart for computer
simulations of cardiac electrophysiology. As future work, we plan to utilize a multi-
atlas-based algorithm or a machine learning algorithm for automated segmentation of

the myocardium in 3D LGE-MR images prior to the scar segmentation.

3.5.1 Limitations of our 3D Scar Segmentation Study using the CMF Method
(Chapter 3)

In the 3D scar segmentation study, we observed that the CMF method failed to exclude
the false-positive scar structures for a number of patients. To determine the reasons for
the failing cases, we analyzed our scar segmentation results from three patients which
yielded the lowest DSC accuracy (< 64%) by the CMF method. The underlying errors
for the scar segmentation were mainly due to the errors in manual myocardium segmen-
tations. In Figure 35, the largest regional overlap errors produced by the CMF method
can be seen. For one patient, the CMF method yielded the lowest DSC value of 47.9%.
For this specific case (Figure 35 (Casel)), the CMF algorithm over-segmented the scar
on the left ventricle. For the second case (DSC of 56.62%), the scar was very small in size

(Figure 35 (Case2)) in respect to the size of the myocardium. Due to a limitation of the
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DSC overlap metric, the DSC value is biased towards the size of the scar. For small scar
structures, the DSC metric may yield lower accuracy results than usual despite the high
visual agreement between the CMF and manual scar segmentations. For the final case
(DSC of 57.01%), the CMF method mislabeled the part of the blood pool as the scar
(Figure 35 (Case3)) in the left ventricle due to the errors in the manual myocardium seg-
mentation. The manual myocardium segmentation mistakenly included the blood pool
in the myocardium region. On the other hand, the observer was able to distinguish the
error in the myocardium segmentation towards the blood pool and excluded the region
from the manual scar segmentation.

In our study, one single expert observer created the manual scar and myocardium
segmentations. There was a lack of consensus ground truth for evaluating the algorithm
results. To overcome this limitation, a consensus ground truth utilizing combinations
of independent expert segmentations can be created for future studies. However, the
inter and intra-observer variability of the segmentation results remain a problem for
any manual segmentation. This feature propagates through the learning stage of scar
segmentation algorithms as well.

Another problem was the relativity of the gadolinium absorption on LGE-MR images
for different patients. The gadolinium absorption mechanism is relative to patients’ age,
metabolism, heart rate, and several other patient differences. Absorption of gadolinium
by scarred myocardium areas affects the brightness of LGE-MR images. Therefore, scar
analysis is relative by nature due to gadolinium kinetics of LGE-MR imaging technique.

For validation, we compared our method against basic th methods such as the FWHM
and the STRM methods due to the simplicity of their implementation. For validating
the CMF method, different advanced methods such as level sets, hierarchical max-flow
(HMF) [82], or active contours methods need to be compared against the CMF method.

The lack of publicly available dataset was a problem for evaluating our algorithms.
This common data should represent a big patient population and should be in varying

image qualities. Algorithms are highly affected by the image quality, resolution, vendor
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Figure 35: Three patient images which the CMF method performed poorly (in DSC) in

the scar segmentation.

and center differences of data. It means that a large amount of data needs to be obtained
from different imaging centers (multi-center), using different MRI devices (multi-vendor)
with different acquisition parameters. In the study, the CMF method was evaluated
using thirty-four 3D LGE-MR images. For the future studies, a larger and more diverse
dataset containing multi-center and multi-vendor data with varying image qualities need
to be utilized.

The CMF method has several advantages when it is compared to previous scar seg-

mentation methods. For instance, the CMF method is capable of segmenting the scar
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from 3D LGE-MRI as opposed to many scar segmentation methods from 2D LGE-MRI.
Another advantage of the CMF method is its computational time. Using the CMF
method, the scar from a 3D LGE-MR image can be segmented in around 1.8 seconds
when the manually segmented myocardium is given. The basic th methods are prone to
error since they utilize only the signal intensity of images. On the other hand, the CMF
method incorporates neighborhood and shape constraints into the segmentation, as well

as the signal intensities of an image dataset.

3.5.2 Atlas-based Myocardial Segmentation

One of the main limitations of our method was the dependency on the manual pre-
segmented myocardium to limit the region of interest for the scar. The manual my-
ocardium segmentations required an extensive amount of user time before the scar anal-
ysis as well as yielding segmentation errors in the myocardium as mentioned in the
paragraph above. As future work, one can utilize an atlas-based segmentation method
or a machine learning method for automatically segmenting the myocardium from 3D
LGE-MR images.

We tried a preliminary approach for obtaining the myocardium boundaries. We uti-
lized an atlas-based segmentation method called multi-atlas based joint label fusion (JLF)
[113] method. Atlas methods are suitable for segmenting organs and structures with a
fixed shape such as skull, lung, or myocardium of the heart. Atlas method uses manual
myocardium segmentations from different patients to create an average model atlas of
the myocardium. This method uses a majority voting technique [114, 115] for segmen-
tation. Taking the model atlas as a reference, the JLF creates a segmentation similar to
the segmentation of the atlas myocardium based on the similarity of the new image to
the reference atlas image. Using these steps, we segmented the myocardium of twenty-
four patients from the 3D MRA images. We obtained high accuracy (a DSC of 75%) in
myocardium segmentation when compared to the manual myocardium segmentations.

For this method, we utilized 3D magnetic resonance images (MRA) from twenty-four
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patients to distinguish the myocardial boundaries. Distinguishing myocardial boundaries
from the LGE-MRI is prone to error due to the presence of a scar on the LGE-MRI. The
MRA images are, on the other hand, the type of MRI which highlights the blood pool and
the heart anatomy can be easily distinguished. The MRA images are acquired along with
but before the LGE-MR images are acquired. Shortly after the injection, the gadolinium
reaches to the blood pool by the blood circulation. The gadolinium hyper-enhances the
blood pool and the anatomical structures of the heart can be observed clearly. The
LGE-MR images are acquired about 10 to 15 minutes apart from the MRA acquisitions
while the patient is still lying in the scanner. Since MRA images are acquired along
with the LGE-MRI for each patient, they are in the same spatial alignment with the
LGE images. Many algorithms utilizing the image intensity tend to fail to distinguish
the myocardium from the other structures using LGE-MRI due to the high intensity of
the scarred region which attracts segmentation boundaries. For each patient, we had
both LGE-MR and their spatially aligned pairs of MRA images in our dataset. Due
to the good spatial alignment between the MRA and LGE, myocardium segmentations
from the MRA images can be used for limiting the region-of-interest from the LGE-MR
images.

For this purpose, we first randomly selected ten 3D MRA and corresponding LGE
images for creating the model atlas for the atlas-based segmentation method. These ten
MRA images were acquired from different patients. Therefore, they had differences in
the heart geometry, shape, spatial alignment, patient position, size of the heart, and the
different signal intensity ranges due to different settings of the MR acquisitions for each
patient. To account for these variations in the dataset, we first normalized the signal
intensities using a linear normalization method. Afterward, to bring the images into
the same spatial alignment, we used a pipeline of rigid, affine, and non-rigid registration
technique [116, 117]. We selected one image randomly as a reference heart and registered
other images into the spatial space of this image.

In order to accelerate the registration, we first used some pre-processing steps for
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centering the images prior to registering all other nine images into the reference heart.
We automatically found the center of each 3D myocardium from the image labels. We,
then, registered all nine images into the reference image space rigidly [118], affinely [118§]
, and non-rigidly [119]. The rigid registration performed the rotation and translation
of the images and the affine registration scaled the myocardium region by shrinking
or expanding the myocardium of the different sized patient hearts. Finally, the non-
rigid registration warped the 3D LGE-MRI to exactly match the geometries of the nine
images into the geometry of the reference image. After the registration, we saved the
registration maps which were the transformation matrices. We applied these resulted
registration maps into the myocardium segmentations. Finally, using the ten spatially
registered MRA images, we created an average heart model or so-called ’atlas’ as well
as the label of this atlas from the MRA images. After creating the atlas once, we then
used the JLF method to segment the myocardium from a dataset of twenty-four MRA
images which were not used for creating the atlas.

Since we only created the myocardium segmentations for the MRA images, we regis-
tered our spatially aligned MRA images into the LGE-MRI spaces non-rigidly. Using this
registration map, we obtained the myocardium segmentations for the LGE-MR images.
We had a good visual agreement between the manual expert myocardium segmentations
and the automated atlas segmentations. Our atlas segmentation method yielded a DSC
of 75% overlap accuracy. However, after using the atlas myocardium as a mask prior to
the scar segmentations, the scar segmentation accuracy dropped to a DSC of 40% from
a DSC of 72% using the CMF method. Therefore, we did not include the atlas method
in our proposed scar segmentation pipeline. Although providing a promising manual
segmentation result, the atlas method failed in the unclear endocardial boundaries which
led to errors in the scar segmentations afterward. Some scar segmentation results using
the manually segmented myocardium and the atlas resulted myocardium can be seen in
Figure 36. Due to the computational complexity of the atlas method, we only tested this

method on twenty-four randomly selected MRA images out of thirty-four patients.
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3.6 Summary

In this chapter, we developed an approach to segment the myocardial scar from 3D
LGE-MR images using the CMF method. The data term comprised of a distribution
matching term for scar and normal myocardium and a boundary smoothness term for
the scar boundaries were used. The region-of-interest for the scar segmentation was
constrained using a manually segmented myocardium. We evaluated our CMF method
for accuracy by comparing it to manual scar delineations from the 3D LGE-MR images
of thirty-four patients. We compared the results of the CMF technique to the ones by
conventional FWHM and STRM methods. The CMF method yielded a DSC of 72+18%
and an absolute volume error (|VE|) of 15.42+14.1 em3. Overall, the CMF method
outperformed the conventional methods for all reported metrics in 3D scar segmentation
except for the recall value. Among the STRM methods, the STRM 5-SD method yielded
the highest DSC accuracy and lowest |V E|. Figure 36 shows the myocardium and the
scar segmentations using the manual versus atlas myocardium as a prerequisite to the

scar segmentations generated using manual, CMF, FWHM and the STRM methods.
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Figure 36: Atlas myocardium and scar segmentation results on axial slice views. The
first column is the single slice from an LGE-MR image. The second Column shows
manual expert segmentation (in yellow) of the myocardium. The third Column shows
the myocardium segmentation (in blue) using the atlas method. Rows (1-4) present the
scar segmentation results (in pink). From top to bottom; manual, CMF, FWHM and
STRM scar segmentation results given either expert (yellow) or atlas (blue) segmented

myocardium.

30



Shape Comparison Study of Manual

Scar Segmentations Generated using

2D versus 3D LGE-MRI

Myocardial scar geometry may influence the sensitivity of risk prediction for VT since
outcomes of VT simulations are greatly dependent on scar geometry obtained using LGE-
MR images [49]. To obtain the 3D scar geometry, scar segmentations generated using 2D
or 3D LGE-MR images can be used. Based on the preferred image acquisition, the scar
segmentation will differ in terms of scar volume, scar mass, and shape. Previous studies
compared the signal to noise ratio (SNR) [83], scar volume, scar mass [53], and image
acquisition time [53] between the 2D and 3D LGE-MR images. However, the differences

in the scar geometry remained unexplored.
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To explore the similarities and differences in the reconstructed geometry of scar from
2D and 3D LGE-MRI, we conduct a manual scar segmentation study. For the study, a
retrospectively-acquired dataset of twenty-four patients with myocardial scar underwent
both 2D and 3D LGE-MR imaging. First of all, manual scar segmentations are per-
formed for the 2D and 3D datasets individually using a multi-planar image processing
software. Second, from the 2D scar segmentation boundaries, 3D scar surfaces are recon-
structed using a logarithm of odds (logOdds) based interpolation method. On the other
hand, the scar geometries obtained from 3D LGE-MRI are used as is without a need for
reconstruction due to the high out-of-plane resolution of 3D images. Finally, we compare
the 3D models of scar generated from 2D and 3D LGE-MR images using several shape
and volume metrics such as fractal dimensions, number of connected components, mean
scar volume, and normalized scar volume. We also provide statistical analysis for scar
and myocardium volumes using Bland-Altman plots, Pearson correlation and coefficient

plots, and student t-test.

e

LogOdds [10]
| Reconstruction

24 Patients Myocardium
2D & 3D LGE-MRI Segmentation
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Figure 37: Block diagram for the comparison study using 2D and 3D LGE-MRI.

4.1 Background

The differences in myocardial scar geometry substantially affect the clinical outcomes

of cardiac simulations of VT [48]|. Previous studies although comparing the 2D and
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3D LGE-MRI in regards to several cardiac metrics such as scar volume [53], scar mass
[53], SNR [83], and image acquisition times [53|, they have not explored the differences in
shape of reconstructed scar geometries. Therefore, a comparison study of scar geometries
using 2D versus 3D LGE-MRI is highly desirable.

Currently, multi-slice 2D LGE-MRI is the clinical standard for segmenting the my-
ocardial scar, which acquires transverse slices with anisotropic dimensions [51|. However,
reconstructing a 3D model of the scar from 2D LGE-MR images is problematic due to
the anisotropic pixel dimensions in 2D LGE-MR images. However, through the advance-
ments in MRI technology, we can now acquire 3D LGE-MR images to capture a high-
resolution and isotropic representation of myocardial scar. The 3D LGE-MRI is suitable
for applications requiring reconstructing the intact scar geometry, as it is isotropic in
voxel dimensions and have a higher resolution [52].

In this study, our objective is to compare the scar geometries generated from high-
resolution 3D LGE-MRI to that generated from conventional multi-slice 2D LGE-MR
images. To this end, we first obtain manual expert delineations of scar regions from
2D multi-slice LGE-MR and 3D LGE-MR images of each of the twenty-four patients.
We reconstruct a 3D model of the scar structure from scar segmentations generated us-
ing the 2D multi-slice LGE-MRI using a reconstruction method called logOdds|52]. We
then compare the 3D scar geometries generated from 2D and 3D LGE-MR images using
different metrics based on scar geometry and volume. This study is the first attempt
at understanding the similarities and differences between the shape of scar geometries
obtained using 2D and 3D LGE-MRI. Figure 37 presents the block diagram of our com-
parison study. On the left, steps for the 2D manual scar segmentation and reconstruction
of scar geometries can be seen. Steps 1 and 2 are similar for the 2D and 3D manual scar
segmentations. In step 3, the reconstruction of 2D scar segmentations to 3D scar geome-
tries was performed using the logOdds method. For the 3D, the scar geometries were

used as is without the reconstruction required (step 3, right column).
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4.2 Methods

4.2.1 Image Dataset

For comparing the scar geometries obtained from 2D vs 3D LGE-MRI, we used two sep-
arate image datasets which were acquired simultaneously from a Siemens Trio 3T MRI
scanner for twenty-four patients. All patients presented left ventricular scar and under-
went both 2D and 3D imaging exams. The 2D LGE-MRI dataset is highly anisotropic
with around 1.875x1.875 mm? inner-plane and 8 mm out-of-plane resolution. These 2D-
multi slice images contain 8 to 12 slices in short-axis (SAX) view. The 3D dataset, on the

other hand, is isotropic and has voxel dimensions around 1.3x1.3x1.3 mm?

in any given
plane. The number of SAX slices for the 3D LGE-MR dataset is around 84 £+ 13 (mean
and standard deviation) along the long-axis (LAX). The 2D and 3D dataset contained
thirty-five patients, while some of the 2D image acquisitions were missing slice locations
along the LAX. Therefore, we were able to include only twenty-four 2D and 3D image
pairs in the study, while the remaining images were excluded due to the incompleteness
of the image locations.

Figure 38 shows the visual representation of 2D and 3D imaging of the heart models.
While 2D multi-slice images have thick and anisotropic image slices (8 mm along the
LAX), the 3D LGE-MRI can image the heart using over 100 slices along the LAX. The
3D provides high-resolution images of the heart from any axis. Figure 39 indicates the
resolution differences between 2D and 3D LGE-MR images from three different patient
images. In the 3D LGE-MR images (right column), both image resolution and scar

contrast are superior to the 2D LGE-MRI (left column).

4.2.2 Manual Scar Segmentation from 2D LGE-MRI

For the comparison study, the first step was to segment the myocardial scar in both 2D
and 3D LGE-MR images. For the 2D LGE-MR dataset, we manually traced the bound-

aries of the endocardium and epicardium using CVI42, a commercially available software
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Figure 38: 2D versus 3D LGE-MRI for imaging the full-heart. 2D MR image model
on the left uses only 8 slices from consecutive locations of the heart. On the right, the
high-resolution 3D LGE-MRI represents the heart as a volume using many slices. In a

real LGE-MR image, 3D will have more slices than it appears on the image.

for cardiac image processing. Using the pre-segmented endocardium and epicardium as
boundaries of our region of interest, we then segmented the myocardial scar using the full-
width-at-half-maximum (FWHM) method in 2D LGE-MRI. The FWHM considers the
voxels as scar if the intensities are greater than the half of the maximum intensity within
the region of interest, myocardium. The scar segmentations by the FWHM method was
then manually inspected and corrected using the CVI42. After the myocardium was
segmented, ITK-Snap [120], a multi-planar reformatting software platform was used to
interactively correct the FWHM scar segmentations from the 2D LGE-MR images us-
ing a brush tool. After the manual corrections, the 2D scar segmentations were finally
reconstructed to 3D volumes for comparing the 2D scar geometries against the 3D scar

geometries from 3D LGE-MRI.
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Patient 2 Patient 1

Patient 3

Figure 39: Comparison of single slice views from 2D (left column) and 3D (right col-
umn) LGE-MR images of three different patients (three rows). The 2D and 3D images
approximately represent the same cardiac location. The resolution difference even in the
SAX view can be seen from the single slice SAX view of 2D and 3D LGE-MR images.
The 2D LGE-MRI has lower resolution due to the partial volume effect.

4.2.3 Reconstruction of Myocardial Scar Geometry from 2D LGE-MRI

For comparing the 3D geometries of myocardial scar, we reconstructed 3D scar models
from the 2D manual scar segmentations. We used a logarithm of odds (logOdds) [121]
based reconstruction method for the task. The logOdds is a reconstruction method for
creating 3D geometries from 2D image slices[121]. The logOdds method outperformed

the nearest neighbor and other well-known reconstruction methods in the reconstruction
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of scar geometries in terms of region overlap [48]. Using the logOdds method, a 3D model
of the scar was created from only 8 to 12 slices of 2D delineations.

The logOdds method maps a space of probabilities into a Euclidean space to estimate
a 3D model from 2D data. A logOdds function allows many linear combinations in its
vector space and is not restricted to only convex space usage of binary labels. As seen in
the equation below, logit is referring to the logOdds algorithm, and p is the probability
of an anatomical shape to be assigned to a voxel. The logit(p) is the logarithm of odds
between p and the complement of p for reconstructing the 3D scar surfaces from the 2D

scar segmentations.

p

logit(p) = log1

4.2.4 Manual Scar Segmentation from 3D LGE-MRI

For creating 3D scar models from 3D-LGE MR images, we first obtained the myocardial
segmentations on 3D LGE-MRI dataset. Since it is impractical to segment the myocardial
boundaries manually on 3D LGE-MRI, an interactive 3D segmentation method [33, 82]
was utilized to extract the myocardium region semi-automatically. After obtaining the
myocardium segmentations semi-automatically for each patient, we performed manual
refinements and obtained the expert segmentations of the myocardium as the region
of interest to our 3D scar segmentations [82]. Next, we segmented the myocardial scar
manually from the 3D LGE-MRI using the 3D brush tool on the ITK-Snap software. The
3D LGE-MR images contained around 84+13 (minimum 62 and maximum 123 image
slices) SAX image slices along the long-axis (LAX). Since 3D LGE-MRI is isotropic in any
given dimension, we did not require the reconstruction step for the 3D dataset. Therefore,
after creating the manual scar delineations on 3D LGE-MRI, we kept these 3D scar

segmentations as is without applying the logOdds algorithm to 3D scar segmentations.
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4.3 Metrics Based on Scar Geometry

After obtaining the 3D models of the scar manually from 2D and 3D LGE-MRI, we
compared these scar geometries according to the scar shape and volume. For this, we used
two different shape descriptor metrics: fractal dimensions, and the number of connected
components. We also used scar volume metrics which compare the mean value of scar

volumes and normalized scar volumes generated from 2D-reconstructed and 3D LGE-

MRI.

4.3.1 Number of Disconnected Components

Connected components analysis is a basic yet useful image processing technique. In a
given binary image, the connected component labeling counts the number of disconnected
regions present in an image. It considers objects within a set distance of neighborhood
as part of the same object and further components as different objects. It can label
each object with a different incrementing number, and stores any equivalent labels in
an equivalence table. The highest number of labels gives us the number of connected
components in an image. The adjacency rule can be changed as either 4, 8 or more
pixels/voxels around an object.

We compared the surfaces of scar segmentation results by calculating the number of
connected components. The results were interpreted based on the number of disconnected
scar regions. If the number of connected components was high, it showed that the
scar segmentation contained several partitions of the scar. otherwise, the scar was a

continuous and an intact surface.

4.3.2 Fractal Dimensions

Integer dimension values are insufficient to describe the shape of complex objects. On
the other hand, the fractal dimension (FD) is a measure of complexity which can describe

the dimensionality of an object with real numbers. The FD is positively correlated with
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the complexity of a self-similar object. Given a 3D scar surface, the range of the FD can
take any value between one and three depending on the complexity of the scar surface.
An FD value of one means that the shape of the scar is simple, and the FD value of
three means the shape of the scar is more complex. Therefore, the FD calculation is a
compelling and a useful measure for comparing the shape scar geometries obtained from
2D versus 3D LGE-MRI.

The box-counting or in our case the 'voxel counting” method can be used to calculate
the FD of a 3D volumetric binary image. The FD of a 3D object can be calculated by
counting the number of self-similar-cubes N (s), and the magnification factor N. Finally,
the FD can be measured by dividing the logarithm of N(s) by the logarithm of N as

following;;

log(number of self-similar pieces)  log(N(s))

= 18
log(magnification factor) log(N) (18)
De=1 D=2 D=3
=1
H=1
H=1
H=1
=2 ;
i N=4
N=8
I=3 —t++—
HN=3
=3 N=27

Figure 40: Magnification factor (N) for 1, 2 and 3 dimensional objects.

The magnification factor N can be calculated using the following approach. If a
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one-dimensional line can be broken into 2 self-similar objects with the same length,
the magnification factor is 2. Similarly, if we magnify these broken self-similar objects
twice back to the original size, we obtain the same size as the original line. Different
than the line, a square can be divided into 4 sub-similar squares with a magnification
factor of 2. Therefore, for a square, the number of self-similar objects is N? while the
magnification factor is N. Likewise, for a cube, the number of self-similar objects is N3
while the magnification factor is N. Using the number of self-similar objects and the
magnification factor, we can simply calculate the FD of a 3D scar surface. As an example
of calculating the FD of a 3D scar volume, let us consider a 3D binary segmentation.
If we consider all the voxels of that 3D image carry the value of 1, the number of self-
similar objects, or voxels having the value of 1, will be N®. Then, the FD becomes
FD = log(N3)/log(N) = 3. Therefore, the FD of a 3D scar volume will yield to a

maximum value of 3 and a minimum value of 1.

4.4 Results

Reconstructed scar geometries from 2D LGE-MR images were compared to the scar ge-
ometries generated using 3D LGE-MR images using the two shape descriptor metrics
and a volume metric. Figure 41 shows the 3D scar geometries obtained from 2D and
3D LGE-MRI. We used cubic LogOdds [52] and standard nearest neighbor (NN) recon-
struction methods. The NN method sets the slice spacing to ten and yields an elevated
reconstruction. On the other hand, the cubic logOdds method yields a smoother scar
surface due to its reconstruction algorithm. Table 8 presents some quantitative results.
We observed the varying size of scar for different patients. Therefore, besides reporting
the mean and variation of scar and myocardium volumes from 2D and 3D LGE-MRI,
we also found it appropriate to utilize the Pearson correlation coefficient plots for the
2D and 3D scar volumes. Figure 42 shows the different size of the scar tissue among
different patients.

The mean fractal dimension was 1.84+0.18 and 2.240.12 (out of three) for 3D scar
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Patient 3
2D LogOdds 2D NN

Figure 41: Scar geometries of two different patients (two rows) using 3D LGE-MRI (left

column) and 2D LGE-MRI (other two columns) are seen. The 2D scar segmentations
are reconstructed using two different reconstruction methods, namely, cubic LogOdds

(middle column), and standard nearest neighbor (right column).

geometries generated using 2D and 3D LGE-MR images, respectively. This result in-
dicates that the scar geometries generated using 3D LGE-MR images, as compared to
the ones generated from 2D LGE-MR images, are more detailed in shape. We removed
two outliers from the 3D dataset due to the uncommonly high connected component val-

ues. We observed more discontinuity in the shape of the 2D-reconstructed scar surfaces
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Table 8: Comparison of 2D and 3D scar geometries using shape and volume metrics.
Metrics 3D 2D-logOdds 2D-NN

Fractal Dimensions [1-3] 2.240.12 1.8440.18  2+0.09
Number of Connected Components [count| | 4.33+3.3 6.29+3.9 22.4+10.6
Mean Absolute Volume |[cm?| 27.14£21.5 20.8£12.14  22.04+13

Normalized Scar Volume |%] 11.254+7.10 17.89£9.80 19.05+£11

Figure 42: Varying size of scar from different patients in our dataset. Yellow contours
represent the scar boundaries obtained using 3D LGE-MR images. Only single slices are

shown in the images.

than the 3D. The 2D-reconstructed scar model contained more disconnected scar regions
(6.2943.9) than the 3D model (4.33£3.3). Finally, the 3D LGE-MRI produced higher
mean scar volume of 27.1£21.5 em? than the 2D LGE-MRI, 20.8£12.14 cm?.

4.4.1 Statistical Analysis

We provide statistical analysis for comparing the scar geometries from 2D and 3D LGE-
MRI based on surface overlap and scar volumes. The statistical comparison was per-
formed using Pearson’s correlation coefficient plots, Bland-Altman plots, and paired t-
tests. We created Pearson’s correlation and coefficient plots between the generated scar

and myocardium volumes using 2D and 3D LGE-MRI. Figures 43 and 44 indicate that
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there is a positive correlation between the scar volumes (r = 0.593) of 2D and 3D as well

as the myocardial volumes (r = 0.77) obtained from 2D and 3D LGE-MRI, respectively.

For the volume values for each patient, readers are referred to the Appendix of this thesis.
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Figure 43: Correlation coefficient plot for the scar volumes of using 2D and 3D LGE-MRI.
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Figure 45: Correlation coefficient plot for the normalized scar volumes of using 2D and

3D LGE-MRIL.

The Bland-Altman plots indicate bias, which is the difference of volumes from 2D
and 3D LGE-MRI acquisitions. Further, the Bland-Altman plots show the lower and the
upper limits of agreement (LOA) of the data which are the + 1.96 times the standard
deviation between the volume differences of volumes obtained from 2D and 3D images.
Our results showed 1.89 & 21.63 ¢m? bias in scar volume differences between 2D and 3D
LGE-MRI. The majority of the data lied between the upper and the lower LOA, showing
a good degree of agreement.

The Bland-Altman plots from Figure 46 reveal no significant difference in the means
of scar volume results between 2D and 3D LGE-MRI. Therefore, the results indicate that
the 2D and 3D LGE-MRI can be used interchangeably for the volumes of manual scar
segmentations. For the paired t-test, we set the null hypothesis, Hy, as there is no differ-
ence between 2D and 3D scar volume measurements. For the scar volume measurements,
we accept the Hy and found that there is no significant difference (p > 0.05) between 2D
and 3D LGE-MRI.
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Figure 46: Comparison of the scar volumes from 2D versus 3D LGE-MRI using Bland-

Altman plots.

4.5 Discussion

We present a comparison study to analyze the myocardial scar geometries obtained from
2D and 3D LGE-MRI. With this comparison study, we aim to provide insight into the
differences between 2D and 3D scar segmentation for applications requiring 3D geometries
of myocardial scar. Previous studies [53] have investigated only on the volume differences
between the scar geometries generated from 2D and 3D LGE-MR images. Furthermore,
we analyzed the scar geometries of manual scar and myocardium segmentations using
several shape and volume metrics. We also presented statistical comparison methods.
To our knowledge, this study is the first attempt at investigating differences in scar
geometries generated using 2D and 3D LGE-MR images by analyzing various shape
descriptor metrics.

In conclusion, we compared the differences in scar geometries created from 2D and 3D
LGE MR images using several metrics based on the shape and volume of scar surfaces.

We utilized two shape metrics to report our results. Overall, our comparisons show that
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the 3D LGE-MRI method captured a more complex scar geometry than the 2D LGE-
MRI. The 3D LGE-MRI presented a higher mean scar volume than the 2D LGE-MRI.
These outcomes might be due to an oversight of the manual 2D scar segmentations. We
obtained the manual scar segmentations from a single observer. Therefore, a consensus
of manual scar segmentation from 2D LGE-MRI might give different outcomes in terms
of mean scar volume. Previous studies only compared the 2D and 3D LGE-MR images
and the segmentations using metrics related to the scar mass and scar volume; therefore,

this study is unique in comparing the shape of scar geometries obtained from 2D and 3D

LGE-MR images.

4.5.1 Limitations of our Study on the Comparison of Scar Geometry using

2D and 3D LGE-MRI (Chapter 4)

For our comparison study on comparing the manual scar geometries, our results were
limited to the small number of patients. We used two different but simultaneously
acquired 2D and 3D LGE-MR image datasets from twenty-four patients. For more
conclusive comparisons, the 2D and 3D image datasets need to be expanded.

For comparing the reconstructed scar geometries obtained using 2D and 3D LGE-MR
images, we used two shape descriptor metrics, the fractal dimensions and the number of
connected components. Since different metrics provide different insights into the shape
of the scar surface, more metrics need to be developed. It is important to understand
the smoothness, concavity, or sparsity of shapes; therefore, more metrics such as mean
curvature analysis can be included in the future studies.

Accuracy and reproducibility are some of the most important aspects of medical image
segmentation since clinical applications of the scar segmentation methods are intolerant
to any errors. Therefore, multiple accuracy metrics need to be computed to evaluate the
scar segmentation algorithms in respect to different aspects of different aspects of the

segmented scar structures.
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Summary and Conclusion

Computing the myocardial scar volume is an important clinical problem as it is used as a
biomarker in clinical procedures in myocardial scarring and predicting the risk of ventric-
ular arrhythmias in patients. Furthermore, the segmentation and modeling of the scar
surface are of the utmost importance for image-guided therapies of ventricular arrhyth-
mias. In the scope of this thesis, we segmented the myocardial scar using a continuous
max-flow (CMF) segmentation method from 3D LGE-MR images. We evaluated our
algorithm on thirty-four patients data by comparing our results against the manual scar
segmentations as a surrogate of ground truth. We also conducted a study to compare
the reconstructed geometries of scar that are generated from conventional 2D LGE-MR
images to the ones generated from high-resolution 3D LGE-MR images. In this chapter,
we provide the summaries of our two main method chapters. We conclude by providing

suggestions on possible future work and explaining the limitations of our study.
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5.1 Summary

In this section, we summarize our scar segmentation techniques briefly by explaining
the motivation, experimental setup and our results for the 3D scar segmentation and

comparison of reconstructed scar structures.

5.1.1 Summary of our 3D Scar Segmentation Study using the CMF Method
(Chapter 3)

In Chapter 3, our objective was to develop a myocardial scar segmentation method
using 3D LGE-MR images. We mentioned that due to the latest advancements in image
acquisition technology in the past decade, acquiring 3D high-resolution images of the
whole heart is possible. These 3D LGE-MR images provide approximately one millimeter
inner and outer-plane resolutions as well as high scar contrast in LGE-MR images. On
the other hand, we noted that 2D LGE-MR images lack detailed information in the
out-of-plane resolution, which may yield inconclusive results in scar segmentation. Since
manual scar segmentation is a tedious task from 3D LGE-MR images, computerized
scar segmentation methods were needed. Although a decent amount of research has
been dedicated on segmenting the scar from 2D LGE-MRI, the 3D scar segmentation
methods are limited, which motivated our research on the myocardial scar segmentation
methods using the 3D LGE-MR images.

In Chapter 3, we segmented the myocardial scar tissue using an optimization based
CMF method from thirty-four 3D LGE-MR images. The region of interest for scar
segmentation was restricted using manual myocardium segmentations. We then used
an intensity log-likelihood data term from intensity histograms of healthy and scarred
myocardium regions. We also incorporated a gradient-weighted smoothness term into
the segmentation.

By expressing the segmentation problem as an optimization problem, the CMF

method evolved an initial surface S; based on some energy functions; ey, €,, and g(z),
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which represented the cost to change a voxel label from background to foreground, from
foreground to background, and smoothness term, respectively. Using the CMF method,
we expressed the cost function as a non-linear and non-convex continuous min-cut prob-
lem. We then expressed the continuous min-cut as its dual convex version, continuous
max-flow problem and solved it efficiently.

We quantitatively evaluated our CMF method by comparing the algorithm scar seg-
mentation results against manual expert segmentation results. In particular, we evalu-
ated our results using several comparison metrics to analyze the scar volume and scar
surface overlap. We also compared our CMF method to the conventional segmentation
methods, such as full-width-at-half-maximum (FWHM) and several signal-threshold-to-
reference-mean (STRM) methods. We showed that the CMF method outperformed con-
ventional scar segmentation methods in the majority of comparison metrics presented.
We performed several different statistical analysis for comparing the results of the afore-
mentioned algorithms and the manual scar segmentations. Ultimately, the CMF method
outperformed conventional methods by yielding the DSC of 72.18+8.51% when compared
to the DSC of 59.77£12.29% and 58.3£15% from FWHM and STRM 5-SD methods,
respectively. The scar volumes generated using the CMF method statistically agreed
with the scar volumes generated manually by medical experts.

To be able to understand the observer variability for manual scar segmentations, we
performed an inter and intra-observer variability analysis for scar segmentations from
3D LGE-MR images. We asked three different observers to segment a randomly selected
subset of five 3D LGE-MR images repetitively three times. To overcome the memory
bias, the observers were asked to perform the repetitions of the segmentations on different
days for the same patient. We calculated the volumes of manual scar segmentations
from each observer. The variations in scar volumes among three observers showed that
there were differences in segmented scar volumes among different observers. For the
intraobserver variability, the repetitive scar segmentations showed that each observer

had certain variability in their own delineations when they were asked to re-segment the
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scar on the same dataset three times on different days.

5.1.2 Summary of our Study on the Comparison of Scar Geometries using

2D and 3D LGE-MRI (Chapter 4)

In Chapter 4, to understand the differences in reconstructed geometry of scar gener-
ated using 2D vs 3D LGE-MRI, we compared manual scar segmentations using separate
datasets of twenty-four 2D and twenty-four 3D LGE-MR images. We noted that the
myocardial scar geometry obtained using 2D and 3D LGE-MR images differ, and the
reconstructed geometry of scar greatly influences the outcomes of VT simulations [49].
Our work was motivated by the fact that the previous studies although comparing the
2D and 3D LGE-MRI in regards to several cardiac metrics such as scar volume [53],
scar mass [53], SNR [83], and image acquisition times [53], have not explored the re-
constructed scar geometries. Therefore, we quantitatively analyzed the scar geometries
based on scar volume as well as the shape of scar geometries.

The computed shape metrics showed that the 3D LGE-MRI produced a more complex
scar structure; capturing the sparse nature of the scar, having fewer disconnected regions
and higher fractal dimension than the 2D LGE-MRI. The volume metrics revealed that
the 3D LGE-MRI produced a larger volume of the scar than the 2D LGE-MRI. Further,
we presented a statistical analysis of the manual scar and myocardium segmentations
to compare the volumes obtained from 2D and 3D LGE-MR images. According to the
Bland-Altman and student t-test, we found that there were no significant differences in
scar volumes generated using 2D and 3D LGE-MRI, and they could be used interchange-

ably.

5.2 Conclusion

In this thesis, we developed a continuous max-flow based image processing method for
segmenting the myocardial scar from thirty-four 3D LGE-MR images. In our evaluation

of accuracy in segmentation, the CMF method outperformed other widely used th meth-
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ods in terms of segmentation accuracy in almost all presented metrics. Using the CMF
method, we segmented the myocardial scar tissue within the borders of the pre-segmented
myocardium without any further user interactions. The proposed CMF method yielded
a mean DSC of 72+18% accuracy, outperforming the most commonly used methods for
scar segmentation including the FWHM and the STRM methods.

We also conducted a comparison study to analyze the myocardial scar geometries
obtained using twenty-four 2D and 3D LGE-MR images. We compared the differences
in reconstructed scar geometries created from 2D and 3D LGE MR images using several
metrics based on shape and volume of scar surfaces. Overall, our comparisons show
that the 3D LGE-MRI method captured a more complex scar geometry than the 2D-
reconstructed method which might be more helpful for interpreting the scar shape for
clinical applications. The 3D LGE-MRI presented a higher mean scar volume than the
2D LGE-MRI. This might be due to the large slice-thickness (8 mm) in the LGE-MR
images, which might lead to an oversight in the manual scar segmentation results. A
consensus of manual scar segmentations from several observers using 2D LGE-MRI might
yield varying results in terms of mean scar volume. Previous studies have investigated
only the differences in scar mass, scar volume, and statistical analysis between the scar
geometries generated from 2D and 3D LGE-MR images; therefore, this study is unique

in comparing the shape of scar surfaces obtained from 2D and 3D LGE-MR images.

5.3 Future Directions

Scar segmentation is a challenging task due to the complexity of medical images, varying
size and shape of scar structures, the presence of false positive scar structures, and the
relativity of image contrast due to patient differences in LGE-MRI. Therefore, researchers
make continuous efforts to develop algorithms which outperform other methods [36].
Since 3D LGE-MRI is capable of providing high-quality information beyond the human
eye can realize, there is a need to conduct even further computerized studies to unlock

the full potential of the 3D LGE-MR imaging in scar segmentation.
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5.3.1 Myocardium Segmentation

In our developed scar segmentation method, the largest drawback is the prerequisite of
the manually segmented myocardium. Automating the myocardium segmentation will
decrease the introduced human error and total time for the scar segmentation [82]. Atlas-
based segmentation methods are suitable for segmenting objects that have a certain shape
such as the donut-shaped heart myocardium or the skull of the brain. These methods can
create an average model of the heart by non-rigidly registering different patients’ heart
images into each other. Then, the resulted non-rigid registration map can be applied to
manual myocardial segmentations to align the labels with the registered heart images.
Finally, any new image (called target image) can be segmented by registering it to the
model heart (called atlas), which produces a label for the target image based on its
similarity to the atlas heart model.

To automatically segment the myocardium, we explored an atlas-based segmentation
method [113] on a random subset of twenty-four 3D magnetic resonance angiography
(MRA) images. Our atlas method yielded a DSC of 75% accuracy when compared to
the manual myocardium segmentations. However, our atlas method under-segmented
the myocardium along the endocardial boundaries, which caused our CMF algorithm
to miss the scar structures in these locations. Therefore, the scar segmentation results
dropped from 72% to 45% after applying the atlas segmented myocardium as a region of
interest to our CMF method. Due to the computational expenses of the atlas method,
we stopped doing further experiments for the automated myocardium segmentation. For
future work, an atlas-based myocardium segmentation method can be utilized with the
use of graphics processing units (GPU) for accelerating the registration step of the atlas

methods.

5.3.2 Machine Learning Techniques

Machine learning and deep learning methods have shown a tremendous potential for com-

puter vision and image segmentation applications. Although there are several recently
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developed methods exist in the scar segmentation using machine learning techniques
from the 2D and the 3D LGE-MR images, these methods either use a 2D LGE-MRI
[58] or perform on a small 3D dataset [109]. A machine learning method that has been
evaluated on a larger 3D LGE-MR image dataset to segment the myocardial scar is still
missing. Using several machine learning approaches, the 3D scar can be segmented for
future studies.

The convolutional neural networks (CNN) are the most popular machine learning
method that can be used for semantic segmentation tasks. The CNN models are capable
of automatically learning image features solely from the 3D LGE-MR images. These
models can learn an extensive number of features that are not intuitive or visible to the
human eye for solving this challenging segmentation problem. This feature of the CNN
can defeat other classical image segmentation methods; therefore, it is surely the next
step to pursue the myocardial scar segmentation studies.

To explore machine learning techniques for our scar segmentation task using the pre-
liminarily experimented CNN model, we randomly separated our 3D image dataset into
two for training and testing. We selected ten images out of thirty-four for training and
the remaining twenty-four images for testing. For training and testing, we used manually
segmented myocardiums to limit the region-of-interest for the CNN method. We then
used a sliding window approach to prepare the data for training. For this, we extracted
small overlapping images (7x7 squares of pixels) that we call patches. Each patch was
assigned a label. The label ’1’ is for scar and the label 0’ is for background based on
the majority of pixels belonging to either class within each patch. We trained our CNN
model on over a million image patches that we call samples. We tuned several hyperpa-
rameters for our CNN model. Table 9 shows the hyperparameters used for training the
network. We tested our model on a separated testing dataset of twenty-four patients.
We then computed a DSC accuracy metric between the CNN scar segmentation results
and the manual scar segmentations. The CNN method yielded a mean DSC of 68.9%

over twenty-four 3D LGE-MR images. Due to the time constraints we had, we stopped
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Table 9: Hyper-parameters of the preliminary CNN model for the myocardial scar seg-

mentation.

patch size window size epochs scar ratio scar definition ratio

1 7 20 30% 50%

exploring the machine learning techniques for the scar segmentation task using 3D LGE-
MR images. We believe that the machine learning techniques, CNN, in particular, will
be suitable for scar segmentation as well as the myocardium segmentation tasks from 3D

LGE-MR images in the near future.

5.3.3 Medical Image Segmentation Challenges

To solve the challenging medical image segmentation problems, several challenges have
taken place in recent years on different topics. In these challenges, given a clinically driven
motivation, such as scar segmentation, researchers are provided with common training
data to develop their algorithms on. After the submission of final algorithms, researchers
are given a new dataset to test their algorithms. These challenges are important since
they simulate the real-life clinical scenario where the data is always new and unexpected
for the pre-written medical image segmentation algorithms. As for the future directions,
several scar algorithm challenges in scar segmentation will be helpful to evaluate our scar

segmentation method.
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Appendixes

Results of 3D Algorithm Scar Segmentation Study from 3D LGE-
MRI

Appendix A.1 DSC Accuracy Results of Different Scar Segmentation Meth-

ods

Table 10: DCS (%) value of CMF, FWHM, STRM 2-SD,
3-SD, 5-SD, and 6-SD methods for over 34 patients.

pID CMF FWHM STRM 2-SD STRM 3-SD STRM 5-SD STRM 6-SD

1 80.297% 61.940% 73.670% 78.710% 51.980% 27.840%
2 83.494% 55.810% 73.930% 84.920% 71.000% 50.580%
3 67.885% 75.180% 7.970% 16.840% 55.810% 73.790%
4 57.011% 64.120% 32.550% 46.710% 61.640% 38.000%
) 65.500% 68.700% 35.650% 57.200% 65.250% 31.680%
6 64.028% 66.250% 37.680% 53.780% 68.380% 55.070%
7 79.015% 60.090%  39.440% 55.500% 75.290% 68.270%
8 64.008% 79.510% 33.240% 54.060% 79.080% 71.850%
9 78.695% 46.560% 80.680% 67.770% 19.890% 4.880%

10 66.309% 74.370% 34.230% 56.360% 68.360% 37.900%
11 68.278% 59.200% 18.600% 30.010% 55.900% 63.610%
13 67.422% 66.740% 18.900% 35.620% 65.710% 65.590%
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14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

MIN
MAX
MEAN
STD

79.188%
77.822%
65.885%
69.288%
56.618%
66.903%
68.984%
81.912%
79.204%
79.583%
79.095%
78.141%
75.430%
74.720%
74.755%
81.239%
67.930%
82.950%
79.652%
76.526%
47.899%

47.899%
83.494%
72.183%
8.511%

69.520%
54.310%
43.670%
27.650%
43.010%
76.770%
44.490%
66.660%
66.320%
76.890%
75.990%
56.490%
47.700%
42.580%
67.730%
47.000%
49.040%
61.260%
68.350%
69.060%
57.620%

27.650%
79.510%
60.230%
12.370%

62.060%
63.130%
46.020%
38.800%
3.390%

46.760%
78.190%
9.370%

44.080%
70.610%
51.360%
76.450%
58.660%
40.200%
43.790%
60.930%
11.860%
72.980%
48.210%
46.460%
14.350%

3.390%

80.680%
43.480%
23.100%

76.510%
77.780%
64.790%
56.240%
5.650%

67.910%
77.880%
18.060%
62.940%
80.540%
67.810%
78.090%
71.540%
60.940%
63.710%
75.520%
24.190%
81.850%
72.290%
62.610%
23.910%

5.650%

84.920%
56.320%
22.838%

57.640%
54.560%
54.900%
73.330%
17.090%
68.560%
57.790%
56.100%
74.300%
59.130%
76.820%
42.210%
64.870%
65.260%
63.000%
60.040%
49.630%
44.340%
60.500%
72.530%
49.170%

17.090%
79.080%
58.310%
15.192%

26.420%
30.710%
36.160%
71.990%
25.750%
43.190%
41.210%
68.750%
64.040%
32.320%
70.910%
18.700%
49.500%
43.960%
45.720%
37.300%
45.930%
19.090%
35.050%
56.190%
59.190%

4.880%

73.790%
45.520%
17.934%
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Appendix A.2 Scar Volumes using Different Segmentation Methods

Table 11: Volume values (cm3) of 34 3D LGE-MR im-
ages using Manual Scar, Manual LV, CMF, FWHM, and

STRM 3-SD methods .

pID Manual LV CMF FWHM STRM 3SD
1 41.59 219.2  40.73 20.03 45.97
2 25.42 183.97 18.66 10.08 31.79
3 3.48 202.83 598  4.87 39.83
4 19.9 198.22 35.61 20.78 57.94
5 16.95 23291 31.98 16.12 43.04
6 15.42 176.27 26.09 13.89 43.81
7 14.95 187.85 15.09 7.2 39.17
8 16.24 255.65 32.29 19.7 45.68
9 86.8 372.16 57.32 26.91 50.03
10 16.13 266.13 22.37 14.64 40.34
11 12.74 256.83 19.48 847 75.32
12 2.42 202.02 253 195 72.32
13 8.27 21234 114 812 38.72
14 35.3 231.67 39.73 25.19 48.16
15 34.28 256.97 24.75 13.6 39.36
16 49.73 352.57 35.64 14.38 51.32
17 20.16 196.88 847 4.39 50.49
18 1.75 229.75 2.1 2.28 09.27
19 26.67 215.21 4445 29.94 47.85
20 53.9 2523  31.53 15.75 51.79
21 8.91 344.12  10.36 5.88 91.43
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22 7.92
23 41.22
24 10.3
25 36.2
26 22.84
27 16.24
28 24.24
29 28.84
30 3.66
31 39.51
32 33.77
33 18.16
34 3.95
MIN 1.75
MAX  86.8
MEAN 2347
STD 17.88

145.76
195.87
104.71
211.09
269.97
217.85
296.05
190.01
214.8

240.35
265.15
194.63
131.16

104.71
372.16
227.15
57.09

6.89
40.67
9.96
27.27
15.92
7.99
33.78
25.48
3.17
36.79
38.96
24.73
11.93

2.1

57.32
23.53
14.21

5.72
31.75
8.14
16.29
7.75
5.24
19.21
10.18
3.01
18.64
24.57
14.85
8.38

1.95
31.75
13.47
8.12

17.97
48.26
18.89
37.17
32.91
34.28
40.87
40.34
24.29
43.29
53.04
40.08
32.04

17.97
91.43
44.91
14.73

Appendix A.3 Volume Error and Absolute Volume Error Values of Scar using

Different Segmentation Methods

pID

VE CMF

Table 12: Volume Error (VE) and Absolute Volume Er-

ror of 34 3D LGE-MR images using CMF, FWHM, and

STRM 3-SD methods.

VE FWHM VE STRM 3SD AVE CMF

AVE FWHM AVE STRM 3SD
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-0.85
-6.76
2.5
15.71
15.04
10.67
0.15
16.05
-29.48
6.24
6.73
0.11
3.13
4.43
-9.53
-14.09
-11.68
0.35
17.78
-22.37
1.45
-1.03
-0.55
-0.34
-8.93
-6.91
-8.25

-21.56
-15.34
1.39
0.88
-0.82
-1.53
-7.75
3.47
-59.89
-1.49
-4.27
-0.47
-0.15
-10.1
-20.69
-35.35
-15.76
0.53
3.27
-38.14
-3.03
-2.2
-9.47
-2.16
-19.91
-15.08
-11.01

4.39
6.37
36.35
38.04
26.09
28.39
24.23
29.45
-36.77
24.2
62.57
69.9
30.45
12.87
5.08
1.59
30.34
57.52
21.18
-2.11
82.52
10.05
7.04
8.59
0.97
10.08
18.04

0.85
6.76
2.5
15.71
15.04
10.67
0.15
16.05
29.48
6.24
6.73
0.11
3.13
4.43
9.53
14.09
11.68
0.35
17.78
22.37
1.45
1.03
0.55
0.34
8.93
6.91
8.25

21.56
15.34
1.39
0.88
0.82
1.53
7.75
3.47
99.89
1.49
4.27
0.47
0.15
10.1
20.69
35.35
15.76
0.53
3.27
38.14
3.03
2.2
9.47
2.16
19.91
15.08
11.01

4.39
6.37
36.35
38.04
26.09
28.39
24.23
29.45
36.77
24.2
62.57
69.9
30.45
12.87
5.08
1.59
30.34
57.52
21.18
2.11
82.52
10.05
7.04
8.59
0.97
10.08
18.04
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28
29
30
31
32
33
34

MIN
MAX
MEAN
STD

9.55
-3.37
-0.49
-2.72
5.19
6.57
7.98

-29.48
17.78
0.07
10.39

-5.03
-18.67
-0.65
-20.87
-9.19
-3.31
4.43

-59.89
4.43
-10
13.77

16.63
11.5

20.62
3.77

19.28
21.92
28.09

-36.77
82.52
21.45
22.44

9.55 5.03
3.37 18.67
0.49 0.65
2.72 20.87
5.19 9.19
6.57 3.31
7.98 4.43
0.11 0.15
29.48 59.89
7.56 10.82
7.01 13.12

16.63
11.5

20.62
3.77

19.28
21.92
28.09

0.97

82.52
23.73
19.93

Appendix A.4 Absolute Volume Percentage Error of Different Scar Segmen-

tation Methods

Table 13: Absolute Volume Percentage (%) Error of 34

3D LGE-MR images using CMF, FWHM, and STRM

3-SD methods.

pID  CMF (%) FWHM (%) STRM 3SD (%)
1 2.05% 51.84% 10.55%
2 26.59%  60.34% 25.05%
3 71.85%  39.80% 1044.25%
4 78.94%  4.43% 191.16%
5 88.73%  4.86% 153.98%
6 69.18%  9.90% 184.08%

129



10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

0.97%
98.86%
33.96%
38.65%
52.82%
4.59%
37.87%
12.56%
27.81%
28.34%
57.96%
19.81%
66.66%
41.50%
16.26%
13.05%
1.33%
3.27%
24.68%
30.27%
50.81%
39.39%
11.68%
13.52%
6.89%
15.37%
36.19%
201.90%

51.84%
21.36%
69.00%
9.26%
33.51%
19.53%
1.82%
28.62%
60.34%
71.08%
78.20%
30.08%
12.25%
70.77%
34.02%
27.72%
22.96%
20.96%
55.00%
66.04%
67.75%
20.74%
64.72%
17.67%
52.82%
27.23%
18.23%
112.24%

162.08%
181.38%
42.36%
150.02%
490.98%
2888.02%
368.08%
36.45%
14.82%
3.19%
150.52%
3285.24%
79.42%
3.91%
925.84%
126.94%
17.09%
83.40%
2.67%
44.13%
111.04%
68.64%
39.87%
563.19%
9.55%
57.08%
120.73%
711.17%
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MIN

0.97%

MAX  201.90%

MEAN  38.95%

STD

39.04%

1.82%
112.24%
39.32%
26.36%

2.67%
3285.24%
363.14%
739.94%

Appendix A.5 Scar/Left-Ventricle Volume Fraction Percentage of Different

Scar Segmentation Methods

Table 14: Scar/Left-Ventricle Volume Fraction (%) of 34
3D LGE-MR images using CMF, FWHM, and STRM

3-SD methods.

pID Manual (%) CMF (%) FWHM (%) STRM (%)
1 18.97% 18.58% 9.14% 20.97%
2 13.82% 10.14% 5.48% 17.28%
3 1.72% 2.95% 2.40% 19.64%
4 10.04% 17.96% 10.48% 29.23%
) 7.28% 13.73% 6.92% 18.48%
6 8.75% 14.80% 7.88% 24.85%
7 7.96% 8.03% 3.83% 20.85%
8 6.35% 12.63% 7.71% 17.87%
9 23.32% 15.40% 7.23% 13.44%
10 6.06% 8.41% 5.50% 15.16%
11 4.96% 7.58% 3.30% 29.33%
12 1.20% 1.25% 0.96% 35.80%
13 3.90% 5.37% 3.83% 18.24%
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14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34

MIN
MAX
MEAN
STD

15.24%
13.34%
14.11%
10.24%
0.76%
12.39%
21.36%
2.59%
5.43%
21.04%
9.84%
17.15%
8.46%
7.46%
8.19%
15.18%
1.70%
16.44%
12.74%
9.33%
3.01%

0.76%
23.32%
10.01%
6.16%

17.15%
9.63%
10.11%
4.30%
0.91%
20.65%
12.50%
3.01%
4.72%
20.76%
9.52%
12.92%
5.90%
3.67%
11.41%
13.41%
1.47%
15.31%
14.69%
12.71%
9.09%

0.91%
20.76%
10.31%
5.66%

10.87%
5.29%
4.08%
2.23%
0.99%
13.91%
6.24%
1.71%
3.93%
16.21%
7.78%
7.72%
2.87%
2.40%
6.49%
5.36%
1.40%
7.76%
9.27%
7.63%
6.39%

0.96%
16.21%
6.04%
3.56%

20.79%
15.32%
14.56%
25.65%
25.80%
22.24%
20.53%
26.57%
12.33%
24.64%
18.04%
17.61%
12.19%
15.74%
13.81%
21.23%
11.31%
18.01%
20.01%
20.59%
24.43%

11.31%
35.80%
20.07%
5.52%
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Results of 2D vs 3D Manual Scar Segmentation Study

Appendix A.6 Volumes of Manual Scar and Myocardium Segmentation Re-

sults
Table 15: Volumes of Manual Scar and Myocardium Seg-
mentations using twenty-four 2D and 3D LGE-MRI. The
myocardium is referred as LV below. The volumes of
scar and myocardium are calculated in em?®. The mini-
mum, maximum, average and standard deviation values
are presented for 24 patients data. The normalized scar
volumes are calculated as fraction of scar volume and
myocardium value, and multiplied by 100.
PID 3D Scar 3D LV 3D Scar/LV 2D Scar 2D LV 2D Scar/LV
(em®)  (em®) (%) (em®)  (em®) (%)
1 16.3 187.85 8.68% 19.55 78.86 24.79%
2 18.65 255.65 7.30% 39.36 116.63 33.75%
3 92 371.25 24.78% 58.54 185.81 31.51%
4 22.82 266.13 8.57% 26.32 123.25 21.35%
5 4.22 202.02 2.09% 22.08 159.65 13.83%
6 11.28 212.34 5.31% 15.26 123.01 12.41%
7 57.29 351.92 16.28% 11 179.1 6.14%
8 2.36 229.75 1.03% 18.36 135.06 13.59%
9 28.68 213.03 13.46% 16.33 159.49 10.24%
10 59.87 252.04 23.75% 32.57 132.44 24.59%
11 9.99 344.12 2.90% 8.8 192.28 4.58%
12 10.39 145.76 7.13% 11.33 70.28 16.12%
13 47.15 19587  24.07% 34.88 115.26 30.26%
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14 11.77 104.71 11.24% 19.86 68.02 29.20%
15 39.91 211.09 18.91% 23.75 80.23 29.60%
16 25.34 269.97 9.39% 22.44 118.34 18.96%
17 21.9 216.04 10.14% 32.19 94.22 34.16%
18 25.74 296.02 8.70% 12.91 104.32 12.38%
19 30.25 190.01 15.92% 15.67 100.1 15.65%
20 5.9 214.37 2.75% 4.14 111.42 3.72%
21 44.51 240.09 18.54% 14.72 146.44 10.05%
22 39.1 265.15 14.75% 12.02 156.07 7.70%
23 20.11 194.63 10.33% 22.09 118.3 18.67%
24 5.11 131.16 3.90% 5.17 83.77 6.17%
min  2.36 104.71 1.03% 4.14 68.02 3.72%
max 92 371.25 24.78% 58.54 192.28 34.16%
mean 27.11 231.707  11.25% 20.806 123.015  17.89%
std 21.504 65.291 7.10% 12.147 35.84 9.80%

Appendix A.7 Shape Metrics of Manual Scar and Myocardium Segmentation

Results
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Table 16: Shape metrics of manual scar segmentations
from 2D and 3D LGE-MRI using twenty-four LGE-MRI.
The fractal dimensions (FD) reported between 1 and 3.
The number of connected components is (NCC) calcu-
lated for 2D and 3D. The minimum, maximum, average
and standard deviation values are presented for 24 pa-

tients data.

PID 3D FD [1-3] 2D FD [1-3] 3D NCC (count) 2D NCC (count)
1 2.19 1.89 3 2
2 2.15 2.17 7 2
3 241 2.08 81 7
4 2.17 1.95 36 4
) 2 2.01 15 8
6 2.1 1.81 9 9
7 2.17 1.73 5 12
8 2.13 1.7 2 19
9 2.34 1.65 5 13
10 2.33 1.91 1 7
11 2.29 1.49 11 3
12 2.14 1.95 5 4
13 2.27 1.94 2 5
14 2.13 1.95 3 5
15 2.32 2.03 1 4
16 2.31 1.85 2 5
17 2.2 2.08 1 5
18 2.2 1.74 5 5
19 2.35 1.95 2 7
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20 2 1.48 1 6

21 2.3 1.62 2 5

22 2.26 1.67 5 8

23 2.18 2.02 4 2

24 1.94 1.7 5 4
min  1.944 1.48 1 2
max  2.409 2.174 81 19
mean 2.204 1.849 8.875 6.292
std 0.12 0.188 17.005 3.906
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