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Abstract

Atrial fibrillation (AF), characterised by rapid and irregular electrical activity in the
upper chambers of the heart, is the most common sustained heart rhythm disturbance. AF
is a leading cause of hospitalisation worldwide and a significant risk factor for heart failure
and stroke. AF ablation procedures aim to isolate or disrupt the electrical activity sustaining
AF in order to restore the normal rhythm of the heart. However, these ablation treatments
remain suboptimal with limited success rates, particularly with long-term follow-up. This
outcome is primarily due to a lack of basic understanding of the underlying atrial structure,
particularly features of atrial geometry and fibrosis, the hallmark of structural remodelling,
that directly sustain AF. Additionally, there is an absence of effective tools to create virtual
patient-specific heart models and to provide accurate locations for more targeted ablation.

Late gadolinium contrast-enhancing agents are used in 30% of all MRI (LGE-MRI) scans
worldwide to improve the visibility of structures often associated with disease, such as
fibrosis (scar tissue). Recent clinical studies using LGE-MRI suggest that atrial scar tissue is
an important contributor to the structural substrate for AF, even in patients without cardiac
comorbidities. The series of multi-centre, prospective, observational cohort studies from
the University of Utah have demonstrated that non-invasive evaluation of left atrial (LA)
fibrosis using LGE-MRI is independently associated with ablation outcomes in patients
with AF. More importantly, they have developed an LGE-MRI guided patient selection
approach using fibrosis extent and distribution assessment for patient stratification to either
targeted AF ablation or medical management.

In current medical practice, atrial segmentation from medical images for clinical diagno-
sis and treatment is performed by manual tracing of the atrial structures from LGE-MRIs.
This process is often described as time-consuming, labour-intensive and error-prone, lack-
ing reproducibility and scalability. However, direct automatic segmentation and analysis of
the atrial structures from LGE-MRIs are challenging due to the complex atrial geometry,
attenuated contrast and low spatial resolution of the in vivo LGE-MRIs, limiting the accuracy
of traditional segmentation algorithms.

In this thesis, we proposed and extensively tested a novel deep learning approach using
a two-stage convolutional neural network architecture for direct automatic segmentation
of the LA and fibrosis. First, we proposed an in-depth investigation of the conventional
methods, along with state-of-the-art deep learning approaches to perform LA segmentation.
This analysis extensively investigated the essential aspects of LA segmentation using deep
learning, the various existing approaches and their respective shortcomings. Based on the
results and insights of our investigations, we successfully developed and optimised a robust
deep learning model to perform automatic LA segmentation using the largest LGE-MRIs
dataset currently available (from the University of Utah). Then, we assessed the efficacy of
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our deep learning approach by testing it on a differential clinical dataset, translating from
research development to clinical application. For this purpose, we recruited 11 patients
with AF from Waikato Hospital scheduled for AF ablation to undergo LGE-MRI. Finally,
we conducted a detailed analysis of four different established methods for automatic scar
tissue segmentation from LGE-MRIs, and compared the results obtained with our deep
learning results when applied for LA fibrosis segmentation.

This study demonstrates a promising framework to provide a 3D virtual heart including
the characterisation of the key structural remodelling features implicated in AF directly
from clinical LGE-MRIs. Our investigations successfully lead to the development of an
efficient and robust deep learning approach for automatic LA segmentation and provide
critical insights regarding the evaluation of fibrosis extent in the LA wall. This study also
presents a sound basis for further investigations into new research questions regarding
LA and fibrosis segmentation using a deep learning model. The conclusions from our
computational framework may serve as an immediate foundation for future work on
AF patient stratification, potentially patient-tailored diagnosis, ablation treatment and
prognosis, to treat the most common cardiac arrhythmia seen in clinics more effectively.
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Preamble

Research motivations and objectives

Atrial fibrillation (AF) is the most common sustained heart rhythm disturbance, charac-
terised by chaotic electrical activity in the upper chambers of the heart called the atria.
The current overall prevalence of AF is estimated at 2% to 5% of the general population
worldwide (≈33 million people) and this number is projected to grow 2.5 fold by 2050,
thereby becoming a global epidemic.

In AF, the erratic electrical activity in the atria leads to the loss of coordination between
atrial and ventricular contraction, compromising cardiac pump function. This impaired
contractile activity in AF can lead to blood stagnation and the creation of blood clots in the
atria, resulting in a five-fold increased risk of ischaemic stroke. The quality of life of patients
suffering from AF may be greatly impacted, by causing shortness of breath, physical distress
and limited exercise performance.

There are three broad types of clinical treatment for AF: (1) pharmacological approaches
for rate and rhythm control; (2) electrical cardioversion; and (3) catheter ablation. While
the first two often lose their effectiveness over time, a consensus has been reached that
ablation is the best approach for drug refractory patients with paroxysmal AF – episodes of
AF self-terminating within days. However, the ablation treatment for the persistent forms
of AF is disappointing with long-term success rate for single ablation procedures of < 30%.

The main reason for the poor performance of current ablation for persistent AF is the lack
of basic understanding of the underlying atrial substrate which sustains AF in the human
atria. In particular, there is compelling evidence that structural remodelling of the atria,
such as an increase of the atrial chamber dimensions and an over-deposition of collagen,
called fibrosis, contributes to the risk of AF. Recent clinical studies using late gadolinium
enhancement MRI (LGE-MRI) have demonstrated that the amount and distribution of
fibrosis can predict ablation outcomes and may be used to identify lesion sets that improve
ablation success. For decades researchers have proposed various methods for automatic left
atrial (LA) structural analysis, such as segmentation, without reaching sufficient accuracy,
reproducibility and scalability to be implemented in clinical practice.
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Fundamentally, this study is motivated by the need to better understand the atrial
structural remodelling implicated in AF. In particular, this study aims to address this
predicament by developing a robust automated approach capable of providing accurate 3D
reconstructions of AF patients’ LA, including the fibrotic tissues, from clinical LGE-MRIs.
Using the latest deep learning technologies to develop our approach, this framework is
intended to provide the accurate structural information needed for reliable patient selection
in clinics, and potentially help with AF ablation planning, diagnosis and prognosis. To
achieve our goal, this study revolves around four essential objectives:

• OBJECTIVE 1: Provide a critical review and in-depth analysis of the current state-of-
the-art methods for atrial segmentation.

• OBJECTIVE 2: Develop an optimised deep learning approach for automated LA
segmentation from LGE-MRIs.

• OBJECTIVE 3: Assess the proficiency of our proposed deep learning approach for
automated LA segmentation using an independent clinical dataset (Waikato Hospital).

• OBJECTIVE 4: Develop and validate an optimised approach for automated identifica-
tion, quantification and segmentation of LA scar tissue in patients with AF.

Thesis outline

Chapter 1 provides a detailed background review regarding the heart in the context of AF.
In particularl, this chapter presents heart function, atrial anatomy and electrical activity
in the atria. Attention has been brought to describe in detail the structural and electrical
remodelling mechanisms involved in the initiation and maintenance of AF. Finally, relevant
treatment modalities are explained.

Chapter 2 details the principles of physics and the technology involved in the acquisition of
LGE-MRI images necessary to extract structural remodelling information, such as fibrosis,
in the LA.

Chapter 3 is dedicated to explaining the fundamental basis of deep learning and convolu-
tional neural networks employed to develop our automated approach for LA segmentation.

Chapter 4 presents an in-depth review of the various traditional methods to perform LA
segmentation. Moreover, in this chapter we propose a critical analysis of various deep
learning approaches and their diverse components used for LA segmentation.
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Chapter 5 details the development, optimisation and detailed performance analysis of our
fully automated two-stage deep learning approach to accurately and robustly segment the
LA cavity, wall and epicardium.

Chapter 6 is dedicated to the description of our translational study to assess the proficiency
of our deep learning approach for LA segmentation applied to clinical cases. Additionally,
this chapter also addresses five different methods for fibrosis assessment including our
deep learning approach.
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Chapter 1

The Heart & Atrial Fibrillation

Introduction

The heart [...] is the beginning of life; the sun of the microcosm [...] for it is the

heart by whose virtue and pulse the blood is moved, perfected, made apt to

nourish, and is preserved from corruption and coagulation; it is the household

divinity which, discharging its function, nourishes, cherishes, quickens the

whole body, and is indeed the foundation of life, the source of all action. –

William Harvey, 1628[1].

Understanding the function of the human body is an ongoing challenge that researchers
around the world are eager to unravel. The heart is a particularly important part of that
challenge. Throughout history, it has fascinated biologists, physicians and artists and today
there is still much to learn about this critical component of the human machine. The heart
and circulation together constitute the cardiovascular system. The heart is a pump and,
each time it beats, it sends blood to the organs, tissues, and cells of the body. It does so in
an interrupted fashion, on average 75 times per minute. That is, the heart beats 108 000
beats in one day, 39 million times each year and more than 3 billion times over an 80-year
lifespan. Oxygenated blood from the heart is pumped throughout the body via a complex
network of arteries, arterioles, and capillaries distributing oxygen and nutrients to every
cell and collecting the carbon dioxide and waste products created by them. Deoxygenated
blood is returned to the heart through venules and veins.

1.1 Anatomy of the heart

The human heart is the size of a fist and the shape of a pinecone, and is medially located
within the thoracic cavity between the lungs in the mediastinum. The heart is situated
behind the sternum and the rib cage, above the diaphragmatic cupola, below the trachea
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FIGURE 1.1: Position of the heart in the thorax (anterior view). The heart is located
within the thoracic cavity, medially between the lungs in the mediastinum. It is about

the size of a fist, is broad at the top, tapers toward the base[2].

and the great vessels, in front of the posterior mediastinum and the oesophagus (Figure 1.1).
The mammalian heart is composed of four chambers: the two upper chambers are referred
to as atria, and the two lower chambers are called ventricles. As shown in Figure 1.2, the
muscular walls of atria and ventricles are each bounded by a common septal wall that forms
two separate pumps. The right heart directs blood flow through the pulmonary circulation
and the left drives blood flow in the systemic circulation. Representative dimensions for all
four cardiac chambers in the human heart are given in Table 1.1. and indicate that atrial
and right ventricular free wall thickness is considerably less than that of the left ventricle
(LV), which pumps blood the systemic arterial system and develops pressures around 120
mm Hg.

Standard cardiac chambers measurements
RA LA RV LV

Volume (mL/m2) 21.9 ± 7.1 27.1 ± 7.5 43.5 ± 11.5 51.8 ± 12.5
Long axis length (mm) 45.9 ± 5.4 47.6 ± 5.5 67.8 ± 8.0 95.0 ±17
Short axis length (mm) 36.1 ± 5.6 26.61 ± 3.21 28.0 ± 5.5 44.3 ± 4.8
Wall thickness (mm) 3.3 1.89 ± 0.48 4 ± 1 8.8 ± 1.5

TABLE 1.1: Standard cardiac chambers measurements. The volumes and the long and
short axis length were assessed by echocardiography. The volumes were indexed to the
BSA (Body Surface Area mL/m2). Volume calculation for the atria has been done using
the area-length method. Volume calculation for atria and ventricles has been done on
the apical four-chamber view. The ventricular volume reported was the end-diastolic
volume (mL) when ventricles are filled with blood[4][5]. The wall thickness for the atrial
chambers were measured on MRI images[6][7][8]. Abbreviations: RA: Right atrium, LA:

Left atrium, RV: Right ventricle, LV: Left ventricle.
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FIGURE 1.2: Anatomical details of the human heart (anterior view). The heart can
be described with its four chambers: right and left atria and ventricles (RA, LA, RV
and LV). During the cardiac cycle, the blood is pumped from the systemic circulation
filling the right atrium through the superior and the inferior vena cava. Then, the
non-oxygenated blood is distributed to the right ventricle following the opening of the
tricuspid valve. During the systole, the right ventricle contracts and pumps the blood
toward the lungs to be oxygenated. The pulmonary valve controls the blood flow,
preventing the non-oxygenated to flow back to the right ventricle. After oxygenation,
the blood is carried to the LA serving as a conduit for the blood flow to the left ventricle
following the opening of the mitral valve. During the systole, the filled left ventricle
will send the oxygen-rich blood to the systemic circulation through the ascending aorta
to provide oxygen and nutriment to the body. The aortic valve prevents the flow back

of the blood into the left ventricle[3].

1.1.1 Atrial chambers

The right and left atria (RA and LA) are small chambers (Figure 1.3, Table 1.1) separated
by the interatrial septum and located in the upper part of the heart above their respective
ventricles (supra-ventricular position). The central role of the atria is to modulate ventric-
ular filling. They have three distinct yet linked roles: the function as a reservoir during
ventricular systole, as a conduit during early ventricular diastole (passive ventricular filling)
and as a booster pump to complete ventricular filling during late ventricular diastole[9].

Deoxygenated blood from the systemic circulation passes into the RA via the superior
and inferior vena cava, is tranferred to the right ventricle (RV) and then pumped into the
pulmonary circulation. At the same time, oxygen-rich blood from the lungs enters the
LA via the pulmonary veins (PVs) and is distributed to the systemic circulation by the LV
(Figure 1.3). Unidirectional flow through right and left hearts is ensured by the operation of
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the inlet valves (tricuspid and mitral vaves, respectively).
The two atrial chambers differ in shape and have distinct features, but they also share

similar anatomical features including a venous portion, an appendage and a vestibule that
leads to the atrioventricular valves. In the upper part, the venoatrial junction delineates the
beginning of the atrial chambers with the entrance of the caval veins for the RA, and the
PVs for the LA. At the bottom, the LA and RA terminate at the fibro-fatty tissue plane that
defines the atrioventricular junction. In many hearts, left atrial myocardium extends into
the PVs forming muscular sleeves adjacent to the veno-atrial junctions. These muscular
sleeves are associated with focal activity that can initiate atrial arrhythmias[10].

THE RIGHT ATRIUM

The right atrial appendage (RAA) is relatively large in the human heart, and has a
triangular shape with the body projecting anteriorly and an apex pointing superiorly.

The crista terminalis (or terminal crest) is a muscle bundle visible on the RA endocardium
that delineates the border between the smooth medial wall of the venous component and
the rough lateral wall of the RAA. It extends on the posterior side from the antrum of the
superior vena cava to the cavotricuspid isthmus near the entrance of the inferior vena cava
(Figure 1.3). This anterior region is targeted during catheter ablation to treat common atrial
flutter[11]. The sinus node (also called the sinoatrial node, SA node) can be found in the
crista terminalis musculature at the anterolateral junction of the superior vena cava, and
short extensions of the SA node can be found in the atrial myocardium.

The foramen ovale is a vestige of the transeptal shunt that allows fetal blood to enter the
LA from the RA. This closes after birth, but this region of the septal wall is very thin and is
the preferred site for septal puncture which allows catheters to be passed from the RA to
the LA[11].

Close to the septum, the valve of the coronary sinus, called the Thebesian valve, can
be found on the posterior, inferior surface of the heart, medial to the inferior vena cava
opening, just superior to the septal leaflet of the tricuspid valve. Alongside, the AV node is
situated anteriorly to the coronary sinus orifice and turned upwards and medially. Finally,
a smooth-walled vestibule leads to the tricuspid valve and composed of three leaflets of
fibro-fatty tissue marks the outlet of the RA.

THE LEFT ATRIUM

The LA endocardial surface is relatively smooth but there are extensive trabeculated
regions with complex networks of pectinate muscles and marked regional variation in
wall thickness. Systematic dissection has also revealed a convoluted arrangement of atrial
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myocytes throughout the LA wall with characteristic and sometimes abrupt changes in
orientation[12][13].

The left atrial appendage (LAA) is distinctly smaller than the RAA and its morphology
varies considerably from person to person. It is heavily trabeculated and tends to have a
tubular shape with one or several bends.

Four PVs commonly enter the posterior roof of the LA with two from the right lung and
two from the left lung (Figure 1.3). However, variations exist and patients may present with
five PV orifices ( 17% of 35 hearts studied) or a conjoined PVs either on the left or right side
(9% of the population)[14]. As for the caval veins, LA myocytes extend into the PV sleeves
and can give rise to spontaneous electrical activity associated with atrial fibrillation (AF)[10].

FIGURE 1.3: Illustration of the right and left atrial chambers. Abbreviations: RA, right
atrium; LA, left atrium; RAA, right atrial appendage; LAA, left atrial appendage; SVC,
superior vena cava; IVC, inferior vena cava; CS, coronary sinus; RSPV, right superior
pulmonary vein; RIPV, right inferior pulmonary vein; LSPV, left superior pulmonary

vein; LIPV, left inferior pulmonary vein[15].

1.2 The cardiac cycle

The mechanical events of the cardiac cycle are driven by sequential contraction of cardiac
muscle in the walls of the atria and ventricles. This is triggered by the depolarization of these
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muscle cells and, for this reason, the mechanical events are related to the electrocardiogram
(ECG), a body surface electrical recording that reflects the electrical activation of the heart.

FIGURE 1.4: Normal electrocardiogram representing the chronological sequence of the
heart activation along the myocardium. The P wave represents the electrical signal in
the atria. The QRS complex represents the depolarisation of the ventricles. The T wave
represents the repolarisation of the ventricles. The different segments and interval are

landmarks for diagnosis[2].

Key components of the ECG are as follows:

1 – P wave: The P wave represents the spread of depolarization, across the atria (Figure
1.4, Figure 1.5).

2 – The PR segment: The PR segment is the flat, usually isoelectric, segment between the
end of the P wave and the middle of the QRS complex. The PR segment reflects the
conduction delay imposed by the atrioventricular node (AV node) between the atria
and the ventricles.

3 – QRS complex: The QRS complex coincides with the onset of ventricular contraction.
The first negative deflection is the Q wave, the first positive deflection the R wave,
and any subsequent negative deflection is called an S wave.

4 – The ST segment: The ST segment is the flat isoelectric between the end of the S wave
and the beginning of the T wave (Figure 1.4). The ST period represents the time
interval between ventricular depolarisation and repolarisation.

5 – T wave: The T wave is the positive deflection after each QRS complex on the ECG.
The T wave reflects the repolarisation of the ventricles.

With ventricular contraction, the mitral and tricuspid valves close, initiating the iso-
volumetric contraction of the ventricles (Figure 1.4, Figure 1.5). Intraventricular pressures
increase until they exceed the pressures at the root of the aorta and pulmonary artery.
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The aortic and pulmonary valves open, and blood is ejected into systemic and pulmonary
circulations (Figure 1.5). During the latter stages of ventricular systole, pressure at the
origin of aorta and pulmonary artery is marginally less than the corresponding ventricular
pressure, but the valves remain open due to the velocity of the blood blowing through them.
With the onset of ventricular repolarisation, mechanical relaxation begins and ventricular
pressures fall. Aortic and pulmonary valves close as blood flow reverses and isovolumetric
relaxation occurs. This continues until the pressures in the RA and LA exceed those in the
RV and LV, respectively. Tricuspid and mitral valves then open with an initial rapid transfer
of blood from atria to ventricles followed by slower filling of both atria and ventricles later
in diastole. Atrial contraction boosts the volume of the ventricles and leads to closure of
tricuspid and mitral valves. Atrial depolarisation occurs during the ventricular systole, but
this is masked in the ECG by ventricular electrical activity. Atrial volumes increase during
ventricular systole as blood returns to the heart via pulmonary and systemic veins. This
together with the kinetics of atrial and ventricular motion during ventricular contraction
and relaxation ensure rapid and substantial transfer of blood between these chambers
immediately after isovolumetric ventricular relaxation. Finally, it should be noted that
electrical and mechanical events are not synchronous with characteristic delays between
them in both right and left hearts[2].

1.3 Atrial fibrillation

Cardiovascular diseases impact the lives of millions of people every year. With more than
830,000 deaths in the United States (US) reported in 2015[17], cardiovascular diseases are
the leading cause of death worldwide[18]. Amongst cardiovascular diseases, AF is the
most common arrhythmia diagnosed in medical practice[19], affecting 33.5 million people
worldwide (an estimated 20.9 million males and 12.6 million females[20]) who may have
their quality of life greatly diminished[21]. Furthermore, AF is expected to affect an estimated
6-12 million people in the US by 2050 and 17.9 million in Europe by 2060[20][22][23]. Thus AF
is described as a new epidemic and has become over the years a new major public health
concern[21].

1.3.1 Definition and classification of atrial fibrillation

AF is a supraventricular tachyarrhythmia characterised by disorganised electrical signals
in the atria and consequent deterioration of the mechanical heart function. More precisely,
AF is characterised by a rapid and chaotic atrial activation, generating impaired atrial
contractions reaching 400 to 600 beats/minute[24] out of coordination with the ventricles.
As a consequence, the filling of the ventricles by atrial contraction may be incomplete.
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FIGURE 1.5: Representation of the mechanical and echocardiographic events in the
cardiac cycle. In this representation the cardiac cycle begins with atrial contraction; the
top part represent the evolution of the pressure within the different part of the heart;
the bottom part indicate the concordant electrocardiogram. Finally, the right panel

provide a graphic representation of the different phase of the cardiac cycle[16].

Impaired atrial mechanical function increases the probability of blood stasis in the atria,
notably in the LAA, leading to blood clot formation. Then, these clots can potentially
be transported in the systemic bloodstream and get lodged in a brain artery, causing a
stroke. Studies have shown patients with AF to be at high risk for thromboembolism with a
five-fold increased risk for stroke[25]. AF is also associated with a number of cardiovascular
comorbidities including heart failure, hypertension, coronary heart disease and ischaemic
heart disease. Other non-cardiovascular conditions such as sepsis, obstructive sleep apnoea,
diabetes, obesity, and chest infection may also be important factors for AF initiation and
maintenance[26]. For the diagnosis of AF, diverse features can be identified on ECG as
shown in Figure 1.6:

1 – No distinct P waves on the surface ECG, abolished by the rapid and irregular atrial
activity.

2 – Altered baseline displaying fibrillatory waves (f-waves) due to the quivering electrical
activity form the disordered atrial depolarisation visible in AF.
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3 – Irregular R-R intervals, due to the ventricular response affected by the irregular firing
activity in the atria being variably conducted through the AV node.

4 – Atrial cycle length (when visible) that is usually less than 200ms, representative of the
tachycardia.

FIGURE 1.6: Representation of normal and diseased ECG for AF. A) A normal ECG
presenting different features of the electrocardiogram (SA node firing, P-wave, QRS
complex, T-wave. B) Altered electrocardiogram presenting the different characteristics
of AF (absence of P-wave, irregular QRS complex and fibrillatory wave (f-wave) on

the baseline)[21].

AF is also characterised by its initial episodic nature, with some irregularities in the
atrial activity that might later evolve into a more complex form and become AF. An AF
episode can be described as an arrhythmia that has the ECG characteristics of AF and lasts
for at least 30 seconds[27].

Several factors are to be taken into account when defining the type of AF during diagno-
sis. Based on duration, presentation, spontaneous termination of AF episodes, five types of
AF are identified in the 2016 ESC Guidelines for the management of atrial fibrillation[28]:

1 – First diagnosed AF: Every patient showing AF characteristics on their ECG for the
first time, regardless of the duration of the arrhythmia or the presence and severity of
the AF-related symptoms.

2 – Paroxysmal AF: AF which terminates spontaneously within seven days. In most
paroxysmal cases, the episode self-terminates within 48 hours.

3 – Persistent AF: AF is considered to be persistent when it (or recurrent AF episodes)
last longer than seven days.
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4 – Long-standing persistent AF: Continuous AF lasting for more than a year and for
which rhythm control therapy is adopted.

5 – Permanent AF: The presence of AF is accepted by the patient and the physician, no
further attempts will be made to restore or maintain sinus rhythm.

The latter category represents a therapeutic attitude from the patient and their physi-
cian and is not inherent of any pathophysiological attribute of the AF. Moreover, the 2017
HRS/EHRA/ECAS/APHRS/SOLAECE expert consensus statement on catheter and surgical abla-
tion of atrial fibrillation adds a sixth category, named ’silent AF’, to define the asymptomatic
AF diagnosed by an opportune ECG examination.

1.3.2 Mechanisms of atrial fibrillation

Despite extensive research over the years, mechanisms responsible for triggering and
maintenance of AF are still poorly understood and multiple theories have been advanced
to explain both. Generally speaking, AF is thought to require a trigger to be initiated, and a
substrate to maintain the arrhythmia.

Triggers can be described as events or actions susceptible to initiate an episode of
AF. While the underlying mechanisms of the initiation of AF episodes are not completely
identified, Groh et al. study explained that the most commonly reported triggers for patients
with paroxysmal AF are alcohol (35%), caffeine (28%), exercise (23%), and the lack of sleep
(21%)[29]. Moreover, various co-morbidities such as obesity, sleep apnoea or hypertension
can increase the susceptibility of the atrial tissue for spontaneous depolarisation ectopic
activity triggering AF episodes[27][30].

Substrates can be defined as the numerous elements that support AF maintenance,
including atrial chamber enlargement, LA wall thickness, fibrosis extent and distribution,
and irregular conduction[31]. These substrates can be generated by the atrial structural and
electrical remodelling caused by AF and by a range of other heart disease[32][33], but also by
other factors through genetic predisposition[34], or altered regulation by neurohormonal
factors.

Over time, AF progresses from a ’trigger-driven’ paroxysmal form to a more ’substrate
mediated’ arrhythmia leading to persistent AF. Some studies have described two principal
mechanisms responsible for the maintenance of AF and therefore implicated in the progres-
sion of the arrhythmia: (1) the irregular fibrillatory activity could be produced by one or
more rapidly firing ectopic atrial foci, and (2) AF can also be maintained by one or a small
number of re-entry circuits that may produce rapid local depolarisation, leading to atrial
fibrillatory activity causing AF[35][36][37] (Figure 1.7).
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FIGURE 1.7: Representation of three mechanisms responsible for the maintenance
of AF. A) A rapidly discharging atrial focus. B) A primary re-entrant rotor, C) The

multiple re-entry wave mechanism[21].

ATRIAL ECTOPIC FOCI

The atrial ectopic foci hypothesis proposes that single or multiple sources of depolarisa-
tion, other than the SA node, can trigger AF in a prone arrhythmia tissue context, leading
to very high-frequency electrical activity (>300-400 bpm) and overdriving the SA node
depolarisation pace. In 1998, Haissaguerre et al. explained that these ectopic foci could
originate from atrial muscular extensions in the PV sleeves[10], and later research studies
confirmed that 85-95% of paroxysmal AF is initiated by PV foci[38].

One of the mechanisms that can trigger spontaneous atrial ectopic activity arises from
an early afterdepolarisation (EAD)[39]. EADs are abnormal depolarisations during phase 2
or phase 3 of an action potential. They are mainly caused by a prolongation of the action
potential duration (APD), allowing the L-type Ca2+ channel to recover from inactivation.
If the cell is still sufficiently depolarised, the L-type Ca2+ channel can open, leading to an
influx of Ca2+ in the cell. The opening of the Ca2+ channels then generates an inward Ca2+

current, inducing the firing of a spontaneous action potential, namely EAD (Figure 1.8A).
Another mechanism that can fire atrial ectopic activity is called ’delayed afterdepolari-

sations’ (DADs)[40]. DADs are abnormal spontaneous depolarisations that occur during
phase 4 in cardiomyocytes after the end of normal action potential repolarisation. After
repolarisation, the ryanodine receptor (RyR) on the sarcoplasmic reticulum (SR) membrane
is usually closed. However, if the SR is overloaded or the RyR receptor is defective, the
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latter can release Ca2+ from the SR store into the cytoplasm. This Ca2+ increased in the
cytoplasm leads the activation of the sodium-calcium exchanger (NCX), exchanging 1Ca2+

outward with 3Na+ inward, leading to a positive net flux entering the cell causing an inward
current. This inward current is called transient inward current, generating a DAD, and can
be sufficient to fire an action potential (Figure 1.8B).

FIGURE 1.8: Representation of DADs and EADs, triggers of AF. A) Representation of
an EAD caused by a prolonged ADP leading to L-Type Ca2+ channel to recover from
inactivation and re-open generating, in fine, an early afterdepolarisation. B) Illustration
of a DAD generated after Ca+2 release from the SR due to either SR overload or
defective ryanodine receptor, causing activation of the NCX exchanger introducing
positive charge in the cytoplasm, generating a transient inward current responsible
for the DAD and eventually an ectopic AP in the atrium. Abbreviations: EAD, early
afterdepolarisation; DAD, delayed afterdepolarisation; APD, action potential duration;

NCX, Sodium-calcium exchanger[41].
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RE-ENTRY CIRCUITS

The fibrillatory activity of AF can also be due to chaotic activation of the myocardium.
The re-entrance mechanism occurs when the electric signal travels continuously in a circuit
fashion, generating a self-perpetuating rapid and abnormal activation. One of the simplest
ways to describe re-entry circuits follows the ’leading-circle model’. This theory was first
enunciated in 1977 by Allessie et al.[42], proposing a model involving a unidirectional ac-
tivation wave continually rotating around a non-excitable centre. The centre is either a
tissue patch unable to activate, such as a scar, or rendered constantly refractory because the
rotating circuit deprives it of any excitable gap. Therefore, the centre forms a functional
barrier, sustaining the re-entry by anchoring the rotational activation (Figure 1.10). In this
model, the rotational activity goes in one direction, and the electrical impulse simultane-
ously spread outwards to stimulate the adjacent myocardium and inwards towards the
centre of the circuit.

FIGURE 1.9: Representation of the leading circle model proposed by Allessie et al.
in 1977. A) A simple re-entrant circuit around a scar.B) Re-entrant circuit rendering

central tissue continually refractory[43].

These circuits can be described by their wavelength, which designates the distance
travelled by the wavefront during the refractory period. The wavelength can be described
as:

WL = CV × RF (1.1)

where WL represents the wavelength, CV the conduction velocity, RF the refractory period.
The maintenance of the re-entry relies on the continuous excitability of the rotational circuit.
Hence, considering a fixed conduction velocity, the minimum wavelength is when the
wavefront reaches the cell at the strict end of its refractory period, generating a new action
potential, so that re-entry is perpetuated. Alternatively, the functional re-entry circuit
(wavelength) can be larger than the leading circle when an excitable gap is present. This has
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the effect of lowering the rotational frequency if the conduction velocity remains identical,
leading to a lower activation frequency of the adjacent tissue. However, if the wavelength
is shorter than the circuit path, the activation wavefront will encounter cardiomyocytes
during their refractory period, leading to the self-termination of the circuit re-entry.

FIGURE 1.10: Leading circle re-entry. A) A simple re-entrant circuit around a scar. B)
Re-entrant circuit rendering central tissue continually refractory[43].

Usually, the re-entry naturally establishes itself in the shortest zone (smallest circuit)
that can support re-entry[41].

There are two critical factors that can promote re-entry. First, a shortened refractory
period, generally resulting from a reduced atrial APD, promotes leading circle re-entry by
stabilising re-entry in smaller circuits. Second, the re-entry circuits can be stabilised by
fibrosis acting as an ’anchoring’ mechanism. A recent optical mapping study provided
evidence that re-entry underlies AF and found that transmural re-entry was stabilised by
local fibrosis[44].

This section was a brief overview of some of the theories concerning AF mechanisms.
It is worth mentioning some of the other proposed hypotheses. The multiple-wavelets
theory, described by Moe et al. in 1959[45], proposes that a critical number of re-entrant
wavefronts, existing in an appropriate atrial substrate, could lead to continuously re-exciting
the atria, resulting in fibrillatory conduction. Another re-entrant hypothesis implicating
spiral wave, also called rotors, suggests that instead of a leading circle, the wavefront would
have a spiral form. In this theory, the velocity changes along the wavefront and relies on
a source-sink mismatch mechanism. The spiral would fire electrical impulses inducing
disorganised ectopic activation in the atria, leading to AF[46]. Although these mechanisms
may explain part of the maintenance of AF, it is also importance to note the influence of
atrial remodelling and its implication in the evolution of atrial tissues.
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1.3.3 Atrial remodelling

"AF begets AF." – Wijffels et al.[47]

AF is a progressive pathology. Usually starting with paroxysmal episodes, it can evolve
to a persistent form in a significant number of patients[48]. This progression is generally
concordant with persistent modifications in the atrial tissue, this mechanism is labelled
as atrial remodelling. Atrial remodelling refers to the functional and structural changes
occurring during the development and progression of AF or a range of other cardiac
disorders.

This concept has been introduced by two experimental studies: first, in a dog model
by Morillo et al., showing that the atrial refractory period was reduced by 15% during
rapid atrial pacing[49]; and second, in a later study by Wijffels et al. that showed an even
more prominent reduction of the atrial refractory period (from 146±19 ms to 81±22 ms) by
artificially maintaining AF in a goat model[47]. These tachycardia-induced changes were
thought to be related to the altered expression of ion channels and were referred to as
’electrical remodelling’[49]. In their study, Morillo et al. also showed that the ultrastructure
of dog myocytes was altered after a prolonged period of rapid atrial pacing (6 weeks).
These findings were confirmed by several later studies[50][51][52] demonstrating structural
remodelling of the cardiac tissue exposed to AF mechanisms. Most importantly, these
studies showed that AF led to a progressive increase in the susceptibility to AF, where "AF
begets AF"[47]. In this section, we will describe some of the structural and electrical atrial
modifications attributed to AF.

Atrial structural remodelling

Atrial structural remodelling can be observed at various biological scales: (1) the cellular
level, involving the ultrastructure changes in the cells caused by AF; (2) the tissue level,
regarding the impact of AF on the cohesion between the cells and observable changes on
the cardiac tissue; and (3) the organ level, in relation to the general modification of the atrial
shape induced by AF.

CELLULAR LEVEL

At the cellular level, Ausma et al. observed in a sustained AF goat model many modi-
fications leading to loss of the contractility for some of the cardiomyocytes. Furthermore,
a perinuclear accumulation of glycogen, concurrent with a myolysis (depletion of the
contractile material), appeared to be associated with cell enlargement (Figure 1.11)[51].
This ultrastructure analysis also demonstrated modifications of the mitochondrial shape
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and changes in the distribution of nuclear chromatin. Other studies showed changes in
quantity and localisation of structural cellular proteins, alteration in connexin expression,
and fragmentation of the sarcoplasmic reticulum[50][52][53][54]. A number of these studies
characterised these changes as a result of the ’degenerative’ effect of AF on cellular ultra-
structure. Another hypothesis proposed that AF has a ’de-differentiative’ impact on the
cardiomyocytes because of the resemblance with fetal cells[51]. However, the underlying
explanations of these modifications remain unclear, so further investigation is required to
understand the ultrastructures changes induced by AF.

FIGURE 1.11: Light microscopy of sections 2 µm thick from goat atrial myocardium.
A) Atrial myocardium sections from goat in sinus rhythm with normally structured
cardiomyocytes. PAS staining (red) is almost absent in these cardiomyocytes. Sar-
comeres (pale blue) stained with toluidine blue are present throughout cytoplasm
of cardiomyocytes. B) Section from goat in chronic atrial fibrillation showing severe
myolysis. The central part of myocytes is free of sarcomeres and contains abundant

glycogen (PAS-positive staining, red). Magnification ×500[51].

TISSUE LEVEL

The physiopathology of AF is complex and the atrial structural remodelling at tissue
level involves multiple factors, including triggers, substrates and perpetuators (which
underlie the progression of a paroxysmal AF to more persistent forms)[55][56].

The main structural modification induced by AF at the tissue level is the development of
atrial fibrosis. Fibrosis is the result of the overproduction of the extracellular matrix (ECM)
collagen in the cardiac connective tissue. The cardiac ECM metabolism is maintained by
the fibroblasts lodged in the interstitial spaces of the myocardium. The cardiac fibrosis
is essentially a maladaptive end-point of the production of ECM molecules where the
production of ECM exceeds its degradation, leading to the diseased expansion of the
connective tissue. However, it is essential to understand that fibrosis usually starts as a
repairing mechanism after tissue injury and cardiomyocyte death. Named ’replacement
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fibrosis’ or ’reactive fibrosis’, fibrosis also emerges as a tissue adaptation in non-wounding
conditions such as hypertension[57].

FIGURE 1.12: Light microscopy of crista terminalis specimens in patients with dif-
ferent severity of atrial fibrillation (AF). A) No history of AF; Fibrosis extent 5%. B)
Paroxysmal AF; Fibrosis extent 14%. C) Permanent AF; Fibrosis extent 51%. Masson’s
trichrome stain (Myocyes – red; Fibrosis – blue; Adipocytes – white); Magnification

×200[58].

The remodelling cascade is initiated by mechanical, chemical or electrical stress or injury
stimulated by ECM, immune cells, or cardiomyocytes factors. The remodelling can be
described as having three phases[59]:

1 – Inflammatory phase: In response to stress signals, the immune system infiltrates
the cardiac ECM and starts producing inflammatory molecules such as interleukin-
1β, interleukin-6 and tumour necrosis factor-α. The immune response induces an
increased production of the matrix metalloproteinases (MMPs) by the cardiac fibrob-
lasts, leading to ECM degradation and consequently the infiltration of more leukocytes
initiating the granulation phase.

2 – Granulation phase: This phase is essentially represented by the phagocytosis of the
dead cells and ECM debris. Additionally, more fibroblasts are recruited by chemotaxis
to replace the degraded ECM leading to the scarring phase.

3 – Scarring phase: The recruitment of fibroblasts is associated with a decrease of the
production of MMP, and an increase of the inhibitor of the MMPs[57], initiating the
growth and then overgrowth of the cardiac connective tissue and leading to the
diseased state of fibrosis.

As a consequence, because fibrous tissue lacks contractibility, its reduced expanding
abilities during systole results in an increased stiffness of the cardiac wall and a reduced
myocardial compliance, impairing cardiac contraction[60][61]. Moreover, myocytes may be-
come hypertrophic and die, generating in response more infiltration of the immune system
into the connective tissue, leading to the further development of fibrosis. Overgrowth of
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the ECM increases the interstitial space between cardiomyocytes, reducing the intercellular
connections (connexins forming gap junctions[62]) and resulting in a diminished cardiac
conduction. Finally, the vascular supply in oxygen tends to be reduced in fibrotic areas,
leading to cellular death and, in fine, further deterioration of the cardiac tissue due to the
fibrogenesis process[61].

injured tissue

+4SD

Signal intensity

Enhanced tissueNon-enhanced tissue
Mean

Signal intensitySignal intensitySignal intensity

Normal tissue

2-40%
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FIGURE 1.13: Illustration histogram thresholding for fibrosis evaluation. A) Bi-modal
distribution of the pixel values of the LA wall. Non-enhanced tissue (blue curve) is
defined as the first mode, ’injured tissue’ is defined as the enhanced tissue (orange
curve) above normal tissue mean +4SD (striped area)[63]. B) Oakes et al. method
to define ’healthy tissue’ between 2 and 40% of the maximum intensity of the LA
wall (green striped area) and the fibrotic tissue (red area) above a n× SD threshold

manually defined[32]. Abbreviation: SD, standard deviation.

Fibrosis is a common finding in patients with AF. At the tissue level, atrial fibrosis is
the hallmark of structural remodelling in AF and is considered as a primary substrate
for the arrhythmia perpetuation. As AF becomes increasingly persistent and resistant to
therapy over time, fibrosis can spread within the myocardium, impacting shape, size and
performance of the heart. Therefore, fibrosis assessment is of crucial importance for AF
evaluation and therapy outcome[32].

To study fibrosis in the atrial wall, clinician and researchers can rely on contrast magnetic
resonance imaging1 which allows contrast enhancement of the atrial tissue highlighting
the fibrosis located in the atrial wall. With this technique, recent studies showed the
implications of fibrosis in the outcome from an AF treatment called AF ablation (see section
1.3.4). To assess the amount and distribution of the atrial wall fibrosis from contrasted
images, several methods have been proposed:

1 – Visual assessment: Considered as the gold standard for ventricular fibrosis assessment
in the absence of histological validation[64], visual assessment remains subjective as it

1Also called late gadolinium-enhancement magnetic resonance imaging (LGE-MRI) see section 2.1.3
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relies exclusively on the expertise and experience of the observer. Hence, this manual
method suffers from reproducibility and scalability issues.

2 – Standard deviation method: The standard deviation method is one of the most
widespread techniques, relying on the selection of a reference value (extracted from
the histogram of the blood pool, myocardium or atrial wall) that is added with a
manually defined number of standard deviation constituting the threshold[65]. Hence,
any pixel with a value above the threshold is considered fibrosis. The threshold can
be defined as:

Th = Re f + n× SD (1.2)

where Th is the threshold, Re f the reference value, SD the standard deviation, and n a
number chosen manually. Jadidi et al. notably employed this method to evaluate post-
ablation fibrosis on LGE-MRI images showing a bi-modal pixel values distribution
(Figure 1.13A)[63]. Other studies by Oakes et al. and McGann et al. from the University
of Utah employed this thresholding technique, using 2-40% of the pixel intensity
histogram as a reference for healthy tissue and defining fibrotic tissue as n× SD above
this reference[32]. Applying this method2 to a 386 AF patients cohort, McGann et al.
were able to categorize AF patients in four different stages according to the amount
of fibrosis in the patient’s LA wall. This study showed the importance of fibrosis for
catheter ablation treatment outcome and how it can be used as a patient stratification
strategy for surgical planning[66].

3 – Otsu thresholding: Recently proposed as a potential candidate for automatic thresh-
olding for LA scar tissue segmentation[67][68], Otsu’s method intends to minimise the
intra-class intensity variance to yield a thresholding that separates foreground and
background classes. Defined as a weighted sum of variances, Otsu’s thresholding can
be expressed as:

σ2
w(t) = ω0(t)σ2

0 (t) + ω1(t)σ2
1 (t) (1.3)

where the threshold t separates the two weighted classes ω0 and ω1 according to
their respective variances, and σ2

0 and σ2
1 are the probabilities of the two classes to be

separated by the threshold t.

4 – Fixed width at half maximum (FWHM): Requiring no manual tuning, FWHM is
described as one of the most reproducible method for fibrosis identification, defining
fibrosis as 50% of the maximal signal intensity (Figure 1.13 B) of the studied region[69].
However, this method displays limitations when the scar tissue presents homogeneous
grey pixel values. For this reason, FWHM has mainly been used for post-ablation

2we will referred to this methods as Utah’s thresholding method
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fibrosis identification in the LA showing nevertheless good correspondence with
associated low voltage areas[70]. According to Pontecorboli et al.[65], FWHM can be
expressed as:

Th =
Imax − Imin

2
(1.4)

where Th is the cutting threshold and Imax and Imin represent the maximum and
minimum pixel intensity.

5 – Image intensity ratio (IIR): This thresholding method relies on the normalization of
the pixel values by the mean blood-pool intensity to prevent patient-related confound-
ing effects such as contrast agent dose, imaging protocol, or body mass index (BMI).
Moreover, in their study using a cohort of 75 patients undergoing LGE-MRI and LA
electro-anatomical mapping (EAM), Khurram et al. reported a strong correlation be-
tween the fibrosis found within the LA wall using the IIR method and the low-voltage
areas from the EAM[71]. IRR can be described as follows:

Th =
SI

MBP
(1.5)

where Th represents the threshold, SI the mean signal intensity of the LA wall pixel
values, and MBP the LA blood-pool mean intensity.

Another consequence of the fibrotic structural remodelling is the defective electrical
activity visible as local endocardial low voltage zones (LVZs – Figure 1.14) results of
the accumulation of collagen[32][72][73][74]. Thus, cardiac fibrosis can be assessed in vivo,
highlighted by locally impaired endocardial voltage and detectable using voltage mapping.
Initially used by De Groot et al. to identifying lowest voltage areas in patients with
congenital heart disease[75], recent clinical studies have used voltage mapping, and LVZs
detection, to guide catheter ablation therapy (see section 1.3.4) and improve arrhythmia-free
survival rate in AF patients[76][77][78][79].

Voltage mapping is a technique used to characterise potential substrates of AF in patients
by recording electrograms of the atrial endocardium at multiple sites. During the procedure,
a catheter is dragged along the endocardial surface and, at each site, electrograms are
simultaneously recorded in unipolar mode and reconstructed in bipolar mode (from two
adjacent unipolar recordings). From these recordings, each site point displaying a voltage
below the threshold was considered part of an LVZ. In clinical practice, a 0.5mV threshold
value for the atria is commonly used to distinguish normal tissue and LVZs in sinus rhythm
(representative of fibrosis) and generate low voltage maps (Figure 1.14)[76][79][32].
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ablation pointsablation points

FIGURE 1.14: Example of voltage maps showing low voltage zones generated during
catheter ablation procedure using the CARTO system. A) AP view of the LA, showing
LVZs at the PVs and MV. B) PA view of the LA, showing LVZs at the PVs only.
Abbreviations: AP, anteroposterior; LA, left atrium; LVZs, low voltage zones; MV,

mitral valve; PA, posteroanterior; PVs, pulmonary veins.

ORGAN LEVEL

Besides inducing cellular ultrastructure modifications and producing alterations of the
cardiac tissue organisation, AF remodelling also affects the atrial shape and anatomy. The
seminal work of Henry and al. in 1976, using echocardiography, showed that AF is associ-
ated with an enlarged LA[80]. They demonstrated that an LA short-axis greater than 40mm
was more susceptible to having AF (54% of the population studied). Moreover, they ob-
served that over 45mm enlargement, cardioversion was unlikely to maintain sinus rhythm
for more than six months, suggesting that LA size is an important factor in the development
of AF and for long-term cardioversion treatment. More recently, echocardiography studies
showed in a large elderly population (1,924 patients) that an enlarged LA size is an inde-
pendent predictor of new-onset AF[81]. These results were also supported by Tsang et al.,
showing on in elderly population that larger LA volume was associated with a 43% greater
risk of AF[82]. In the past few years, other studies have also established an association
between left atrial size and AF recurrence after treatment by catheter ablation[83][84].

Another anatomical remodelling concerns the wall thickness. According to Nakamura
et al., wall thickness is an important structural remodelling and predictor for the transition
from paroxysmal AF to a more permanent form of AF (labelled ’chronic’ AF and repre-
senting persistent or long-standing AF). In this study they reported that of the 186 patients
included, the atrial wall was thinner for patients where AF evolved to a chronic form (2.2
±0.1mm vs 2.4 ±0.2mm with p-value < 0.01)[85].

While it remains uncertain if LA enlargement is a consequence or a cause of AF, these
studies tend to emphasise the importance of the relation between LA size and AF and the
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need for precise LA size assessment tools in order to improve the understanding of AF
mechanisms and its treatments.

Atrial electrical remodelling

As AF induces modifications in the atrial structure by disturbing cellular, tissue and, in fine,
anatomical organisation, AF also promotes electrical remodelling. AF electrical remodelling
can be defined as the alterations of the different cellular and tissue components inducing
action potential creation and propagation and leading to the maintenance of AF.

The electrical remodelling hypothesis was introduced in 1995 by Morillo et al. and
Wijffels et al. in dogs and goats respectively[49][47]. Their main finding was a shortening
of the refractory period and an increased susceptibility to AF after long exposure to rapid
atrial pacing. Another important study by Franz et al. demonstrated, for the first time
in a clinical study, a reduction in the APD (a 130-150ms reduction of the APD in the AF
group compared to the control group) using monophasic action potential recordings in AF
patients[86]. These studies show the electrical remodelling caused AF on various compo-
nents that later contribute to its maintenance by promoting re-entry. Other later studies
demonstrated some of the ionic mechanisms affected by AF remodelling.

L-TYPE CA2+ CURRENT

In 1999, Bosh et al. showed that the shortening of the APD was associated with a 70%
reduction in the L-type Ca2+ inward current (ICa,L) in patients with AF[87]. During AF, the
atrial rate can quickly and substantially escalate. Hence, cellular calcium intake becomes
notably increased and potentially dangerous for the cell. Thus, the decrease of ICa,L may
prevent the cytotoxicity of the calcium overcharge induced by AF, by limiting cell capacities
for calcium entry[88]. As a consequence, the APD and refractory period decrease, favouring
AF perpetuation (Figure 1.15). It is interesting to note that the reduction of the ICa,L is
mostly attributed to the downregulation of mRNA coding for the pore-forming α-subunit,
indicating that the electrical remodelling is directly affected by genetic expression.

POTASSIUM CURRENTS

Bosh et al. also observed that the transient outward K+ current (Ito) was reduced by 70%
in patients with AF. In contrast, other potassium currents such as the inward-rectifier IK1

and the IKACh currents were also found increased during AF[87]. Multiple studies showed
that AF remodelling enlarged the IK1 current by upregulating Kir2.1 mRNA and protein
expression. On the other hand, whereas the IKACh current increases during AF, levels of
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IKACh mRNA (Kir3 channel subunit) and protein have been found downregulated. This
effect was explained as due to an increased open probability result of a slowed channel
closure. Whereas the consequences of the downregulation of the Ito proteins and mRNA,
leading to the decrease of the Ito current, remains unclear[89], the enlarged IK1 and IKACh

current results in the shortening of APD, promoting AF (Figure 1.15).

OTHER CURRENTS

AF electrical remodelling also affects sodium current (INa), inducing a decrease of the INa

current by downregulating the mRNA coding for the channel α-subunit and corresponding
proteins. This reduction of INa could promote re-entry by inducing a slowed electrical
conduction during AF[90].

ALTERATIONS IN CONNEXINS

Gap junctions are channels that directly connect the cytoplasmic compartment of neigh-
bouring cells, allowing the passage of ions and small molecules (< 1kDa). They are formed
by the assembly of two hemichannels, named connexons, such that each of the connected
cells contributes to the gap junction with one connexon. Connexons are composed of six
transmembrane proteins called connexins (Cx). To this day, 23 different Cx have been iden-
tified, six (Cx37, 40, 43, 45, 46 and 50) are present in mammalian hearts. Cx40 and Cx43 are
the most represented in the atrial tissue and allow, through the gap junctions, propagation
of the action potential from one cardiomyocyte to another. While experimentation in animal
models have shown a homogeneous distribution of Cx40 and Cx43[91], in humans the
distribution of connexins remains unclear. Nonetheless, studies on atrial arrhythmia sug-
gest that Cx40 is downregulated and its distribution becomes more heterogeneous during
AF[92]. However, other studies also showed important discrepancies between the connexin
Cx40 or Cx43 increase or decrease, while other studies observed no noticeable changes[62].
Thus, at the current time, the impact of AF on connexins remains under discussion, and
further investigation is required to understand the AF remodelling influence on connexin
regulation and its connection with AF maintenance.

Along with AF progression, each biological scale is impacted, and changes at one
level can induce changes at another. For example, at the genetic level, the chromatin
reorganisation influences cellular calcium handling modifications, which then affect the
tissue level, diminishing atrial contractility, and later leads to changes at the organ level
with an enlargement of the LA. These intertwined influences during AF development
illustrate the relationship between structural (e.g. chromatin reorganisation) and functional
remodelling (e.g. calcium handling).
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FIGURE 1.15: Mechanisms underlying atrial electrical remodelling. Rapid beating of
the atria generates a potentially cytotoxic increase of Ca2+ in the cell. Rapid functional
changes (ICa,L inactivation) leading to ICa,L reduction, protects the cell from the calcium
cytotoxicity. The later remodelling impact genes and protein expression resulting
in a persistent ICa,L reduction. Decreased ICa,L reduces Ca2+ loading but decreases
APD. Diminished APD shortens refractoriness and reduces the wavelength (WL)
which allows for smaller and more atrial re-entry circuits. Atrial tachycardia also
increases inward-rectifier currents such as IK1 and IKACh, which further reduces APD
and promotes AF. Abbreviations: AF, atrial fibrillation; Cx40, connexin 40; APD, action

potential duration; RP, refractory period; WL, wavelength[88].

However, the central mechanisms behind AF triggering, maintenance, and the implica-
tions of AF remodelling are still poorly understood and remain under investigation. One of
the main difficulties is to assess the exact role of AF in the remodelling process, as many
comorbidities promote similar structural and functional modifications. Therefore, more
studies are necessary in order to develop better clinical management and therapies.

1.3.4 Atrial fibrillation treatments

The appropriate management of patients with AF remains a clinical challenge. AF therapeu-
tic strategies intend to alleviate the symptoms and prevent severe complications associated
with AF. AF treatment often includes antithrombotics to limit the risk of stroke. In patients
with paroxysmal AF or short persistent AF, strategies would generally aim to control the
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arrhythmia and restore sinus rhythm (cardioversion) promptly. On the other hand, for pa-
tients with more persistent symptoms and long-standing AF, therapeutic strategies involve
a choice between restoration of sinus rhythm (rhythm control strategy) or control of the
ventricular rate (rate control strategy) with acceptance of the atrial arrhythmia. It is worth
noting that a rhythm control strategy will usually include some rate control therapy in case
the rhythm control fails.

Cardioversion

Cardioversion is a medical procedure, one of the rhythm control therapies, performed to
convert abnormal fast heart rate and other rhythm abnormalities to sinus rhythm using
electrical stimulation or drugs. Cardioversion is widely used in an attempt to restore
normal sinus rhythm in AF, particularly for newly diagnosed patients or symptomatic
AF[93]. Electrical cardioversion procedures for AF employ a therapeutic electrical shock,
synchronized with the QRS complex of the cardiac cycle, and sent through the chest wall to
interrupt the abnormal electrical circuits and restore the normal activity of the conduction
system, in fine, sinus rhythm. Chemical cardioversion relies on altering cardiac tissue ionic
properties to suppress arrhythmic activation and restore sinus rhythm via medication.
Using cardioversion can restore normal heart rhythm in 90% of the patients, but in 50% of
the cardioverted individuals, recurrence occurs within a year[93].

Medication strategies

RATE CONTROL THERAPIES

Rate control strategies are employed to maintain a homeostatic ventricular rate in order
to reduce symptoms, to improve the patient’s quality of life, and to minimise the risk of
heart failure from a tachycardia-induced cardiomyopathy. Thus, rate control therapy is
not intended to cure AF but to alleviate the symptoms. Nonetheless, as the ventricular
active filling by the atria remains impaired, the chaotic atrial activity can still lead to a
worsened condition. The choice of rate-controlling medication depends on the symptoms,
the comorbidities and potential side effects.

The principal target to ensure the maintenance of the ventricular rate is the AV node, to
reduce its conduction. Rate control strategies rely on pharmaceutical treatment targeting
different aspects of the AV node ionic kinetics:

1 – β-blockers: β-blockers are the most often used drugs for rate control therapy. Acting
as competitive antagonists, β-blockers target the cardiac sympathetic β-adrenergic
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receptors on the cardiomyocyte membrane in the AV node. Consequently, the sympa-
thetic stimulation is less effective, leading to a diminution of the positive adrenergic
effects and resulting in (1) a diminution of the heart rate (negative chronotropy), (2) a
diminution of the conduction velocity (negative dromotropy), (3) a reduction of the
contractility (negative inotropy), and (4) a reduction of the relaxation rate of myocyte
(negative lusitropy). According to the 2016 ESC Guideline for the management of atrial
fibrillation[28], Bisoprolol, Carvedilol, Metoprolol, Nebivolol, Esmolol are the recommended
β-blockers for rate controlling therapy in AF.

2 – Calcium channel blockers: Calcium channel blockers are non-competitive inhibitors
targeting the voltage-sensitive L-type calcium channel. In AF rate control strategies,
non-dihydropyridine calcium channel blockers are recommended because of their
myocardium selectivity[94]. Non-dihydropyridine calcium channel blockers drugs,
such as Verapamil and Diltiazem, induce a diminution of myocardial force genera-
tion (negative inotropy), a diminution of heart rate (negative chronotropy), and a
diminution of conduction velocity (negative dromotropy)[95].

3 – Digitalis: Digitalis compounds, such as Digoxin and Digitoxin, are potent inhibitors of
cellular Na+/K+-ATPase leading to an increase of intracellular Na+ and consequently
to an augmentation of the intracellular Ca2+ concentration, generating positive in-
otropy. Despite this effect, digitalis compounds are used for their impact on vagal
stimulation, increasing the efferent activity. This parasympathomimetic action of
digitalis induces negative chronotropy by reducing sinoatrial firing rate and gener-
ates negative dromotropy by reducing the conduction velocity of electrical impulses
through the AV node.

Amongst these medication strategies, β-adrenoreceptor blocker monotherapy is often
the preferred prescribed rate-controlling option[28]. Nevertheless, several studies reported a
better efficiency of cross-agent therapy, when applicable, combining β-blockers and digi-
talis[96] or β-blockers and calcium channel blockers[97] over monotherapy treatment.

RHYTHM CONTROL THERAPIES

Rhythm control therapies for AF aim to restore sinus rhythm and maintain a consistent
regular heart pace. Hence, these strategies help to prevent recurrence of the arrhythmia, im-
prove symptoms and patient quality of life, preventing further atrial remodelling. Rhythm
control can be achieved using medication and/or ablation therapy.

Antiarrhythmic drugs are categorized into four different classes depending on their
mode of action:
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1 – Class I – Na+ channel blockers: Na+ channel inhibitors, such as Propafenone and
Flecainide (Class IC) are indicated as first-choice drugs for AF treatment[98], interacting
with the Na+ channel pore-forming subunit Nav1.5, slowing the channel reactivation,
and increasing the refractory period. Moreover, the Na+ channel inhibitors Propafenone
and Flecainide, generate a marked depression of phase 0 of the action potential, re-
sulting in a slower conduction without altering the APD. However, one of the side
effects of the use of Class IC Na+ channel blockers is the augmentation of the APD by
blocking several K+ channels that can potentially lead to EAD triggering, promoting
ectopic firing, and are therefore considered to have a pro-arrhythmic effect.

2 – Class II – β-blockers: β-blockers interact with the β-adrenoreceptors present on the
membrane of the cardiomyocytes, inhibiting sympathetic stimulation by competitive
inhibition with epinephrine/norepinephrine. β-adrenergic stimulation impacts on
multiple currents and notably I f and ICaL, so that the inhibition of these currents
reduces the spontaneous activity of the SA node, decreases the conduction velocity
and prolong the refractory period in the AV node, and suppresses the abnormal
spontaneous activity of cardiomyocytes induced by L-type Ca2+ channel (EADs and
DADs).

3 – Class III – K+ channel blockers: Potassium channel blockers address many different
cardiomyocyte channels responsible for the repolarisation of the cell. By blocking the
K+ currents, Class III drugs prolong the APD and the effective refractory period. The
most commonly prescribed Class III drug for AF recurrence prevention is the oral or
intravenous Amiodarone medication, that inhibits a wide range of K+ channels (Ito, IKur,
IKr, IKs, IK1, IKACh). However, it is worth mentioning that Amiodarone also influences
INa, INaL, ICaL currents, and thus impacts a wider range of mechanisms involved in
the action potential[99]. Finally, Sotalol presents class II and III properties in two ways:
(1) by non-selectively inhibiting, by competition, the β-adrenergic receptors (β1 and
β2) which lead to calcium decrease and rectifying arrhythmic contractions[100]; and
(2) by blocking the release of K+ and helping to rectify arrhythmias, limiting, in fine,
potential premature depolarisation.

4 – Class IV – Ca2+ channel blockers: The most prescribed Class IV drugs are Diltiazem
and Verapamil, inhibiting the L-type Ca2+ current by maintaining the channels in an
inactivated state. By prolonging reactivation of the channels, Class IV drugs elongate
the refractory period, slow the conduction in the AV, and prevent EAD occurrence
during the plateau phase. Moreover, calcium channel blockers eliminate DADs by
limiting the Ca2+ overload.

The choice for a strategy and treatment is difficult given the incomplete understanding
of the AF underlying mechanisms. In general, Class IC and Class III agents are regarded as



32 Chapter 1. The Heart & Atrial Fibrillation

effective anti-arrhythmic therapy for AF, whereas Class II and IV are not, although they are
effective at rate control. A study comparing rate control and rhythm control in patients with
AF found no difference in survival between these two medication strategies[101][102]. Never-
theless, later studies showed that rhythm control drugs could induce arrhythmias in patients
with left ventricular dysfunction subsequent to myocardial infarction[103]. Moreover, the
current efficiency of antiarrhythmic drugs remains very low, according to a multicentre
randomised study from 2010, where only 16% of the patient remained free of AF recurrence
after antiarrhythmic drug therapy[104]. These unsatisfying results lead to the emergence of
other strategies, called ablation strategies. These ablative strategies rely on creating cardiac
tissue lesions to treat AF by destroying the sources and maintainers of arrhythmia.

Ablation therapy for atrial fibrillation

The development of AF requires a trigger and a susceptible substrate for its maintenance.
Ablative therapy is aimed at restoring sinus rhythm by either eliminating the trigger or
modifying the arrhythmogenic substrate. Two main strategies have been employed for
ablative therapy: (1) an open-heart surgical procedure in which the ablation is performed
from outside the heart after sternotomy using a cut-and-sew strategy or, more recently,
surgical ablation to achieve similar lesion sets; and (2) catheter ablation, in which lesions
are performed from inside the atrial chambers using fluoroscopy and electroanatomical
mapping to guide an ablation catheter employed to destroy potential pro-arrhythmic re-
gions of the cardiac tissue.

MAZE SURGICAL PROCEDURE

Developed in 1987 by Cox et al., the maze procedure consists of an open-heart surgery,
through sternotomy or mini-thoracotomy, during which the heart is scarred to remove
susceptible tissues responsible for AF to restore sinus rhythm[105]. The Cox-Maze procedure
was refined over the years with changes in lesional paths and replacement of the incisions
by a combination of radio-frequency ablations and cryoablation, leading to the current
Cox-Maze IV surgical procedure. Due to the importance of the risks and consequences
of open-heart surgery, the Cox-Maze procedure is mainly indicated either for patients
undergoing concomitant heart surgery or after patients have failed medication therapies
and one or more catheter ablation therapies.

The following summary of the procedure is based on the study on surgical ablation
for AF performed by the Division of Cardiothoracic Surgery group at Washington Univer-
sity[106]. During the surgery, the patient is cooled down to 34◦C and lesions are performed
on the beating heart. The principal lesions can be divided into two sets: (1) the left atrial
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lesion set, through bilateral radio-frequency pulmonary vein isolation, pulmonary vein
roof and floor connecting lesions, with amputation of the left lateral appendage, and ra-
diofrequency line ablation across the floor of the LA to the mitral valve annulus; and (2)
the right atrial lesion set, using an ablation line between the superior caval vein and the
inferior caval vein, and another ablation along the RA free wall toward the tricuspid valve
annulus (Figure 1.16).

FIGURE 1.16: Cox-Maze surgical procedure lesion sets. A) Left atrial lesion set: ra-
diofrequency ablation lines with bilateral pulmonary vein isolation, pulmonary vein
roof and floor connecting lesions, amputated LAA, lesion from inferior atriotomy to
mitral valve annulus. B) Right atrial lesion set: ablation line between SVC and IVS,
ablation along the RA free wall with a line to the tricuspid valve annulus. Abbrevi-
ation: SVC, superior vena cava; IVC, inferior vena cava; LA, left atrium; RA, right
atrium; LPVs, left pulmonary veins; RPVs, right pulmonary veins; LAA, left atrial

appendage[106].

Despite the risks inherent in any surgery and open-heart surgery, the Cox-Maze proce-
dure was long considered as the gold standard for AF termination[106]. However, Gillinov
et al. in 2015 have shown that there was no significant difference in outcome between the
Cox-Maze procedure and another procedure using catheter ablation called pulmonary vein
isolation (PVI)[107].

CATHETER ABLATION

Catheter ablation is the most common therapeutic technique to treat AF, using radiofre-
quency energy or destructive freezing to create lesions on atrial tissues that trigger or sustain
the arrhythmia (Figure 1.17). Radiofrequency ablation employs high-frequency electrical
currents that pass through an electrode creating a small region of heat at the tissue adjacent
to the tip of a catheter. The high temperatures produced, usually around 50◦C or higher, are
used to destroy the susceptible regions of the cardiac tissue, generating scarring tissue and
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consequently disrupting the arrhythmia[108]. Another technique called cryoablation uses
temperature below -20◦C to induce tissue necrosis and destroy the targeted regions[109].

FIGURE 1.17: Illustration of RF-ablation procedure using an irrigated catheter and a
mapping catheter from the 2016 "FIRE and ICE study" by Kuck et al. [110].

Catheter ablation is effective in restoring and maintaining sinus rhythm in patients with
paroxysmal, persistent and long-standing persistent AF, and is generally indicated as a
second-line therapy after failure of or intolerance to antiarrhythmic drugs, but has varying
results depending on the severity of the AF. According to Cosedis et al., only modest
improvements are achieved by catheter ablation for symptomatic and paroxysmal AF over
antiarrhythmic medication[111]. On the other hand, while persistent and long-standing
persistent AF are described as more difficult to treat with medication, catheter ablation
showed to be a successful solution, as illustrated by Mont et al. in their SARA study (60.2%
versus 29.2% of the patients free of any AF recurrence for catheter ablation after one year
period and antiarrhythmic drugs respectively)[112].

Over the years, multiple catheter ablation approaches have been developed in order
to address AF underlying and still misunderstood mechanisms. The most commonly em-
ployed strategy for catheter ablation is called pulmonary vein isolation (PVI), brought to
light in 1998 by Haissaguerre et al. and proposed after demonstrating that most of the
ectopic beats originated from the PVs[10]. The main objective of the PVI procedure is to
electrically disconnect the pro-arrhythmic tissue within the PVs sleeves and the conduc-
tive atrial tissue, by performing a circumferential catheter ablation of the PVs ostia. In
that way, the damaged tissues prevent the conduction of ectopic activity firing from the
PVs. Studies have proposed that the premature firing activity from the PV could come
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from the structural, chemical or electrical disturbance caused by the atrial muscle infiltrat-
ing the PV sleeves[113]–[115]. PVI has shown critical success for patients with paroxysmal
AF[10], [116], [117], but has shown more modest results and great variability regarding per-
sistent and long-standing persistent AF[116], [118], [119]. To improve clinical outcomes for
patients with persistent AF, current clinical guidelines state that PVI alone is not sufficient,
and additional ablation lesions targeting the substrate that maintains fibrillation are often
added to PVI[120]–[122].

The other widely used approaches are linear ablation using catheter LA roof ablation
line[123], as well as identification and ablation of complex fractionated atrial electrograms
(CFAEs)[124]. In pathological conditions, the recorded signals during AF show complex
electrograms, with rapid deflections and short cycle lengths, which have been attributed
to abnormal conduction and arrhythmogenicity[125][126]. An initial study by Nademanee
and colleagues used the ablation of CFAEs distributed in nine regions covering both atria
to terminate AF, showing promising results (76% free of AF at one-year follow-up)[127].
However, high-profile clinical trials, that is, Radiofrequency Ablation of Drivers of Atrial
Fibrillation (RADAR-AF)[128] and Substrate and Trigger Ablation for Reduction of Atrial
Fibrillation Part 2 (STAR-AF II)[129], have demonstrated that neither of these approaches
offered any incremental value over PVI alone. Similar doubts have been raised by a
multicentre surgical AF ablation study that failed to demonstrate any benefit of the biatrial
Cox-Maze procedure versus PVI[107]. One of the reasons evoked for the poor performance
of these extensive ablation strategies is that the targets/substrates are missed as illustrated
in the "Nearly Missed vs On-Target" study[130].

FIGURE 1.18: Illustration of catheter ablation strategies. A) Circumferential lesion
created around left and right PV during pulmonary vein isolation in order to electrically
isolate the PVs from the atria. B) Anatomical representation of PVI plus roof line
ablation in the LA. C) Representation of the sites targeted during ablation procedure
based on rotational activity or complex fractionated atrial electrograms. Adapted from

Calkins et al. Heart Rhythm 2017;14:e275–e444[27]
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Narayan and co-workers have recently identified stable AF drivers in patients and
demonstrated that it was possible to reverse AF in 80.3% of the patients by directly targeting
the driver regions in their Focal Impulse and Rotor Modulation (FIRM) trial[131]. The FIRM
strategy employs catheter ablation of cardiac tissue displaying rotor activity, causing re-
entry and therefore maintenance of AF. FIRM trials have had a considerable impact on
international cardiac research and clinical practice[132][133]. However, other groups have
been unable to reproduce these high success rates using the FIRM approach[134]–[136]. Even
though the FIRM approach is an ongoing debate[137][138], the clinical studies add more
weight to the prevalent belief that uninterrupted activities of discrete re-entrant sites play a
central role in sustaining AF, which was only demonstrated previously in animal studies
using optical mapping[46], [138]–[140].

The success rate of catheter ablation mainly depends on the type of AF, the presence
of comorbidities, and the experience of the medical operator performing the procedure.
The success rate of a single ablation on patients with paroxysmal AF has reached 60-75%,
while only reaching 45-60% of success after a single ablation procedure in long-standing
persistent AF. The effectiveness of the ablation procedure can be increased if performed a
second or a third time[141]. Therefore, efforts have to be made to unravel the underlying
mechanisms of AF to develop novel tailored strategies for patients with AF.

1.4 Summary and conclusions

As the most diagnosed arrhythmia, the worldwide spread and growth of the AF epidemic
represents a major concern for public health. Although the precise physio-pathological
mechanisms of AF are still under investigation, it is generally believed that cardiac fibrosis
and remodelling by altering the propagation of the electrical impulse through the heart
play an important role. This impaired propagation leads to disorganised stimulation of the
myocardium and arrhythmic contractions. The current methods of treatment involving
either medication or ablation therapy remain suboptimal. Hence, a call for new ablation
strategies targeting fibrotic regions recently arose to propose better-tailored treatments.
Fibrosis can be detected by contrast agent MRI imaging or voltage mapping, for which
fibrosis and scarring are correlated with reduced electrogram amplitude. Those new
approaches remain fairly recent and further investigation is required. The DECAAF trial
drew interesting conclusions on the importance of LA remodelling and implications of
fibrosis in the progression of AF[142]. Hence, while ablation strategies need to be investigated
to ensure better patient-specific treatments, efforts are required to propose better patient
stratification ahead of the ablation procedure. For this purpose, atrial structural remodelling
characterisation, and more specifically atrial fibrosis assessment, represent a promising tool,
essential for future planning of AF ablation strategies.
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Chapter 2

MRI for Cardiac Imaging

Introduction

The ability to perform body imaging has been described as one of the most important
revolutions in medicine of the past 1,000 years for its contribution to medical prevention,
diagnosis, and prognosis[143]. Since then, medical imaging has never ceased to improve,
allowing cardiologists and researchers to assess heart size using chest x-rays[144], to evaluate
heart’s mechanical work with echocardiography imaging[145][146][147] and to accurately
determine the heart’s dimensions using cardiac MRI[148]. In this plethora of modalities,
MRI has grown a preponderant place in clinical practice showing great versatility for
cardiac assessment. As a matter of fact, due to its good image quality, excellent soft-tissue
contrast, and absence of ionising radiation, MRI has become the gold standard modality to
precisely identify patients’ cardiac structures and aetiology, guiding diagnosis and therapy
decisions[149]. Improvement of MRI techniques, particularly with the aid of contrast agents
such as gadolinium, led to the development of LGE-MRI, allowing finer tissue contrast
for the detection of scar tissue located within the myocardium. This technique has been
extensively employed for clinical studies at The University of Utah[32][150] to analyse and
understand the role of fibrosis and underlying structures that sustain AF. They notably
demonstrated the correlation between an increased amount of fibrosis present in the LA wall
and a poor outcome of AF ablation[151]. Over time, LGE-MRI has become a widely accepted
technique of choice, allowing the detection and quantification of scar tissues located in the
atrial wall. Hence, while mechanisms underlying AF remain unclear, LGE-MRI procedure
and the development of associated image processing technologies can help to create tailored
treatments for patients with AF.

In this chapter, we first describe the principles of physics behind the MRI technology,
from understanding the hydrogen nucleus spin concept to the relaxation phases exploited
in creating the image contrast. Secondly, we explain the different weighting techniques and
MRI sequences commonly employed in clinical practice and used to reconstruct the image.
Finally, we present the different contrast agents usually employed for scar tissue assessment
in cardiac imaging and provide the LGE-MRI protocol used to create the current largest
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LGE-MRI dataset available. This dataset was later employed to develop our approach for
LA segmentation using deep learning (see Chapter 4).

2.1 Magnetic resonance imaging for atrial imaging

MRI history in brief...

FIGURE 2.1: Drawing of the original setup proposed by Damadian in 1972 for body
scan using nuclear magnetic resonance (NMR).

While the atomic theory, proposing that matter was made of non-divisible discrete
particles, had already appeared in ancient India and ancient Greece, the discovery of
subatomic particles along with the nuclear theory would only arise in the first part of the
XIX century. After the work of Thomson on electrons in 1897, Ernest Rutherford in 1909 and
Niels Bohr in 1913 further developed the atomistic model proposing an atom with a nucleus
around which electrons gravitate. Later, in 1925, nuclear spin was discussed by George
Uhlenbeck and Samuel Goudsmit and only in 1927 would Wolfgang Ernst Pauli establish
a mathematical theory for the nuclear spin. Based on this discovery, Isidor Rabi showed
for the first time the nuclear magnetic resonance (NMR) phenomenon using a molecular
beam in a vacuum in 1938[152]. For this discovery, he received the Nobel Prize in 1944.
However, at the time, his findings were described as ’un-natural’ since his results were
obtained in a closed and isolated environment. In late 1945, Felix Bloch and Edward Purcell
independently demonstrated NMR in condensed matter for which they were awarded
the Nobel Prize in 1952[153][154]. Prior to the 1970s, NMR was mainly used for chemical
and physical analysis. One of the cornerstones of MRI development was proposed by
Raymond Damadian in 1971, who demonstrated that NMR could be used to distinguish
healthy tissues and tumors[155]. Another crucial step was achieved by Lauterbur in 1973,
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who developed an imaging method to reconstruct two-dimensional images using magnetic
field gradients, initially imaging two capillary tubes sunk in water[156]. Later, Damadian
and his students obtained the first chest and abdomen images using NMR[157] in healthy
people and patients with cancers (Figure 2.1), initiating a new era of imaging. NMR applied
to body imaging was later renamed MRI removing the’ nuclear’ part of the name to prevent
any association with the’ nuclear fear’ following World War II. Over time, scientists have
contributed to develop and improve MRI to become the technology that we know today.
Nowadays, MRI has become one of the most widely used and trusted imaging modalities
in clinical practice for diagnosis, prognosis and therapeutic planning.

2.1.1 MRI physics principles

While X-Ray imaging uses ionising radiation (high energy photons called X-rays) to pene-
trate and image different tissues of the body, and ultrasound imaging uses emission and
reception of ultrasound to determine the scanned structures, MRI uses only the properties
of hydrogen nuclei found in the body when exposed to a magnetic field. More precisely, to
generate a contrasted image of the different tissues, MRI exploits the reaction of hydrogen
nuclei when placed in a magnetic field and stimulated by a radio-frequency (RF) impulse.
In brief, NMR makes the use of the fact that certain atomic nuclei can absorb and re-emit
RF energy (resonance) when placed in a magnetic field. In the body, different nuclei such
as 1H, 19Fe, 13C and 23Na, display different NMR properties and can be used to generate a
contrasted image. However, only hydrogen nuclei (1H) can be found in sufficient amounts
in the human body to be used for clinical MRI imaging. As the hydrogen nucleus is only
composed of one proton, hydrogen nuclei are usually referred to as ’protons’. Thus, for
the rest of the chapter we will only be interested in the ’proton’ (1H) and the exploitation
of its properties to generate MRI images. In summary, the MRI procedure can be roughly
described as follows:

1 – The patient is placed in a strong magnetic field, aligning all the protons’ magnetic
moments in one direction.

2 – An RF pulse is applied to tip the magnetic moment direction of the protons.

3 – Protons go back to their initial state (relaxation) emitting RF that can be detected as a
current.

4 – Different tissues have different relaxation times after stimulation by the RF pulse, and
these different times are used to generate a contrasted image.

This is an over-simplified overview of the much more intricate process that is MRI.
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The hydrogen nucleus: the proton 1H

Protons have several properties, notably a positive electric charge and a spin. The spin
is a quantum mechanical property and represents the intrinsic angular momentum of
the proton. From the nuclear spin is also derived another property of the particle called
magnetic moment which is due to the moving charge of the protons. This property allows
protons to behave like minuscule magnets producing a magnetic field (Figure 2.2A). The
magnetic moment can be described as:

µ = γI (2.1)

where µ is the proton magnetic moment, I the spin of the proton and γ the gyromagnetic
ratio, an empirical ratio depending on the nucleus under consideration and important for
the contrast between tissues during image acquisition.

B
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FIGURE 2.2: Illustration of a proton in different states. A) Proton magnetic moment.
B) Precessing proton when subject to an external magnetic field B0. C) Low and high
energy proton position: parallel (spin-up) and anti-parallel (spin-down), respectively.

Adapted from [158].

Magnetic moments are normally randomly orientated (Figure 2.3A), however when
placed in a strong external magnetic field –called B0 and applied along the z axis of the
patient– protons experience a turning force almost aligning their magnetic moment with B0.
Nevertheless, protons cannot exactly align their magnetic moment with the external field
and as a consequence, protons precess around the direction of the magnetic field (Figure 2.2
B).
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All the protons in the magnetic field B0 precess at the same frequency called the Larmor
frequency. The Larmor frequency is defined by:

f = γB0 (2.2)

where f is the Larmor frequency, γ is the gyromagnetic ratio equal to 2.7x108rad/s/T for
the proton (or 42.57 MHz/T), and B0 represents the strength of the magnetic field applied
in tesla (T). Therefore, the precession frequency is directly proportional to the strength of
the magnetic field.

Placed in B0, protons can adopt two stable states, either spin-up (or parallel) with their
magnetic momentum in the same direction as the magnetic field or spin-down (also called
anti-parallel) in the opposite direction (Figure 2.2C). These states depend on the amount of
energy the proton has. Spin-up protons have slightly less energy than the spin-down protons,
and statistically, the lower-energy state is slightly favoured, therefore more protons are in
spin-up state than in spin-down. This ratio depends on B0 strength and on temperature, for
example at body temperature and in a 1.5T field, for a million spin-down protons, there is
are a million and 4 protons in spin-up direction (Figure 2.3B). Overall the magnetisation
generated by the spin-up protons is largely cancelled out by the spin-down ones, and only
these 4 protons out of a million contribute to the MRI signal (Figure 2.3 B, C)[158]. Fortunately,
the human body contains billions of these ’extra’ spin-up protons to be used to generate
the MRI signal. The resulting magnetisation is called the longitudinal magnetisation M0

– sometimes called net magnetisation –, has the same direction as B0, and is in the order
of magnitude of the microtesla (µT). Thus, lost in the strong external magnetic field B0

(in clinical practice 1.5T or 3T), the longitudinal magnetisation M0 (a few µT) is virtually
impossible to measure.

The radio-frequency pulse

When subject to a strong external magnetic field the protons precess along the axis of
the field with a certain angle θ (Figure 2.4 A). Increasing θ allows M0 to be distinguished
from B0 and thus to be recorded. This is the role of the RF pulse. By applying a radio
frequency pulse at the same frequency as the precessional frequency of the proton (the
Larmor frequency), resonance occurs. Consequently, some of the protons gain energy
and move to the higher energy state (i.e. some spin-down become spin-up), resulting in
the abolition of the longitudinal magnetisation M0. Moreover, the RF pulse brings all the
protons into phase coherence. This means that at the application of the RF pulse, all protons
point to the same position on the precession circle (Figure 2.4 B). As a result, a transverse
magnetisation called B1 arises perpendicular to B0. Thus, M0 now changed for B1 and
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FIGURE 2.3: Illustration of the longitudinal magnetisation by application of a strong
external magnetic field B0. A) Protons’ magnetic moment randomly oriented in the
tissue under consideration.B) Subject to B0 protons precess and align in the same
direction as B0. C) Representation of all the protons’ magnetic moment contributing
to the longitudinal magnetisation M0 resulting from the application of B0 in the z

direction.

segregated from B0 can be recorded as the MRI signal. This can be seen as if M0 was rotated
90◦ and became the transverse magnetisation called B1, now segregated from B0. M0 moves
away from the z axis becoming B1 in the x-y plane, until the RF pulse is switched off (Figure
2.4B).

This resonance phenomenon only happens when the stimulation frequency is the same
as the precessing frequency of the nucleus and is therefore related to the nucleus’ gyromag-
netic ratio (Eq 2.2). In common practice, the RF impulse emitted is calculated to generate a
90◦ flip angle, thus completely distinguishing B1 from B0. The flip angle is given by:

α = γB1tp (2.3)

where α is the flip angle, γ is the gyromagnetic ratio, B1 is the amplitude of the RF pulse
and tp is the duration of the pulse (in ms). To produce a 90◦ flip angle, a 23µT RF is applied
during 0.25 ms. By applying the RF pulse for a shorter or a longer period it is possible to
produce different flip angles usefull for certain MRI sequences.
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FIGURE 2.4: A) Application of radio-frequency (RF) pulse on M0 resulting in the
flipping of M0 becoming transverse magnetisation B1. B) Protons entering in phase

coherence after application of RF pulse.

Relaxation phases

As soon as the RF pulse is switched off, the protons enter a relaxation phase as they return
to their initial equilibrium state. The relaxation phase can be described as two distinct phe-
nomena: the longitudinal relaxation called T1 relaxation and the transverse relaxation called
T2. T1 and T2 occur simultaneously, however T2 is much quicker (few hundred milliseconds)
than T1 (up to several seconds). These two phenomena are represented by relaxation times
and depend on the atomic composition of the tissues. Therefore, by recording the MRI
signal according to T1 or T2 relaxation time of the different tissues, it is possible to generate
contrasted images.

T1 RELAXATION

The T1 relaxation, also called spin-lattice relaxation, represents the recovery of the
longitudinal magnetisation M0 and the loss of transverse magnetisation B1. After the RF
pulse, some of the spin-down protons lose some energy in the form of heat to the surrounding
tissues. As a consequence, the protons, while precessing, slowly leave the x-y plane to
realign with B0 in the z direction (Figure 2.5A). This causes the transverse magnetisation
B1 to slowly disappear while M0 grows back to the initial resting state seen prior to the RF
pulse. The recovery of M0 follows an exponential curve and can be expressed as:

M(t) = M0(1− e−t/T1) (2.4)

where M(t) is the transverse magnetisation at t, M0 is the longitudinal magnetisation and
T1 is the time taken for longitudinal magnetisation to recover 63% of its equilibrium value
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(Figure 2.5B).
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FIGURE 2.5: Longitudinal recovery after application of radio-frequency (RF) pulse. A)
Illustration of the recovery of longitudinal magnetisation M0 in the z direction after
RF pulse, concurring with heat dissipation. B) Graph displaying the recovery curve
of the longitudinal magnetisation M0 over time after RF pulse for different tissues. T1
represents the time taken for longitudinal magnetisation to recover 63% of its initial

value.

As relaxation times depend on the atomic arrangement of the tissue, T1 is a tissue-
specific constant. Thus, it has been observed that fat-based tissues have a short T1 due
to a quick recovery of the longitudinal magnetisation (e.g. 100–150 ms), muscle tissues
show an intermediary T1 (e.g. 400–1200 ms) and fluids display the longest T1 relaxation
times (1500-2000ms)[158]. This is important in the generation of T1-weighted contrast will be
discussed further in the "MRI sequences" section (section 2.1.2).

T2 RELAXATION

The T2 relaxation represents the de-synchronisation of the protons’ spin after the RF
pulse. This relaxation, also called spin-spin relaxation, occurs quickly and is due to the
interaction between the magnetic fields of adjacent protons affecting one another (Figure
2.6A). This dephasing leads to the loss of coherent transverse magnetisation in the x-y plane.
This transverse relaxation follows an exponential decay and can be expressed as:

S(t) = 1− e−t/T2 (2.5)

where S(t) represents the signal captured in the MRI coils, and T2 is the time take for
the signal to drop to 37% of its original value (Figure 2.6B). T2 relaxation time is always
shorter than T1 and similar to T1 relaxation. Furthermore, the T2 rate depends on the atomic
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arrangement of the tissues and therefore varies according to the composition of the tissues.
Thus, it has been observed that fluids have the longest T2 (700–1200 ms), water-based
tissues, such as muscles, display an intermediary T2 time (40–200 ms), and fat-based tissues
show the shortest T2 time (10–100 ms)[158]. These different relaxation times are important
for the generation of T2-weighted images to be discussed further in the "MRI sequences"
section (section 2.1.2).
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FIGURE 2.6: Protons’ phase coherence loss after radio-frequency (RF) pulse. A) Il-
lustration of proton de-phasing after application of RF on the precessing circle (blue
circle) influenced by protons’ magnetic moments affecting one another. B) Graph of the
exponential decay of the recorded signal showing proton de-phasing after application
of the RF impulse for different tissues. T2 represents the time taken for the signal to

drop to 37% of its initial value.

Each tissue has a different hydrogen composition and therefore different T1 and T2

relaxation time. By using these two relaxation parameters and precisely timing image
acquisition it is possible to generate relevant contrast between the structures, highlighting
the regions of interest.

2.1.2 Image acquisition & MRI sequences

Different tissues have different amounts of protons which themselves are more or less
mobile within their molecular environment. For example, protons located in fluids lose
their phase coherence slower than protons found in fat. This is reflected by the different
T1 and T2 relaxation times observed, which, are intrinsic properties of tissues. By carefully
selecting an appropriate time to acquire the images, it is possible to distinguish the different
tissues, thus T1 weighted and T2 weighted images convey different information relating to
the body part being scanned. These MRI sequences are used to contrast the image during
image acquisition according to the objective of the MRI scan. In this section we describe the
MRI apparatus used to record the MRI signal, and some of the fundamental MRI sequences
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to generate a contrasted image in cardiac imaging. Additionally, we will briefly explain the
MRI image encoding that produces the final MRI image.

MRI apparatus and signal recording

In substance MRI machines encompass a giant magnet which generate the main mag-
netic field, gradient coils to define the different directions of the magnetic field and an
emitter/transmitter coil to generate RF impulses and record the MRI signal (Figure 2.7).

Each coil has a different function. The main coil generate B0, the strong constant
magnetic field measured in T and used to align patient’s protons in the z direction. One
Tesla is equivalent to approximately 20000 times the earth’s magnetic field. Currently,
most clinical MR systems usually operate at 1.5T or 3T. Stronger magnetic fields reaching
20T[159] have been developed to obtain higher resolution and better contrast. However, such
apparatus is extremely expensive and remains, at present, only for research applications.

FIGURE 2.7: The MRI apparatus and its essential inner organs. A) Image depicting
the different coils hidden inside the MRI machine used to generate the final image. B)

Drawing of the MRI scanning machine as seen in clinical practice.[160].

Other than the main coil, three gradient coils are placed within the main magnet and
used to encode the three orthogonal directions (x, y and z) (Figure 2.7). Each gradient
coil can generate a magnetic field which is superimposed on top of B0 allowing the main
magnetic field strength to vary according to the direction of the applied gradient field.
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After the RF pulse, the protons precess perpendicular to B0. Because protons produce a
magnetic field, this precession is at the origin of the current detected by the MRI antenna
following Lenz’s law:

ε = −δΦ
δt

(2.6)

where ε represents the current induced by the changing flux given by − δΦ
δt and detected, in

fine, by the MRI antenna.
For the signal to generate a contrasted image it is important to precisely time the image

acquisition along the different relaxation times T1 and T2.

MRI sequence

An MRI sequence consists of a determined number of RF pulses and gradients to produce
a set of images showing particular structures and tissues. Thus, different MRI sequences
have been established and are commonly used in medical practice such as T1 weighted,
T2 weighted or even inversion recovery sequence, to take a few examples, however many
others have been developed to aid diagnosis. Moreover, some sequences also employ
additional setups such as fat suppression, fluid attenuation, or contrast enhancement.
Finally, multiple sequences can be grouped together for a specific application and form an
MRI protocol.

The simplest sequence only comprises a single 90◦ RF pulse and generates a very short-
lived electromagnetic signal called free induction decay (FID) (Figure 2.8A). However, this
signal is generally not used in clinical MRI routines as the signal decays too fast to apply
magnetic field gradients for signal localisation and image reconstruction. For this reason a
180◦ pulse is applied after the initial 90◦ pulse, creating a later signal to be recorded (Figure
2.8B). This pulse-sequence, called spin-echo (SE), represents the basic MRI sequence and can
be defined along the echo time (TE) and the repetition time (TR). The echo time refers to
the time (in ms) between the application of the RF pulse and the peak of the signal (the
echo) induced in the coil to be recorded (listening time). During an MRI sequence, multiple
pulses are employed to ensure a strong recorded signal, the time between two pulses is
referred as the TR (in ms) and determines how much longitudinal magnetisation recovers
between each pulse. However, SE sequences take a relatively long time (several minutes
rather than seconds) which can limit the number of patients scanned during a day.

Other sequences such as the gradient echo sequence (GE) answer this issue by using
a single RF pulse followed by a gradient pulse to create the echo (the recorded signal)
and a short TR, saving, a significant amount of time overall. GE sequences are typically
used with low flip angle (e.g. 5◦–40◦) and, as a consequence, longitudinal magnetisation is
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not completely abolished and still provides some signal. GE sequences allows fast image
acquisition for the price of a greater signal loss in the presence of magnetic susceptibility
effects. By choosing an appropriate TE and TR, SE and GE sequences can produce different
contrasted images and notably T1-weighted and T2-weighted images.

RF pulse

Free induction decay sequence

Signal induced in the coil
(not recorded)

90 90

180
90 90

Spin-echo sequence

TR
TE

TI
90

180 180

Inversion recovery sequence

A

B

C

FIGURE 2.8: Illustration of most used sequences in MRI. A) Illustration of a free
induction decay sequence, the most basic sequence in MRI. B) Spin-echo sequence
using a 90◦ radio-frequency (RF) pulse followed by a 180◦ RF pulse. C) Illustration
of an inversion recovery sequence using a 180◦ RF pre-pulse. Abbreviations: TR,

repetition time; TE, echo time; TI, inversion time.

T1 weighting

T1 weighting is one of the most used sequences in MRI protocols. It is known as ’anatomical’
as it most clearly shows structures’ boundaries by demonstrating the different T1 relaxation
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times of tissues. T1 weighting is obtained using a short TR and a short TE. In the T1

weighting sequence, fluids tend to preserve their transverse magnetisation, and slowly
dissipate their energy in heat form, maintaining their magnetic moment in the x-y plane
longer and appearing very dark on the final image. On the other hand, water-based
tissues, like muscles, recover their longitudinal magnetisation more rapidly and thus
display intermediate signals seen as mid-grey on the MRI scan. Finally, fat-based tissues
produce the highest intensity signal and appear very bright on the image as they recover
their longitudinal magnetisation the fastest (Figure 2.9). Many different sequences have
been developed to exploit T1 weighting such as the Look-Locker sequence proposed in
1970 using repeated pulse cycles to yield T1 weighted images[161]. Years later in 2004,
the modified Look-Locker inversion recovery sequence (MOLLI) significantly improved
the original sequence in clinical imaging allowing single-shot images while sampling
even more of the T1 recovery curve[162]. Moreover, in cardiac imaging, T1 weighting has
emerged as an interesting tool for global myocardial fibrosis assessment[163], particularly
after administration of paramagnetic contrast agents. This will be further addressed in the
"Contrast agents" section (2.1.3).

T2 weighting

Amongst the many MRI sequences utilised in clinical practice, T2 weighting is also one of
the most commonly used. In a similar way as with T1 weighting, T2 weighting exploits the
difference in T2 relaxation rates between tissues. By timing image acquisition according to
T2’s tissue –T2 weighting– it is possible to generate a contrasted image highlighting relevant
structures for diagnostic purposes. T2 weighting relies on long TR and long TE to show the
de-phasing discrepancy between tissues resulting in a contrasted image. As fluids display a
persistent phase coherence between protons, they yield high intensity signal and therefore
appear bright on the final images. On the other hand, water and fat based tissues come out
mid-grey as protons are in a tighter molecular environment with more interaction, their
magnetic moments tend to influence each other more leading to a faster loss of the phase
coherence (Figure 2.9). T2-weighted scans are known as ’pathological’ scans. Because fluids
can infiltrate pathological tissues, a local abnormality in a tissue can result in a brighter
patch distinguished from the normal non-pathological darker tissue. Using this property T2

weighting can be used to detect tumour, inflammation or infection. For cardiac imaging
T2 weighting has been notably used to assess myocardial oedema, evaluate myocardial
ischaemic injury and determine the area at risk in infarction[164].
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FIGURE 2.9: Representation of the different longitudinal and transverse relaxation
times in T1 and T2 weighting for different tissues. A) Graph representing signal
recording according T1 or T2 weighting (T1W and T2W respectively). B) Comparison
between T1 and T2 weighted image on brain MRI. Square and circles corresponding to
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Inversion recovery sequence

Inversion recovery (IR) sequences are used to selectively abolish the signal for certain tissues.
Inversion recovery sequences consist of the application of a 180◦ RF pre-pulse before a SE
sequence (Figure 2.8C). This initial pulse is used to invert the longitudinal magnetisation
M0 to its negative value −M0. Then, the 90◦ pulse of the SE sequence is applied at the exact
time when longitudinal magnetisation reaches the null point for the tissue to suppress. The
time between the pre-pulse 180◦ RF pulse and the 90◦ is called inversion time (TI). Using
this property, many tissue specific sequences have been developed. For example, using
an appropriate TI, it is possible to null the fat signal, employing a sequence called short
tau IR (STIR)[165]. It is also possible to abolish fluid signals using for example the double
inversion IR (DIR)[166]. The inversion recovery sequence provides a wider range for the
T1 weighting SE sequence as the relaxation starts from −M0, rather than 0, yielding better
contrast for T1 weighted images. However, this improvement comes at the cost of a longer
image acquisition time (15-20 minutes) as based on the SE sequence. Nevertheless, a newer
version using fast SE sequence (or turbo SE) refined the protocol reducing the sequence time
up to 50% (5-10 minutes)[167]. In cardiac imaging, IR sequences have been used for many
applications such as detection of pericardial inflammation, intra-cavitary abnormalities and
assessing myocardial damage. Moreover, IR sequences have been used in association with
a T1-shortening contrast agent to depict, locate and size myocardial necrosis and fibrosis in
patients with recent infarction[168][163].
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Image reconstruction

Using different sequences and carefully selecting TE, TR, and TI (when using inversion
recovery sequences), to fully exploit T1 and T2 relaxation times allows MRI imaging to
generate excellent contrast between structures. But MRI imaging can also yield very high
resolution images as shown by Lüsebrink et al. obtaining images with a nominal isotropic
resolution of 250 µm using a 7T scan during a 8h procedure[169]. This example is of high-end
technological prowess and is almost exclusively used for research purposes. Nonetheless,
MRI can yield high image resolution such as 1.5× 1.5× 4mm3 employing the 1.5T or 3T
MRI scans commonly used in clinical practice[170].

In MRI imaging, the recorded signal is a current generated in the antenna coil by moving
the magnetic field of the protons during the relaxation phase after the RF pulse. In order to
localise the signal from the patient’s body and, generate a readable image, each proton is
subjected to a slightly different magnetic field varying along the three orthogonal directions
x, y, z. This is rendered possible by superimposing weaker linear magnetic field gradients
over B0 along x, y, z. Thus, as the magnetic field varies across space, the precession frequency
is slightly different for each proton allowing its localisation in the final image.

To encode the different directions, different gradients superimposed on B0 are used
(Figure 2.10A). Firstly, along the z axis, in the direction of B0, a gradient is applied on
B0 from head to toe allowing, for example, the selection a set of voxels in the z plane.
Secondly, in the sagittal plane (the x direction), a phase gradient is applied modifying the
phase of each proton in the selected slice. Finally, for the y axis, the coronal plane, the
gradient used generates a frequency shift for each proton for the selected slice. Thus, for
the slice selected (in the z direction), each proton has a distinct phase and frequency (x
and y respectively). This example uses a slice selected in the transverse plan (z direction),
however, by appropriately selecting the different gradients and time for their application,
MRI allow slice selection in any plane and any direction. Finally, after signal acquisition,
Fourier’s transform is applied to decompose the raw signal into simpler signals with respect
to the different directions, reconstructing the final MRI image.

2.1.3 Contrast MRI

Compared to other imaging modalities, MRI offers excellent spatial resolution, but suffers
from a lower sensitivity directly linked to the intrinsic low sensitivity of the NMR phe-
nomenon[171][172]. Many scientific teams have intended to provide a solution to increase
MRI sensitivity while maintaining its numerous advantages (use of non-ionising radiation,
unlimited penetration depth, good spatial and temporal resolution). One solution lies in
the development of new MRI protocols such as the initial Lock-Locker sequence and the
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FIGURE 2.10: Illustration of the gradients employed for image spatial encoding. A)
Gradients and coils of MRI apparatus. The coils coloured in red generate the phase
gradient in the coronal plane, allowing image encoding in the y direction. The lateral
coils (in green) generate the frequency gradient in the sagittal plane, to encode the x
direction. The coils represented in blue generate a magnetic field gradient surimposed
to the main magnetic field B0 allowing to encode the z direction. B) Illustration of the

different planes generated used for patient.

MOLLI sequence amongst many. However, these sequences represent technical adaptations
limited to specific tissue imaging rather than improvement of the MRI signal itself. The
most straightforward solution is to increase the external magnetic field B0, increasing the
recorded signal and thus strengthening the contrast between the tissues. However, this
solution is expensive as improving the magnetic field would cost roughly 700,000$ per Tesla.
Finally, another solution relies on the injection of high signal-to-noise contrast agents which
can thereby enhance MRI sensibility. Currently, more than 30 million of MRI procedures
performed annually use contrast agents to amplify the MRI signal and therefore enhance
contrast between tissues on MRI images[173]. Contrast agents play a major role in MRI
imaging and are employed for a wide range of tissues such as brain, spine, abdomen, breast
and notably cardiac tissue [174][175][176].



2.1. Magnetic resonance imaging for atrial imaging 53

Contrast agents for MRI

Starting in 1988 with gadopentetate dimeglumine (Magnevist®), the first MRI contrast agent
available for clinical use, contrast-enhanced MRI has become an essential tool for diagnosis.
Since then, more contrast agents have been developed and are used in clinical practice
worldwide. In short, contrast agents work by shortening tissue relaxation times increasing
the signal when using a T1-weighting sequence and decreasing the signal in T2-weighted
images. Contrast agents can be divided in two categories along their chemical composition:
paramagnetic contrast agents and super-paramagnetic contrast agents.

PARAMAGNETIC CONTRAST AGENTS

The most widely used paramagnetic agents are gadolinium-based agents. Gadolinium
is a rare earth metal which in ionic form (Gd3+) displays 7 unpaired electrons, the highest
number of all the stable ions. After the RF pulse, Gd3+ unpaired electrons interact with
adjacent resonating protons and effectively accelerate proton relaxation[177][178] indirectly
producing a signal-enhancing effect[179]. Thus, tissues accumulating Gd3+ display sig-
nificant shortening of their longitudinal and transverse relaxation time, and therefore a
reduction of their T1 and T2 values respectively. This can be seen by an increased MRI
signal in T1-weighted images and a decreased signal when using a T2-weighting sequence
as mentioned earlier, however paramagnetic agents are mostly used with T1-weighting
sequences. Other paramagnetic agents use manganese as the enhancing ion and display
similar properties but remain less utilised. Unfortunately, injection of free ionic gadolinium,
or even ionic manganese (Mn2+), have been shown to be relatively toxic[180]. Indeed, be-
cause Gd3+ is a lanthanide heavy metal with a size close to Ca2+, the presence of Gd3+ can
lead to competitive inhibition with Ca2+ for Ca2+ binding enzymes and therefore provoke
adverse cellular effects[181]. Similar issues have been reported for free ionic manganese
Mn2+, notably competing with Zn2+ ions and stagnating in the administered tissues[182].
This toxicity can be prevented by the use of a carrier molecule called a chelating agent. The
chelating ligand counters competitive inhibition by weighting-up the paramagnetic ion,
and allows better body elimination of the contrast agents while maintaining their contrast
properties. Nevertheless, even chelated, gadolinium brain deposits have been shown in rats
repeatedly injected with gadolinium [183]. Moreover, more and more studies have found
similar results in humans, questioning the clinical use of gadolinium in MRI procedures.
However, the impact of gadolinium deposit in the brain remains relatively unknown and
under debate, therefore large prospective studies are needed to draw clear conclusions
for the future of gadolinium-based contrast agents[184]. Thus, gadolinium-based contrast
agents still remain prevalent and essential tools in clinical MRI.



54 Chapter 2. MRI for Cardiac Imaging

SUPER-PARAMAGNETIC CONTRAST AGENTS

Super-paramagnetic contrast agents are usually composed of an iron oxide core (mag-
netite, Fe3O4, maghemite, γ-Fe2O3, or other ferrites) and generate a larger magnetic
momentum compared to paramagnetic contrast agents. They influence signal intensity
mainly by shortening the T2 relaxation time of the administered tissues. As a consequence,
pathological structures appear brighter due to the darkening of normal surrounding tissues
by the contrast agent. Iron oxide nanoparticles are taken up by the monocyte-macrophage
system, which explains their application as MRI markers of inflammatory, degenerative
disorders or for tumor detection [185].

LATE GADOLINIUM ENHANCEMENT AND CARDIAC MRI

In 1981 Young et al. were the first to study the effect of paramagnetic contrast agents
on NMR signal[186] and, the following year Goldman et al. published 2 studies trying to
quantify myocardial infarction using paramagnetic ions in a canine model[187][188]. From
their seminal work, many studies have demonstrated the potential of contrast enhanced
MRI to quantify myocardial damage caused by ischemia[189][188], acute myocardial infarc-
tion[190][191] and even cardiac tumours in children[192]. However, the underlying mecha-
nisms behind specific tissue contrast enhancement still remained relatively unknown. It
was only in 1996 that Kim et al. using a rabbit model, demonstrated that the distinctive
contrast between tissues derives from the different wash-in/wash-out kinetics of the contrast
agent between normal or infracted tissues using a gadolinium-based agents[193]. Their work
contributed to develop new approaches such as ’late gadolinium enhancement’ MRI (LGE-
MRI) used to differentiate structurally damaged myocardium from normal myocardium
exploiting these kinetic differences between tissues after a delay (10-20 minutes)[194]. This
technique is now widely used, and has been found highly valuable to better identify the
etiology of certain cardiomyopathies such as ischaemia, cardiac sarcoidosis[195] and car-
diac amyloidosis[196]. Moreover, many studies have shown the relevance of LGE-MRI to
accurately detect and quantify the different type of myocardial fibrosis.

Recently, a group from the University of Utah have performed multiple studies to show
the beneficial use of LGE-MRI to detect and quantify fibrosis in the upper chambers of the
heart. More particularly, they extensively investigated the role of LA myocardial fibrosis
in the context of AF[197]. They notably demonstrated the relation between the extensive
fibrosis detected on LGE-MRI (≥30% LA wall enhancement) and the poor outcome of
the catheter ablation procedure in patients with AF[66]. They also showed the association
between the amount of fibrosis in the atrial myocardium and prior stroke in 387 patients
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with AF[198]. Overall, their work underlines the value for patient stratification using LGE-
MRI to detect and quantify LA fibrosis and, in fine, improve treatment strategies for patients
with AF[199][200][201]. Along this work, they created the largest LGE-MRI dataset currently
available that we used for our deep learning approach for automatic segmentation of the
LA (section 5). We detail the protocol they used as an example of LGE-MRI protocol in a
following section (section 2.3).

2.2 Cardiac MRI and motion

Over the years, cardiac MRI has become an essential tool for diagnosis, but patient move-
ment represents a major challenge. Due to the cardio-respiratory motion, MRI sequences
have to be adjusted to prevent overwhelming motion artefacts.

To compensate for the pulsatile motion induced by the contraction of the ventricular
chambers, image acquisition is synchronised to the patient’s ECG. This technique called
ECG-gating ensures that each phase-encoding step is performed exactly at the same point
in the cardiac cycle. However, ECG-gating, which requires a steady and good-quality ECG,
is rendered difficult due to the gradient electromagnetic fields and RF pulses inducing
voltages in the ECG leads and disturbing the ECG signal. To overcome this problem, modern
scanners use vectorcardiography (VCG) which records the magnitude and direction of the
electrical signal by means of continuous vectors and improves the gating.

Even if cardiac motion is "frozen", MRI scans can be several seconds long and during
this period respiratory motion can yield important artefacts if not considered during image
acquisition. To prevent these breathing artefacts, the simplest method is to perform image
acquisition during breath holds. However, some sequences can take longer, and some
patients with respiratory conditions can simply not hold their breath long enough. Therefore,
to compensate for the motion, multiple signals can be recorded and then averaged while
the patient is breathing freely. This method improves significantly the signal-to-noise ratio,
albeit reducing edge sharpness.

2.3 A protocol from The University of Utah LGE-MRI dataset

Originally proposed by McGann et al. from The University of Utah in 2008 to define the LA
wall injury in patients with AF[197], the protocol was later refined by the Comprehensive
Arrhythmia Research and Management Center (CARMA) and used to create the current
largest LGE-MRI dataset available. The protocol was approved by the Institutional Review
Board at the University of Utah and was compliant with the Health Insurance Portability
and Accountability Act of 1996. The dataset consists of 154 independently acquired 3D
LGE-MRIs pre- or post-ablation, from 60 de-identified patients with AF.
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The LGE-MRI scans were performed using a 1.5-T Avanto or a 3.0 Tesla Verio clinical
scanner (Siemens Medical Solutions, Erlangen, Germany), 15 min after contrast agent
(Multihance, Bracco Diagnostic Inc., Princeton, New Jersey) intravenous injection of a dose
of 0.1 mmol/kg body weight with a 2-ml/s injection rate and followed by a 15-ml saline
flush. The images were acquired using a 3D inversion recovery, respiration navigated,
ECG-gated, gradient echo pulse sequence. Typical acquisition parameters were as follows:
free-breathing using navigator gating, a transverse imaging volume with voxel size =
1.25× 1.25× 2.5mm3 (reconstructed to 0.625× 0.625× 1.25mm3), TR/TE = 5.4/2.3 ms, flip
angle = 20◦, TI = 270 to 310 ms and GRAPPA1 with R = 2 and 46 reference lines. Fat
saturation was used to suppress the fat signal and the TE of the scan (2.3 ms) was chosen to
null out of phase fat and water signal to improve delineation of the LA wall boundary. ECG
gating was used to acquire a small subset of phase encoding views during the diastolic
phase of the LA cardiac cycle. The time interval between the R-peak of the ECG and the
start of data acquisition was defined using the cine images of the LA. The TI value for the
LGE-MRI scan was identified using a scout scan. Typical scan time for the LGE-MRI study
was 5 to 10 min depending on subject respiration and heart rate. If the first acquisition did
not have an optimal TI or had substantial motion artefacts, the scan was repeated. The
original images were interpolated four times along the z-axis to obtain the final image
resolution of 0.625 × 0.625 × 0.625mm3 to match the resolution of our Waikato dataset
collected locally (see Chapter 6). Following this protocol the dataset presented a range of
image quality as showed by Xiong et al.[202] providing a representation of the good and bad
image qualities found in clinical practice (Figure 2.11).

2.4 Summary and conclusions

From the discovery of the NMR phenomenon by Rabi, to the latest 20T modern MRI scanner,
a world of development and improvement has been achieved. Nowadays, numerous
sequences and protocols have been established allowing MRI to yield high resolution
images with low signal-to-noise ratio showing excellent contrast between tissues. Because
of its numerous advantages: unlimited penetration depth, use of non-ionising radiation
and good spatial and temporal resolution, MRI has reached the status of ’gold standard’ in
cardiac imaging to assess cardiac anatomy, myocardial masses and perfusion. Moreover,
with the help of paramagnetic ions such as gadolinium, LGE-MRI can achieve further
imaging capabilities providing more details of intra-tissue structures such as fibrosis in
the atrial myocardium yielding more information for diagnostic and prognostic purposes.
Over the past decade, the group at the University of Utah has shown the importance of

1Parallel imaging technique to speed up MRI pulse sequences.
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FIGURE 2.11: Evaluation of the quality variation of the LGE-MRI dataset following
the Utah protocol used for this study by Xiong et al.[202]. Abbreviations: LGE-MRI,
late gadolinium-enhanced magnetic resonance imaging; SNR, signal-to-noise ratio; CR,

contrast ratio; HET, image heterogeneity.

myocardial fibrosis in the development and persistence of AF. Throughout their work
they demonstrate the necessity to quantify fibrosis in sick hearts and adopt more adapted
treatments strategies for patients. However, the current methods to process LGE-MRI
images and quantify fibrosis rely heavily on manual segmentation, an error-prone, tedious,
and time consuming process limiting clinical implementation. Therefore, new automatic
tools need to be developed to alleviate the burden of manual segmentation and provide, in
fine, crucial information to the cardiologist.
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Chapter 3

Deep Learning: A New Algorithm
Paradigm

Introduction

Since Alan Turing published his article "Computing Machinery and Intelligence" asking ’can
machines think?’ researchers have endeavoured to comprehend, develop and achieve artifi-
cial intelligence (AI)[203][204]. According to AI pioneer Marvin Minsky, AI can be described
as "the science of making machines do things that would require intelligence if done by
men (sic)"[205]. One of the initial attempts for AI development was to hard-code knowledge,
which will be later used by the computer to respond to its given environment[206]. However,
the knowledge-based AI did not meet the expected success but led later to the development
of a sublet of AI called machine learning. Machine learning is the term coined to designate
any algorithm able to acquire its own knowledge extracted from raw data, improve it
over learning iterations, and make informed decisions based on what it has learned[207].
Amongst the various approaches used in machine learning, deep learning is currently one
of the most widely employed solutions to many problems. Deep learning has been long
theorised in research, but only in recent years have the improvement of graphic processing
units (GPUs), computational processing power and the development of databases enabled
deep learning to be of practical use. Deep learning has now spread across a vast proportion
of the newest technologies, such as in finance, weather forecasting and physics. In medical
practice, deep learning has gained increasing popularity, showing impressive results in
image processing by tackling sensitive tasks such as cancer detection[208] and tumour clas-
sification[209] or by alleviating the burden of time-consuming tasks such as clinical image
segmentation[210].

Deep learning models aim to generate an informed prediction (classification, detection,
segmentation) of an input based on a prior learning process (also called training) from
reference data. For this, deep learning algorithms rely on an arrangement of processing
units organised in a network called an artificial neural network (ANN). ANNs represent
the core of deep learning algorithms and have been derived and adapted for various tasks
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leading to the development of convolutional neural networks (CNN), a type of network
particularly adapted for image processing. For example, using MRIs and LGE-MRIs, CNN
models quickly showed promising results, achieving high accuracy segmentation for cardiac
medical images[211] and throughout all scales of biology[212][213]. Today, deep learning with
ANNs is seen as a potential revolution and a critical tool for the future development and
improvement of the current ways to perform diagnosis and prognosis in clinical practice.

In this chapter, we describe the core principles of deep learning for image processing.
Firstly, we detail the base of deep learning algorithms as well as the core constituents of
ANNs. Secondly, we explain the specificities of CNNs and the U-Net, the CNN architecture
most widely used for clinical image processing. Then, we describe the different data
augmentation approaches commonly used to improve data representation influencing
the accuracy and reliability of the deep learning models. We also describe some of the
metrics employed to evaluate the results yielded by deep learning approaches for image
segmentation. Finally, we detail some of the main difficulties faced by deep learning
algorithms.

Machine
Learning

Deep
Learning

Artificial
Intellligence

FIGURE 3.1: Vern diagram of different sublets of artificial intelligence[160].

3.1 Artificial neural networks

Inspired by the biological neural networks found in the human brain[214], an ANN repre-
sents a collection of connected and tunable computational units, called artificial neurons
(Figure 3.2), organised in a layered structure comprising a network (Figure 3.3). The key
attribute of an ANN lies in its ability to learn the unique traits of a dataset by adjusting
its internal parameters accordingly during a training process. The training process can be
described in three consecutive phases: (1) forward propagation, (2) error calculation, and
(3) back-propagation.
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3.1.1 Feed-forward phase, artificial neuron and neural network

The feed-forward phase represents the propagation of the information computed by the
neurons and transmitted on consecutively. From one layer to another, the information will
be processed from the initial input to the final output of the ANN in a forward fashion.

Each artificial neuron represents a processing unit that can take multiple inputs. Each
input is multiplied by an adjustable parameter called ’weight’. For each neuron, all weighted
inputs and an added bias1 are summed together and passed through a function called
’activation function’, to yield a single output[207]. The computing process of an artificial
neuron can be described by:

Y = f (∑i wixi + b) (3.1)

where Y represent the output of the neuron considered, f the activation function, w the
weights, x the inputs of the neuron, and b the bias.
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FIGURE 3.2: Illustration of an artificial neuron and its biological inspiration. A) Repre-
sentation of an artificial neuron with two inputs (x1 and x2), their associated weights
(w1 and w2), a bias (b) and the output Y. B) Illustration of a neuron describing the
neural activation pathway, from the collection of the input signals (x1, x2, ..., xn), their
summation followed by the axon activation to the output signals (y1, y2, ..., yn) to

transmit of the information to the consecutive neurons.

In early ANN binary models, the step activation function (Figure 3.4A) was initially
implemented to substitute the threshold formerly employed to determine if a neuron ’fires’
(i.e. activates), forwarding the information to the next layer in the network. Later, other
activation functions such as sigmoid or rectified linear unit (ReLU) have been used to
incorporate non-linear properties to the network. These functions allow an incremental
adjustment of the weights during the learning process, helping to refine the behaviour of
the model and allowing to address, in fine, more complex problems.

1Parameter used to shift the activation function to the left or right[215].
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FIGURE 3.3: Representation of an ANN basic architecture. A) Simple representation of
a 12 neurons ANN. B) Actual neural network used for digit recognition from the semi-
nal work of Yann LeCun et al. (not all the initial input neurons are represented)[216][215].

Abbreviations: ANN, artificial neural network.

Amongst the large variety of activation functions used for different tasks, sigmoid, ReLU
and softmax activation functions are the most commonly employed:

1 – Sigmoid: The sigmoid activation function has the mathematical form f (x) = 1/(1 +
e−x). As a result, the behaviour of the output is softened and improved compared to
the step function (Figure 3.4 A, B). However, the sigmoid activation suffers from the
vanishing gradient problem (see section 3.5), as the neuron can saturate at either 0 or
1, limiting the learning process.

2 – ReLU: Showed to improve learning process for deep networks[217], the ReLU activa-
tion function is currently the most popular activation function and can be described by
f (x) = max(0, x). This function, also called ’ramp function’, rectifies all the negative
values to 0 (Figure 3.4C), preventing vanishing gradient problems and allowing a faster
learning rate for deep neural architectures[218]. However, being non-differentiable at 0,
ReLU neurons have a tendency to become inactive, taking no role in the discrimination
of the inputs, and therefore "dying".

3 – Leaky ReLU: Similar to ReLU, leaky ReLU overcomes the ’dying neuron’ issue by
allowing a small negative slope when x < 0 (Figure 3.4D). Hence, Leaky ReLU ensures
adjustment of the neuron’s weights after each epoch during the training process. This
function can be described by f (x) = 1(x < 0)(α) + 1(x > 0)(x), where α is a small
constant.

4 – Softmax: The softmax function is often used on the final layer of an ANN as it
produces values in the range (0, 1) highlighting the largest values and suppressing
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values which are below the maximum value, its resulting values always sum to 1. The
softmax function can be defined by f (x)j = exj / ∑K

k=1 ezk
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1 if x ∈ A{
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f(x)=1(x<0)(α)+1(x≥0)(x)
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FIGURE 3.4: Illustration of different activation functions. A) Step function used in
former binary models to replace the application of a threshold to decide the activation
of a neuron. B) Sigmoid activation function used in many regression tasks. C) ReLU
activation function clipping all negative values to 0 preventing vanishing gradient
issues. D) Leaky ReLU activation function using α parameter to prevent dying neurons

problem encountered with ReLU. Abbreviations: ReLU, Rectified Linear Unit.

To summarise, the forward propagation phase can be described as follows: the input
data (e.g. LGE-MRI image) is fed to the network and flows through the various layers that
extract the characteristic traits of the data, to ultimately yield a prediction (e.g. desired
segmented image). After this initial phase, the prediction is compared to a reference data
(e.g. image manually segmented by experts), and an error is calculated to evaluate the
exactness of the prediction.

3.1.2 Cost function, gradient descent and back-propagation

To assess the fidelity of the prediction yielded by the model, the distance between the
prediction and the ’ground truth’ (i.e. labelled data/reference data) is calculated using a ’cost
function’ (also called ’loss function’). Depending on the problem, various cost functions can
be employed. One of the early cost functions employed for regression problems, (when a
real or continuous value is the predicted output such as coordinates prediction) was the
mean squared error (MSE) loss function (also called quadratic cost function), which can be
described by:

CMSE =
1

2n ∑
x

∥∥x− y
∥∥2 (3.2)

where n is the total number of training inputs, x is the vector of observed values, and
y the output vector (prediction) yielded by the network[215]. This function renders the
discrepancy between the ANN output and the desired one, as y approaches x, the cost
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function C comes closer to 0.

While the MSE loss function is mainly used for regression problems, the Cross-entropy
(CE) loss function and Dice loss (DC) cost function have been widely employed for clas-
sification tasks and segmentation tasks, when the output variable is a category, such as
“disease” and “no disease” for classifications tasks and further with the prediction of the
pixel value 0 or 1 to generate a segmentation mask. CE cost function can be described as
follows:

CCE = − 1
n ∑

x
[(x)ln(y) + (1− x)ln(1− y)] (3.3)

where C is the cost function, n is the total number of items of training data, x represents the
ground truth values, and y is the corresponding predicted output[215]. The DC cost function
can be described as:

CDC = − 2 ∑n
i yixi

∑n
i y2

i + x2
i

(3.4)

where n represents the number total of pixels, xi and yi represent the pixel values of
the ground truth and prediction, respectively. Hence, as the error calculated by the cost
function reflects the exactness of the prediction to the ground truth, by minimising the error
the network generates better predictions. This process, is achieved via an optimisation
algorithm called gradient descent which attempts to find a minimum of the cost function
(Figure 3.5). To do that, the gradient descent adjust the weights and bias to reduce the
cost function. The derivatives of the cost function with respect the the weights (w) dictate
parameter updates using gradient descent:

qn+1 = qn − η · ∇q J(q) (3.5)

in which η represents the learning rate, and ∇q J(q) represents the gradient of the neural
network with respect to the weights.

At the start of the training, the weights are set to ’0’, randomly initialised or follow-
ing other initialisation, for instance, the Xavier Glorot initialisation or the He initialisa-
tion[219][220] to prevent issues such as exploding or vanishing gradient (section 3.5). The
input is then processed throughout the network from one layer to another to generate
an output. After error calculation, the learnable parameters are slightly modified in a
backward fashion, from the output to the input, before a new epoch starts. This process is
called ’back-propagation’ (Figure 3.3A). Over iterations of this cycle – feed-forward, error
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FIGURE 3.5: Illustration of the gradient descent optimisation algorithm showing the
different iteration needed to reach the minimum convergence point.

calculation, back-propagation – the model learns. By gradually adjusting the parameters,
the cost function progressively converges toward a minimum. The training process is over
when no improvement can be achieved by further tweaking of the parameters. The final set
of weights from a trained network can later be reused as the starting point for another model
on a similar or different but related task. This process, called ’transfer learning’, has been
proficient for a wide range of applications[221] such as text data learning[222], classification
problems[223] and, notably, segmentation tasks[224][225].

These mechanisms represent the overall algorithmic architecture mostly used in deep
learning. Since the early ANNs, a plethora of architectures have been established and used
for different tasks, showing the versatility of ANNs. For this reason, ANN development
is actively followed for many clinical applications notably for clinical image processing.
However, different tasks require different networks. Medical imaging encompasses a wide
field of applications, and different tasks can represent different aspects of a diagnosis.
Examples include the detection of an abnormal ECG signal, its classification as AF[226], or
even atrial segmentation for planning for AF ablation[227]. Therefore, each task requires a
specific ANN architecture to properly model the desired operator, as the inputs and output
can be drastically different depending on the nature of the task to be performed. The number,
types, and connections of layers in an ANN define the network architecture. In medical
imaging, one type of architecture has drawn great interest in the research community for its
ability to extract image information and yield accurate segmentation on the medical images.
These networks are called convolutional neural networks (CNNs).
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3.2 Convolutional neural networks

FIGURE 3.6: Illustration of the application of CNNs for automatic segmentation at
various scales of biology. A) Gland segmentation on haemotoxylin and eosin-stained
colon histological slide proposed during the GlaS challenge contest during the 2015
MICCAI conference[212]. B) Cell segmentation in dense scenario [213]. C) Heart seg-
mentation (left and right ventricle, and left atrium shown) on CT images from the
MM-WHS2017 challenge[228]. D) Brain white matter, grey matter, and cerebrospinal
fluid segmentation on MRI image. Abbreviation: CNNs, convolutional neural net-
work; MRI, magnetic resonance imaging; MM-WHS: multi-modalities whole heart

segmentation.

The CNN model is one of the most widely employed deep learning architectures for
image processing such as segmentation (Figure 3.6). CNN is a specific ANN architecture
in which its hidden layers comprise one or more convolutional layers. The convolutional
layers act as feature extractors from the input image, applying different convolution kernels
(also called filters) along the initial image to generate feature maps containing meaningful in-
formation (Figure 3.7). Moreover, in convolutional layers, each artificial neuron receives its
inputs from multiple neighbouring neurons from the previous layer, sharing their weights
and keeping the most spatially relevant information. This feature also allows a reduction in
the number of parameters to adjust and therefore lowers the computational processing cost.

Moreover, generally inserted in between sets of successive convolutional layers are
pooling layers. Operations such as ’max-pooling’ are used to reduce the dimensionality
of each generated feature map, also reducing the computational processing cost while
retaining the relevant information. This is commonly achieved using either max-pooling
(Figure 3.8) or convolution using a stride > 1.

For CNNs dedicated to image classification or detection, the architectures usually
incorporate a ’fully connected layer’, as an end layer to summarise all information contained
in the feature maps into a unique final output vector providing the probabilities for each
label. Furthermore, CNNs can also be adapted for segmentation tasks by discarding the final
fully connected layer and incorporating up-convolution layers (also called deconvolution or
transpose convolution) in the network[229]. Up-convolution layers allow up-sampling of the
feature maps to produce, in fine, outputs with the same size as the original input size[230].
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FIGURE 3.8: Illustration of the max-pooling operation to down-sample a 4×4 image to
a 2×2 image loosing spatial information but extracting most prominent values.

These networks are called fully convolutional networks (FCNs). FCNs using up-convolution
layers can perform pixel-wise prediction and therefore image segmentation (Figure 3.6).
First proposed by Long et al. for semantic segmentation[231], the FCN architecture has
been adapted and further extended for medical imaging, notably with U-Net, a U-shape
architecture (Figure 3.10) developed for segmentation of histological images[230].

U-Net is a CNN using a contracting path dedicated to extract the meaningful information
from the input images, mirrored by an expanding path used to reconstruct the image,
yielding the final segmentation. U-Net is a CNN divided into 23 convolutions, where the
contracting path consists of repeated application of two 3×3 convolutional layers, followed
by a ReLU activation function and a 2×2 max-pooling operation for down-sampling.
The number of kernel (feature maps) is doubled after each max-pooling operation. The
expanding path consists of up-sampling the feature maps by successive up-convolution
operations using 2×2 kernels, dividing each time by two the number of feature maps. At
each level, information from the encoding path is concatenated with the same level decoding
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FIGURE 3.9: Illustration of the capability of CNN to perform detection, classification
and segmentation tasks.

path. These connections are called skip-connections. By using skip-connections between
down-sampled feature maps and an up-sampled feature maps, the U-Net architecture
allows features forwarding between the encoding part and the decoding part of the network,
preventing singularities and achieving higher accuracy[232][233][234].

After winning the ISBI Cell Tracking Challenge in 2015, U-Net became the principal
FCN architecture for medical imaging segmentation. Other studies, such as V-Net (Figure
SupplementalA.1) further developed the U-shape architecture to use 3D images as input
to render the spatial resolution of anatomical structures more accurately[235][210]. V-Net
in particular incorporated inter-level skip-connections associated with a U-shaped archi-
tecture, allowing a better persistence of the information throughout the extraction and
reconstruction process and preventing vanishing gradient problems. Since then, many deep
learning models using U-Net architectures have flourished showing impressive accuracy
for medical image segmentation[236][237].

3.3 Data augmentation

The success of deep learning in computer vision is highly reliant on their ability to build
knowledge and apply it on new – unseen – data. This property is called ’generalisation’.
Hence, deep learning models require to be trained with large amounts of data to develop
their generalisation capability[238]. However, in medical imaging, big datasets are yet to
reach the critical size ensuring satisfying representation of the existing anatomical variability.
Therefore, to improve the datasets, researchers have developed different approaches for
data augmentation to artificially increase the size and variability of the datasets. This is
done by applying various geometric and colour transformations (Figure 3.11) to the training
data either prior to the training process (offline data augmentation) or at each epoch during
the training process (called online or inline data augmentation). From these two methods,
while the former is arguably easier to implement, the latter engages fewer data storing
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FIGURE 3.10: Illustration of the U-Net encoding/decoding U-shaped architecture[230].

issues and yields randomly generated samples to be seen only once by the model. Hence,
over iterations, the generalisation capacities of the model tend to improve more using online
data augmentation. Nevertheless, as anatomical differences between patients remain in a
certain range, the data augmentation process employed has to be controlled and tailored to
remain anatomical plausibility. Thus, using appropriate data augmentation to enhance the
dataset artificially can drastically improve the generalisation ability of the model achieving,
in fine, better accuracy and reliability[238].

3.4 Metrics for image segmentation

To evaluate segmentation results yielded by deep learning models, different metrics have to
be used to assess the different aspects of the predictions.

DICE SCORE & JACQUARD INDEX

Overlapping metrics are amongst the most widely employed to evaluate segmentation
predictions and are used to assess the pixel-wise similarity between the ground truth and
the predictions[239]. Among them, Dice score and Jacquard index have been two of the
most widely used metrics for segmentation tasks using machine learning. Both of their
calculations are based on different ratios between: (1) the correctly annotated ’label’ pixels
(true positive pixels, TP); (2) the correctly annotated ’background’ pixels (true negative pixel,
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FIGURE 3.11: Illustration of few image transformations commonly used for data
augmentation[238].

TN); (3) wrongly annotated positive label pixels (false positive pixels, FP); and (4) wrongly
annotated negative background pixels (false negative pixels, FN). These parameters can be
easily visualised using a confusion matrix (Table A.1). The Dice score can be expressed as:

(1) DSC =
2TP

2TP + FP + FN
or (2) Jacquard(X, Y) =

2|X ∩Y|
|X|+ |Y| (3.6)

where, for (1), DSC is the Dice score, TP is the number of label pixels correctly annotated,
FP is the number of label pixels wrongly annotated, and FN is the number of background
pixels wrongly annotated. Moreover, for (2), the Dice score DSC is expressed given two sets
X and Y, where |X| and |Y| are the number of elements in each set (also called cardinalities).
Using the same annotation Jacquard index can be expressed as:

(1) J =
TP

TP + FP + FN
or (2) J(X, Y) =

|X ∩Y|
|X ∪Y| =

|X ∩Y|
|X|+ |Y| − |X ∩Y| (3.7)

where, for (1), J represents the Jacquard index, TP is the number of true positives, FP is
the number false positives, and FN is the number of false negatives. Moreover, for (2), J is
expressed given two sets X and Y, where |X| and |Y| are the number of elements in each
set (also called cardinalities).
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While both of these metrics are always positively correlated, gauging the similarity between
the ground truth and the predicted segmentation, the Jacquard index tends to be more severe
than the Dice score, penalising more intensely the wrongly classified pixels. Thus, over
a set of data, the Dice score provides an evaluation closer to the average performance of
the network, whereas the Jacquard index yields an evaluation more related to the worst
performance of the network.

SENSITIVITY & SPECIFICITY

In medicine, sensitivity and specificity are commonly employed to evaluate the per-
formance of diagnostic tests. Applied to segmentation tasks, they allow to assess which
error the method yields more often, either toward more label pixels wrongly annotated (FP)
or more background pixels wrongly annotated (FN) (Figure SupplementalA.1). On one
hand, sensitivity measures the proportion of positive pixels (label) on the ground truth and
correctly identified as such on the predicted segmentation, and is given as:

Sens =
TP

TP + FP
(3.8)

where TP is the number of true positives, and FP is the number of false positives.

On the other hand, specificity provides the proportion of background pixels (negative)
identified as such by the network, given by:

Spe =
TN

TN + FN
(3.9)

where TN is the number of true negatives and FN is the number of false negatives.

MEAN SURFACE DISTANCE & HAUSDORFF DISTANCE

Other metrics based on distance measurements, such as mean surface distance (MSD)
and Hausdorff maximum distance (HD), are usually employed to provide an alternative
evaluation to overlap based methods that may mislead the analysis showing high accuracy
scores that incorrectly indicate good performance.
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A distance measurement for a voxel x from a set of voxels A can be defined as:

d(x, A) = min
y∈A

d(x, y) (3.10)

where d(x, y) represents the Euclidean distance for the voxels of the image A. From this
MSD estimates the average error (in mm) between the outer surfaces of the reference data
and the predicted segmentation. The MSD can be described as:

MSD =
1

|Bpred|+ |BGT|
×

 ∑
x∈Bpred

d(x, BGT) + ∑
y∈BGT

d(y, Bpred)

 (3.11)

where MSD is the mean surface distance, and BGT and Bpred represent the boundaries of
the ground truth and the predicted segmentation, respectively. MSD estimates the average
error (in mm) between the outer surfaces of the reference data and the predicted segmenta-
tion. Given the size and structure of LA, MSD is a meaningful tool to reliably assess the
anatomical boundaries of the predicted segmentation compared to the reference data.

Moreover, the HD (measured in mm) represents the maximum error between the surface
of the predicted segmentation and the surface of the reference data. Therefore, HD indicates
solely the distance at the worst part of the segmentation providing only partial information
of the correctness of the predicted segmentation. The HD (using its symmetrical variant) is
defined by:

HD = max{dH(Bpred, BGT), dH(BGR, Bpred)} (3.12)

where HD is the Hausdorff maximum distance, and BGT and Bpred represent the boundaries
of the ground truth and the predicted segmentation, respectively.

Thus, following a similar idea as for the overlap based methods, by combining MSD
(average boundary precision) and HD (worst boundary accuracy), it is possible to evaluate
reliably the fidelity of the anatomical structures yielded by our deep learning approach.

3.5 Deep learning challenges

Along with the development of a deep learning model, several recurring challenges can
emerge and causing poor performances and lack of reliability. These issues can be coarsely
categorised as data and dataset related issues and network optimisation issues.
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3.5.1 Data & dataset related challenges

The astonishing performances of deep learning algorithm lie in its ability to extract mean-
ingful information from a labelled dataset, building knowledge to be later applied onto new
data. However, in classification and segmentation tasks, an issue occurs when the different
data categories are not evenly represented. For example, in a binary problem, this class
imbalance issue arises when one class, the minority group, contains significantly fewer
samples than the other class, the majority group. In clinical image processing, the minority
group is often the class of interest such as the segmentation of the LA wall in which the LA
wall pixels represent a small portion (≈ 0.7%) of the image on cardiac LGE-MRI images.
In this example, the positive class represents the LA pixels, and the background pixels are
referred to as a negative class. Learning from an unbalanced dataset can be very difficult as
the 0.7% of the positive class in our example weighs very little in the parameters adjustment
during the learning process. This results in a poor modelling of the training data as well
as a poor ability for the model to generalise, applying to new data. This phenomenon is
called class imbalance or under-fitting. To handle class imbalance issues, deep learning can
mainly rely on data-level methods or algorithm-level techniques.

The data-level technique consists in either over-sampling or under-sampling the training
data. Over-sampling the minority class by duplicating random samples from the minority
class increases the representativity of the class of interest during the training, facilitating
the learning process of the meaningful features of the positive class[240]. On the other hand,
under-sampling the majority class by discarding the random samples of the negative class
helps in reducing the total amount of data to be processed by the network and in restoring
the balance between the two groups[241]. Unlike the data-level methods, algorithm methods
rely on cost function adjustments to increase the importance of the minority class. By
increasing the penalty applied when the minority class is misclassified, the behaviour of the
learning process can be adjusted, alleviating the class imbalance and improving the final
accuracy.

In medical practice, data collection and dataset building are ongoing challenges. As
a result, many specialised datasets are of modest size (a few hundred images) leading to
a recurring known issue in deep learning called ’over-fitting’ (Figure 3.12A). This phe-
nomenon occurs when the dataset is too small to provide an extensive representativeness
of the data variability existing outside of the training dataset. As a consequence, over
training iterations, the model only focusing on a small data sample becomes "over-trained"
on the data sample, learning details and noise to the extent that it negatively impacts the
model performances on new data. To prevent overfitting, two main solutions are commonly
employed (1) data augmentation, and (2) dropout[242]. Data augmentation refers to the
virtual enhancement of the dataset by applied various transformations to the existing data
to increase the number and variability of training examples. The data augmentation process
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changing nodes contribution every epoch.

and details are explained in section 3.3. On the other hand, dropout is a regularisation
method which consists in randomly "dropping out" some of the nodes for the designated
layers at each epoch during the training process (Figure 3.12B). Therefore, for each epoch,
the network and its internal connections are slightly altered, simulating a sparse activation
for a given layer. As a result, the network learns from a sparse representation of the input
data, thus limiting, in fine, over-fitting.

3.5.2 Network optimisation related challenges

The ability for a network to learn relies essentially on the maintenance of a gradient allowing
incremental adjustment of the weights throughout the training process. During back-
propagation, weights receive an update proportional to the partial derivative of the cost
function with respect to the current weight. Hence in deep networks, if the derivatives
become too large, the gradient will increase exponentially, a phenomenon called ’exploding
gradient’. Alternatively, if the derivatives become too small, their accumulation will cause
the gradient to decrease exponentially, causing a vanishing gradient issue. In both cases, the
learning process is impaired, either: becoming unstable and incapable of effective learning
due to the large weights changes in models with an exploding gradient; or incapable of
learning meaningful traits, as the accumulation of small weights prevents the model from
being updated effectively, ultimately stopping further learning.

The exploding gradient problem can be managed using ’gradient clipping’, a predefined
threshold used to prevent the gradient from becoming too large. On the other hand, to
prevent vanishing gradient issues, one solution consists in using ReLU activation functions.
As ReLU does not generate small derivatives, the gradient is more easily maintained
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FIGURE 3.13: Illustration of residual connections used to prevent vanishing gradient.
A) Example of a skip connection (red arrow) ’hopping’ over two layers[243]. B) Residual
network with 5 residual blocks showing the numerous skip connections used in the

"densely connected network" by Hang et al.[244].

throughout the learning process. Another solution, called residual connections (or skip
connections) are connections that "hop" over a few layers (Figure 3.13). As a result, the
gradient is perpetuated regardless of the output of the layers in-between a skip connection.
Hence, the weights remain adjustable over training iterations, preserving the network
learning capacities.

3.6 Summary and conclusions

Throughout many peaks and several winters[245], from the imitation game to the recent
learning algorithms, AI and its sublets have come a long way since its early articulation
by Alan Turing in 1950[203]. More particularly, the recent development of computational
hardware and databases allowed the flourishing of deep learning approaches, revolution-
ising little by little many fields involving technology[246][247][248]. In clinical applications,
deep learning demonstrated promising results handling sensitive image processing tasks
such as detection, classification or even segmentation of clinical images. However, while
considerable efforts have been engaged to improve the medical databases and implement
more deep learning approaches, image processing still relies heavily on human expertise
and is the source of many medical errors, which are the third leading cause of death in
the US[249]. Therefore, despite initial professional reluctance, deep learning represents an
interesting new algorithm paradigm to create new tools for the clinicians to help with
diagnosis and prognosis, improving treatment guidance.

For AF, the current treatments mainly consist of AF ablation. However, this solution
remains suboptimal, and some patients have to undergo multiple procedures to get free
of AF, whereas others never find relief. While better treatment procedures have to be
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developed, more accurate heart state evaluation methods and better prediction of AF
ablation outcomes can guide the cardiologist to provide better adapted ways of treatment
for the patients. For this, deep learning can be employed to yield an accurate segmentation
of the LA, as well as the amount and distribution of fibrosis within the LA wall providing
crucial information for the cardiologist[250][32].
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Chapter 4

State-of-the-art for Atrial Segmentation
Approaches

Introduction

In medical imaging, MRI is one of the most widely trusted techniques to obtain tissue and
organ structural information to establish an accurate diagnosis. After MRI acquisition,
image segmentation represents an essential processing step to extract qualitative and
quantitative information from the clinical image. Fundamentally, segmentation partitions
an image into distinct segments by assigning a common label to every pixel that shares
similar characteristics. As a result, a simplified representation of the image is produced,
thereby facilitating processing and analysis. Medical image segmentation is of considerable
importance in many clinical applications. It helps to locate structures and delineate their
boundaries at all scales of biology, from sub-cellular and cell segmentation on histological
sections[213], to tumour identification on MRI images in cancer cases[251].

In cardiology, image segmentation is notably used to evaluate cardiac mechanical
performances by quantifying ventricular wall thickness, myocardial mass, and ejection
fraction[252]. Moreover, image segmentation also represents a critical step to analysing
atrial anatomical structures. Segmentation is notably used to assess the LA volume, LA
antero-posterior diameter, LA wall thickness and LA fibrosis for AF treatment guidance[32].
The traditional method for performing LA segmentation relies on manual tracing, typically
done slice-by-slice for volumetric imagery, of the LA contours (including LA cavity, wall
and PVs antra). Because the LA is a small structure, constrained by a thin atrial wall
(2-3mm) and comprised of complex anatomy, its manual delineation is a challenging
task[253][254][255]. Moreover, contrast inconsistencies, noise, image artefacts, anatomical
variabilities, and inevitable imaging inhomogeneity can all impair the readability of the
image to segment. Therefore, the quality of the results highly depends on the performance,
training and experience of the labelling expert. Hence, manual segmentation can diverge
dramatically between two experts, as shown by various intra- and inter-operator variability
studies[256][257]. For these reasons, manual segmentation is often described as error-prone,
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labour-intensive, time-consuming, hard to reproduce, or unscalable, and represents a major
hindrance for clinical deployment. Researchers have long intended to improve and alleviate
the burden of manual atrial segmentation by developing various semi-automated to fully
automated techniques. Yet, none of these methods has been proven efficient enough to
completely supplant LA manual segmentation in clinical practice.

In recent years, the development of more powerful computational hardware and the
growth of clinical databases have enabled deep learning[258][259]. This novel technique
rapidly achieved tremendous advances, notably in image classification and segmenta-
tion[231][243], and even improved clinical outcomes for cancer detection on cervical im-
ages[229]. For cardiac imaging, image segmentation using deep learning showed promising
results on MRI images, with a precision comparable to human-level accuracy (> 90% Dice
score) for ventricular segmentation[260][261][262]. However, performing an accurate and
reliable segmentation of the atrial anatomy presents a more intricate challenge. Hence,
new approaches have to be developed to overcome the inherent difficulties and provide a
valuable tool for automatic atrial segmentation in clinical practice.

In this chapter, we first describe the manual segmentation method developed by the
University of Utah for atrial segmentation from 3D LGE-MRIs. Then, we detail the most
common ’traditional’ automatic methods employed to perform the same task, followed by
an extensive review of the current deep learning approaches for automatic atrial segmenta-
tion.

4.1 Manual atrial segmentation

Manual segmentation is a tedious process relying heavily on expert experience and is a
source of potential inconsistencies. However, manual segmentation remains the current
gold standard for many segmentation applications and notably LA segmentation. Typical
manual segmentation for LA studies on LGE-MRIs follows a similar procedure to the
one described by McGann et al. from the University of Utah[151] and later refined by the
CARMA Center. This procedure can be described in three steps (Figure 4.1).

1 – The endocardial border of the LA is manually traced, including an extent of PV sleeves.
Then, the LA–PV blood pool, representing the LA cavity, is filled on each image. To
trace the PV antra consistently, three criteria were defined: (1) the PV antra is defined
as the regions located before any branching of the PVs; (2) the PV antra are defined as
the initial narrowing section of the PVs departing from the endocardial surface before
the vessel diameter becomes more constant; (3) the PV antra are defined as extending
out to 10 mm or less from the LA wall (approximately three times the thickness of the
LA wall).
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2 – The LA endocardial segmentation is morphologically dilated with a constant thickness
(3 mm) to capture the boundary of the LA epicardial surface.

3 – The endocardial segmentation is subtracted from the epicardial segmentation to
generate the LA wall segmentation. Then, the final segmentation is manually edited
to exclude the PV extents and mitral valve opening, from the LA wall.

Thus, applying this protocol on each image of the 154 3D LGE-MRIs of the Utah dataset
presented previously (see section 2.3), every image was labelled with their respective LA
wall and LA cavity segmentation using binary labels.

Manual tracing Morpholical dilation Final wall segmentationCBA

FIGURE 4.1: Illustration of LA manual segmentation process on LGE-MRI. A) Manual
tracing of the endocardial surface (white line) filled to generate the LA cavity labels
(yellow). B) Morphological dilation and manual adjustment of the endocardial tracing
to obtain the epicardial delineation (dashed line). C) Subtraction of the endocardial
segmentation from the epicardial segmentation with manual removal of the PV opening
to yield the final wall. Abbreviations: LA, left atrium; LGE-MRI, late gadolinium-

enhanced magnetic resonance imaging.

4.2 Automated atrial segmentation

4.2.1 Traditional methods for atrial segmentation

Before the advent of deep learning, early algorithms such as thresholding methods or
region-growing approaches required manual tuning[263][264]. Other methods were later
developed to provide a higher degree of automation, using clustering approaches such as
k-means clustering[265]. More recent methods using statistical classifiers, such as support
vector machine approaches[266], active shape model[267], or multi-atlases[268] approaches,
gained interest for medical image analysis and cardiac segmentation. In this section, we will
describe these various traditional approaches and their application to atrial segmentation.
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Thresholding methods

Thresholding is the simplest approach to perform image segmentation. It relies on the
definition of a threshold value to separate the pixels into two groups (regions) based on
the pixel intensity and yielding, in fine, a binary segmentation. To improve threshold-
ing segmentation, researchers have developed adaptive thresholding techniques using a
dynamic threshold which changes over the image[269]. Through iterations, the threshold
adapts according to the image regions, and the equations defining the threshold value
evolve to yield a refined final segmentation. Otsu’s method (using maximum variance)[270],
Kapur’s method (relying on entropy calculation between foreground and background)[271]

and Rosin’s method (using unimodal thresholding)[272] are examples of the plethora of
commonly used adaptative methods to perform thresholding segmentation.

Thresholding segmentation methods are fast and computationally efficient. However,
they suffer from their sensitivity to noise and intensity inhomogeneities. Moreover, because
thresholding methods are based only on pixel intensity, they do not integrate spatial
representation for the segmentation process. This limitation can generate non-unified
groups of pixels on low-contrast images and segmentation aberrations. Therefore, these
techniques require manual tuning and post-processing adjustments. For these reasons,
threshold-based segmentation methods are generally not suitable for textured images such
as cardiac MRIs[273] and are not directly employed for LA segmentation, but rather used as a
step within a more complex approach[274][275]. Finally, thresholding has also been applied to
analyse and quantify LA wall fibrosis after LA wall segmentation, as mentioned previously
in Chapter 1 (see section 1.3.3).

Region-growing approaches

Region-growing approaches are used to extract a connected region in which pixel intensity
remains in close range. The naive approach relies on a manually selected seeding point from
which the algorithm starts to compare the neighbouring pixels using a similarity criterion.
If the pixels intensities are close enough, the original region grows including the newly
elected pixels. This process is repeated until no more pixels can fit the similarity criterion,
creating the boundaries of the object and the final segmentation (Figure 4.2).

Region-growing methods are particularly appropriate to segmenting large homoge-
neous connected regions and have been employed for numerous segmentation tasks in
medical imaging using MRI, such as ventricular blood pool segmentation[276] or LA seg-
mentation[277]. However, region growing approaches are sensitive to noise which can
impair correct pixel annotation and lead to holes in the region of interest. Moreover, region
growing methods still require manual tuning, such as selecting an appropriate seeding
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FIGURE 4.2: Illustration of a region growing approach used for brain grey matter
segmentation.

location and defining an efficient similarity criterion, to prevent the algorithm from ’leaking’
outside of the region of interest.

K-means clustering

K-means clustering is an unsupervised algorithm used to partitions the given data into
k-clusters. The k-means approach aims to minimise the within-cluster variances between
the cluster centre and the points to be classified. Using this process, the dataset points
are segregated in a given number of clusters k. After a point is included in a cluster, the
cluster centre is updated until all the points have been processed (Figure 4.3). The distance
calculation between the points and the cluster centre can be based on diverse factors, such
as pixel intensity, spatial location, texture, or a weighted combination of these factors.
Moreover, depending on the task to perform, k can be selected either manually, randomly,
or using a heuristic algorithm. The final result is highly related to the initial set of clusters
used, the number of clusters selected and the distance optimisation employed. While
popular for classification tasks for data mining, k-means clustering has been adapted and
successfully used for image segmentation[278]. However, due to the data inhomogeneities
and anatomical ambiguities on cardiac images, k-means approaches tend to confuse regions,
leading to structure miss-annotation and boundary delineation issues[279].

Iteration#0 Iteration#6 Iteration#14

FIGURE 4.3: Illustration of k-means clustering process.
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Active shape models

Proposed in 1994 by Cootes and Tayor[280], active shape models rely on the creation of a
statistical shape model iteratively deformed to fit a given structure to segment. Then, this
model intends to find a similar shape in a new image. This method can be described in
three steps: (1) creation of the dataset; (2) generation of the active shape model; and (3)
application of the model onto the image to segment. Firstly, for every example included
in the statistical model, points are manually placed on the boundaries of the structure
to segment. These points are automatically aligned between examples to minimise the
distance variance for equivalent points between the training examples. Then, the statistics
of the training set points are examined to generate a ’point distribution model’ embedding the
average position of each point as well as multiple parameters controlling the main modes
of variation found in the training set. Finally, after the statistical model has been created,
the algorithm works in two steps to perform image segmentation. Firstly, the algorithm
provides a rough initial guess for the best shape, orientation, scale and position of the object
of interest. Then, the algorithm refines the segmentation boundaries iteratively by moving
the hypothesised object points to find the best fit with the statistical model and the shape
constraints established during training.

Active shape models were initially developed to locate structures on 2D medical images
and were later improved to perform segmentation[281]. Using this technique, researchers
were able to segment structures such as the endocardial contours of the atria, the ventricles,
and the epicardium of the entire heart[282][283][284][285] on MRI, using either 2D or 3D ap-
proaches. However, as active shape model techniques traditionally rely almost exclusively
on local edge-based information, they are highly dependent on the statistical model built,
limiting generalisation purposes notably in the presence of noise. Moreover, while yielding
promising performance for ventricular chambers segmentation, using active shape models
on smaller structures such as LA, produces inaccurate segmentations with high MSD (LA
wall thickness 2-3mm, MSD using active shape model 3.04mm) unsuitable for medical
applications[282].

Multi-atlas segmentation

Popularised by the work of Rohlfing et al., Klein et al., and Heckemann et al., multi-
atlas segmentation (MAS) relies on the creation and uses of atlases to capture anatomical
variations and yield, in fine, structure segmentation[286][287][288]. The goal of MAS is to
correlate the shapes and intensities of an unlabelled image with the ones observed in the
atlases.

MAS approaches can be described in five essential steps: (1) generation of atlases; (2)
registration; (3) atlas selection; (4) label propagation; and (5) label fusion (Figure 4.4). The
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FIGURE 4.4: Illustration of a multi-atlas segmentation process, adapted from Liu et al.
[289].

generation of atlases is accomplished by experts’ manual labelling of the medical images.
This crucial step enables to build a dataset encoding structure shape and pixel intensities of
the region of interest for later segmentation. Once the atlas dataset is built, the unlabelled
image has to be registered to evaluate the spatial correspondence between each atlas. Image
registration comes with a high computational cost, but is a necessary step relying on the
combination of deformation models, an objective function and an optimisation method
to ensure the best fit between the image to be segmented and the atlases[290]. To increase
computational efficiency, exclude irrelevant atlases and improve segmentation accuracy[291],
a selection of atlas is operated. This is done by using metrics to rank the relevance of the
atlases, using techniques such as image similarities[291], registration consistency[292], or
even using principal component analysis[293]. After registration and atlas selection, the
labels from the chosen atlases are propagated to the unlabelled image coordinates. This
process is achieved mainly using the nearest neighbour interpolation strategy in which
each atlas propagates only one label to each pixel on the new image[288]. Finally, the pro-
posed labels are combined during the label fusion step to yield the final segmentation.
One of the simplest strategies for label fusion is called majority voting. In this approach,
the label of each pixel on the unlabelled image is determined by the most frequent label
issued by the atlases[286][287][288]. Other strategies using alternative ways to perform atlases
weighting (weighting[294] such as local weighting[295] or fusion weighting[296]) can improve
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label fusion and the accuracy of the segmentation. Additional to these five fundamental
components of MAS, other strategies such as offline, learning used prior to registration,
and online learning, employed before label fusion, can help to improve the accuracy and
performances of the MAS strategy[290].

Since their development, MAS approaches have been employed for almost every part of
the body and most extensively for brain segmentation[290]. Nevertheless, and despite the
difficulties of abdominal imaging, various MAS strategies have also been developed for
LA segmentation from LGE-MRIs. Tao et al. proposed to combine a multi-atlas strategy
with 3D level-set refinement, obtaining 86% Dice score using 46 LGE-MRIs[297]. Moreover,
Yang et al. developed a multi-atlas strategy coupled with super-voxel-based delineation
using 20 3D-LGE MRIs and obtaining 91% Dice score accuracy[298]. More recently, during
the 2018 Atrial Segmentation Challenge held in conjunction with the Medical Image Com-
puting and Computer-Assisted Intervention conference, Nuñez-Garcia et al. proposed to
combine multi-atlas whole heart labelling and shape-based atlas selection to perform LA
segmentation. Using 80 3D-LGE MRIs to build the atlas dataset and 20 3D-LGE MRIs to
test their approach, they achieved 85.9% Dice score accuracy[299]. While MAS approaches
achieved promising results, the current accuracy still needs improving to yield reliable LA
segmentation. Moreover, MAS strategies come with a high computational cost which has
restricted and still dramatically limits its deployment in clinical practice.

Support vector machine

Originally introduced by Vapnik[300], support vector machines (SVM) have been initially ap-
plied to binary classification and regression problems and only later to image segmentation.
SVM approaches are supervised machine learning classifier algorithms that attempt to find
the optimal solution of a training dataset, to maximise the margin (distance) between the
support vectors of each class and the hyperplane. This solution is then applied to unseen
data to perform the classification. After being successfully applied to diverse biological clas-
sification problems such as genetics and multi-category gene expression classification[301],
SVMs were extended to non-linear problems such as image segmentation. This can be done
using the ’kernel trick’, essentially moving the data dimensional space to another dimension
in which an optimal hyperplane can be found. First employed for cellular segmentation on
microscopic images[302], SVMs quickly gained interest in biomedical imaging segmentation
tasks, such as in tumour segmentation[303] and lung nodule segmentation[304].

In cardiology research, SVM methods have been successfully employed for cardiac
arrhythmia detection and classification[305][306][307]. However, for segmentation of cardiac
structures, SVMs have only been used to perform atlas selection or label fusion in multi-
atlas approaches[308][309]. Additionally, Yang et al. attempted to segment LA fibrosis using
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an SVM algorithm after applying a LA/whole heart MAS approach on 3D-LGE MRIs
without yet reaching satisfying accuracy[310]. This limited accuracy is probably due to the
difficulty of choosing appropriate parameters providing good generalisation capabilities
to the algorithm. In order to address non-linear problems such as LA segmentation, the
choice of an appropriate kernel to separate the classes can be difficult. Therefore, anatomical
structures with similar intensities, ambiguous boundaries and noise can easily lead to
overlapping classes, yielding, in fine, aberrant structure segmentations.

Support vectors

Dividing
hyperplane

Class 2

Class 1

Negative hyperplane

Positive hyperplane

Maximum
margin

FIGURE 4.5: Illustration of hyperplane class separation.

Through more than 30 years of development, researchers have proposed a plethora of
approaches for atrial segmentation from cardiac imaging such as MRI and LGE-MRI. How-
ever, though many of these approaches showed promising results initially, none presented
enough consistency to be widely implemented in clinical practice. Nevertheless, the recent
interest in machine learning, and notably deep learning, with its growing researcher com-
munity comforted by the early impressive results obtained, cast a fresh prospect on the
future of atrial segmentation.

4.2.2 Atrial segmentation using deep learning

Machine learning and deep learning are fairly new, and currently very few methods have
been proposed applying deep learning to atrial segmentation. The first method was pro-
posed in 2017 by Mortazi et al., who developed CardiacNet, a fully convolutional network
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using a multi-view approach to segment the LA from 30 MRI images[311]. This seminal
work and the thriving enthusiasm for the field lead in 2018 to the flourishing of deep learn-
ing approaches during the Atrial Segmentation Challenge[312]. These proposed methods
represent most of the current state-of-the-art literature for LA segmentation using deep
learning.

The challenge proposed was to segment the LA cavity using 100 LGE-MRIs of the
current largest LGE-MRI dataset available, created by the University of Utah. The challenge
proposed various difficulties. Firstly, the dataset displays a large image quality disparity,
exposing the inherent hindrances (noise, blurry boundaries, artefacts) yielded by MRI
imaging for LA segmentation (Figure 4.6A). Moreover, the atrial anatomy is complex and
only represents a small volume of pixels, as mentioned earlier, generating an important
class imbalance between the LA cavity class and the background class (Figure 4.6B).

For this challenge, 15 of the 17 published approaches tackled these difficulties using deep
learning (Table 4.1). They segmented the LA cavity from the LGE-MRI images, yielding
high accuracy results and outperforming conventional segmentation approaches[313]. Most
of the approaches developed employed a typical fully CNN encoder-decoder architecture,
usually based on U-net or V-net. Nevertheless, novel methods such as altering the CNN
architecture, using different external modules, and creating new loss functions, allowed
the contestants to surmount the various difficulties of LA segmentation from LGE-MRI. As
a comparison, only one contestant used a learning algorithm approach (random decision
forest) during the previous Atrial Segmentation Challenge held in 2013[314]. This growing
interest for deep learning in research challenges illustrates the shift occurring in atrial
segmentation methods and more broadly in clinical imaging processing, moving from
traditional methods to deep learning-based approaches.

In the following section, we provide a summary of the main state-of-the-art approaches
for atrial segmentation from LGE-MRIs using deep learning. We organise this section fol-
lowing the main difficulties faced for this task. First, as class imbalance is a major problem
in segmentation of small structures, we analyse the main methods employed to address this
issue. Secondly, we review the approaches employed to exploit image context providing
more information for semantic segmentation of the LA using multi-scale strategies. Then,
we analyse the new loss function proposed to ensure accurate boundaries segmentation. Fi-
nally, we discuss the influence of the input dimensionality (2D/3D) for atrial segmentation
when dataset size represents a significant shortcoming.

A class imbalance problem

One of the difficulties of atrial segmentation is that the atrial cavity represents only a small
fraction of the image volume (~0.7%) and therefore creates a severe intrinsic class imbalance
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FIGURE 4.6: Illustration of the main recurring hindrances faced for LA segmentation
from LGE-MRIs. A) A typical 2D LGE-MRI annotated with the main hindrances
(blurry boundaries, class imbalance, noisy background and complex anatomy) en-
countered in atrial segmentation. B) Illustration of the strong class imbalance between
the background class (0) and the LA cavity class (1). Abbreviations: LGE-MRI, late

gadolinium-enhanced magnetic resonance image; LA, left atrium.

between the over-represented background (majority class) and the under-represented atrial
structures (minority class). Hence, as the background class dominates the net gradient
responsible for the model’s weights update (see section 3.1.2), the background is quickly
and accurately annotated. In contrast, the atrial cavity pixels are more easily misclassified,
leading to slow convergence of the network and aberrant final predictions[315]. Thus,
learning from imbalanced datasets can be very difficult.

One of the methods for improving class imbalance is to reduce the representativeness
of the dominating class, by discarding samples of it[316]. In our case, samples of the
predominating background class can be shed, reducing the total amount of information the
model has to learn from and improving the balance between the majority class (background)
and the minority class (LA cavity)[317]. In that fashion, Vesal et al. proposed to crop the
input images from the centre of the image, using fixed coordinates, to substantially remove
the predominant background surrounding the LA[237]. As a result, the learning process was
entirely focused on a smaller region of interest (ROI), allowing better representation of the
LA features. Based on a similar principle, other researchers[236][318][319] pushed this idea a
step further by using a multi-CNN approach for atrial segmentation. In their approaches,
two consecutive networks were employed instead. The first CNN was specially trained
to localise the LA on each input, allowing for subsequently cropping out the unwanted
background around the LA, as an initial step before segmentation. Then, the second network
was dedicated to the segmentation task itself, focusing entirely on a small patch of each
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image.
Despite following a similar idea, it is essential to distinguish these two methods. As the

LA can show different positions on LGE-MRIs, using fixed coordinates from the centre of
the image to crop may result in unwanted cropping of relevant LA pixels. On the other hand,
by dynamically centring the ROI on the LA for each input, multi-CNN approaches ensured
the conservation of the atrial structures, cropping exclusively superfluous background
pixels and, consequently, optimising background isotropy for the learning process.

This class imbalance management, using a cropping method, was used by four of the
six top participants (Dice score > 92%) during the 2018 Atrial Segmentation Challenge,
illustrating the importance of an appropriate ROI-focused method to ensure accurate
learning of the atrial structures.

Multi-scale approaches and context learning

Another problem that decreases segmentation performance and limits the extraction of
relevant cues during the training phase is the inconsistency between the sizes of the LA
anatomical features, such as the PVs or the LAA seen in LGE-MRIs from different patients.
He et al. initially developed a pyramid pooling module, a multi-scale pooling intended
to prevent object misclassification by using image context information[320]. By incorpo-
rating multi-scale pooling, the CNN could associate contextual features, delivering more
accurate classification. Based on this idea, Zhao et al. proposed PSPNet, a neural net-
work with pyramid pooling which incorporates object and image context into the learning
process[321]. These two approaches were developed using large miscellaneous datasets
such as ImageNet[322], PASCAL VOC 2012[323] or ADE20K dataset[324], with the pyramid
pooling exploiting the context variability of the dataset, which allowed to alleviate object
miss-classification or segmentation errors. Inspired by the pyramid pooling approach
and PSPNet, Bian et al. proposed a multi-scale 2D CNN using a spatial pyramid pooling
method[325] to extract the different scale features of the training dataset (Figure 4.7). Thus,
through different pooling kernel sizes and their combination, they proposed a CNN able to
learn different cue size and improve network robustness against the high shape variability
usually encountered in clinical datasets. However, the dataset employed for this approach
(100 3D LGE-MRIs of the chest cavity) does not provide as much contextual variability as the
large image database aforementioned, but instead displays the same object (the LA), in the
same anatomical context (the thoracic cavity), providing only a few contextual variations to
train on. Thus, arguably, using a pyramid pooling module for LA segmentation in the chest
cavity might only show limited benefits from context learning.

Based on a similar idea of incorporating multi-scale cues during the learning process,
Vesal et al. employed dilated convolution layers (also called atrous convolution layers)
at the deepest level of their network[237]. These convolution layers use dilatation rates to
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enlarge their receptive fields, allowing the network to learn different scale features[326].
However, at each convolution the receptive field of each neuron is increased, so that if not
used wisely, receptive fields can become larger than the input image, resulting in a waste of
memory while not improving the learning process.

These context-integrating approaches ensure the incorporation of shallow features (spa-
tial cues) and deep features (semantic cues) during the learning process. Applying this idea,
Bian et al. were ranked second during the 2018 Atrial Segmentation Challenge, showing
the potential of a multi-scale approach without class-imbalance management. Therefore,
combining effective class imbalance management with contextual cues could potentially
improve the current methods further. However, cropping to the smallest ROI possible using
a first CNN of a two-stage approach, as done by Xia et al.[236], dramatically reduces the
image context shown to the network. Therefore, other class imbalance management need to
be considered, such as tailored loss functions[317], as the pyramid pooling module might not
be able to provide contextual cues from the LA surrounding structures to improve the learn-
ing process. Moreover, during the cropping process, the input image size is significantly
reduced. Hence, the use of dilated convolution for segmentation in the second network of
this strategy becomes almost obsolete, as the receptive fields would quickly grow larger
than the input image during the learning process. Thus, fusing these strategies, although
interesting, needs to be considered wisely.

PYRAMID POOLING ARCHITECTURE

Pyramid pooling
module

Conv

Conv

Conv

Conv

Concatenation

Pool

U
psam

ple

Input image Output image

FIGURE 4.7: Illustration of a multi-scale approach using the pyramid pooling module
for a better integration of the background context cues during the learning process.

Abbreviations: Pool, pooling operation; Conv, convolution operation.

Loss function

The current main evaluation metrics employed in the segmentation task using deep learning
is the Dice score, for which a higher accuracy reflects almost exclusively a volume of pixels
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accurately annotated, rather than well-defined anatomy. Hence, most of the deep learning
approaches for segmentation employ pixel-wise segmentation relying either on Cross-
Entropy loss function or Dice loss function. However, these loss functions weigh more
volume over contours, which can impair the learning of accurate boundaries in favour of a
correct volume.

To improve boundary accuracy, several teams have developed contour-oriented loss
functions. For example, Jia et al. proposed a contour loss function (based on the pixel
Euclidean distance) that decreases when the contour gets nearer to the ground truth,
providing spatial distance information to the learning process[327]. In their approach, they
associated the Dice loss function to obtain pixel-wise information, with their contour loss
function, for spatial information, achieving good shape consistency. In another strategy,
Yang et al. also defined a composite loss function, combining the overlap loss function (to
reduce intersection between foreground and background) and a novel loss function called
"focal positive loss", to guide the learning of voxel specific threshold and emphasise the
foreground, improving, in fine, classification sensitivity[328]. By recognising ambiguous
boundary location and enforcing positive prediction, this novel loss function improved the
learning process and consequently the final atrial segmentation. However, these approaches
did not quite reach the top rank during the 2018 Atrial Segmentation Challenge. Therefore,
it would be interesting to investigate the impact of a combined loss function allowing the
network to learn from the volume (Cross-Entropy loss function or Dice loss function) and
the contours of the LA. As segmentation tasks rely not only on minimising volume error
but also on boundary accuracy (particularly for small structures), it is crucial to consider
these two major aspects to ensure the reliability of the approach employed.

Spatial context: 2D vs 3D

Even if clinical datasets are becoming bigger and better with the creation of centralised
databases, for example, the UK Biobank (with more than 90000 3D MRI scans)[329], most of
the current clinical databases available remain modest in size, making it difficult for a CNN
to provide robust generalised solutions for segmentation. As an example, the current largest
LGE-MRI dataset, which only contains 154 3D LGE-MRIs in total (which represent nearly
9,000 2D images for training), appears relatively small when compared to the hundreds of
thousands of images used for the major classification challenges for which the proposed
approaches reach outstanding accuracy[330][243][331].

Thus, in this race of performance, it is crucial to consider how to make the best of the
dataset. In this regard, the choice of the image dimensionality employed (2D and 3D) must
be considered wisely. As 2D approaches need considerably fewer trainable parameters to
yield good results, they are less gluttonous regarding memory consumption, and therefore
require less time during the training process. Moreover, 2D approaches allow the processing
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of bigger batches of images, compared to 3D approaches, as they require less memory to
be processed. Therefore, 2D methods, using bigger batch size, help in reducing gradient
fluctuation and lead to faster convergence during the learning process. Additionally, 2D
approaches can exploit small datasets more efficiently, reducing the risk of overfitting as
the neural networks are fed with more images for learning.

On the other hand, 3D approaches provide better spatial representation, fully exploiting
data dimensionality as well as inter-slice continuity during training. This approach allows
the network to learn major spatial feature to render a more accurate 3D anatomy and yield,
in fine, higher accuracy. Moreover, with the continuing improvement of GPU technology, the
current memory limitations will become of less importance in the near future and, therefore,
3D approaches will become easier to use. As datasets are improving in size and quality, 3D
approaches will be able to rely on more data and become ever more prominent in clinical
imaging deep learning.

Nevertheless, relying on 2D images, Puybareau et al. tried to improve the spatial
representation of their dataset using a method called ’pseudo-3D’ [332]. Their method
employed the generation colour images from the 2D grayscale images, each slice being
colour-expanded into the R, G, B space using slice n− 1, slice n, and slice n + 1, to generate
a three-channel image. This approach allows an improved spatial representation and
alleviates low contrast intensity between atrial tissues and background, thus enriching the
dataset. However, even if this approach does not provide the expected spatial representation,
it can be a method of choice if resources are limited.

Following the multi-view approach developed by Mortazi et al.[311], Chen et al. in-
vestigated the possibility of combining 2D images and 3D representation[333]. In their
study, they extracted the 2D images for each anatomical view (axial, coronal and sagittal)
from 100 3D LGE-MRIs. They then combined a first encoder-decoder network using long
short-term memory convolutional layers to preserve inter-slice correlation using the axial
view, and a second network to learn complementary information from the sagittal and
coronal views. Finally, the outputs for each view of the network were fused to yield LA and
PV segmentation simultaneously. Using their approach, they obtained 90.83% Dice score
accuracy for PV and atrial segmentation. Employing the same method, Yang et al. studied
the influence of dilated convolution to counter the image resolution variability encountered
using a multi-view approach[318]. Using 100 3D LGE-MRIs, they achieved 89.7% Dice score
accuracy, underlining the need to investigate systematic parameter tuning to obtain optimal
performances on a task-specific basis.

In the present technological context, it is important to consider the trade-off using either
a 2D approach requiring less memory and profiting more from the dataset (8800 images
rather than 100 3D LGE-MRIs) a 3D approach allowing more accurate spatial representation
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TABLE 4.1: Summary of deep learning approaches for LA segmentation. Similar
ranking is obtained when comparing surface distance accuracy[312]. Abbreviations:
LA, left atrium; DC, Dice score; HAANet, Hierarchical aggregation network; MSE,

mean square error.

First author Summary DC Architecture Pro/Cons

Xia et al.[236] 2 stage network (localiza-
tion/segmentation), Dice loss

93.2 2x 3D U-Net Good class imbalance man-
agement, highest perfor-
mance/computationally
expensive

Bian et al.[325] ResNet101, atrous convolutional layers
and pyramid pooling

92.6 2D Pyramid Net-
work

Multi-scale representa-
tion/competitive training
can reinforce overfitting

Vesal et al.[237] Manual cropping, dilated convolution,
combination of Dice loss and cross-
entropy loss function

92.6 3D U-Net Class imbalance management,
new loss function/Risk of loss
of information using centre
cropping

Li et al.[319] 3D U-Net (LA detection), HAANet (LA
segmentation), Dice loss

92.3 3D U-Net +
HAANet

Class imbalance manage-
ment/Slow and small benefits
from Hierarchical mechanism
(0.4%)

Puybareau et al.[332] Pseudo 3D using 2D color image, trans-
fer learning (VGG), multinomial loss
function

92.3 VGG-Net Fast to train, pseudo-spatial rep-
resentation/pseudo spatial rep-
resentation not multi-view or
3D

Yang et al.[328] Faster-RCNN (LA detection), U-Net (LA
segmentation), Deep supervision, trans-
fer learning, composite loss function
(Overlap loss and Focal Positive loss)

92.3 Faster-RCNN +
3D U-Net

Good ROI detection, composite
loss function/Recursive train-
ing with risk of overfitting

Chen et al.[333] LA segmentation and classification
(pre/post-ablation), using cross-entropy
and sigmoid loss function

92.1 2D-Unet Fast to train (2D), interesting
data augmentation

Jia et al.[327] 2 stage network (LA localization, LA seg-
mentation), contour loss

90.7 3D U-Net Contour loss/computationally
expensive

Liu et al.[334] Manual centre cropping, evaluation of
U-Net and FCN, Dice loss

90.3 2D U-Net and
FCN

Quick (2D)/Native Unet/FCN

Borra et al.[335] Otsu’s algorithm for cropping, LA and
pulmonary veins joined segmentation,
Dice loss

89.8 3D U-Net Otsu’s for crop-
ping/computationally
expensive

De Vente et al. [336] U-net for LA segmentation, Dice loss 89.7 2D U-Net Fast (2D)/Native Unet

Preetha et al.[337] Deep supervision and U-Net 88.8 2D U-Net Deep supervision, Fast
(2D)/Native Unet

Savioli et al.[338] LA segmentation using V-Net and com-
bination of MSE and Dice loss

85.1 3D V-Net Composite loss func-
tion/computationally
expensive

at the cost of longer and more challenging training. However, at the current stage, it is
difficult to assess which method yields systematically better results. For example, during
the 2018 Atrial Segmentation Challenge, the performance across 2D and 3D approaches
remained very close[313]. Another possibility is to use a multi-view approach combining 2D
images from different views to improve the spatial representation. These methods require
training each view separately before combining the different output for the final prediction.
While interesting, these methods still need improvement to reach the current state-of-the-art
for atrial segmentation. Therefore, further improvements need to be sought regarding the
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size of the dataset, the number of approaches compared and the metrics employed to be
able to draw a better conclusion.

4.3 Summary and conclusions

The 2018 Atrial Segmentation Challenge represented a major step for automatic LA seg-
mentation using deep learning, establishing the current state-of-the-art using the largest 3D
LGE-MRI dataset available. Through this challenge, valuable lessons were learned regard-
ing the strengths and weaknesses of deep learning applied to LA segmentation. However,
significant discrepancies exist between the approaches developed, and many important
questions remain unanswered, such as what is the real influence of data augmentation, and
how does the model behave along with the LA anatomy. In the next chapter, we address
these questions and detail the approach we developed for atrial segmentation, focusing on
reliability and high anatomical fidelity.
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Chapter 5

Our Deep Learning Approach for Atrial
Segmentation

Using the same experimental conditions proposed for the 2018 Atrial Segmentation Chal-
lenge, we developed our approach to improve the current LA segmentation accuracy and
address the remaining questions regarding data augmentation and anatomical accuracy
of the model as exposed previously. To ensure accuracy and reliability, we developed our
approach around three essential points: (1) good class imbalance management; (2) adapted
network architecture; and (3) tailored data augmentation. To achieve the best performance,
we designed our framework using two consecutive neural networks, as illustrated in Figure
5.1. Developed using a regression-based approach from a custom-made architecture based
on V-net, the first network (CNN 1) was tailored to precisely determine the coordinate of
the LA centroid and thus identify the ROI on each 2D LGE-MRI image. To achieve best
performances with CNN 1, the original V-net architecture had been re-imagined discarding
network’s decoding part to reduce the number of parameters, and allow faster training and
convergence, as well as improved stability. Once the LA was localised, the images were
cropped to an optimised size (240×240 pixels) dramatically improving the class imbalance
between the LA cavity and the background, increasing speed and accuracy of the training
process. Then, the second network (CNN 2), focusing entirely on the extracted region,
was dedicated to segment the LA from the cropped images accurately. The proposed two
architectures were specifically developed to overcome the main difficulties of training a
network such as overfitting, singularities and vanishing gradient issues. Moreover, to
further prevent overfitting and improve model reliability, we investigated the influence of
various types of data augmentation on the performance of our approach and proposed a
tailored data augmentation process to achieve the best accuracy.

In this chapter, we first describe the dataset and training conditions we used for our
experiments. Secondly, we thoroughly explain the CNN model we developed in two parts:
ROI extraction; and LA segmentation. Thirdly, we describe the data augmentation method
we applied to strengthen the generalisation abilities of our network. Then, we briefly
explain the different metrics we employed to analyse the results of our experiments. Finally,
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we provide a detailed analysis of the different results obtained with our two-stage 2D CNN
approach for LA segmentation.

ROI extractionInput image Output image

CNN 2CNN 1

FIGURE 5.1: Illustration of our framework for LA segmentation. First, the region of
interest is extracted using the first network (CNN 1) to find the centre of the LA cavity
followed by background cropping. Subsequently, the second network (CNN 2) is used
to perform the LA segmentation focused on the ROI. Abbreviations: LA, left atrium;

ROI, region of interest.

5.1 Methods

5.1.1 Dataset

For this study, we developed our approach employing the same dataset of 154 3D LGE-MRI
from patients with AF as for the 2018 Atrial Segmentation Challenge previously presented
in Chapter 2. To uniformise the dataset, we trimmed all the 640×640 images to a 576×576
dimension. On each LGE-MRI image, the LA was manually labelled by experts’ consensus
from The University of Utah and used as ’ground truth’ in our approach. For our approach
development and fair comparison with other deep learning methods proposed during the
2018 Atrial Segmentation Challenge[313], we used the same experimental conditions. The
154 LGE-MRIs dataset was divided into a training set (100 3D LGE-MRIs) and a testing
set (54 3D LGE-MRIs), yielding a grand total of 8,800 2D images LGE-MRIs and labels
for training and 4,752 2D LGE-MRIs and labels for testing, respectively. From this, we
used the proposed dataset (100 3D LGE-MRI) and split it between training set – 80% of
the dataset (80 3D LGE-MRIs or 6,400 2D images), and validation set – 20% of the dataset
(20 3D LGE-MRIs or 1,760 2D images). To replicate the challenge testing conditions, our
approach was evaluated using the other 54 3D LGE-MRIs (4,752 2D images) kept unseen
during training and fine-tuning of the network hyper-parameters. For our study, we used
three sets of labels:
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1 – LA cavity-endocardium: These labels represent the LA blood pool delineated by the
endocardial border. These labels allowed us to assess the performance of our approach
on the wall/cavity tissue interface, which often presents similar pixel intensity.

2 – LA cavity-epicardium: These labels encompass the LA blood pool and the LA wall,
and are delineated by the LA epicardial border. We used these labels to evaluate our
approach accuracy on the wall/background interface.

3 – LA wall labels: These labels present both interfaces and also allow to evaluate our
model on the thin LA wall anatomical structure.

5.1.2 CNN models

For this study, the two consecutive CNNs we used were based on the V-net architecture[210]

and modified for their respective purposes (ROI extraction and LA segmentation). This
choice was justified by the need of an encoder-decoder structure with residual blocks to
ensure good feature extraction despite using a small dataset. Moreover, we designed our
model to be computationally efficient, reducing the training time and allowing to be po-
tentially used in clinical practice. For this reasons, large networks such as VGG[339] and
Resnet[243] embedding very high number of parameters were discarded, as well as Cap-
snet[340] showed to require longer training times[341]. Moreover, pyramid networks such as
PSPnet were also discarded for reasons discussed in Chapter 4. While originally developed
for 3D images, we adapted V-net to use 2D LGE-MRIs, limiting memory consumption,
increasing training speed, and exploiting the dataset to its maximum. With this setup, we
were able to utilise 8,800 2D LGE-MRIs instead of 100 3D LGE-MRIs split between training
and testing.

Atrial extraction - CNN 1

The first CNN was designed to perform LA detection and localisation, then later used to
extract the ROI from the LGE-MRIs. We considered two methods: (1) cropping each image
around the LA from the centre of the image; and (2) using dynamic cropping from the
centroid of the LA. This second method ensured LA centring on the images that were later
fed and processed by the second network. The cropping size was determined using the
largest dimension found throughout the dataset encompassing the atria as well as a margin
of three standard deviation to include potential dilated anatomies. For the localisation of
the LA on the LGE-MRIs images, two approaches were considered:

1 – Naïve approach: In this approach, the CNN 1 performed the segmentation of the LA
cavity on each 2D image. This initial non-refined segmented LA was then used to
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calculate the coordinates of the centroid of the LA. These coordinates were used as
the centre point to crop out the unwanted background surrounding the LA.

2 – Regression approach: In this approach, the CNN 1 was dedicated to learn (and later
predict) the coordinates of the centroid of the LA directly from the 2D LGE-MRI
images, using an image-based regression approach. The predicted coordinates were
then used in the same way as in the naïve approach to extract the ROI.

THE NAÏVE APPROACH

For this approach, we used a fully convolutional neural network in which the con-
volution operations were used to extract information, reduce the image resolution, and
reconstruct the image for the final course output (prediction). The architecture of our
CNN (Figure 5.2) can be described in two parts: an initial encoder part in which the im-
age information is extracted in a local-to-global manner; and a subsequent decoder part
mirroring the encoding part and used to reconstruct the predicted segmentation. In our
approach, we used five encoding and five decoding blocks, where each block consisted of a
batch normalisation[342] followed by a succession of 5×5 padded 2D convolutions keeping
constant image size, and an increasing number of feature maps as the network goes deeper
(respectively 8/16/32/64/128 features maps). Each block was followed by a strided 2D
convolution layer for the encoding part, allowing image down-sampling and global features
extraction, and a strided 2D deconvolution layer for the decoding part permitting image
up-sampling and prediction reconstruction. Each convolution or deconvolution layer was
followed by a leaky rectifier linear unit (Leaky ReLU) activation function (using α=0.1) to
ensure non-linearity while limiting vanishing gradient problems. In addition, we applied
25% dropout on every layer to prevent overfitting. Moreover, we used skip connections
to allow information forwarding as usually used in residual block architectures[243], by
merging (element-wise sum) the first layer input and the final layer output of a residual
block before each strided convolution or deconvolution layer. Furthermore, to avoid net-
work singularities, our network utilised horizontal features map forwarding between same
level residual blocks from the encoding path to the decoding path[234]. During the training
process, we used Dice loss as loss function and Softmax activation function for the final
layer to separate background information from LA cavity information.

We called this approach ’naïve’ because it used a complete CNN designed and optimised
for accurate segmentation only to calculate the coordinate of the LA’s centroid. However,
this simple approach comes at the cost of heavy memory consumption and a long training
process. For this reason, we also investigated the possibility of finding LA’s centroid coor-
dinates automatically through a "lighter" process using an image-based regression approach.
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FIGURE 5.2: Illustration of our base network architecture used for LA detection and
localisation following the naive approach. Abbreviations: LA, left atrium.

THE IMAGE-BASED REGRESSION APPROACH

In this approach, in contrast to the naïve approach, there is no need for image reconstruc-
tion, as the coordinates are directly predicted by the network. Therefore, the second half
of the network (the decoding part), dedicated to up-sample and produce the final image
prediction, was eliminated (Figure 5.3). This process lightens the network dramatically,
allowing lower memory consumption and better speed efficiency while pursuing the same
initial objective. In the regression approach, the same network base is used, and the initial
encoder part is used to extract meaningful information in a local-to-global manner through
a series of five encoding blocks. In the same manner, as previously described, each block
consisted of a batch normalisation followed by a succession of 5×5 padded 2D convolu-
tions, with an increasing number of feature maps as the network deepens (respectively
8/16/32/64/128 features maps). Each block was followed by a strided 2D convolution
layer allowing image down-sampling and global features extraction. Each convolution layer
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was followed by a Leaky ReLU activation function (using α=0.1) and applied 25% dropout.
Moreover, we maintained the use of skip connections to allow information forwarding
between the different encoding blocks. Finally, we used a fully connected layer as a last
layer with a linear activation function to determine the coordinates of the centroid of the
LA. In this approach, the training process is driven by mean squared error loss function
to evaluate the distance between the ’ground truth’ centroid coordinates and the predicted
ones, refining the prediction at every iteration.

Subsequent to this initial step of determining the coordinates of the LA centroid, the
original LGE-MRIs were cropped to improve class imbalance, memory consumption and
training speed. To optimise our framework, we investigated the influence of various
cropping size (patch size) applied to the original images on the final segmentation accuracy.
Moreover, to assess the importance of the LA location during the segmentation process,
we compared the impact of the cropping origin. For this process, we cropped the images
either from the centre of the image or from the centroid of the LA using dynamic cropping
(calculating the LA centroid for each image and using it as cropping origin).

Atrial segmentation - CNN 2

Once the images were cropped to an optimised size, a second CNN was used to segment
the LA precisely from the trimmed 2D LGE-MRIs. For this, we employed the same CNN
base as for the naïve approach (Figure 5.2). This bipartite CNN consisted of five encoding
blocks (using strided convolution for down-sampling) to extract the information from the
2D LGE-MRI. The decoding part using five decoding blocks (using strided deconvolution
for image up-sampling) was employed to reconstruct the final segmentation. Moreover,
each encoding/decoding block consisted of a batch normalisation followed by a succession
of 5×5 convolution layers with an increasing number of feature maps (8/16/32/64/128
features maps). Each convolution or deconvolution layer was followed by a Leaky ReLU
activation function (α=0.1) with applied 25% dropout. We used vertical skip connections
between each consecutive residual blocks, Dice loss as the loss function, and softmax for
the activation function of the last convolution layer to distinguish background information
from LA information. Other loss functions such as binary and categorical cross-entropy,
focal loss and jacquard loss have been also investigated but showed lower performance
than Dice loss during the optimisation process.

5.1.3 Data augmentation

Data augmentation is a worthy tool for many applications in machine learning and image
processing, but every dataset presents their unique features and therefore requires tailored
data augmentation. As the utilised dataset was of limited size, we applied inline data
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FIGURE 5.3: Illustration of regression approach architecture used for direct determina-
tion of LA’s centroid coordinates. Abbreviations: LA, left atrium.

augmentation, a more efficient approach than the alternative offline strategy, to train the
network over a broader range of biological variations and obtain the best coverage of
human heart shape variability (Figure 5.4). To this end, we investigated the impact of six
different image transformations: four affine transformations – rotation, scaling, left/right
image flip, and shearing and two types of shape deformation – perspective alteration and
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elastic transformation[343]. These were applied to the LGE-MRI and the labels images.
Rotation and left/right flip are common practice in data augmentation and addressed the
relative position of the heart within the image. In contrast, scaling altered the cavity volume,
and shearing, elastic transformation and perspective alteration modified the contours of the
LA. We also investigated the effects of three histogram augmentations – ’add’, ’gamma’ and
contrast limited adaptive histogram equalisation (CLAHE) – addressing the contrast and
brightness variations generally encountered in LGE-MRI procedures.

IMAGE TRANSFORMATIONS

To evaluate the various parameters to apply using data augmentation, and as heart
anatomy can vary tremendously between individuals (size, orientation, geometry) we
visually assessed each image modification applied (affine transformation and shape de-
formation) to ensure anatomical plausibility. From this assessment, we defined minimal
and maximal thresholding values to use during the data augmentation process for each
image modification. We observed that to remain in anatomical possibilities we ought to
apply a rotation angle randomly selected between -25◦ and 25◦ from the centre. Moreover,
following the same guidelines, we applied a scaling coefficient randomly selected between
0.5 and 1.5 for both x and y axes. Additionally, we applied shearing transformation that
allows to alter the LA boundaries and shape on the LGE-MRIs by offsetting the coordinates
along one axis. To remain close to anatomical veracity, we applied random shearing from
-8◦ to 8◦. To alter the LA proportions and shape finely, we used a random four points
perspective transformation. For perspective transformation, we used a perspective factor
ranging from 0.05 and 0.1. Finally, we also evaluated the influence of elastic transformation,
which modify the shape of LA by using displacement fields to move pixel locally. Two
parameters – α and σ – represented the moving distance of the pixels and the smoothness
of the displacement, respectively. In our evaluation, we used a random α between 2 and 5,
and σ=0.05.

HISTOGRAM AUGMENTATION

Other than anatomical variability LGE-MRIs can also differ substantially in contrast due
to wash-in wash-out gadolinium kinetics, scan manufacturer, scan parameters, and operator
factors. In order to improve the generalisation abilities of our network, we investigated the
influence of pixel intensity alteration on the network performance using three parameters –
add, gamma and CLAHE. Similarly, as for image transformation, we used visual inspection
to determine the cut-off values to apply for the data augmentation process. The ’add’
operation consisted of adding selected values to each pixel values on the image (ranging
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from -40 and 40), to reproduce direct over/underexposure effects encountered in medical
practice. The parameter gamma allowed to adjust the contrast of the image by scaling each
pixel value using 255× ((Ii j/255)γ (with γ between 0.3 and 1.7). Finally, we evaluated
the influence of CLAHE, a common contrast enhancement process, on the accuracy of our
network. CLAHE is a method to compute multiple histograms, each corresponding to a
distinct section of the image, to perform histogram equalisation improving the image signal.

CLAHE (2x2, clip=1)Elastic deformation
(α=50, σ=10)

Rotation (-10)

Gamma (0.8)Flip L/RPerspective (0.075)

Add (22)Scalling (x1.2, y=0.9)Shear (4°)

Original image Image
augmentation

Histogram 
augmentation

FIGURE 5.4: Illustration of the different image transformation and their parameters
(framed in red) and histogram augmentation and their parameters (framed in green)
applied on LGE-MRI images generated using our data augmentation approach. Abbre-

viations: LGE-MRI, late gadolinium enhancement magnetic resonance imaging.
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As image transformation can generate artefacts that would not appear on clinical LGE-MRIs,
it is important to control the emergence of these aberrant features to prevent the network
from learning them. Moreover, using multiple image transformation at the same time
amplifies the risk of artefacts appearing, and therefore can further impede the learning
process.

To avoid these effects, we only applied data augmentation to 50% of randomly selected
images of the dataset and only one type of image transformation or image histogram
augmentation to each image. This approach ensured to provide at least 50% of original
clinical images for each epoch of the training process, but enriched the dataset by a factor of
50 (or 352,000 images) using inline data augmentation1. This process aims to improve the
network’s generalisation ability and thus, its reliability and robustness.

5.1.4 Metrics

To evaluate our results, we used eight metrics representing different aspects of the predic-
tions. As in most of the segmentation evaluations, we used Dice score and Jacquard index
to evaluate the overlapping similarity between the ground truth and the predictions[239].
Moreover, to deepen our understanding of the results, we also provided a sensitivity and
specificity analysis of our model. Furthermore, we included surface distance metrics, such
as MSD and HD to assess the shape and contour accuracy of the predicted LA segmentation.
Finally, a more clinical aspect of the predictions can be examined to express the reliability of
the approach by calculating the LA volume error or the LA antero-posterior diameter error
when comparing the segmented prediction with the reference image. The volume error can
be calculated using:

Volerror =
(|nGT − npred|)

nGT
(5.1)

where Volerror is the volume error in percentage, and nGT and npred represent the number of
pixels of the LA for the ground truth and the segmented prediction, respectively. The LA
antero-posterior can be defined as the longest vector in the antero-posterior direction.

As LA volume and diameter can represent key factors for clinical diagnosis and progno-
sis[344][345][346], volume and diameter error metrics provide a glimpse of the reliability of
our approach for further medical applications.

1considering 100 epochs with data augmentation applied to 50% of the dataset (100 epochs×((80×0.5 3D
LGE-MRI)×88 slices)/(88×80) total number of images for training
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5.2 Results

For all the experiments presented in this thesis, we implemented our approach using
TFLearn, a high-level API of TensorFlow, and ran all experiments on Nvidia Tesla V100-
PCIe with cuDNN 9.x. Our final results were obtained following a five-fold cross-validation
scheme, after training our network over 300 epochs with a learning rate of 0.001 using
the Adam optimiser (replacing the gradient descent for speed and accuracy[347]) and a
maximum batch size up to 56 for speed and performance. Weights were initialised once
using He normalisation[220], saved, and re-employed for each experiment to avoid weights
bias from initialisation.

For our initial experiments, and to guide the approach development, we only used the
LA endo cavity labels as ground truth, employing Dice score and MSD metrics to evaluate
and build our approach. In a second phase, we evaluated the performances of our method
along the two main tissue interface encountered for atrial segmentation: (1) the LA blood
pool/LA wall; and (2) the LA wall/background interface. For this process, we applied our
model using the LA endo cavity labels and the LA epi cavity labels, respectively. Moreover,
we applied our model on LA wall labels to investigate our approach accuracy on a thin
structure presenting both tissue interfaces. For these experiments, we used a more com-
prehensive range of metrics: Dice score, Jacquard index, sensitivity, specificity, MSD, HD,
diameter error, and volume error. These provided a deepened performance analysis of our
approach.

In this section, we detail the different results obtained following the development process
of our approach. First, we describe results related to the region extraction performed by
the first part of our two-stage approach. Secondly, we explain the influence of the different
data augmentation approaches (image transformations and histogram augmentations) on
the final segmentation. In a third section, we provide a thorough segmentation analysis
evaluating the accuracy of our model along with the different tissue interfaces.

5.2.1 Region of interest extraction

As described before, the first part of our approach consists of extracting the ROI. We detail
our analysis along three main aspects for ROI extraction: (1) the influence of patch size on
the model accuracy; (2) the influence of the cropping origin; and (3) the method employed
to calculate the origin of cropping.
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Image centered selection (blue) and LA centroid selection (red)

Centroid cropping

Center cropping

FIGURE 5.5: Illustration of the cropped area using either image centre cropping (blue)
and LA centroid cropping (red) and the resulting images. LA centroid cropping
prevents the risk of excluding LA pixels and LA near the surrounding context which
improves the learning process and the final segmentation. Abbreviations: LA, left

atrium.

INFLUENCE OF PATCH SIZE AND CROPPING ORIGIN

As the LA on a 3D LGE-MRI represents only a fraction of the image to segment (Figure
4.6, Figure 5.5), we investigated the effects of cropping the image to different patch size
using decreasing patch sizes. The patch sizes were chosen to be compatible with the
four consecutive down-sampling operated by the four residual blocks of our network
architecture while encompassing the LA (requiring an image size from the 22)(Figure 5.6A).
For this, we cropped the images either from the centre of the image or from the centroid of
the LA using dynamic cropping.

First, using image-centred cropping we observe no significant difference in the final Dice
score or MSD regardless of the patch size used for cropping (blue bars Figure 5.6 A and
B, respectively). However, when using dynamic cropping we observed an improvement
of the Dice score and the MSD for all the different patch sizes when compared to centre
cropping (red bars Figure 5.6 A and B, respectively).

More precisely, we observed a significant increase (p-value < 0.05) in Dice score for five
of the patch sizes utilised (Figure 5.6A, and Supplemental Table B.1). On the other hand,
this improvement was only significant for the 240×240 patch sizes when using MSD (centre
cropping MSD = 0.964±0.15mm, dynamic cropping MSD = 0.791±0.047mm, p-value <
0.05). Moreover, we observed that both the Dice score and the MSD improvement were
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inversely correlated with the patch sizes, reaching the best score for the 240×240 patch size
(92.92±0.38% Dice score and 0.791±0.047mm MSD).

Finally, we observed that smaller patch size reduced the training time dramatically
compared to the processing time required when using original size images (>28h using
576×576 image size vs <6h using 240×240 patch size, for one fold with 300 epochs). This
effect was due to the number of pixels to be processed. As the number of pixels was substan-
tially smaller using a 240×240 patch size, compared to 576×576 images, the training time
was also dramatically reduced. Moreover, neither centre cropping nor dynamic cropping
influenced the training time.
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FIGURE 5.6: Graphs showing the influence of the patch size and the cropping origin
on the final Dice score and MSD. A) Dice score comparison between the different
patch size (from 512×512 to 240×240) using either the centre of the image or the LA
centroid as origin to perform image cropping to the patch size aforementioned (blue
bars and red bars, respectively). B) MSD comparison following the same protocol as

(A). Abbreviations: MSD, mean surface distance; LA, left atrium.

These results showed the importance of controlling the background by, for example, remov-
ing the irrelevant background using optimised patch size. However, while cropping from
the centre of the images is fast, memory efficient and does not require a tailored solution,
it also increases the risk of excluding some pixels belonging to the LA if the cropping box
is misplaced Figure 5.5. Moreover, using dynamic cropping extracting the ROI from the
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LA centroid allows to maintain relative background isotropy. This means that dynamic
cropping would promote displaying the same anatomical structures within the selected re-
gion from image to image, reinforcing context learning to yield more accurate segmentation.
Thus, all these arguments show its benefits to employ a small patch size associated with
pertinent centring (LA centroid cropping) for improve the learning process, and obtain, in
fine, better predictions.

DETERMINING CENTROID COORDINATES: REGRESSION VS NAÏVE APPROACH

Using the naïve approach, in which an initial segmentation performed on the full-
sized images was used to calculate the centroid of the LA, we were able to predict the
LA centroid coordinates within 8 pixels distance (mean distance = 7.1±18.6mm). On the
other hand, the regression approach yielded slightly lower accuracy with a larger standard
deviation (mean distance = 7.8±30.4). Nevertheless, the training time was substantially
reduced, dropping (for one fold with 300 epochs) from 28h to 13h using the naïve approach
and the regression approach, respectively. This effect is probably due to the decreased
complexity of the network, as only the encoding part was kept for the regression approach
reducing, in fine, the total number of parameters to train. It is worth noting that centroid
coordinates prediction error from CNN 1, leading to parts of the LA anatomical structures
to be amputated, could get propagated to the CNN 2 and have an impact on the results
and adaptability of our model. However, throughout our experiments coordinates were
consistently predicted within 8 pixels accuracy, never damaging LA anatomical structures
representation.

5.2.2 Data augmentation

We investigated individually the effect of various types of online data augmentation usually
employed for segmentation tasks (Table 5.1). Using 240×240 cropped from the LA centroid,
we observed that 7 out of the 9 image modifications used for data augmentation improved
either the Dice score or the MSD of the segmentation yielded by CNN 2 (Figure 5.7A and B,
respectively). The various results obtained from the experiments on data augmentation are
summed up in Table 5.1.

IMAGE TRANSFORMATIONS

For image transformations (green bars Figure 5.7), rotation alongside scaling and shearing
yielded the best Dice score results, while left/right flipping and elastic transformation did
not generate any change in the final score (Table 5.1). The perspective deformation yielded
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a lower Dice score than without data augmentation (Figure 5.7A). A similar yet overall less
distinct trend was observed using the MSD metrics with rotation, and scaling and shear data
augmentation improved the results (rotation yielding the best results), lowering the MSD.
On the other hand, image flipping, elastic transformation and perspective deformation
worsened the results, with perspective deformation showing the highest MSD (Figure 5.7B).

HISTOGRAM AUGMENTATIONS

When employing histogram augmentations, only the modification of the contrast using
gamma showed improvements on the Dice score. No Dice score modification was yielded
by using CLAHE, and ’add’ worsened the Dice score. For the MSD, only the CLAHE
improved the final score, lowering the MSD, while ’add’ and gamma yielded higher MSD,
showing lower performances of the network for the final prediction.

From these experiments, we can see the potential of using data augmentation to im-
prove the dataset variability and therefore the network training, yielding, in fine, better
scores. However, none of the individual data augmentations applied generated statistically
significant improvements. Nevertheless, for image augmentations, we observed that whole
shape alterations, such as rotation, scale, shear, and left/right image flipping, showed
interesting results that could be beneficial for the learning process. However, local con-
tour modifications using perspective deformation or elastic transformation impaired the
learning process, yielding lower a Dice score and higher MSD. Moreover, we showed that
gamma and CLAHE, while often undermined, also improved either the Dice score or the
MSD, indicating the importance of considering image contrast and more generally histogram
augmentations to be part of the data augmentation process.

From these results, we investigated the potential of combined data augmentation, ap-
plying all the image augmentations and histogram augmentations. For this analysis, for each
image one augmentation was applied, randomly selected from the various image augmenta-
tions and histogram augmentations. This process was used for only half of the dataset, each
image having a 50% chance to be modified by data augmentation in each epoch. Using
this combined method, we observed an improvement of the Dice score and a significant
lowering of the MSD compared to no data augmentation. However, these scores have be to
put in contrast with the score obtained by simply applying rotation data augmentation; for
example, rotation yields a better Dice score and MSD, but with a larger standard deviation.
This is probably due to the worsening effect of the local contour deformations affected
by the application of perspective and elastic modifications, generating ’non-anatomical’
artefacts for the network to learn and impairing the final prediction. Moreover, ’add’
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FIGURE 5.7: Graphs showing the influence of data augmentation on the final Dice
score and MSD. A) Dice score comparison between the final score obtained without
data augmentation (orange bar) and the application of the different type of data
augmentation, image transformation (green bars) and histogram augmentation (purple
bars) as well as a combination of both (red bars) on the final prediction. The red
bars describes either all the image transformations and histogram augmentations
combined (labelled ’All’) or the selected best (rotation, scaling, flipL/R and shear).
B) MSD comparison following the same protocol as A. Abbreviations: MSD, mean
surface distance; Pers, perspective deformation; Elastic, elastic transformation; CLAHE,

contrast limited adaptive histogram equalisation.

contrast modification might also play a role in worsening the final results by replicating
non-authentic MRI/contrast variations to be learned.

To further improve the results, we investigated the influence of the application of se-
lected data augmentation from image augmentations and histogram augmentations, removing
the data augmentation operations that would potentially impair the learning process, such
as perspective deformation, elastic transformation and ’add’. Moreover, we also analysed
the influence of image augmentations and histogram augmentations separately on the Dice
score and MSD. Thus, the combination of shape alteration data augmentation (rotation,
scale, left/right flip, and shear) with contrast augmentation (gamma and CLAHE) applied
on 240x240 centroid cropped images allowed us to increase the Dice score significantly
to 93.67±0.029% (p-value < 0.01) and lowered the MSD significantly to 0.613±0.019mm
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TABLE 5.1: Details of the different scores obtained with the various data augmenta-
tion parameters. The best scores are emphasised in bold for each different metrics.
Abbreviations: aug, augmentation; Jacquard, jacquard index; MSD, mean surface
distance; HD, Hausdorff distance; perspective, perspective deformation; elastic, elastic

transformation; CLAHE, contrast limited adaptative histogram equalisation.

Data Aug
Metrics

Dice score Jacquard MSD HD Diameter error Volume error
(%) (%) (mm) (mm) (%) (%)

No Aug 92.93±0.38 86.86±1.0 0.767±0.082 14.89±2.57 3.47±0.6 5.4±1.3
Rotation 93.23±0.52 87.39±0.9 0.707±0.078 13.08±1.17 2.86±0.5 4.6±1.0
Scalling 93.17±0.54 87.30±0.9 0.758±0.119 15.44±1.17 3.06±0.3 5.1±1.4
Flip L/R 92.86±0.59 86.75±0.9 0.771±0.070 14.73±0.56 3.51±0.4 5.1±1.2
Shear 93.11±0.47 87.18±0.8 0.748±0.090 13.92±1.56 3.18±0.6 4.9±1.2
Perspective 92.61±0.45 86.32±0.7 0.813±0.071 15.70±2.73 3.21±0.9 5.1±1.4
Elastic 92.90±0.48 86.81±0.8 0.785±0.088 15.20±2.23 3.20±0.6 5.2±1.3

Add 92.66±0.35 86.41±0.6 0.799±0.064 15.61±3.46 3.39±1.2 5.3±0.6
Gamma 93.06±0.51 87.09±0.9 0.830±0.097 15.34±1.41 3.13±0.7 5.1±1.0
CLAHE 92.96±0.38 86.90±0.7 0.758±0.061 14.06±0.72 3.27±0.9 4.8±0.8

All Aug 93.18±0.1 87.30±0.2 0.726±0.028 14.30±1.66 3.5±1.03 4.8±0.9
Selected Aug 93.67±0.3 88.32±0.3 0.613±0.019 11.45±0.51 3.3±1.10 4.3±0.6

(p-value < 0.01) (Figures 5.7A and B). This selection process also improved results on other
metrics such as Jacquard index, HD and volume error. Only the diameter error showed
moderate improvement after the selection process (Table 5.1).

These results reflect the crucial role of data augmentation for deep learning approaches
working with small datasets. By enriching the dataset artificially, improving the representa-
tion of the anatomical variability such as commonly found in clinical practice, the learning
process is improved, yielding better results and predictions. Thus, we opted for the selected
data augmentation approach to provide more reliable results.

5.2.3 Segmentation analysis

After refining the hyper-parameters of our network, we re-trained our two-stage 2D CNN
over 300 epochs using 100 LGE-MRIs and following a five-fold cross-validation scheme.
We evaluated the training performances using the different metrics described in section 3.4.
For the first network, we used the image-based regression approach to perform dynamic
cropping of the LGE-MRIs, yielding 240×240 images centred on the LA centroid. Then, for
the second network, we applied selected online data augmentation on 50% of the dataset,
using affine transformations (rotation, scaling, left/right image flipping, and shearing)
solely associated with gamma histogram augmentation.

In this section, we assessed the capacity of our model to perform segmentation for dif-
ferent tissue interfaces training our network using three different labels. First, we evaluated
the performances of our approach on LA cavity segmentation, excluding the LA wall (re-
ferred to as LA cavity-endocardium). These labels, allowed us to study the network ability
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to accurately segment the LA endocardium boundary at a blood-pool/LA wall interface,
which can be ambiguous, blurry and showing a narrow range of pixel intensities. Secondly,
we used LA cavity-epicardium labels which correspond to the LA cavity including the LA
wall, delineating the LA epicardium. We used these labels to assess the network ability to
provide precise LA segmentation at the sharply contrasted LA wall/background interface.
Finally, we evaluated our model using LA wall labels, a slender surface, presenting both
interfaces blood-pool/LA wall and LA wall/background for which the thickness of the
tissue represents only a few pixels (see section 5.1.1).

ATRIAL CAVITY - ENDOCARDIUM

Using LA cavity-endocardium labels, our two-stage 2D CNN achieved 93.77±0.173%
Dice score accuracy, which, in comparison, outperformed the proposed approaches for
the 2018 Atrial Segmentation Challenge. Our framework also obtained better accuracy for
most of the other metrics (Jacquard index, MSD, LA diameter error, and volume error) as
shown in Table 5.2, except that HD appeared larger than for the other approaches compared.
On case analysis, LA geometry was accurately reconstructed as the prediction captured
both the general shape and the curvature of the LA cavity showing lower scores in the
atrial roof region and around the mitral valve location (upper part and lower part of the
segmentation, respectively; Figure 5.8B). The network tended to over-predict on locations
with small structures such as the LA roof and the lowest part of the mitral valve region (Top
and Bottom, coloured in red, Figure 5.8A) and under-predict the finer details captured by
the manual segmentation (coloured in blue regions, Figure 5.8A). Moreover, cases where
manual segmentation showed disconnected regions, such as the LA roof, or certain PV
antra, were less accurately predicted, the with PV often presenting a smaller diameter
compared to the ground truth. This lower accuracy was possibly due to the relatively small
size and thin structure of the PVs compared to the rest of the LA cavity, making it more
difficult to predict.

To further evaluate our approach, we investigated the performance of our model along
the LA anatomy for all the testing data. For this analysis, we normalised the LA caudo-
cranial size and evaluated the distribution of different metrics along the LA (Figure 5.9).
Using this process, three distinguishable regions emerged: (1) from 0 to 20% of the LA
corresponding to the mitral valve region; (2) the central region of the LA from 20 to 65%;
and (3) the LA upper region from 65% to 100%.

1 – The mitral valve region (0-20%) displayed low Dice score and MSD with high standard
deviation (88.38±7.3% and 1.534±1.01mm, respectively). However, starting from
the lowest point of the mitral region and ascending toward the LA central region,
the predictions improved. We observed an increase in stability and accuracy of the
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FIGURE 5.8: Case analysis produced by our two-stage 2D CNN. A) Overlapping
ground truth and prediction according to the LA region, i.e., LA roof, LA central
region, mitral valve (top, middle and bottom, respectively). The over-predicted part
of the segmentation are coloured in red, the under-predicted are coloured in blue, the
correctly predicted part of the segmentation in green. B) Comparison of the Dice scores
obtained for each slice. The highlighted bars in orange represent the images seen in
(A) (top, middle and bottom, respectively). Abbreviations: LA, left atrium; LGE-MRI,

late gadolinium-enhanced magnetic resonance image.

Dice score and MSD (from Dice score 73.92±15.8, MSD 1.98±1.2mm, to Dice score
93.36±2.9, MSD 1.58±0.99mm at 20%; Figure 5.9, Table Supplemental B.4). Moreover,
we noticed that our approach displayed the same trend for the other metrics employed,
showing increasing improvements from the bottom of the mitral valve region to the
LA central region (Figure Supplemental B.2).

2 – From our results, the LA central region (20-65%) represented the most stable region,
where our model yielded the most consistent predictions with the smallest standard
deviation of the three regions for the Dice score and MSD (Dice score 96.01±1.43%,
MSD 0.875±0.37mm; Figure 5.9, Table Supplemental B.3). Moreover, this region
also displayed the highest stability and accuracy for all the other metrics considered
(Figure Supplemental B.2).

3 – The LA upper region (65-100%) was the region that presented the most irregularities
with the lowest scores and the highest standard deviations (Figure 5.9, Table Supple-
mental B.3). Moreover, this region showed two segments: (1) between 65% and 85%,
in which Dice score and MSD started to drop, and where MSD reached its lowest
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score (from Dice score 94.72±2.99, MSD 1.20±1.8mm at 65% to Dice score 84.64±5.68,
MSD 1.89±1.79mm at 85%); and (2) between 85 and 100%, in which the Dice score
further decreased but the MSD improved again (from Dice score 84.64±5.68, MSD
1.89±1.79mm at 85% to Dice score 72.84±10.5, MSD 1.42±0.50mm at 100%). Therefore,
the LA upper region can be redefined and split into the PVs region, immediately after
the LA central region (65 to 85%) and the subsequent LA roof region representing
the apical part of the LA. Furthermore, most of the other metrics followed a similar
decreasing tendency, but the sensitivity was similar to the MSD metrics, showing
a decrease in the PVs region before improving toward the LA roof region (Figure
Supplemental B.2, Table Supplemental B.3).
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FIGURE 5.9: LA cavity segmentation analysis showing the distribution of the different
metrics along the normalised LA height on the cavity-endocardium predictions. Aver-
age distribution along the normalised LA height of the Dice score A), and the MSD
B), respectively. The raw scores calculated are represented in black dashed line, the
smoothed approximation of these calculations are represented with the blue line and
the standard deviation of the raw score is represented by the red area. The different
sections of the LA are separated by the vertical dashed lines. Abbreviations: LA, left

atrium; MSD, mean surface distance; stds, standard deviations.

Using LA cavity-endocardium labels, our model showed impressive accuracy to cor-
rectly label the blood-pool/LA wall tissue interface with an average Dice score reaching
93.77±0.173% and an average surface distance from the ground truth within one-pixel
precision (MSD 0.613±0.02mm). However, while our model showed high accuracy and con-
sistency in the LA central region, in the LA distal regions (mitral valve, PVs and the LA roof
region) our approach showed lower precision, yielding lower scores and higher instability
(Figure Supplemental B.2, Table Supplemental B.3), a trend observed for most of the metrics.
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ATRIAL CAVITY - EPICARDIUM

Following the same protocol as for the cavity-endocardium, we investigated the ability
of our model to perform segmentation at a LA wall/background interface. Overall, our
model obtained similar results compared to LA cavity-endocardium, as shown in Table
5.2. For overlapping metrics such as Dice score, we observed higher accuracy using
LA cavity-epicardium compared to LA cavity-endocardium (Dice score 94.03±0.170%
vs 93.77±0.173%). For surface metrics, our model yielded overall a similar MSD but a worse
HD compared to LA cavity-endocardium (MSD 0.614±0.019mm vs 0.656±0.03mm, HD
11.49±1.86 vs 10.60±0.51mm, respectively). Additionally, our approach displayed similar
precision regarding diameter and volume error using LA cavity-epicardium labels as for
the LA cavity-endocardium labels previously investigated (diameter error 3.2±0.047% vs
3.2±1.1%, volume error 4.3±0.60% vs 4.3±0.61%, respectively).
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FIGURE 5.10: LA cavity segmentation analysis showing the distribution of the different
metrics along the normalised LA height on the cavity-epicardium predictions. A), B)
Average distribution along the normalised LA caudo-cranial size of the Dice score
and the MSD, respectively. The raw scores calculated are represented in black dashed
line, the smoothed approximation of these calculations are represented with the blue
line and the standard deviation of the raw score is represented by the red area. Four
distinct regions can be observed (black vertical dashed lines) the mitral valve region
(0-20%), the LA central region (20-67%), the PVs region (67-82%) and the LA roof region
(82-100%). Abbreviations: LA, left atrium; MSD, mean surface distance; stds, standard

deviations.

Regarding the performances of our approach over the normalised LA caudo-cranial
size (Table Supplemental B.3), we observed a similar profile with four different regions, as
previously described. In the mitral valve region, from the bottom of the LA, ascending to
the LA central region (from 0 to 20%), the Dice score and MSD mean accuracy improved, as
did the standard deviation (Dice score from 76.91±13 to 95.08±2.37%, MSD from 2.43±1.60
to 0.98±0.47mm) as shown in Figure 5.10. Then, in the LA central region (from 20 to 67%)
we observed a high score-low standard deviation plateau phase for the Dice score and the
MSD. This plateau phase was followed by a decrease in accuracy in the upper region of the
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LA, from 67 to 100% (Dice score from 95.21±2.11 to 86.12±6.04, MSD from 0.96±0.38 to
1.40±0.51mm). As for the LA cavity-endocardium, this LA section followed a decrease in
Dice score of between 67 and 100%. However, we observed that after an initial decrease, the
MSD score improved again between 82 and 100% (from 1.40±0.51 to 1.02±0.15). These four
phases were also observed for the other metrics considered (Figure B.4, Table Supplemental
B.3).

Overall, using LA cavity-epicardium labels yielded similar scores compared to LA
cavity-endocardium. However, the model appeared more stable with lower standard devia-
tions throughout all the metrics. We postulate that two factors contributed to these better
results. First, the sharply contrasted LA wall/background interface had a greater effect on
the gradient descent during the training, separating more easily the two labels at the tissue
interface. Secondly, the labels employed delineated larger structures along the epicardium,
therefore resulting in a coarser geometry for the labels with fewer fine structures such
as seen with the LA cavity-endocardium labels. Hence, there is a lower chance that fine
anatomical details would be lost during the training process, yielding, in fine, more stable
prediction along the LA.

ATRIAL WALL

After evaluating our approach using the LA cavity either excluding or including the
LA wall, we applied our model using the LA wall labels directly for training. Our model
displayed worse results compared with the other labels used (Dice score 65.37±0.42%
vs 93.77±0.173 vs 94.03±0.17%, Jacquard index 48.93±0.43% vs 88.31±0.3 vs 88.78±0.3%
using LA cavity-endocardium/-epicardium labels for comparison). However, surface
metrics showed results consistent with our previous experiments (0.643±0.024mm MSD
and 12.54±0.99mm HD, Table 5.2).

Though less pronounced, the distribution of the metrics along the LA anatomy also
displayed a similar trend with four regions, as observed previously (Figure 5.11). First, in
the mitral valve region (from 0 to 27%) the predictions showed initial low accuracy with
high instability, but improved reaching the LA central region (Table Supplemental B.4).
Then, the results show a small LA central region in which our network yielded the highest
score and with the lowest standard deviations using LA wall labels. Finally, the upper
region of the LA (60-100%) showed only a decrease of the Dice score. However, using MSD
metrics, we observed an initial worsening of the score (from 60 to 83%) corresponding to the
PVs region, followed by a small plateau leaving the PVs region. Then, the last section of the
LA, corresponding to the LA roof, displayed the lowest scores and the highest instability
for both the Dice score and the MSD.
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TABLE 5.2: Comparison between our approach (2D V-net) using LA cavity-
endocardium, LA cavity-epicardium or LA wall labels, the top participants of the
2018 atrial segmentation challenge and 2D Unet. Abbreviations: LA, left atrium;
MSD, mean surface distance; Hausdorff, Hausdorff distance; endo, endocardium; epi,

epicardium.

Network
Metrics

Dice score Jacquard MSD Hausdorff Diameter error Volume error
(%) (%) (mm) (mm) (%) (%)

Xia et al. 93.2 87.4 0.748 8.892 4.0 4.9
Huang et al. 93.1 87.2 0.754 8.495 3.6 4.9
Bian et al. 92.6 86.9 0.759 9.213 3.9 4.4
Yang et al. 92.5 86.1 0.850 9.759 3.6 6.1
Unet 2D 92.5 86.2 0.842 15.88 3.1 5

2D Vnet endo 93.77±0.173 88.31±0.3 0.614±0.019 10.60±0.51 3.2±1.1 4.3±0.60
2D Vnet epi 94.03±0.170 88.78±0.3 0.656±0.033 11.49±1.86 3.2±0.47 4.3±0.61
2D Vnet wall 65.37±0.42 48.93±0.43 0.643±0.024 12.54±0.99 - -

Using LA wall labels, we were able to investigate the performance of our network on
a slender geometry, with an aggravated class imbalance presenting two tissue interfaces
– blood-pool/LA wall, LA wall/background. Our model showed good accuracy regard-
ing surface distance metrics. Moreover, the distribution of the different scores along the
LA height displayed a similar profile with four distinct regions, as previously described,
showing the consistency of our model.

5.3 Discussion

In this chapter, we provided an extensive overview of the different methods to perform
medical image segmentation as well as a detailed review of the state-of-the-art for LA
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FIGURE 5.12: LA prediction examples. A) 2D prediction from different part of the
LA. The LA cavity-endocardium is represented in yellow and the LA wall in white. B)
Posterior view of LA 3D reconstruction from prediction, ground truth and distance
map. The cavity has been coloured in yellow and the LA wall in transparent grey.
Abbreviations: LA, left atrium; LIPV, left inferior pulmonary vein; RSPV, right superior

pulmonary vein; RIPV, right inferior pulmonary vein.

segmentation from LGE-MRIs using deep learning. Then, we thoroughly described the
intricate details of our proposed solution, investigating the various parameters contributing
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to designing our optimised two-stage 2D CNN approach, tailored for automatic LA seg-
mentation from LGE-MRIs. Finally, we proposed a unique in-depth analysis of our model
performances along the LA anatomy considering the different tissue interfaces (LA blood
pool/LA wall, LA wall/background).

Overall our approach displays excellent performances, outperforming the models pro-
posed during the 2018 Atrial Segmentation Challenge (when comparing the same label
data). In comparison, our model yields better results for most of the metrics employed
(Jacquard index, MSD and LA volume error) as shown in Table 5.2, only, the HD and the
LA diameter error appears larger than for the other approaches compared. We believe that
the superiority of our approach lies in its two-stage architecture, the total exploitation of
the dataset using 2D images, and the optimised data augmentation employed. By using a
small patch size with dynamic cropping, our approach prevents any meaningful (i.e. from
the ROI) pixel loss, while ensuring background isotropy. This method allows a continu-
ous reinforcement of the local context during the learning process by showing the same
anatomical structures surrounding the region to be segmented. Moreover, the success of our
approach also lies in the careful selection of the data augmentation operations applied onto
the LGE-MRIs during training, and yielding, in fine, significant accuracy improvements.

Moreover, our approach displayed excellent performances segmenting the LA using
the different annotations (LA cavity-endocardium, LA cavity-epicardium and LA wall).
For each of these three labels, we observed an evolution of the different score following
a consistent pattern with the same four distinct regions. From bottom to top, following
the caudo-cranial direction, we attributed these regions to the mitral valve region, the LA
central region, the PVs region, and the LA roof region, respectively.

In the mitral valve region, the scores increasingly improve along the LA anatomy. This
effect can be explained as emerging from the blood originating from the LA, and flowing
toward the LV, creating a homogeneous ’blood-flow smear’ on the MRI scans, displaying
similar pixel intensities distributed between the LA and LV. Therefore, at the mitral valve
opening region, the distinction between the two cavities becomes more uncertain, which
potentially leads the network to higher instability, generating more misannotations. This
effect can also be seen in the low sensitivity scores with high standard deviations (Table
Supplemental B.3) yielded in this region, indicating the difficulty of the network to predict
the correct pixel labels. Moreover, ascending toward the LA middle region, we observed
improvements for all the metrics, with higher scores and lower standard deviations. These
improvements coincide with the LA anatomy changing from an uncertain mitral region to
the more regular LA central anatomy with clearer boundary delineation.

In the LA central region, above the mitral valve, we observed the highest scores with
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the smallest standard deviations (Table Supplemental B.3). These impressive and steady
results are probably due to the consistency of the anatomical structures in this region, only
presenting a smooth regular wall from the mitral valve annulus to the inferior PVs.

Following the LA central region, we observed a decrease in the different scores associated
with an increase of the standard deviations (Table Supplemental B.3), probably due to the
PVs. In the upper part of the LA are located the PVs that emerge from the lungs and connect
to the smooth LA posterior wall. This anatomical branching creates a disruption of the
smooth posterior wall anatomy and can explain the score decrease following the LA central
region. Moreover, more than 30% of the general population present PV anatomical variants
such as a common draining trunk of left superior and inferior PVs, or accessory PVs[348].
Thus, the PV region displays greater anatomical variability against which the network
might not have been well trained due to the dataset size, yielding, in fine, lower scores.

Finally, in the apical region the score tends to decrease further, showing higher instability.
The LA roof region is often manually annotated using small disconnected patches on
structures that display similar pixel intensities with the immediate surrounding tissues with
diffuse anatomical boundaries (Figure 5.12). Hence, the LA roof, along with the mitral valve
region and the left atrial appendage, represent some of the most challenging anatomical
structures of the LA to manually annotate relying heavily on the operator experience. Thus,
appreciation of the correct structures to annotate may vary accros operators, creating label
inconsistencies over the whole dataset. To what extend these variations can affect the
training is hard to assess. However, higher instability and low accuracy scores yielded
by the model in the LA roof region (Table B.4) is probably due to the intricate, small,
disconnected and boundary-less nature of the LA structures in this region. Nevertheless,
while the identification of the structures might become more complicated and vary between
operators, their shape (often represented by a simple round shape) becomes more consistent
in the upper LA region after the PVs section. This anatomical characteristic explains the
improvement of sensitivity and MSD scores in the last part of the LA despite the substantial
standard deviations displayed.

Throughout these experiments using the different labels, our model showed regular
difficulties in performing segmentation on the mitral valve region, the PVs region and
the LA roof region. As these regions display anatomy or labelling variabilities (PVs and
LA roof, respectively) they suffer from an intrinsic class imbalance compared to the more
consistent LA central region. One solution to reduce the level of imbalance would consist of
over-sampling the regions displaying a larger variability[317]. Thus, increasing the represen-
tation of the highly variable regions would reduce the class imbalance between these high
variability regions and the more consistent ones (LA central region), potentially leading
to better regional identification. This analysis is in accordance with other observations for
example, from Xiong et al. and our previous study [227][211].
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CLASS IMBALANCE MANAGEMENT, DYNAMIC CROPPING AND CONTEXT LEARNING

In this chapter, we showed the importance of class imbalance management and ad-
dressed it using dynamic cropping to remove superfluous background, improving the
learning process. Using dynamic cropping, extracting the ROI from the LA centroid allows
to maintain relative background isotropy. This means that dynamic cropping promotes
the display of the same anatomical structures (within the selected region) from image to
image. This effect can be seen as a double-edged sword. First, showing the same anatomical
surrounding structures over training iterations reinforce the learning of the LA surrounding
context. Benefiting from this reinforcement, the model could rule out other structures
similar to the LA that would present a different anatomical background. Thus, context
reinforcement may help the segmentation process. However, an over-reinforcement using
this process may also be the path to overfitting. This effect could then impair the predic-
tion process if a patient presented with an unusual anatomy, causing the model to yield
potentially aberrant segmentation not corresponding to the patient’s actual anatomy. At
the current stage, no clear conclusion for either of these hypotheses can be drawn, as the
current largest LGE-MRI dataset is too small to allow a pertinent analysis of the behaviour
of our model on uncommon cases. While dynamic cropping represents one of the current
best solutions for class imbalance management, it also limits the size of the processed
region, hence limiting context learning. An alternative solution was proposed by Bian et
al., employing a pyramid pooling module to extract features of different scales to improve
context learning[325]. However, this solution does not improve the class imbalance faced
for LA segmentation. Therefore, the future development of our model could combine the
pyramid pooling module for context learning and dynamic cropping for class management.

TAILORED DATA AUGMENTATION

While allowing impressive scores improvements, it is essential to consider that zealous
over-application of data augmentation, tailored to reach the highest accuracy, may lead
to overfitting issues, hence defying its original purpose. One solution to help to prevent
this effect is called ’test-time data augmentation’. The idea is to apply data augmentation
on the testing data to enrich the anatomical variations that the model is tested against[238].
Using this method can help to obtain a better assessment of the model robustness. While
coming at a higher computational cost for the training process, the gain in reliability from
this technique might become essential for processes with high impact and consequences
such as medical image processing or medical diagnosis. Already evaluated for skin lesion
applications[349][350][351], test-time augmentation represents an important validation step
for future development of our model for LA segmentation[352].
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METRICS

In this study, we observed important discrepancies regarding the score obtained em-
ploying different labels using overlapping metrics such as Dice score and Jacquard index.
The LA cavity-epicardium segmentation yielded the best Dice score, followed by the LA
cavity-endocardium, while the LA wall displayed substantially lower scores (Table Sup-
plemental B.3). Other than the model precision, this effect can be explained by the metrics
themselves. Dice score and Jacquard index are directly correlated to the volume of pixels to
be assessed. Hence, each misannotated pixel will inflict a more substantial penalty on the
evaluation of a small volume of pixels than on a larger volume of pixels. As a consequence,
using a larger volume will tend to yield better scores while a smaller volume will generally
produce lower ones. This effect can be seen throughout the experiments conducted for the
evaluation of our model. Using LA cavity-epicardium labels (largest volume of pixels),
our model obtained better overlapping scores, while these scores drop when evaluating a
slender structure with fewer pixels such as the LA wall. On the hand, the surface metrics
such as MSD or HD, independent from the volume of pixels showed that our model yielded
prediction with similar accuracy. Hence, while Dice score and Jacquard index are widely
used for segmentation tasks assessment, it is important to consider what is to be compared
and evaluated, and in the case of LA segmentation they appeared inappropriate for the
evaluation of our model on LA wall. Nevertheless, despite these regional difficulties, our
model showed its ability to perform LA segmentation consistently and accurately segment
the LA using three different labels, regardless of the tissue interface, with an average surface
distance within one-pixel precision (MSD≈0.625mm).

DATASET SIZE

Small training datasets represent one of the main limitations of clinical datasets, as
annotation and data gathering remain difficult. For example, the dataset we trained our
model with (currently the largest LGE-MRIs dataset) only contains 154 cases and therefore
cannot effectively represent human anatomical variability. In fact, in order to improve
performance, most of the approaches developed rely heavily on data augmentation such as
affine transformations, cropping and scaling to virtually enlarge the dataset, also taking
the risk of introducing more artefacts into the dataset. Moreover, as for the PVs’ multiple
anatomical variants, data augmentation cannot replicate accurately all anatomical variability
encountered in clinical practice, therefore leaving anatomical structures under-represented
for the learning process. In addition, the annotation process of anatomical structures is
a complex and tedious process, as can be seen in the inter/intra-observer variability re-
ported in several studies[262][353]. For example, atrial structures such as the mitral valve are
difficult to segment due to the lack a of clear anatomical border between the LA and left
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ventricle. Moreover, the PVs are a very thin structure and represent a challenge for experts
to distinguish from other structures on poorly contrasted images, and current protocols
for defining the degree of extension of the PVs from the LA wall remain subjective. Thus,
this labelling uncertainty leads to some label variability in the dataset used, impairing the
training process and potentially misleading the deep learning algorithm for the prediction
process.

OTHER CONSIDERATIONS

On a broader spectrum, other limitations, such as variations in image quality and res-
olution, or the introduction of image artefacts intrinsic to scanner manufacturer, have to
be taken into account for future clinical deployment. At the current stage, no study has
investigated the influence of LGE-MRI image quality on the Dice score, but empirically
best image quality tends to yield higher accuracy scores. However, in clinical practice
image quality can vary tremendously as cardiac motion, body fat and chest breathing
motion, amongst other factors, can generate artefacts to various degrees on the final images.
Therefore, to provide good generalisation capacity, deep learning models have to be able
to extract meaningful features regardless of the quality of the image. As with the image
quality issue, to obtain adequate generalisation capacity, a network should be trained with
many images from many different scanners. Thus, large multi-centre datasets need to be
built to ensure satisfactory scanner variability and image quality variability representa-
tion for the learning process. Finally, it is crucial to promote deep models with efficient
inherent generalisation capabilities, as different image resolutions can represent a major
difficulty for deep learning models using large scale datasets. However, promising results
were demonstrated using pyramid pooling architecture ensuring extraction of multi-scale
features. Thus, at the current stage efforts are still needed to develop a deep learning model
satisfying these criteria for further clinical deployment.

With the development of computational hardware and the general effort to enrich
medical image databases, the effectiveness of deep learning will only improve with time.
Arguably, the current research trend would lead to improve all fields of clinical practices
as AI technologies become more widely developed and implemented. Furthermore, the
current flourishing of the deep learning approaches in all areas of medical practice has
already breached out research. Despite initial professional reluctance, AI technologies will
become of major importance in the near future.
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5.4 Summary and conclusions

A necessary step for medical research is to for it be translated into medical practice. Until
recently, the approaches developed for medical segmentation required manual labour and
adjustments to be used in everyday clinical practice. However, with the remarkable growth
of AI, machine learning and deep learning methods, soon major changes will occur in every
part of healthcare. In this chapter, we described our approach using deep learning for
automatic LA segmentation from LGE-MRIs. This model showed impressive results during
experiments. Hence, to evaluate the potential for our approach to translate into clinical
practice, we will next apply our two-stage 2D CNN on clinical data.
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Chapter 6

Clinical Applications

Introduction

Atrial fibrosis is commonly described as the hallmark of the structural remodelling associ-
ated with AF[32][66]. Collagen deposition in atrial myocardium has been shown to contribute
to the onset, progression, and perpetuation of AF[354][38]. Using contrast-enhanced imaging
techniques such as LGE-MRI, recent studies have demonstrated the correlation between the
extent of LA fibrosis and AF ablation treatment outcomes[66]. Hence, fibrosis assessment
has recently been viewed as a promising tool for stratification and treatment guidance of
patients with AF. However, the process to evaluate fibrosis in clinical practice is based on a
tedious process of manual tracing. Accurate manual segmentation of sparse and patchy
cardiac fibrosis within the thin and intricate LA wall is a challenging process. Moreover,
image noise, artefacts and contrast inconsistencies can introduce error in the identification
of small fibrotic structures. Therefore, manual segmentation of fibrosis is a difficult task
that relies heavily on the clinicians’ expertise and is highly susceptible to miss-annotations
resulting in impaired reproducibility[355].

A wide variety of automated approaches have been developed to alleviate this burden
but these have yet to reach the accuracy necessary to satisfy large scale implementation
in clinical practice[356]. However, recent breakthroughs in machine learning and the de-
velopment of deep learning approaches have enabled to reach speed and accuracy well
beyond traditional approaches[231][243][262]. Deep learning approaches have quickly become
a focus of interest for LA segmentation showing promising results obtaining high accuracy
notably in LA cavity segmentation. More recently, the ability of deep learning methods
to segment the region LA fibrosis has also been investigated. Starting with a finely tuned
sparse auto-encoder, Yang et al. proposed a series of deep learning models for LA fibrosis
segmentation[318][357], while Chen et al. and Li et al. studies also reported promising results
for LA scar segmentation[333][358]. However, these methods were applied in a controlled
environment and have yet to be evaluated clinically.

The translation from engineering research to its clinical application in represents a major
challenge. For image segmentation using deep learning, this difficulty can be notably
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imputable to the discrepancies between the LGE-MRI obtained in clinically and those used
for training and fine tuning of the network. Scanner manufacturer and operator, patient
population, labelling operator as well as small protocol variations can all influence network
training. Therefore, results obtained during the development of a model might not reflect
its proficiency in clinical applications.

Our approach has proved to be highly effective for annotating large structures such
as the cavity and epicardial surface for the LA, as detailed in Chapter 5. To evaluate the
efficacy of these methods in a clinical context, we conducted an observational study under
the supervision of Dr Martin Stiles, with AF patients scheduled for catheter ablation at
Midland Waikato Hospital, New Zealand. Cardiac LGE-MRI from these patients were used
to assess the accuracy of our two-stage CNN model for LA cavity and wall segmentation
in clinical context. Moreover, to further evaluate our deep learning approach, we trained
the network to segment fibrosis and compared its accuracy against manual techniques
including the Utah and Otsu methods, as well as FWMN, and IIR thresholding (see section
1.3.3).

In this Chapter, we first outline the Waikato data acquisition, presenting study conditions
and detailing the LGE-MRI protocol used for image data collection. We also describe the AF
ablation and voltage mapping protocol used to record the LA endocardial surface voltage of
the eligible patients. Secondly, we detail the method and accuracy results of our two-stage
CNN approach for LA and fibrosis segmentation. Finally, we compare these results with
those obtained with other fibrosis assessment methods.

6.1 Waikato clinical data acquisition

6.1.1 Study design and patient population

For this observational study, we enrolled 11 patients with AF scheduled for PVI treatment at
the Waikato and Braemar Hospitals between June 2017 and February 2020. This study was
approved by the Health and Disability Ethics Committees (Ref: 16/STH/130) and written
informed consent was obtained for all patients. Prior to the ablation procedure, each patient
underwent a 3D LGE-MRI scan. Eligible patients underwent a second 3D LGE-MRI scan
after AF ablation (> 6 months). From the 13 scans obtained, two were excluded due to
un-optimized choice of scan parameters or low 3D LGE-MRI image quality compromising
the accuracy of manual segmentation. After MRI acquisition, PVI was performed using
either radio-frequency (RF) ablation or cryo-ablation at the physician’s discretion. For the
three patients undergoing RF ablation, high-density LA electroanatomical voltage mapping
was obtained immediately before the PVI procedure.
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The baseline AF type was defined according to the HRS/EHRA/ECAS expert consensus,
as either paroxysmal AF (episodes of AF that self-terminated within seven days) or persis-
tent AF (AF lasting longer than seven days) and long-standing persistent AF (continuous
AF for longer than 12 months)[38]. All antiarrhythmic drugs (AADs) were discontinued for
at least five half-lives before ablation.

TABLE 6.1: Patients’ characteristics of the Waikato dataset. Percentage of fibrosis
was evaluated avec manual segmentation for all patients. Abbreviations: AF, atrial
fibrillation; BMI, body mass index; PAF, paroxysmal AF; PeAF, persistent AF; LsAF,

Long-standing persistent AF.

Data

Patients n=11
Age (year) 60±10
Gender M(63%)
BMI 29.4±6
AF type PAF/PeAF/LsAF(7/3/1)
LA vol. (ml) 99.23±44.12
%Fibrosis 10.56±2.59

6.1.2 Waikato three-dimensional LGE-MRI acquisition and processing

The MRI scans were performed using a Siemens Area 1.5T MRI scanner at Midland Waikato
hospital, New Zealand. High-resolution LGE-MRI images of bi-atrial chambers were ac-
quired approximately 20-25 minutes after injection of a 0.1mmol/kg bolus of gadolinium
contrast agent (Multihance, Bracco Diagnosis Inc., Princeton, NJ, USA) using a 3D respi-
ratory navigated, an inversion pulse was applied every heartbeat, and fat saturation was
applied immediately before data acquisition[151][359]. Typical image acquisition parame-
ters were: echo time 2.4ms; repetition time 5.3ms; flip angle 20°; and receiver bandwidth
300Hz/pixel; axial field of view 400× 400× 110mm; matrix size 320× 320× 44; 18% over-
sampling in the slice encoding direction.

• For patients in sinus rhythm, data acquisition was performed during LA diastole.
Specifically, data acquisition window was 15% of the averaged cardiac cycle (aRR, RR
= the interval between two successive peaks of the QRS complex) and was positioned
from 65% to 80% of aRR (0% corresponding to the R peak of the QRS complex).

• For patients in AF, with non-regular heart rate during the imaging session, the dura-
tion of data acquisition window was reduced to 12% of aRR and shifted closer to the
R peak and positioned from 47% to 59% of aRR.
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Typical scan time was 8 to 15 minutes depending on patient respiratory pattern and
heart rate. The initial voxel size was 1.25× 1.25× 2.5mm3. After acquisition, the images
were converted and interpolated two times along x- and y-axis and four times along z-axis
to reach isotropic resolution (0.625× 0.625× 0.625mm3). Manual segmentation for the LA
wall and cavity was performed for each patient following the same protocol used previously
(see section 4.1). In brief:

1 – The LA cavity (blood pool) was defined by manual tracing (performed by me) of the
LA endocardial border, including PV sleeves extension.

2 – The LA epicardial border was established by morphological dilation with a constant
thickness (3mm) of the LA endocardium border.

3 – LA wall segmentation was obtained by subtraction of the endocardial segmentation
from the epicardial segmentation and edited to remove the PVs extents and mitral
valve opening.

After LA manual labelling, the wall was extracted for each patient scan, and manual
thresholding was performed to segregate the gadolinium-enhanced tissue from the LA wall,
yielding the fibrosis label.

MRI scan LGE-MRI stack
Wall extraction

LGE-MRI acquisition
Image interpolation Manual segmentation Fibrosis manual

thresholding

FIGURE 6.1: Illustration of the image acquisition and processing to build our Waikato
LGE-MRIs dataset.

6.1.3 AF ablation procedures and voltage mapping

Ablation procedures and voltage mapping were performed in post-absorptive state under
general anaesthesia. Using the femoral vein as primary access, a duo-decapolar circular
mapping catheter (Lasso; Biosense Webster Inc.) and a 3.5mm tip ablation catheter (Biosense
Webster Inc.) were positioned in the RA before transseptal puncture to enter the LA
chamber. During the procedures, patients received uninterrupted anticoagulation drugs
(dabigatran, rivaroxaban or warfarin at the physician’s discretion) and repeated bolus doses
of unfractionated heparin to maintain the activated clotting time between 300-350 seconds.
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After transseptal puncture, mapping and ablation were performed under fluoroscopy and
CARTO (Biosense Webster, Inc.) 3D electro-anatomical mapping system guidance. A
decapolar catheter (2-5-2mm inter-electrode spacing; Daig Electrophysiology) was also
positioned in the coronary sinus with the proximal bipole at the coronary sinus ostium. This
catheter was used for monitoring sinus rhythm and as a reference catheter for the timing of
the atrial signals recorded with the CARTO mapping system.

0.50.05 mV

C

Voltage map

LAA

LSPV

RSPV

RIPV

B

3D reconstruction

mitral
valve

LAA
LSPV
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RIPV
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LGE-MRI scan

FIGURE 6.2: Representation of the different data type collected for the same patient
from the Waikato hospital and used for our study on clinical data. A) LGE-MRI
collected at the Midland center, Waikato. B) Tree-dimensional reconstruction of the LA
after manual segmentation. C) High-density voltage map recorded before RF catheter
ablation. Abbreviation: LA, left atrium; LGE-MRI, late gadolinium-enhanced magnetic
resonance image; LIPVs, left inferior pulmonary vein; LSPV, left superior pulmonary

vein; RIPV, right inferior pulmonary vein; RSPV, right superior pulmonary vein.

At the start of the PVI procedure, a highly detailed voltage map was constructed across
the LA endocardium in all patients scheduled for RF catheter ablation. Using a 20-pole
15-25mm variable Lasso Nav magnetic catheter (Biosense Webster Inc.) and the 3D CARTO
mapping system, efforts were made to systematically record more than 1000 points for the
voltage map of the LA endocardium surface (Figure 6.2C). Intracardiac electrograms were
bandpass filtered (30-500 Hz) peak to peak after voltage was determined. Healthy tissue
was defined as showing a bipolar voltage >0.5mV, while regions with amplitude <0.5mV
were identified as fibrosis[79][72][76].

For each patient, all four PVs were electrically isolated with a 3.5mm irrigated-tip
ablation catheter (Thermocool SF Smart Touch; Biosense Webster Inc.) for RF ablation or
a 28mm cryo-balloon (Arctic Front Advance; Medtronic, Inc.) for cryo-ablation. Ablation
success was confirmed elimination or dissociation of pulmonary venous potentials in the
antra of the PVs using circumferential mapping (Lasso; Biosense Webster Inc.).
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6.2 Automated segmentation on Waikato clinical data

In this section, we detail the datasets used, summarise the deep learning network methods
employed for automatic segmentation of the Waikato clinical data and outline how this
approach was validated.

6.2.1 Method

For this study, we employed two consecutive CNNs based on the V-net architecture[210] (see
Chapter 5) to (1) extract the ROI, and (2) perform LA and fibrosis automatic segmentation.
To reduce memory usage and increase training speed, we applied our approach to the 2D
slices extracted from the 3D LGE-MRIs.

Datasets

To evaluate the clinical potential of our approach, we used two different datasets: (1)
the Utah dataset, consisting of 154 3D LGE-MRIs and corresponding labels (ground truth)
provided by the CARMA Center at The University of Utah (NIH/NIGMS Center for
Integrative Biomedical Computing (CIBC)), and (2) the Waikato clinical dataset, which
comprised 11 3D LGE-MRIs and their respective labels. Both datasets have a spatial
resolution of 0.625× 0.625× 0.625mm3 for a 576× 576 trimmed-down image size. The
two datasets, which represented 165 patients and 15488 2D images combined, were split
between training (Utah dataset) and testing (Waikato dataset), respectively.

After collecting the LGE-MRIs from the Waikato Hospital we manually segmentation
each patient’s data following the method described in section 4.1 using the Amira software
(Thermo Scientific) to generate the segmentation ground truth for the training and evaluation
process.

Convolutional neural network architectures

For the automatic segmentation we employed the two-stage CNNs approach described
previously in section 5.1.2. Briefly, both networks were inspired by the V-net using an
encoder-decoder with five encoding/decoding blocks. Each block was composed of a batch
normalisation[342] followed by a succession of 5×5 2D padded convolutions and a strided
2D convolutions/deconvolutions. The strided convolutions employed a leaky rectifier
linear unit (Leaky ReLU, α=0.1) for activation function with 25% dropout applied. This
architecture also used vertical skip connections between the residual blocks, and horizontal
feature map-forwarding between the encoding and decoding blocks of a similar level. In
our two-stage approach, the first CNN was dedicated to finding the LA centroid, and was
driven by a mean-squared-error loss function using the architecture encoding part only.
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The second network was dedicated to the segmentation and used encoding and decoding
parts, relied on the Dice loss function to train the network, and a softmax layer as last layer.

Metrics and evaluation

To evaluate our results, we employed the metrics discussed in see section 5.1.4 including
Dice score, Jacquard index, sensitivity and specificity, as well as distance metrics with
MSD and HD. Moreover, we also provided clinical measurements such as LA volume and
diameter error to test the reliability of our approach for further medical applications.

6.2.2 Results

As before, we implemented our approach using TFLearn, and all experiments were run on
an Nvidia Tesla V100-PCIe using cuDNN 9.x. Network training was performed over 500
epochs employing a 0.001 learning rate with Adam optimiser and a maximum batch size
up to 56 for speed and performance. For all experiments, weights were initialised using He
normalisation. The data augmentation scheme described in Chapter 4 was systematically
applied during training.

Both CNNs were trained on the 154 LGE-MRIs Utah dataset and applied to the Waikato
dataset. Centroid coordinates were determined to within 15 pixels, similar to the precision
achieved with the Utah dataset. The second CNN displayed good ability to annotate the
LA (Figure 6.3) reliably identifying structures such as the mitral valve, LA body and PV
geometry. However, accuracy scores were lower with the Waikato data than the Utah
dataset with Dice score of 88.18±1.3% for cavity segmentation, 90.80±3% for epicardium
segmentation and 56.37±5.23% for LA wall segmentation (vs 93.77±0.173%, 94.03±0.170%
and 65.37 ±0.42% respectively). A similar trend was observed for surface distance metrics
with 1.376±0.24mm for the cavity, 1.522±0.29mm for epicardium and 1.214±0.576mm for
LA wall segmentation.

To improve these results, we investigated the influence of training data homogeneity
and altered data sampling on segmentation performance (Figure 6.4). We also considered
the effect of transfer learning using previously recorded weights from prior experiments
on the Utah dataset (see Chapter 5). To homogenise the training dataset and reach a more
reliable evaluation of our model, we used a 5-fold cross-validation scheme incorporating
both the Utah and Waikato dataset.

With this method, our approach performed better for the Waikato patients with Dice
scores for cavity, epicardium and wall segmentation of 89.25±4.39%, 91.35±2.36% and
67.57±7.91%, respectively. Likewise, this technique also improved MSD see Figure Sup-
plemental D.1. However, scores obtained for the Waikato data remained inferior to those
obtained with the Utah dataset only and exhibited larger standard deviations.
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FIGURE 6.3: Illustration of the prediction for LA cavity and wall segmentation yielded
by our deep learning approach. A) Presentation of 2D images of at different anatomical
position in the craniocaudal direction. B) Reconstruction in 3D of a prediction along
with its ground truth and distance map. Abbreviation: LA, left atrium; LGE-MRI, late
gadolinium-enhanced magnetic resonance image; LIPVs, left inferior pulmonary vein;
LSPV, left superior pulmonary vein; RIPV, right inferior pulmonary vein; RSPV, right

superior pulmonary vein.

Next, we investigated the potential for data over-sampling to soften intrinsic differences
between images from Utah and Waikato datasets. We split the 11 Waikato 3D LGE-MRIs into
four training and seven test sets. Then, we increased the number of Waikato training and
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FIGURE 6.4: Graphs showing the different Dice scores and MSD obtained for cavity
segmentation using the Waikato dataset. Vanilla refers to the direct application of
a trained model with Utah data onto the 11 Waikato clinical cases, 5-fold refers to
a 5-fold training scheme and Sampling ×5 designed our over-sampling approach.

Abbreviation: MSD, mean surface distance; T, transfer learning.

testing data sets five-fold and applied data augmentation to both. Using this configuration,
we observed a significant improvement in model accuracy for overlapping and distance
metrics on LA cavity and epicardium annotations (p-value < 0.05, Figure 6.4, Table D.1).
Dice score increase from 88.15±0.23% to 91.16±1.65% for cavity segmentation and from
90.80±3% to 92.77±1.44% for epicardium segmentation (p-value < 0.05, in both cases). The
MSD for both was also halved (from 1.376±0.24 mm to 0.522±0.225 mm, and 1.522±0.29
mm to 0.454±0.20 mm, respectively).

Finally, the application of transfer learning yielded fluctuating results with no evidence
of benefits in accuracy for any of structure segmented (see Figure 6.4, Table D.1).

6.3 Left atrial fibrosis assessment

6.3.1 Method

Manual assessment of LA fibrosis was performed for each patient from the Waikato dataset.
Following contrast correction of patient LGE-MRIs, each image slice was visually inspected



134 Chapter 6. Clinical Applications

and threshold values separating enhanced LA regions (corresponding to fibrosis) from
normal LA regions (healthy tissue) were determined. This initial manual fibrosis assessment
was defined as the ground truth and used as the reference for method comparison. We cross-
validated our manual thresholding for three of the Waikato patients for whom we had
performed high-density electroanatomical voltage mapping.

Then, we investigated the accuracy of four automatic thresholding methods (see section
1.3.3) used to evaluate the amount and distribution of fibrosis within the LA wall. These
include: (1) the image intensity ratio (IIR) initially described by Khurram et al. and later
refined for LA fibrosis evaluation by Benito et al. [71][360] for LA fibrosis; (2) the Utah
thresholding method proposed by Oakes et al.[197]; (3) the Otsu automatic thresholding
approach[270]; and (4) the full width half mean (FWHM) thresholding method, previously
used for ventricular fibrosis assessment[361]. After analysis, the most accurate of these
methods was then applied to the Utah and Waikato datasets creating fibrosis label data.
These fibrosis labels were used as training data to evaluate the proficiency of our deep
learning approach for automatic fibrosis segmentation.

6.3.2 Results

Manual fibrosis assessment and correlation with voltage map

After manual segmentation, substantial presence of fibrosis was usually found surrounding
the mitral valve opening and extending beyond the mitral annulus. Fibrosis was also
commonly found surrounding the PV antra for the Waikato dataset.

Our manual thresholding approach showed good correlation with the high-density
voltage maps for the three eligible patients and as reference for comparison. On the
voltage maps, two distinct patterns could be found: (1) continuous regions of low voltages;
(2) scattered patterns of low voltage tissues (Figure 6.5). These patterns were correctly
reproduced by manual thresholding for each of the three patients. More precisely, for these
patients fibrosis was found on the posterior wall as a large patch surrounding the LIPV
with smaller extension patches toward the mitral valve and the upper region of the LA.
Moreover, enhanced tissues were found in light patches on the RSPV antrum, while on
the contrary, the RIPV antrum was heavily marked by fibrosis. These landmark points of
fibrosis insertions represent the primary LA fibrotic regions found in the Waikato dataset.
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FIGURE 6.5: Comparison between the fibrosis manual segmentation and the voltage
map obtained for the three eligible patients from Waikato. Abbreviation: LAA, left
atrial appendage; LIPV, left inferior pulmonary vein; LSPV, left superior pulmonary

vein; RIPV, right inferior pulmonary vein; RSPV, right superior pulmonary vein.

Automated method for Fibrosis assessment

THRESHOLDING METHODS

Manual thresholding was performed on the 11 LGE-MRIs and used as ground truth to
compare with the other automatic thresholding methods selected, and our deep learning
approach results. Figure 6.6 shows the 3D LGE-MRI reconstruction (Figure 6.6A), the
colourise model (Figure 6.6B) and the fibrosis assessment results yielded using the different
automated methods for one patient. For all patients of the Waikato dataset population,
manual thresholding showed on average 10.56±2.47% LA atrial wall fibrosis (Table 6.2). In
comparison, Utah’s thresholding approach displayed a lower LA wall fibrosis (8.47±3.90%)
while all the other methods showed an increased amount of fibrosis on average for the
Waikato patient population; with Otsu’s thresholding yielding 31.58±20.28%, IIR thresh-
olding showing 14.50±4.96% of dense fibrosis and 8.98±1.18% of interstitial fibrosis, the
FWHM method displayed 15.01±4.13% (Figure 6.6).

Manual thresholding was performed on the 11 LGE-MRIs and used as ground truth
data to compare with the results of automatic thresholding methods and our deep learning
approach. Figure 6.6 shows a 3D reconstruction of the ground truth fibrosis segmentation
(Figure 6.6A), and associated colourised model (Figure 6.6B) for one patient together with
corresponding segmentations for each of the four automated methods. With manual
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thresholding, LA fibrosis was 10.56±2.47% (Table 6.2). In comparison, the Utah approach
estimated 8.47±3.90%, while fibrosis estimates with other methods were greater, with
31.58±20.28% for Otsu thresholding, 14.50±4.96% with IIR thresholding for dense fibrosis
and 15.01±4.13% with the FWHM method (Figure 6.6). That is, our ground truth estimates
were most closely matched by the Utah and IIR thresholding approaches, which under-
estimated and over-estimated our manual results, respectively, by a similar margin. Dice
score and sensitivity are also presented in Table 6.2 and the mean Dice score for the Utah
method was greater than for IIR and the mean sensitivity was lower. The latter is consistent
with a tendency for the Utah method to mis-annotate fibrosis pixels as background, but
standard deviations were relatively large in both cases and it is difficult to distinguish
between methods on this basis.

Utah̀s
thresholding

Otsùs
thresholding

FWHM
thresholding

IIR
thresholding

D E F G

LGE-MRI 3D
reconstruction

Colorized
reconstruction

Manual
thresholding

A B C

FIGURE 6.6: Different 3D reconstructions of the LA of a patient from Waikato along
with the results of the different thresholding methods applied for fibrosis segmentation.
Abbreviation: FWHM, full width half mean; IIR, image intensity ratio; LA, left atrium.

For each method, the fibrosis amount found is to be analysed with their respective
Dice score and sensitivity scores (Table 6.2; Table supplementary D.2). Utah’s thresholding
method displayed the best Dice score with 82.77±12.96% while showing lower sensitivity
score (75.51±20.25%) indicating the tendency of this method to miss annotate fibrosis-pixels
for background, leading to the under-prediction of the fibrosis amount (8.47±3.9% vs man-
ual thresholding 10.56±2.47%). On the other hand, Otsu’s method displayed 58.83±24.22%
Dice score accuracy with a very high sensitivity score (97.88±5.24%) showing its propensity
to under-threshold fibrosis leading to an overestimation of the damaged tissue. Moreover,
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the large standard deviation observed for Otsu’s method Dice score indicates the instability
of the method even applied to a small population. Using FWHM, we obtained a better
Dice score and sensitivity score than Otsu’s approach with 78.27±11.63% and 94.88±9.29%,
respectively. However, while more accurate than Otsu’s technique, this method remains
less accurate with a lower Dice score than Utah’s approach, over-estimating the amount of
fibrosis within the LA wall. The IIR approach over-predicting fibrosis also displayed high
sensibility (90.74±15.53%) associated with the second-lowest Dice score (75.34±13.53%).

The Bland-Altman agreement plots in Figure 6.7, show best agreement between the
Utah thresholding approach and the manual thresholding method with the smallest bias
(|bias| = 2.08) and no statistically significant difference between them (p-value >0.05 using
ANOVA – Figure 6.7). In comparison, Otsu’s method showed the worst agreement with the
largest bias (|bias| = 21.02, p-value >0.05), underlying the susceptibility of this method
for over-estimating fibrosis. For FWHM and IIR methods, the Bland-Altman analysis also
showed negative biases (-4.45 and -3.95, respectively vs -21.02) also indicating a similar
tendency to over-predict fibrosis in the Waikato dataset.
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DEEP LEARNING FOR FIBROSIS SEGMENTATION

For direct scar tissue segmentation without the need for segmentation of the atrial wall,
we trained our network using the 154 fibrosis labels generated using Utah’s thresholding
method with the atrial segmentation described in section 6.2.2. Throughout our experiments,
fibrosis segmentation emerged as a particularly difficult task, with only the five-fold data
homogenisation approach providing meaningful results. Under this training scheme, our
deep learning approach achieved a low Dice score (43.09±8.13%) and sensitivity score
(46.80±16.81%) than the automated thresholding approaches evaluated. This shows the
difficulties of the approach to annotate the enhanced tissue accurately within the LA wall,
resulting in under-estimation of the LA fibrosis.

TABLE 6.2: Details of the results from the different fibrosis evaluation methods. Abbre-
viations: DL, direct fibrosis deep learning approach; FWHM, full-width half mean; IIR,

image intensity ratio.

%Fibrosis Dice score Sensitivity

Manual 10.56±2.47 - -
Utah’s 8.47±3.90 82.77±12.96 75.51±20.25
Otsu’s 31.58±20.89 58.83±24.22 97.34±5.24
FWHM 15.01±4.13 78.27±11.63 94.88±9.29
IIR 14.50±4.96 75.34±13.58 90.74±15.53
DL 12.56±5.20 43.09±8.13 46.80±16.81

6.4 Discussion

In this study, we evaluated the efficacy of our two-stage CNN deep learning approach
for segmentation of the LA anatomy and fibrosis in a clinical setting. We completed
quantitative and qualitative analyses of four thresholding methods for fibrosis assessment
and cross-validated the results with electroanatomical voltage maps.

Our two-stage CNN produced accurate predictions for the LA blood pool and epi-
cardium but more limited success for wall and fibrosis segmentation. In particular, the
accuracy achieved was lower than our results with the Utah dataset.

We showed the influence of data homogeneity and the benefits of data over-sampling
for better representation of the Waikato dataset during the training phase. Use of a five-fold
training scheme to increase data homogeneity led to minor improvements in accuracy for
LA surface segmentation but allowed to a noticeable Dice score increase for thin structures
segmentation such as LA wall and fibrosis.

Then, we evaluated the effect of data over-sampling on network performance. In their
paper entitled "Experimental Perspectives on Learning from Imbalanced Data", Van Hulse
et al. showed the potential of minority class random over-sampling to alleviate class
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imbalance[316]. By modifying the training distributions, over-sampling can decrease the
disparities when two different datasets are combined for the training process. In this study,
applying over-sampling on the Waikato part of the training dataset helped to reduce the
intrinsic scan-related image artefacts and labelling discrepancies. As a consequence, our
model profited from better integration of intrinsic features of the Waikato dataset for tuning
model weights during training and yielded the best prediction results for LA cavity and
epicardium. On the other hand, the influence of over-sampling was less noticeable for LA
wall segmentation and did not allow fibrosis segmentation.

While Waikato dataset over-sampling improved data representation, 5-fold scheme
improved data homogeneity mixing both dataset for training and testing. This enabled
segmentation of fibrosis and led to an improvement of the LA wall segmentation accuracy
underlining the fact that intrinsic differences between the two datasets can reduce the capac-
ity of the network to annotate fine structures. Differences can arise from multiple sources,
scan manufacturer and operator, labelling operator, minute LGE-MRI protocol variations
or patient population which can influence the final segmentation. More investigation is
needed to determine the influence of each factor.

Segmentation of sparsely distributed tissue structures, such as fibrosis, emerged as a
particularly difficult task to train for and annotate with precision. While large patches of
scar tissue were correctly predicted, smaller and micro-fibrotic patches were not captured
during training and not predicted on final segmentation. This could be due to a ’clustering
effect’. As neighbouring pixels of the same class forming a continuous shape are easier to
distinguish from the other surrounding class and annotate[362], large fibrotic patches would
be simpler to annotate from the rest of the wall. On the other hand, small spots of fibrosis
require very high pixel-wise annotation accuracy and were easily discarded by the network.

Among the plethora of parameters used to control deep learning models, the manipula-
tion of the gradient descent through the definition of a loss function represents arguably
the most decisive tuning point for improving the final prediction[363]. As Dice loss either
only weighs one class or a mean of the classes of Dice score, fibrosis segmentation could be
improved by modifying the loss function to incorporate weighting of low frequency and
high sparsity classes to ensure accurate capture of ’pixel-scale structures’ such as fibrosis
micro-patches during training. However, Yang et al. and Jia et al. have reported that such
modifications of the loss function produce variable results which can be imputed to greater
training complications and instability[327][328]. Hence, more investigations are needed to
achieve accurate segmentation and model stability.

In this study, we also investigated the ability of four automated thresholding meth-
ods to perform scar tissue assessment. The Utah thresholding method displayed the best
correlation with our manual thresholding when applied to the Waikato dataset, but under-
estimated LA fibrosis. The other thresholding methods showed less consistency with the
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manual segmentation, and tended to overestimate the LA scar tissue. This is probably due
to contrast variation issues either between the wall and blood pool for IIR, between the LA
and surrounding structures or within the LA wall.

6.4.1 Limitations

The main limitation of this study is the size of the dataset. Due to the adaptive nature of
deep learning approaches, performance is improved by incorporating more training data,
and with only 11 patients the ability to fine-tune the model was constrained. However,
other strategies such as prediction probability maps, loss function modification, multi-view
approach and over-sampling of low accuracy regions need to be investigated. Moreover, as
only three voltage maps were obtained from Waikato Hospital, very limited cross-validation
of the manual thresholding for fibrosis was possible.

Importantly, this study was intended to provide an automatic pipeline for patient
stratification through automatic LA anatomy and scar tissue segmentation. However
with only 11 AF patients recruited, very few conclusions could be drawn regarding the
proficiency of our strategy to help assessing the outcome of a AF ablation procedure from a
single 3D LGE-MRI scanning session.

6.4.2 Future work

For fibrosis segmentation, a solution could reside in the multiplication of the number of
models and different prediction for the same task on the same image, to yield a probability
map of prediction. Using this method, each pixel would be associated with a mean of
probabilities allowing unlikely predictions to be discarded from the final result. Such a
probability map mechanism can be a resort for delicate annotations, providing a better
confidence interval for each pixel prediction. Moreover, delicate segmentation accuracy
could be further improved using a combination of 2D and 3D segmentation providing
better spatial representation of the structures. For example, Yang and al., reported that a
multi-view approach improved the accuracy with which sparse structures can be segmented
but provides no advantage for large structures such as blood pool annotation[364].

Nevertheless, in our approach, we used a multi-class annotation incorporating LA blood
pool, wall and fibrosis. Hence the effects of miss-annotation of one class embedded in
another, such as fibrosis located within the LA wall, magnified the negative effect on the
final scores in that if a fibrosis-labelled pixel is predicted as ’LA wall’, the resulting score will
be wrong for both classes. Therefore, while multi-class training and prediction yielded high
accuracy scores for segmentation of large structures, the effectiveness of a class-sequential
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prediction scheme for annotating sparse structures annotation needs to be investigated.

6.5 Summary and conclusions

Despite the modest number of cases included in this study, initial experiments show
promising potential for possible clinical translation of our deep learning approach for atrial
segmentation. Accurate segmentation of LA geometry and fibrosis represents a critical
milestone for improving understanding of the the mechanisms responsible for initiation
and maintenance of AF, and should also lead to better patient selection and identification of
better tailored AF ablation strategies.
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Chapter 7

Conclusions and Future Work

The work presented in this thesis has comprehensively achieved the four objectives iden-
tified in the preamble and explored in the different chapters of this thesis. In addition
to the individual discussions and summary presented in Chapters 4 to 6, this chapter
reviews the objectives, and summarises the contributions of this thesis to each specific
objective, highlighting the major achievements and conclusions of this study. This chapter
also discusses the limitations of this study. Finally, we provide future work considerations,
including potential improvements for our machine learning approach and its application in
the clinical context.

7.1 Objectives and contributions

This study demonstrates a promising framework to provide an accurate 3D virtual heart
and characterise key structural remodelling based on clinical LGE-MRIs from patients with
AF; and helps to guide patient-specific ablation treatment in order to treat the most common
cardiac arrhythmia encountered in clinics more effectively. In particular, this study focused
on the structural analysis of the LA, encompassing the various technologies employed from
the detection of AF to the accurate segmentation of the LA and any fibrosis, to help, in fine,
with patient selection and AF ablation procedure planning.

In Chapter 1 we provided an extensive review of the biological and clinical context of AF.
We described the heart function and anatomy as well as the various structural remodelling
features, such as fibrosis, involved in the initiation and maintenance of AF at all scales of
biology. We also discussed the different treatments and their respective efficacy, fuelling the
need for better patient selection through atrial segmentation and fibrosis assessment using
LGE-MRI.

Chapter 2 was dedicated to providing a thorough comprehension of the technology
behind the acquisition of LGE-MRI images, from the atom to the image[158] necessary for
the understanding of the imaging protocols employed for this study.
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In Chapter 3 we provided a comprehensive overview of the various principles and
mechanisms employed in deep learning which were used to develop our approach for
atrial segmentation. In particular, we reviewed the ANN algorithm principles and the
various contributions leading to the development and flourishing of CNNs, notably for
image segmentation.

OBJECTIVE 1 – Provide a critical review and in-depth analysis of the current state-of-the-art
methods for atrial segmentation.

Initiated in 2017 by Mortazi et al. with CardiaNet[311], atrial segmentation using deep
learning attracted many participants the following year, for the 2018 Atrial Segmentation
Challenge, to develop and test their approaches to perform automated LA segmentation
using the 154 3D LGE-MRIs dataset provided.

In Chapter 4, we first detailed the various traditional automatic methods to perform
LA segmentation before the advent of deep learning. The second part of the chapter was
dedicated to reviewing systematically the 17 different deep learning approaches proposed
for the 2018 Atrial Segmentation Challenge. In particularl, we detailed the interesting but
limited application of context learning using either pyramid-pooling or atrous convolution
layers for atrial segmentation on LGE-MRIs. We also reviewed the different loss functions
developed for this challenge relying on compelling concepts, but ultimately failing to
yield the best accuracy. Finally, we showed the importance of proper class imbalance
management, and the trade-off faced between spatial representation, training time and
stability using either a 2D or 3D dimensionality.

This in-depth analysis was critical to gaining a comprehensive understanding of the
challenges inherent in LA segmentation. Moreover, this review exposed some of the short-
comings faced by the various proposed methods, providing guidance for developing our
own optimised automated approach for LA segmentation using deep learning.

OBJECTIVE 2 – Develop an optimised deep learning approach for automated LA segmentation
from LGE-MRIs.

In Chapter 5 we detailed our fully automated two-stage deep learning approach to
accurately and robustly segment the LA cavity, wall and epicardium based on the critical
insights learned from Objective 1. Our approach consisted of two concatenated CNNs,
directly applied onto the pre-processed 2D LGE-MRIs from the Utah dataset. The first
network was dedicated to finding the LA centroid and extracting the ROI, while the
subsequent CNN performed the pixel-wise segmentation. Substantial efforts were made to
thoroughly investigate the various types of data augmentation and their respective influence
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on LA segmentation accuracy. In particular, we examined several image transformations
and histogram augmentations, as well as diverse application processes to optimise our deep
learning approach for segmentation.

The work reported in Chapter 5 resulted in the development and validation of a highly
successful approach for the segmentation of the LA cavity, wall and epicardium, surpassing
the other approaches previously discussed in Objective 1. In Chapter 5 we also provided an
in-depth segmentation analysis showing the varying efficacy of our approach along the LA
anatomy. We showed that the regions with the highest variability were more difficult to
annotate, and described four distinct sections of accuracy corresponding to specific regions
of the LA anatomy (mitral valve, LA body, PVs, and LA roof).

OBJECTIVE 3 – Assess the proficiency of our proposed deep learning approach for automated
LA segmentation using an independent clinical dataset (Waikato Hospital).

In the first part of Chapter 6, a series of experiments were conducted to assess the profi-
ciency of our two-stage CNN approach for LA segmentation by applying it to independent
clinical cases from Waikato Hospital.

For this translational study, 11 patients with AF scheduled for PVI were successfully
enrolled at the Waikato Hospital to undergo a LGE-MRI scan prior to the ablation procedure.
Three eligible patients amongst the 11 enrolled also underwent high-density electroanatom-
ical mapping in anticipation of Objective 4 for LVZs recording and fibrosis assessment. For
each LGE-MRI, manual segmentation was performed following the same protocol as for the
Utah dataset used previously. Each voltage map was reconstructed as a 3D model and the
voltage of each recorded point was projected onto this model to represent the distribution of
low voltages areas on the LA and likely to correspond to fibrosis. Such a clinical dataset is
necessary to understand the influence of intrinsic differences between Utah’s and Waikato’s
datasets such as scan manufacturer, patient population, or labelling expertise when using
deep learning for LA segmentation in a clinical context.

Through a series of investigations regarding data homogeneity, sampling and transfer
learning to optimise our approach, our deep learning approach yielded highly accurate
LA segmentations on the recruited clinical cases. Based on results from these experiments,
we showed the potential usage of data over-sampling to smooth the intrinsic variations
between the two different datasets and obtain, in fine, better accuracy. Conversely, transfer
learning showed a very limited impact on the performance of our model. In this first part
of Chapter 6, we also showed the varying influence of data homogeneity between small
and large structures, such as the wall and the cavity, respectively.

The results obtained for these investigations showed the successful translation of our
two-stage approach from development to clinical application. Although, the clinical dataset
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established for training was of modest size, the quality of the segmentation was comparable
to expert manual annotation, with reliable prediction consistent with our previous findings
for Objective 2 for LA segmentation.

OBJECTIVE 4 – Develop and validate an optimised approach for automated identification, quan-
tification and segmentation of LA scar tissue in patients with AF.

For the second part of Chapter 6, manual thresholding of the scar tissue located within
the LA wall was performed slice-by-slice for each patient of the Waikato dataset. Our
manual thresholding approach was visually validated by comparing the voltage maps
acquired from the same patient, and used as ground truth for the subsequent analysis. In the
second part of Chapter 6, we investigated the utilisation of four automated thresholding
methods (Utah’s, Otsu’s, FWHM, and IIR thresholding), as well as the assessment of our
two-stage CNN deep learning model performances for scarce segmentation; i.e., LA fibrosis
segmentation. The most accurate automatic thresholding method found was then applied
to the Utah dataset to generate the fibrosis labels for our deep learning approach and used
as ground truth for the training and testing process.

From the four thresholding techniques, Utah’s method was able to capture most of
the scar enhanced tissues, showing the most consistency with our manual thresholding
and with the highest overlapping accuracy. Utah’s thresholding method was then utilised
on the Utah dataset to create the fibrosis labels. Training for scarce segmentation such
as fibrosis turned out to be particularly difficult, with our deep learning approach only
able to obtain limited accuracy results through a five-fold training scheme for fibrosis
segmentation. Nevertheless, this work highlighted the potential of fibrosis segmentation
using our two-stage CNN, despite underlining the necessity for obtaining higher accuracy
for LA wall segmentation, as well as developing a tailored approach for the thin and sparse
fibrosis segmentation lodged within the LA wall.

7.2 Conclusions and future work

In each chapter of this study we discussed the specific shortcomings of the conditions and
techniques in use. Each of these limitations uncovered new leads for potential investigation,
improvement and future work. This section is dedicated to expanding these critical insights
to a broader scale.

AI, notably with machine learning and deep learning, is at the edge of innovation and
has started to revolutionise many fields of science. As one of the most important areas of
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development, medical sciences are not at rest and many are driven to further deepen our
understanding of the human body and improve clinical methods and technologies.

AF, the first cardiac arrhythmia ever diagnosed, is a growing epidemic and predicted to
double by 2050. From the atrial micro-scale alterations (genetic, ionic, proteomic), to the LA
macro-scale structural remodelling (LA shape, fibrosis) all scales of biology are implicated
in the initiation and sustenance of AF. Yet, AF’s origins and perpetuation are still to be fully
understood, and current treatments remain to be improved.

There are growing calls from international leading cardiologists for a better understand-
ing of the AF mechanisms in human hearts and individualised ablation strategy. Professor
Lluís Mont has noted that “Despite all the accumulated experience, we still lack enough in-
formation to personalise ablation in each individual, which could result in more efficacious
and less extensive ablations in some patients. In each specific patient, a deeper knowledge of
the extent of the atrial disease and the underlying pathophysiological mechanism is needed
in order to apply an individualised procedure, based on the extension and distribution
of fibrosis and the identification of triggers, or areas critical for re-entry"[365]. To improve
ablation outcomes, a refined method for patient selection could be employed to ensure that
patients at high risk for AF recurrence after ablation would not undergo the procedure due
to expected limited benefit, and thus be spared from the procedural risks. This selection
can notably emerge from LA structural analysis via a robust framework for accurate LA
segmentation.

FIGURE 7.1: 3D reconstructions of the LA with fibrosis segmentation of a patient with
AF from Waikato Hospital that can be used for patient selection. Abbreviation: AF,

atrial fibrillation; LA, left atrium.

Fundamentally this thesis was motivated by the need to understand better the atrial
structural remodelling implicated in AF and how to improve ablation outcomes through
LA structural analysis. This study was instigated to propose a robust solution to aid patient
selection through automatic LA segmentation and fibrosis assessment. Our deep learning
approach showed impressive speed, accuracy and consistent results, particularly for large
structure segmentation such as the LA cavity. However, fine and delicate anatomical struc-
tures, such as the LA wall or fibrotic patches, remained difficult to predict. To improve our
results, two main aspects of our framework can be addressed: (1) the architecture of the



148 Chapter 7. Conclusions and Future Work

network and pipeline of prediction; and (2) dataset and data preparation.

Despite imposing a trade-off between the training speed, the number of parameters and
spatial representation, an improvement of our approach could lie in the utilisation of 3D
representation. Through the combined predictions from a multi-view approach using 2D
slices and fused with the prediction of a 3D approach, each pixel would be associated with
a class probability resulting from four different predictions at once. This method could
potentially help to discard the wrongly annotated pixels (showing a lower probability),
while promoting the correctly annotated pixels (displaying higher probability). Moreover,
the multiplication of predictions for one patient, yielded from different trained models,
could potentially enhance this effect resulting, in more robust and reliable predictions.

Nevertheless, dataset preparation and management arguably represent the most crucial
element for a deep learning approach, as despite the precision of the CNN to perform
segmentation, its predictions remain a reflection of the training dataset. Hence, one of the
major intrinsic limitations remains the size of the dataset employed. The larger the dataset
to train on, the more the network is fed with examples carrying population anatomical
variabilities, intrinsic scanner defects, operator adjustments, minute protocol variations,
and many image artefacts from various origins.

Moreover, an increase in the dataset size would also improve the accuracy of anatomical
regions with high variabilities, such as the mitral valve, the PVs and the LA roof, which
yielded the lowest scores. Another solution could be the utilisation of over-sampling for
these specific regions associated with appropriate data augmentation, to allow a better
representation of these points of weakness and thus yielding, in fine, better segmentation.
Therefore, a dramatic increase of the dataset size would represent the main improvement
that our deep learning approach could benefit.

At the current stage, patient selection for AF ablation can rely on LA and fibrosis seg-
mentation with accurate volume and diameter assessment. However, to build an adequate
prediction model, more parameters ought to be considered. PV variants, LA sphericity and
wall thickness, RA fibrosis, and fibrosis patterns, can all arguably have an influence on AF
recurrence and maintenance and, thus on AF ablation outcome. If integrated adequately
together with standard clinical diagnoses, these parameters extracted from LGE-MRIs could
help to provide tailored treatment for each patient suffering from AF.

Finally, with the creation of an interfaced programme for LA segmentation using deep
learning, the findings from this study can reach beyond patient selection for the cardiologist
by providing a powerful tool for visualisation and patient education. This study represents
the beginning of the development of clinical tools to help the cardiologist to provide an
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’enlightened’ diagnosis and prognosis, benefiting from the most exhaustive patient data
analysis using deep learning while alleviated from the burden of manual labour. With the
explosion of machine learning, AI guiding solutions for medical application will soon be
part of general practice: "Machines will not replace physicians, but physicians using AI will
soon replace those not using it."[366].

FIGURE 7.2: High-fidelity 3D anatomical reconstruction of LA from AF patients’ from
Waikato Hospital including fibrosis segmentation coloured in grey. Abbreviation: LA,

left atrium.





151

Appendix A

Machine learning

FIGURE A.1: Illustration of the V-Net architecture.
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TABLE A.1: Machine learning: Confusion matrix
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TABLE A.2: Machine learning: Metrics used for segmentation evaluation

Metrics Formula Aspect evaluated

Dice score DSC(X, Y) = 2TP
2TP+FP+FN Overlapping metric; provides an

average of the model
performance.

Jacquard index Jacquard(X, Y) = TP
TP+FP+FN Overlapping metric;

evaluate the worst of the
network.

Sensitivity Sens = TP
TP+FP Overlapping metric; gauge the

proportion of positive pixels on
the ground truth and correctly

identified as such by the model.

Specificity Spe = TN
TN+FN Overlapping metric; gauge the

ability of model to identify the
negative pixel in a binary

segmentation.

Mean surface distance

MSD =
1

|Bpred|+ |BGT |
×

 ∑
x∈Bpred

d(x, BGT) + ∑
y∈BGT

d(y, Bpred)

 Distance metric; Evaluates the
mean surface distance between

the ground truth and the
prediction.

Hausdorff distance HD = max{dH(Bpred, BGT), dH(BGR, Bpred)} Distance metric; Evaluate the
maximum distance between two

surfaces.
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Appendix B

Atrial segmentation

TABLE B.1: Comparison between the Dice score obtained for each patch size using
either center cropping or dynamic cropping from the centroid of the LA. The p-value
has been determined using a two-tailed paired T-test and considered significant below

a 0.05 threshold.

Patch size Center cropping Centroid cropping p-value

240×240 0.9178 ±0.57 0.9292 ±0.38 0.0005
288×288 0.9169 ±0.89 0.9262 ±0.71 0.0089
320×320 0.9175 ±0.48 0.9234 ±0.67 0.0089
400×400 0.9161 ±0.73 0.9225 ±0.71 0.0007
464×464 0.9168 ±0.67 0.9212 ±0.74 0.0016
512×512 0.9175 ±0.49 0.9209 ±0.74 0.0868

B.1 Data augmentation

TABLE B.2: Details of the different scores obtained with the various data augmen-
tation parameters. The best scores are emphased in bold for each different metrics.
Abbreviations: aug, augmentation; Jacquard, jacquard index; MSD, mean surface
distance; HD, Hausdorff distance; perspective, perspective deformation; elastic, elastic

transformation; CLAHE, contrast limited adaptative histogram equalization.

Data Aug
Metrics

Dice score Jacquard MSD HD Diameter error Volume error
(%) (%) (mm) (mm) (%) (%)

No Aug 92.93 ±0.38 86.86 ±0.95 0.767 ±0.082 14.89 ±2.57 3.47 ±0.6 5.4 ±1.3
Rotation 93.23 ±0.52 87.39 ±0.9 0.707 ±0.078 13.08 ±1.17 2.86 ±0.5 4.6 ±1.0
Scalling 93.17 ±0.54 87.30 ±0.9 0.758 ±0.119 15.44 ±1.17 3.06 ±0.3 5.1 ±1.4
Flip L/R 92.86 ±0.59 86.75 ±0.9 0.771 ±0.070 14.73 ±0.56 3.51 ±0.4 5.1 ±1.2
Shear 93.11 ±0.47 87.18 ±0.8 0.748 ±0.090 13.92 ±1.56 3.18 ±0.6 4.9 ±1.2
Perspective 92.61 ±0.45 86.32 ±0.7 0.813 ±0.071 15.70 ±2.73 3.21 ±0.9 5.1 ±1.4
Elastic 92.90 ±0.48 86.81 ±0.8 0.785 ±0.088 15.20 ±2.23 3.20 ±0.6 5.2 ±1.3

Add 92.66 ±0.35 86.41 ±0.6 0.799 ±0.064 15.61 ±3.46 3.39 ±1.2 5.3 ±0.6
Gamma 93.06 ±0.51 87.09 ±0.9 0.830 ±0.097 15.34 ±1.41 3.13 ±0.7 5.1 ±1.0
CLAHE 92.96 ±0.38 86.90 ±0.7 0.758 ±0.061 14.06 ±0.72 3.27 ±0.9 4.8 ±0.8

All Aug 93.18 ±0.1 87.30 ±0.2 0.726 ±0.028 14.30 ±1.66 3.5 ±1.03 4.8 ±0.9
Selected Aug 93.67 ±0.29 88.32 ±0.3 0.613 ±0.019 11.45 ±0.51 3.3 ±1.10 4.3 ±0.6

To understand better which data augmentation contributes to this accuracy improve-
ments (Dice score and MSD) we investigated separately image augmentations and histogram
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augmentations (Figure B.1). We observed that affine transformations such as rotation, scaling,
left/right image flipping and shearing (green bars Figure B.1 A and B) contribute heavily on
the improvement of the Dice score and MSD yielding significantly better predictions (Dice
score 93.67±0.2% vs 92.91±0.38%, MSD 0.689±0.107mm vs 0.791±0.047mm, p-value < 0.01).
On the other hand, the application of solely histogram augmentations (gamma, CLAHE
and add) (purple bars in Figure B.1 A and B) significantly decrease the accuracy scores (Dice
score 92.23±0.6% vs 92.91±0.38%, MSD 0.917±0.129mm vs 0.791±0.047mm,p-value < 0.01).
Even if removing the add data augmentation improves the results, this worsening effect of
the histogram augmentations remain significant (Dice score 92.68±0.9% vs 92.91±0.38%, MSD
0.823±0.109mm vs 0.791±0.047mm,p-value < 0.01). Moreover, the application of either
gamma either, with or without CLAHE, associated with affine transformations improves
the Dice score and MSD (p-value < 0.01). These results underline the major importance
of affine transformations using data augmentation. However, histogram augmentation
associated with affine transfomation should be considered with care when used for data
augmentation.
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FIGURE B.1: Graphs showing the influence of affine transformations (green bars) and
histogram augmentations (purple bars) on the Dice score and MSD. A) Dice score com-
parison between different data augmentation approach, show the beneficial influence
of affine transformations compared to histogram augmentation which generate lower
Dice score. B) As in A), affine transformations reduce the MSD showing accuracy
improvements, while histogram augmentation tend to increase the MSD, showing
lesser precision. Abbreviations: No aug, no data augmentation; All, all data augmen-
tation; Γ, gamma; C, contrast limited histogram equalization; histogram, histogram

augmentation; MSD, mean surface distance.
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B.2 Segmentation analysis
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SEGMENTATION ANALYSIS
CAVITY-ENDOCARDIUM

FIGURE B.2: LA cavity segmentation analysis showing the distribution of the different
metrics along the normalized LA height on the cavity-endocardium predictions. A),
B), C), D), E), F) Average distribution along the normalized LA caudocranial size of
the Dice score, the Jacquard index, the sensibility, the MSD, the diameter error and the
volume error, respectively. The raw scores calculated are represented in black dashed
line, the smoothed approximation of these calculations are represented with the blue
line and the standard deviation of the raw score is represented by the red area. The
different sections of the LA are separated by the vertical dashed lines: the mitral valve
region (0-20%), the LA central region (20-65%), the PVs region (65-85%) and the LA
roof region (85-100%). Abbreviations: LA, left atrium; MSD, mean surface distance;

stds, standard deviations.
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FIGURE B.3: LA cavity segmentation analysis showing the distribution of the different
metrics along the normalized LA height on the cavity-epicardium predictions. A), B),
C), D), E), F) Average distribution along the normalized LA caudocranial size of the
Dice score, the Jacquard index, the sensibility, the MSD, the diameter error and the
volume error, respectively. The raw scores calculated are represented in black dashed
line, the smoothed approximation of these calculations are represented with the blue
line and the standard deviation of the raw score is represented by the red area. Four
distinct region can be observed (black vertical dashed lines), the mitral valve region
(0-20%), the LA central region (20-67%), the PVs region (67-82%) and the LA roof region
(82-100%). Abbreviations: LA, left atrium; MSD, mean surface distance; stds, standard

deviations.
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FIGURE B.4: LA wall segmentation analysis showing the distribution of the different
metrics along the normalized LA height on wall predictions. A), B), C), D) Average
distribution along the normalized LA caudocranial size of the Dice score, the Jacquard
index, the sensibility, the MSD, respectively. The raw scores calculated are represented
in black dashed line, the smoothed approximation of these calculations are represented
with the blue line and the standard deviation of the raw score is represented by the
red area. Four distinct region can be observed (black vertical dashed lines), the mitral
valve region (0-27%), the LA central region (27-60%), the PVs region (60-83%) and the
LA roof region (83-100%). Abbreviations: LA, left atrium; MSD, mean surface distance;

stds, standard deviations.
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TABLE B.3: Metrics score table for the different regions of the LA using the three differ-
ent labels (LA cavity-endocardium, LA cavity-epicadrium and LA wall). Abbreviations:

LA, left atrium; MSD, mean surface distance; PV, pulmonary veins.

Metrics Overall Mitral valve region LA central region PVs region LA roof
(0-20%) (20-65%) (65-85%) (85-100%)

Dice score 93.77 ±0.17 88.38 ±7.3 96.01 ±1.43 89.60 ±5.15 78.75 ±12.13
Jacquard Index 88.32 ±0.3 80.41 ±10.02 92.37 ±2.59 81.77 ±7.74 66.93 ±14.82
MSD 0.613 ±0.02 1.534 ±1.01 0.875 ±0.37 1.571 ±1.17 1.841 ±1.44
Sensitivity 93.87 ±0.03 89 ±11.74 95.78 ±2.68 90.78 ±7.52 83.85 ±15.63
Specificity 99.70 ±0.002 99.61 ±0.44 99.59 ±0.27 99.36 ±0.49 99.65 ±0.41
Diameter error 3.277 ±1.1 11.31 ±9.42 2.81 ±2.76 9.37 ±9.79 22.15 ±24.88
Volume error 4.285 ±0.6 15.75 ±13.67 3.51 ±2.74 11.96 ±11.03 35.65 ±40.28

LA cavity-epicardium
Metrics Overall Mitral valve region LA central region PVs region LA roof

(0-20%) (20-67%) (67-82%) (82-100%)

Dice score 94.04 ±0.17 89.2 ±5.7 95.92 ±1.6 90.61 ±4.58 82.66 ±7.24
Jacquard Index 88.79 ±0.3 81.89 ±8.18 92.22 ±2.91 83.31 ±7.25 71.43 ±9.82
MSD 0.656 ±0.03 1.604 ±0.911 0.957 ±0.42 1.645 ±1.12 1.69 ±1.43
Sensibility 94.34 ±0.02 88.75 ±9.51 96.03 ±2.8 91.32 ±6.8 84.02 ±10.5
Specificity 99.68 ±0.002 99.67 ±0.37 99.5 ±0.37 99.28 ±0.5 99.69 ±0.3
Diameter error 3.152 ±0.47 10.2 ±8.03 2.81 ±2.83 8.46 ±8.03 16.29 ±13.24
Volume error 4.270 ±0.61 15.37 ±11.74 4.05 ±3.24 9.62 ±8.01 24.86 ±25.63

LA wall
Metrics Overall Mitral valve region LA central region PVs region LA roof

(0-27%) (27-60%) (60-83%) (83-100%)

Dice score 65.37 ±0.42 58.10 ±14.9 73.06 ±7.34 67.06 ±10.66 47.82 ±15.5
Jacquard Index 48.93 ±0.43 43.01 ±13.5 58.15 ±8.89 51.55 ±11.6 33.20 ±13.1
MSD 0.643 ±0.02 1.129 ±0.86 0.653 ±0.24 0.815 ±0.35 1.47 ±1.04
Sensibility 55.14 ±13.6 61.08 ±16.5 77.83 ±8.63 70.72 ±12.5 48.47 ±18.2
Specificity 99.65 ±0.14 99.47 ±0.23 99.36 ±0.19 99.20 ±0.29 99.42 ±0.26
Diameter error - - - - -
Volume error - - - - -
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TABLE B.4: Metrics score table showing the variation of the model performance along
the LA anatomy using the three different labels (LA cavity-endocardium, LA cavity-
epicardium and LA wall). Abbreviations: LA, left atrium; MSD, mean surface distance;

PV, pulmonary veins.

LA cavity-endocardium
Metrics 0% 20% 65% 85% 100%

Dice score 73.93 ±15.8 93.36 ±2.92 94.72 ±2.99 84.64 ±5.68 72.84 ±10.46
Jacquard Index 60.78 ±17.3 87.69 ±4.92 90.12 ±5.09 73.78 ±8.34 58.33 ±12.7
MSD 1.98 ±1.20 1.580 ±0.99 1.201 ±1.84 1.894 ±1.79 1.41 ±0.5
Sensitivity 79.90 ±22.09 95.06 ±4.30 94.86 ±4.21 82.34 ±12.6 93.49 ±9.08
Specificity 99.70 ±0.37 99.26 ±0.66 99.56 ±0.30 99.58 ±0.66 99.77 ±0.08
Diameter error 26.39 ±20.73 5.82 ±4.9 5.93 ±7.6 13.9 ±11.1 28.9 ±23.7
Volume error 45.3 ±4.1 6.56 ±4.94 5.90 ±6.04 18.5 ±11.45 64.73 ±53.3

LA cavity-epicardium
Metrics 0% 20% 67% 82% 100%

Dice score 76.91 ±13.0 95.08 ±2.37 95.21 ±2.11 86.12 ±6.04 74.87 ±0.02
Jacquard Index 64.21 ±16.4 90.72 ±4.17 90.93 ±3.76 76.09 ±8.83 59.83 ±0.03
MSD 2.43 ±1.60 0.98 ±0.47 0.96 ±0.38 1.40 ±0.51 1.02 ±0.15
Sensitivity 83.81 ±20.06 95.61 ±3.13 96.13 ±2.55 87.63 ±9.46 59.97 ±0.17
Specificity 99.57 ±0.50 99.61 ±0.39 99.28 ±0.43 99.52 ±0.28 99.99 ±0.002
Diameter error 23.87 ±20.15 4.13 ±4.33 3.43 ±4.48 9.01 ±8.83 27.02 ±2.02
Volume error 41.78 ±4.04 6.442 ±6.120 3.735 ±1.36 14.45 ±19.11 39.81 ±0.39

LA wall
Metrics 0% 20% 65% 85% 100%

Dice score 31.20 ±21.4 62.40 ±14.8 68.47 ±10.1 50.19 ±16.9 62.34 ±9.38
Jacquard Index 20.44 ±15.5 46.85 ±14.1 52.92 ±11.3 35.19 ±15.0 45.29 ±17.9
MSD 1.54 ±0.99 1.10 ±1.0 0.74 ±0.26 1.28 ±0.46 1.09 ±0.62
Sensitivity 30.82 ±22.4 68.07 ±16.3 72.60 ±11.24 51.26 ±19.8 61.59 ±12.3
Specificity 99.67 ±0.21 99.34 ±0.29 99.19 ±0.3 99.19 ±0.33 99.82 ±0.42
Diameter error - - - - -
Volume error - - - - -

B.3 Ground truth analysis

Manual segmentation is an well known error prone process as the inter/intra-operator
studies show, therefore it is important to evaluate the ground truth in order to assess
the reliability of the material our model was trained on. For this sensitivity analysis we
employed a human like modifications using piecewise affine distortion to create local
distortions by placing a regular grid of points on an image and randomly moves the
neighbouring points via affine transformations. Using 0.001 as scale deformation coefficient
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yielded arguably indistinguishable labels from the expert manual segmentation. The
comparison between modified labels and expert ground truth yielded interesting results as
the dice score dropped to 95.94%. We also investigate the impact of the modified labels on
the training to verify the relevance of the modification of the labels. Training on modified
labels didn’t impact the training and we obtained the comparable results (p-values<0.05)
as training on experts labels.

From this analysis we noted how important is assess the relevance of the ground truth
employed and the various scores obtained. In this era of blooming of machine learning,
each problem find an AI-related solution based on human assertions, and, in fine, carry its
load of human flows. For our problem it seems reasonable to draw a line around 95% dice
score threshold above which the accuracy improvements become irrelevant.
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coef:0.001 coef = 0.002 coef = 0.003 coef = 0.004 coef = 0.005

FIGURE B.5: Comparison between originals and modified labels mimicking human
manual segmentation. Top panel: examples of the original label of the dataset. Bot-
tom panel: original labels modified using piecewise affine distortion using scaling
coefficient from 0.001 to 0.005 (the bigger, the more important are the modification).
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Appendix C

Waikato ablation protocols

C.1 AF ablation procedures and voltage mapping

Ablation procedures and voltage mapping were performed in post-absorptive state under
general anaesthesia. Using the femoral vein as primary access, a duo-decapolar circular
mapping catheter (Lasso; Biosense Webster Inc.) and a 3.5mm tip ablation catheter (Biosense
Webster Inc.) were positioned in the RA before transseptal puncture to enter the LA chamber.
During the procedures, patients received uninterrupted anticoagulation drugs (dabigatran,
rivaroxaban or warfarin at the physician’s discretion) and repeated bolus of unfractionated
heparin to maintain the activated clotting time between 300-350 seconds. After transseptal
puncture, mapping and ablation were performed under fluoroscopy and CARTO 3D electro-
anatomical mapping system guidance (Biosense Webster, Inc.). A decapolar catheter (2-5-
2mm inter-electrode spacing; Daig Electrophysiology) was also placed within the coronary
sinus with the proximal bipole at the coronary sinus ostium. This catheter was used for
monitoring sinus rhythm and as a reference catheter for the timing of the atrial signals on
the CARTO mapping system.

Each patient underwent AF ablation with endpoint at complete electrical isolation of
the four PVs. Ablation of the pulmonary veins was performed with a 3.5mm irrigated-tip
ablation catheter (Thermocool SF Smart Touch; Biosense Webster Inc.) for RF ablation
or a 28mm cryo-balloon (Arctic Front Advance; Medtronic, Inc.) in case of cryo-ablation.
Ablation success was confirmed by circumferential mapping of the PVs antrum (Lasso;
Biosense Webster Inc.) showing either elimination or dissociation of pulmonary venous
potentials.

C.1.1 Ablation procedures

Each patient underwent AF ablation aiming for ostial circumferential ablation of the PVs
with endpoint at complete electrical isolation of the four PVs (LSPV, LIPV, RSPV and RIPV),
including branching variants[367] if encountered during the procedure. Ablations were
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performed using either RF- or cryo-ablation at the physician’s discretion. Anti-arrhythmic
drugs were stopped at least five half-lives before the ablation.

RADIO-FREQUENCY ABLATION

Following the study protocol, patients underwent circumferential PVI with an endpoint
of isolation confirmed by circumferential mapping (Lasso; Biosense Webster Inc.) with either
elimination or dissociation of pulmonary venous potentials. Ablation of the pulmonary
veins was performed with a 3.5mm irrigated-tip ablation catheter (Thermocool SF Smart
Touch; Biosense Webster Inc.) using a delivered power of 25 to 35W with a flow rate of 17
to 30 mL/min, and an upper-temperature limit set to 48◦C. Complete block was achieved
when all veins were checked isolated for latent conduction using adenosine.

CRYO-ABLATION

After transseptal puncture, a FlexCath sheath allowed to deploy a 28mm cryo-balloon
(Arctic Front Advance; Medtronic, Inc.) and a 20mm mapping catheter (Achieve; Medtronic,
Inc.). Ablation were conduct using -40 ◦C to -60◦C target temperatures. Caution was taken
to ensure that no damage was caused to the phrenic nerve by checking constant diaphragm
contractility1. Full PVI was achieved when no electrical activity exiting from the PVs could
be recorded by the mapping catheter.

C.1.2 Voltage mapping protocol

Prior to the ablation procedure, eligible patients underwent high density voltage mapping
of the LA. Mapping was systematically performed in sinus rhythm. The atrial bipolar
recordings were acquired using the 20-poles 15-25mm variable Lasso Nav magnetic catheter
(2-6-2mm spacing, Lasso; Biosense Webster Inc.) dragged along the entire endocardial
surface including the posterior wall, anterior wall, and roof, as well as a portion of PV antra.
Bipolar intracardiac electrograms were filtered using a bandpass to frequencies between
30 and 500 Hz. Contact between the endocardial LA surface and the mapping catheter
was visually controlled using fluoroscopy and the CARTO-3D navigation system. For each
patient, efforts were made to record consistently more than 1000 points distributed evenly
throughout the LA endocardium. Points were acquired in the auto-freeze mode if the
stability criteria in space (≤ 6mm) and local activation time (≤ 5ms) were met. Mapping
was achieved attempting to obtain equal distribution of points using a fill-threshold of
15mm from the CARTO system. Following the standard threshold provided by previous
studies[79][72][76], healthy tissue was defined as showing a bipolar voltage >0.5mV, and

1induced by phrenic pacing from the SVC



C.2. Waikato patients’ details 165

fibrotic tissues showing a bipolar voltage amplitude <0.5mV and distinguished from
background noise (>0.1mV).

C.2 Waikato patients’ details

The study population consisted of eleven patients with AF all referred for PVI whether
using RF- or cryo-ablation. No recurrence of AF was recorded for patients after ablation
(with five patient after 1-year follow-up). Out of the eleven patients, two underwent a
second LGE-MRI scan seven months after the ablation procedure. The MRI quality was
visually assessed and marked from 0 to 5 according to the contrast between the structures,
the number and intensity of artefacts, and the presence of background noise on the image.
Out of 13 scans, eight were considered good (score ≥3), three were considered decent (1 ≤
score ≤2) and two were excluded from the dataset due to poor image quality, numerous
artefacts and strong presence of noise (score = 0). From the patients undergoing RF-ablation,
three voltage maps were obtained for cross-validation for fibrosis assessment from the
LGE-MRIs.
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Appendix D

Waikato results

TABLE D.1: Details of the different scores obtained for the different experiments
according to the different label used: LA cavity, LA wall, LA epicardium, LA fibrosis.
The best scores are emphased in bold for each different metrics. Vanilla refers to the
direct application of a trained model with Utah data onto the 11 Waikato clinical cases,
5-fold refers to a 5-fold training scheme and Sampling ×5 designed our over-sampling
approach with or without transfer learning (T). Abbreviations: Jacquard, jacquard
index; MSD, mean surface distance; HD, Hausdorff distance; Sens, sensitivity; Spec,

specificity; T, transfer learning.

Experiements Metrics
Dice score Jacquard MSD HD Diam err Vol err Sens Spec

(%) (%) (mm) (mm) (%) (%) (%) (%)

LA CAVITY
Vanilla 88.18±1.3 79.29±2.1 1.37±0.05 19.22±0.644 5.32±0.31 9.75±1.04 90.49±1.04 99.58±0.05
5-Fold 89.25±4.39 80.86±6.80 1.331±0.418 19.47±12.4 4.79±3.71 9.09±7.8 90.44±7.2 99.61±0.11
5-Fold-T 89.34±2.96 80.86±4.65 1.688±0.61 26.31±13.32 5.09±3.60 14.46±7.13 95.70±0.82 99.49±0.11
Over-sampling(x5)* 91.16±1.65 83.80±2.75 0.522±0.225 36.83±15.33 6.7±3.88 8.44±5.46 89.54±5.36 99.73±0.11
Over-sampling(x5)*-T 91.28±1.46 83.99±2.46 0.54±0.18 42.19±19.65 7.45±6.25 7.44±5.8 91.63±4.75 99.65±0.11

LA EPICARDIUM
Vanilla 90.80±3 83.28±4.86 1.522±0.29 28.7±8.11 4.98±2.08 8±2.90 93.65±4.89 99.52±0.08
5-Fold 91.35±2.36 84.16±3.95 1.225±0.287 17.71±4.91 4.69±2.83 6.70±3.91 92.90±4.84 99.60±0.11
5-Fold-T 92.13±3.36 85.59±5.56 1.08±0.3 15.45±5.68 3.46±2.70 4.17±5.30 91.97±6.03 99.71±0.09
Over-sampling(x5)* 92.77±1.44 86.55±2.47 0.454±0.20 36.36±16.31 4.71±4.28 3.09±4.25 92.04±3.54 99.65±0.09
Over-sampling(x5)*-T 92.64±1.44 86.33±2.47 0.415±0.15 36.34±15.57 4.77±3.83 4.35±4.09 91.44±3.69 99.68±0.09

LA WALL
Vanilla 56.82±5.23 39.43±5 1.213±0.58 22.64±10.85 - - 48.98±5.48 99.72±0.05
5-Fold 67.57±7.9 51.54±8.78 0.86±0.314 16.24±6.26 - - 64.78±11.83 99.72±0.08
5-Fold-T 63.88±7.65 47.39±8.23 0.821±0.424 35.96±22.83 - - 61.74±9.47 99.66±0.12
Over-sampling(x5)* 61.36±8 44.74±8.23 0.762±0.38 35±23.25 - - 60.11±7.16 99.59±0.13
Over-sampling(x5)*-T 58.61±9.19 42.04±9.08 0.975±0.57 40.39±26.11 - - 55.35±8.69 99.63±0.13

FIBROSIS
5-Fold 43.09±8.13 27.80±6.48 - - - - 46.80±16.81 99.61±0.1
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TABLE D.2: Results of the fibrosis assessment using the different methods on the
Waikato dataset. Abbreviations: FWHM, full width half mean; IIR, image intensity

ratio.

Patients Manual Utah’s Otsu’s FWHM IIR

8SBJU4GSTL 10.73 4.33 10.80 22.82 16.90
8L3L9DF8TP 13.81 13.35 67.02 16.09 10.46
Z9NTD512PL 9.93 6.30 37.75 14.58 12.62
FLERSO36TA 7.75 4.71 7.12 16.14 12.98
PZEJ4NZGE0 12.50 9.95 26.90 9.95 11.63
PZEJ4NZGE1 15.07 7.84 31.77 11.35 11.35
81BMJO1U52 12.16 18.29 72.12 10.80 6.57
VSBEF9GUED 8.83 8.09 7.38 12.60 24.17
XNLCQAWYK0 6.65 6.65 21.83 13.06 15.91
XNLCQAWYK1 9.75 6.90 24.30 22.63 22.63
ZJXP1BMY30 8.95 6.75 40.34 15.07 14.33
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FIGURE D.1: LA wall segmentation Dice scores and MSD obtained with the different
training configuration. Vanilla refers to the direct application of a trained model with
Utah data onto the 11 Waikato clinical cases, 5-fold refers to a 5-fold training scheme
and Sampling ×5 designed our over-sampling approach with or without transfer
learning (T). Abbreviations: LA, left atrium; MSD, mean surface distance; T, transfer

learning.
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