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Abstract

The electrical function of the atria is closely related to their structure, both in health

and disease. Atrial structural remodelling occurs progressively with ageing, obesity and

heart disease, and it is closely linked with rhythm disorders like atrial fibrillation (AF).

For example, structural changes including dilation of the atrial chambers, fibrosis, and

cellular necrosis contribute directly to increased risk of persistent AF. On the other hand,

repeated episodes of AF amplify this atrial structural remodelling due to inflammation

and oxidative stress, and magnify the probability that AF will become permanent.

Current strategies for treating longstanding AF have proved to be disappointing. To

address this, more detailed understanding of the mechanisms that link atrial struc-

tural remodelling with persistent AF is required. Much has been learned about the

role of structural remodelling in initiation and maintenance of AF by combining ex-

perimental atrial mapping studies with structure-based computer models of electrical

activation. However, these models must incorporate key features of atrial structure if

they are to provide a reliable framework for such studies. There is a need for more

quantitative information on the nature and extent of the atrial structural remodelling

that occurs with ageing and disease.

In this thesis, we describe a suite of novel imaging methods that have been developed

for this purpose. Our objective was to set up a pipeline for extracting i) 3D geometry

ii) fat and extracellular matrix organisation, and iii) myocyte architecture for complete

atria in large animal heart disease model. These methods were validated in a sheep with

LA dilatation as a result of pacing-induced heart failure.

The atria were perfusion fixed in physiologically realistic filling conditions following ar-

rest of the heart in a passive state. The complete atria were embedded in paraffin wax

and imaged using serial blockface photo-macroscopy after briefly exposing the upper sur-

face of the embedded atria to May-Grünwald dye, which stains myocytes green, collagen

purple and fat yellow. The upper surface of the block was then planed using an ultra-

mill to obtain 6.25 µm x 6.25 µm colour images at 25 µm steps. Appropriate image

pre-processing procedures were developed to minimise acquisition-related artefacts to

provide a high contrast 3D structural dataset for the complete atria in which individual

atrial muscle cells could be identified throughout individual 2D image sections.

A robust multi-scale segmentation approach was developed for reconstructing 3D atrial

boundary geometry. Atrial surface topology was extracted first using level-set segmen-

tation at reduced scale (250 µm x 250 µm x 250 µm) and 3D boundary geometry was

then represented at full resolution using cubic interpolation. This could not resolve finer

scale surface features, but was sufficient for our requirements. Furthermore, this surface

topology also provided the surface contour estimates for more refined higher resolution

segmentations employing level-set methods and feature/edge detection approaches. We

demonstrated that level-set segmentation provides accurate unsupervised segmentation
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of complex atrial boundary geometry to scales of ∼ 75 µm x 75 µm x 75 µm. We showed

that it is possible to use feature/edge detection methods more effectively when they are

constrained by good initial surface contour estimates, but this approach remained prone

to propagated error and required operator supervision.

The distribution of various tissue types - myocytes, fibrosis and adipocytes - in this

dataset was characterised with a colour-based clustering technique. A fast and automatic

method was developed to optimise the widely used k-means clustering in CIELa*b*

colour space. The segmentation of each slice was provided with a robust initialisation

despite the presence of class imbalance problem.

Scale based structure tensor analysis was used to characterise the myofibre orientations

across the entire atria. The distribution of myofibre orientation was encoded and pre-

sented as an image volume with a resolution of 125 µm x 125 µm x 125 µm. At this scale

and extent, we provide a comprehensive description of atrial myofibre organisation in

3D, that can be easily evaluated. Intramural variation of myofibre orientation, presented

in test regions across the atria reveals the regional heterogeneity of atrial structure.

Furthermore, a novel image-based approach was developed to demonstrate how the re-

gional behaviour of electrical conduction is affected by the lateral coupling between bun-

dles of myocytes. The principal tracts of connected myocytes were identified using level-

set segmentation. Wavefront propagation, constrained by the extra cellular domain, was

simulated using an eikonal approach. Then the structural information captured from

eigen-analysis of these isochrones at regular intervals was used to quantify the local struc-

tural anisotropy. The idea behind this approach is particularly powerful because it de-

scribes a novel way to define regional electrical properties based on simple image analysis

techniques. This additional information, extracted from underlying structure, holds the

potential to update the current continuum representations of electrical properties.

We have demonstrated ways to extract realistic structural details for creating organ level

computer models of large animal atria. Imaging data across spatial scales ranging from

atrial myocytes to chambers have been successfully handled. The techniques developed

here are generalisable and can be easily transferred to human atria. We expect that

the data refined by these methods will improve the current atrial modelling pipelines

and will make them more consistent with the underlying structure. Incorporation of

these techniques into organ level models of atrial electrical activation could lead to a

better understanding of atrial arrhythmias.

. . .
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Chapter 1

Introduction

1.1 Motivation and objectives

Atrial fibrillation (AF) is the most common heart rhythm disturbance (Benjamin et

al., 2019; January et al., 2019). It is characterised by chaotic electrical activity in the

atria, the upper chambers of heart, which leads to a rapid and irregular heart beat.

Around 25% of middle-aged people will experience AF in their lifetime and AF risk

increases with age, obesity and heart disease (Santhanakrishnan et al., 2016; Anter et

al., 2009). According to recent reports (Benjamin et al., 2019; Calkins et al., 2017;

Kirchhof et al., 2016; January et al., 2019), AF affects about 2% of people in the

developed world and its prevalence is projected to grow 2.5 fold by 2050. This reflects

the expected rise in the proportion of older persons (Heeringa et al., 2006; Lloyd-Jones et

al., 2004; Chugh et al., 2014; Jalife, 2014) and increasing incidence of obesity worldwide

(Santhanakrishnan et al., 2016; Anter et al., 2009).

In AF, cardiac pump function is compromised by the rapid ventricular rate and loss

of coordination between atrial and ventricular contraction. Stagnant flow gives rise to

thrombus formation in the left atrial appendage in particular (Fountain et al., 2006) and

this leads to a five-fold increase in the risk of ischaemic stroke. AF is also associated

with an additional three-fold risk of ventricular fibrillation (VF) and sudden cardiac

death (SCD) (Bardai et al., 2014; L. Chen et al., 2014). It impacts on the quality of

life by causing physical distress and impaired exercise performance (Dorian et al., 2000).

AF has also been linked to the onset of dementia (Bunch et al., 2010; Ettorre et al.,
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2009; Jacobs et al., 2015). It follows that AF represents a significant healthcare burden

and one that seems certain to increase in the immediate future (Magnani et al., 2011;

Dulli et al., 2003; Stewart et al., 2002).

There is compelling evidence that structural remodelling of the atria contributes to

the risk of AF (Nattel and Harada, 2014; January et al., 2014; M. Kim et al., 2011).

Increased atrial chamber dimensions, fat deposition, and death of atrial muscle cells

followed by replacement with connective tissue (replacement fibrosis) are known to in-

crease the likelihood of AF. This is exacerbated by electrical remodelling; altered elec-

trical properties of cardiac muscle cells throughout the atria or in specific atrial regions.

However, episodes of AF also lead structural and electrical remodelling that increases

the risk that AF will be triggered and sustained in the future: That is, ‘AF begets AF’

(Wijffels et al., 1995; Luong et al., 2014).

AF is categorized based on duration of episodes and clinical history (Fuster et al., 2006).

Recurrent AF episodes (>2) which terminate spontaneously within 7 days are classified

as paroxysmal AF. Episodes that last for more than 7 days are unlikely to self-terminate

and are classified as persistent AF. In some cases, persistent AF can be terminated by the

application of a defibrillating shock (electrical cardioversion). Longstanding persistent

AF (>12 months duration) is defined as continuous AF. AF is classified as permanent

if it continues for a year or more and attempts to restore the normal rhythm by any

means are judged to be fruitless (Calkins et al., 2012).

Pharmacological therapy is the first stage in the management of AF. Administration of

anticoagulant drugs to prevent the formation of thrombus is a necessary first step. In

addition, various treatment strategies (Gillis et al., 2011) which seek to either restore

the normal rhythm of heart (rhythm control) or reduce the rate at which ventricles

beat (rate control) are employed. However, anti-arrhythmic drugs are accompanied by

unintended side-effects which can be potentially lethal and can themselves paradoxically

lead to life threatening cardiac disorders (Bajorek, 2011).

This has led to the development of interventional clinical approaches such as the ablation

of cardiac tissue responsible for initiating and/or sustaining AF. With percutaneous

ablation, catheters introduced into one or both atrial chambers via a systemic vein are

used to contact regions of the wall that drive AF and burn them by applying intense

local heating (radio frequency ablation) or cooling (cryo-ablation). The success rate of
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ablation varies with the type of AF, appropriate selection of cases and the experience

of the clinical team. However, most patients require more than one ablation procedure

for long term reversal of AF (Bajpai et al., 2008).

While pulmonary vein isolation (serial ablation round the junctions of pulmonary veins

and left atria) has proved effective in preventing paroxysmal AF, percutaneous ablation

has been much less successful in long-term reversal of persistent and permanent AF.

This reflects the fact that drivers of longstanding AF and the substrate which maintains

it are much more complex than is the case with paroxysmal AF.

In part, the difficulty of restoring normal atrial rhythm in persistent and permanent

AF is an inevitable result of underlying structural remodelling. Marrouche et al., 2018

have demonstrated that there is an inverse relationship between ablation success and

the extent of atrial replacement fibrosis. It is unsurprising perhaps that adding to the

burden of fibrosis through ablation will be unproductive at some point within this disease

progression. However, it also argued that treatment of longstanding AF can be improved

with optimal ablation strategies and better identification of ablation targets.

These imperatives are commonly linked with the need for improved understanding of

the mechanisms responsible for initiation and maintenance of AF. Computer modelling

(Vigmond et al., 2003; Dossel et al., 2012; Zhao et al., 2012; Zhao et al., 2017; Zhao

et al., 2016; Stephenson et al., 2017) of atrial electrical function has emerged as a

powerful platform for addressing these questions. Apart from supporting hypothesis-

driven research at various levels of integration, modelling has been provided a frame-

work for interpretation of experimental observations of atrial electrophysiology. Detailed

structure-based modelling has provided insights into the mechanisms responsible for dif-

ferent types of AF, while patient-specific models (Trayanova, 2014) have been used to

integrate information clinical imaging and electro-anatomic mapping data to identify

ablation targets. However, it is important that such models should incorporate ac-

curate representations of atrial structure as well as the structural changes associated

with AF (Schotten et al., 2011).

Image-based models are expected to provide this framework. While clinical imaging

provides patient-specific data on atrial chamber geometry and information about the

extent of fibrosis, the spatial resolution that can be achieved is not sufficient for the

detailed structure-based modelling necessary to probe the mechanisms of AF. Despite
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promising initial approaches (Zhao et al., 2017; Zhao et al., 2015), there remains a

dearth of information about the 3D architecture of atrial myocardium in the normal

heart and in heart disease (Smaill et al., 2013). For instance, our understanding of

the organisation of muscle fibre bundles in the atria and the extent of electrical cou-

pling between them remains limited. At present, atrial fibre orientations cannot be

quantified using clinical imaging modalities such as MRI. Moreover, it is generally as-

sumed that the electrical properties of atrial myocardium are continuous and uniformly

related to local myofibre orientation.

There is an urgent need to quantify these features more comprehensively. However, to

do so in the human heart or animal models of heart disease involves major problems,

not least in dealing with imaging data across spatial scales that range from the cell

to the atrial chambers.

The overriding objective of this thesis is to set up a coherent imaging framework that

will enable us to address these issues in both normal and diseased hearts. We seek to

develop an imaging pipeline that will enable us to:

1) Acquire three-dimensional images of human or large-animal atria at a resolution

sufficient to identify bundles of myocytes.

2) Reconstruct 3D atrial surface geometry.

3) Automatically segment atrial tissue types (muscle cells, fat and connective tissue)

contained within the segmented geometry in a fast and efficient way.

4) Construct a robust and complete description of atrial muscle fibre architecture and

quantify the extent of transverse coupling between adjacent muscle fibre bundles.

In this thesis, Chapter 2 presents a background study on atrial anatomy, electrical

activity in atria and atrial image analysis. Relevant structural features and fibre ar-

chitecture of both atrial chambers are discussed in detail. Characteristics of electrical

activity in atria and mechanisms leading to rhythm disorders are summarised. This is

followed by an overview of the major imaging modalities used in development of image

based computer models of atria. Finally, techniques prevalent in image enhancement

and geometry segmentation are discussed.
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Chapter 3 summarises the steps involved in procurement of sheep atria and acquisition

of serial block-face images. It also discusses the development of image pre-processing

techniques that are used throughout this thesis.

Chapter 4 describes the development of a multi-scale image segmentation pipeline used

for reconstructing the high resolution atrial surface geometry in 3D.

Chapter 5 presents the development of a fast and robust method to automatically

segment the atrial tissue types. The colour-based clustering technique is optimised to

overcome the problem of class imbalance.

Chapter 6 provides a comprehensive analysis of 3D structure in atria. Existing methods

are refined and more detailed myofibre orientation maps across the atrial geometry are

generated. The results are then presented in such a way that the local orientations

can be easily evaluated. Finally, a novel image-based method to quantify the structural

anisotropy in atria is devised. The effect of transverse structural coupling on conduction

anisotropy is measured and presented at various test regions across the atria.

Chapter 7 summarises the results from the preceding chapters and then discusses the

importance of these findings, their limitations and future work.





Chapter 2

Background

This chapter presents a background study on anatomy, electrical activity and image

analysis techniques relevant to development of image based computer models of atrial

electrical activation. Multi-scale structural features of atria are discussed at cell, tissue

and organ levels. This is followed by an overview of electrical activity in atria, both

in normal and abnormal conditions. The literature dealing with mechanisms leading

to atrial fibrillation and role of computer modelling are discussed in detail. The final

section summarises the major imaging modalities and image processing techniques rel-

evant in this particular context. General features of the techniques prevalent in image

enhancement and geometry segmentation are addressed.

2.1 The cardiac muscle cell

Cardiac muscle cells or myocytes are approximately cylindrical, with lengths of 100 -

150 µm and cross sectional dimensions around 20-35 µm. As is evident in Figure 2.1,

individual cardiac myocytes have an irregular shape, with a number of “steps ”around

the cell boundary that are oriented transverse to the cell axis. These are locations of

intercalated discs described in greater detail in the next section.

The myocyte is an assembly of rod-like myofibrils, which contain the contractile ap-

paratus (see Figure 2.2). As shown in Figure 2.2A, myofibrils are surrounded by two

membranous networks: A network of tubules that are continuous with the cell membrane

(t-network) and the sarcoplasmic reticulum (SR), which is not directly connected to the
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Figure 2.1: Electron micrograph of isolated cardiac myocyte (adapted from Severs,

2000).

cell membrane or t-network. In ventricular myocytes, transverse tubules that penetrate

the cell membrane radially are the most common t-network component (Ayettey et al.,

1978), but tubules aligned with the cell axis have also been reported (Sacconi et al.,

2012). In atrial muscle cells, axial components of the t-network are more commonly

observed than transverse tubules (Kirk et al., 2003).

Figure 2.2: Structure of the cardiac myocyte. A) 3D representation of cell ultra-

structure. A myofibrils, B mitochondria, C Transverse tubules, D Sarcolemma, E Sar-

coplasmic reticulum. B) Schematic showing components of the sarcomere (redrawn

from Katz, 2010).

The sarcomere (Figure 2.2B) is the fundamental unit of contraction and it consists of an

interdigitating array of thick and thin filaments. Thin filaments are helically arranged

chains of actin molecules attached to Z discs. Thick filaments are an ordered assembly

of myosin molecules. The myosin molecule consists of two large globular heads which

articulate on a coiled chain backbone. The molecules are arranged back-to-back in a

staggered array with myosin heads projecting approximately transverse to the sarcomere

axis toward the end of the thick filament.

The head of the myosin molecule inherently forms strong bonds with actin molecules,

but this is prevented at rest by the steric interference exerted by the regulatory protein
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tropomyosin which lies along the groove of the thin filament chain. Under these cir-

cumstances, the thin filaments slide relatively easily with respect to the thick filaments,

increasing sarcomere length. Depolarisation of the cell membrane and the intracellular

t-network leads to rapid release of Ca2+ from the SR, where it is stored and this trig-

gers contraction. Ca2+ binds to Troponin C, part of regulatory troponin complex and

this displaces the tropomyosin chain allowing cross bridge interaction to occur between

thick and thin filaments (Katz, 2010).

2.2 Cardiac tissue architecture

2.2.1 Cellular organisation

In cardiac tissue, myocytes are arranged in groups that are characterised by relatively

uniform local alignment of muscle cell axes (see Figure 2.3A). Adjacent myocytes are

connected to each other via the step-like intercalated discs (ICDs) at the ends of cells

and along the lateral cell membranes (Severs, 2000).

Classically, the three ICD regions shown in Figure 2.3B perform separate functions: Gap

junctions connect the cytoplasms of adjacent myocytes, desmosomes anchor adjacent my-

ocytes and adherens junctions provide mechanical coupling between their cytoskeletons

(Vermij et al., 2017). In the gap junction region, membrane spanning proteins (connex-

ins) assemble to form hexameric hemi-channels (connexons). Colocation of connexons in

adjacent cell membranes forms a channel between cells (see Figure 2.3C) that allows ions

and small molecules to pass between them. These gap junctions are located in plaques

(See Fig. 2.3D). In working ventricular myocytes, connexin43 (Cx43) is most common,

whereas in the atria, Cx40 and Cx43 are the most common gap junctions. Recently,

it has been recognised that the perinexus region surrounding gap junction plaques is a

further important component of this region (Vermij et al., 2017; Veeraraghavan et al.,

2015). These contain a number of transmembrane ion channels, and Nav1.5 and Nav

1.3 (voltage-gated ion channels that carry the inward sodium current INa ) are heavily

expressed in this region. It is argued that since Nav1.5 channels are co-located with gap

junctions in the ICD, they play a role in the safe spread of electrical activation between

cells in the heart (Veeraraghavan et al., 2015).
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Figure 2.3: Structure of the intercalated disc (ICD). A) Immunofluorescence labelled

myocytes showing distribution of ICDs B) Ultrastructure of the ICD C) Region con-

taining grouped gap junction channels D) Schematic of gap junctions in C) showing

a connexon hemi-channels and the conjunction of connexon in apposed membranes to

form gap junctions (redrawn from Severs, 2000).

Because electrical activity spreads principally via ICDs their numbers and distribution

will influence the 3D electrical properties of cardiac tissue. From Figure 2.3A, it is

evident that each myocyte makes end-to-end connections with two or more myocytes

and that the balance of axial to transverse coupling depends on the number of side-

to-side junctions between adjacent cells. Saffitz and co-workers (Saffitz et al., 1994)

estimated that myocytes in the crista terminalis, a specialised atrial bundle with axially

anisotropic electrical properties, are connected to only 6.4±1.7 other cells, most oriented

in end-to-end configuration. In contrast, left venticular myocytes were connected to

11.3 ± 2.2 other cells with more uniform coupling transverse to the cell axis. It should
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be noted that coupling between myocytes can be discontinuous with limited coupling

between adjacent groups of myocytes that are separated by cleavage planes. This is

considered in greater detail in the next section.

2.2.2 The cardiac extracellular matrix

The cardiac extracellular matrix (ECM) consists of glycoproteins, proteoglycans, ad-

hesion proteins and collagen (Baudino et al., 2006) and it provides the scaffolding for

organisation of myocytes and blood vessels in cardiac tissue. Types I and III collagen

are the principal load bearing components within the cardiac ECM and changes in the

collagen network can have marked effects on the passive and active mechanical proper-

ties of the heart (Leonard et al., 2012; LeGrice et al., 2012). The classification of cardiac

collagen networks reflects their spatial scale (Caulfield et al., 1979). The endomysium is

a fine reticular network that encompasses individual cardiac cells and capillaries, while

the perimysium organises bundles of myofibres. The perimysium consists of a meshwork

that surrounds connected groups of cells, but also wavy cross-linked collagen cords that

limit deformation and distribute forces within it (Robinson et al., 1983; Pope et al.,

2008). There is no direct coupling between cells across the clefts that separate bundles

of cells, but groups of cells from one bundle or layer can branch and join an adjacent

bundle or layer (LeGrice et al., 1995; Pope et al., 2008).

The properties and extent of the cardiac ECM depend on the balance between synthe-

sis and degradation of its components. Cardiac fibroblasts (CFs) play a central role

in the regulation and synthesis of the cardiac ECM, while matrix metalloproteinases

(MMPs) modulated by tissue inhibitors of MMPs control the turnover of different ECM

components (Leonard et al., 2012). CFs are located within the cardiac ECM in close

proximity to cardiomytes and represent a large proportion of the total number of cells in

the heart (Travers et al., 2016). They synthesise and secrete ECM components including

collagen, as well as MMPs, cytokines and growth factors, and this function is regulated

by mechanical and biochemical factors. Angiotensin II, transforming growth factor β,

insulin-like growth factor, as well as sympathetic adrenergic activation increase CF ac-

tivity. Sustained activation and the presence of pro-inflammatory cytokines upregulates

CFs and cause them to proliferate.
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With myocardial injury, reactive oxygen species among other factors (Travers et al.,

2016) stimulate CFs and eventually lead to their transformation into myofibroblasts,

an activated CF phenotype which amplifies fibroblast function and enables the rapid

deposition of the cross-linked collagen necessary for scar formation and stabilization

of myocardial damage. Myofibroblasts also express the contractile protein α-smooth

muscle actin, which contributes to wound retraction and structural remodelling (Leonard

et al., 2012; Travers et al., 2016).

Cardiac fibrosis is defined as excessive deposition of ECM proteins by CFs. Myocar-

dial fibrosis has been classified as diffuse, interstitial, patchy and compact, based in

part on apparent differences in components in the connective tissue hierarchy (DeJong

et al., 2011) (see Figure 2.4). Diffuse fibrosis corresponds to distributed remodelling of

the endomysial collagen network, while interstitial fibrosis represents proliferation and

thickening of the perimysial network. Both are reported with the development of hy-

pertensive heart disease (HHD) and its progression to heart failure (Iles et al., 2008;

LeGrice et al., 2012), but endomysial fibrosis occurs early and increases throughout dis-

ease progression in a rat model of HHD (LeGrice et al., 2012). Patchy fibrosis is widely

reported in end-stage heart failure (LeGrice et al., 2012) and it is the result of myocyte

necrosis in regions of the heart and their replacement with dense collagen (DeJong et al.,

2011). Finally, compact fibrosis is the result of myocardial infarction where sustained

occlusion of a major coronary artery leads to irreversible myocardial injury and scar

formation in a substantial region of the heart.

Figure 2.4: Different types of cardiac fibrosis. Collagen is stained with picrosirus red.

Scale bars are 1 mm. (Redrawn from DeJong et al., 2011).
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Diffuse, interstitial and patchy atrial fibrosis are associated with ageing, obesity and

heart disease and the development and proliferation of patchy fibrosis increases the

risk of atrial fibrillation (DeJong et al., 2011; Lubbers et al., 2018). Furthermore,

atrial fibrillation itself appears to increase the progression of fibrosis, likely the result

of elevated pro-inflammatory cytokine levels and oxidative stress. Atrial fibrillation is

considered in greater detail in Section 2.4

2.3 Atrial anatomy

Over the past twenty years, understanding of the gross anatomy of the atria and the

arrangement of myofibre bundles within the atrial walls (Ho and Sanchez-Quintana,

2009; Ho et al., 2012) has been based on a limited number of descriptive studies con-

ducted mainly in the normal human heart (K. Wang et al., 1995; Ho et al., 2002).

These studies combined systematic dissection and photo-macroscopy. More recently,

quantitative descriptions of atrial architecture have been derived using 3D imaging

modalities including serial block-face imaging (Zhao et al., 2012), high-resolution mag-

netic resonance imaging (MRI) (Zhao et al., 2017) and micro-computed tomographic

imaging (µCT) (Zhao et al., 2015). While there are differences in the detail of atrial

anatomy across mammalian species, key morphological features are preserved across

human and large animal atria.

2.3.1 The gross anatomy of the atria

The right and left atria (RA and LA, respectively) are separated by a muscular wall

(the inter-atrial septum) and have a number of common features. Both have a venous

portion, an appendage, and a vestibule that leads to atrio-ventricular (AV) valves (see

Figure 2.5). In the human heart, the right atrial appendage (RAA) is relatively large.

Other prominent structures evident in Figure 2.5-2.6 are the crista terminalis (CT);

a muscle bundle that delineates the border between the smooth wall of the venous

component and the rough wall of the appendage, and the pectinate muscles; a series

of muscle bundles that fan out between the CT and the vestibule. The sinus node,

which initiates the autonomous electrical activity of the heart, is adjacent to the CT

at junction of RA and the superior vena cava (SVC). The coronary sinus (CS) enters
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Figure 2.5: A, Dissection through the human atria with parts of the anterior walls

removed and viewed from a left anterior perspective to show the components of the

left atrium and its relatively smooth endocardial surface. B, This dissection of the

atria viewed from the back shows the close relationship of the aortic root to the atria,

including the atrial septum. C, This specimen viewed from the left shows the posterior

location of the left atrium and its relationship to cardiac and extracardiac structures.

Asterisk marks the location of the coronary sinus. Eso indicates esophagus; LAA, left

atrial appendage; LI, left inferior; LS, left superior; PV, pulmonary vein; RI, right

inferior; RS, right superior; RAA, right atrial appendage; and Tr, trachea. (Adapted

from Ho et al., 2012).



2.3. Atrial anatomy 15

the RA in the area just above the tricuspid valve orifice. Finally, the fossa ovalis is

an oval depression in the lower part of atrial septum at the site where the foramen

ovale opened between RA and LA in the foetus. The human LA has relatively smooth

Figure 2.6: (A) Inner surface of human right atrium (RA) with parietal wall of the

right atrial appendage (RAA) deflected behind. CS: coronary sinus; OF: fossa ovalis.

The crista terminalis (CT; broken line) passes in front of the mouth of the superior

vena cava (*) before descending laterally. The venous component (double headed arrow)

between the caval veins is smooth walled as is the vestibule. (B) shows the arrangement

of the pectinate muscles. (Adapted from Ho and Sanchez-Quintana, 2009).

walls and a small tubular-shaped appendage. A complicated network of fine muscular

ridges lines its inner (endocardial) surface. The pulmonary veins (PVs) enter the LA in

the posterior roof (see Figure 2.5A). The number and arrangement of PV orifices vary

considerably between individuals and species (Kato et al., 2003; Wazni et al., 2006; Ho

and Sanchez-Quintana, 2009). The coronary sinus runs along the outer surface of the

LA just above the AV valves and then enters the RA . The vestibule forms part of the

so-called mitral isthmus between the orifice of the left inferior pulmonary vein and the

annular attachment of the mitral valve (Wittkampf et al., 2005).

2.3.2 Atrial myofibre architecture

In general, atrial myocytes are arranged in bundles and their myoarchitecture conforms

to a pattern first reported in human hearts by Papez, 1920. The first systematic study

of atrial myoarchitecture was carried out in nine post-mortem hearts from human sub-

jects who had died from non-cardiac disease (K. Wang et al., 1995). Blunt dissection
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was used to reveal myofibre arrangement at different sites throughout the atrial wall

and these views were recorded photographically as shown in Figure 2.7. The results

were also summarised in schematic form as shown in Figure 2.8, which represents the

myofibre orientation in the LA, with specific emphasis on myofibre organisation in the

LA roof and the posterior LA. In Figure 2.7, the most prominent structure is Bach-

Figure 2.7: Atrial dissection viewed from A) anterior and B) superior aspect. The bro-

ken arrows indicate the location of Bachmann bundle (BB) and its bifurcating branches

in RA and LA. Inset is a histological section cut in a comparable orientation to that in

B. Adapted from Ho et al., 2012).

mann’s bundle (BB) which can be seen on the anterior aspect of the atria without

dissection. Figure 2.8 indicates that BB connects with RA myofibre bundles (includ-

ing the CT) and then passes from right to left in the subepicardium crossing in front

of the inter-atrial septum. BB travels around the margin between roof and anterior

free wall of the LA and then bifurcates near the origin of the LAA, with one branch

projecting downward and the other continuing around the wall toward the posterior

LA. Myofiber arrangement in the inter-atrial septum is complex with substantial my-

ocyte bundles oriented approximately normal to the AV valve plane and separated by

extensive layers of perimysial connective tissue.

Figure 2.8 also shows that there is a characteristic variation in myofibre orientation

through the LA wall, with the myocyte axis in muscle bundles closest to the epicar-

dial surface aligned with the AV valve plane, but shifting abruptly to a more oblique

orientation in the anterior LA wall with increasing wall depth. In the LA roof myofi-

bres wrap around the sleeves of the PVs and pass relatively uniformly from anterior to

posterior sides in the region between left and right PVs. Ho, Anderson and co-workers
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Figure 2.8: Schematic representation of myofibre architecture throughout the LA

wall. The upper and lower panels show anterior and posterior aspects, respectively,

while myofibre orientation in proposed fibre bundles are traced through the wall from

the subepicardium (lefthand side) to the subendocardium (righthand side). (Adapted

from Ho et al., 1999).

(Ho et al., 1999) identified discrete and extensive muscle fibre bundles or layers at dif-

ferent depths within the LA wall. These include the septopulmonary and the suben-

docardial septoatrial bundle represented in Figure 2.8, but the functional significance

of this classification remains unclear.

More recently, myofibre orientation has been quantified throughout the atria of sheep

(Zhao et al., 2012; Zhao et al., 2013; Butters et al., 2013), dog (Aslanidi et al., 2013)

and human hearts (Hansen et al., 2015; Pashakhanloo et al., 2016; Zhao et al., 2017).

Myofibre orientation was estimated using structure tensor analysis (Knutsson, 1989)

from volume images acquired with block-face imaging (Zhao et al., 2012; Zhao et al.,

2013; Butters et al., 2013), contrast-enhanced µCT (Aslanidi et al., 2012) and high-

resolution contrast-enhanced MRI (Hansen et al., 2015; Zhao et al., 2017). Alternately,

it was quantified using high-resolution diffusion-tensor MRI (Pashakhanloo et al., 2016).

These data are broadly consistent with each other and with the qualitative descriptions

of Ho, Anderson and co-workers (Ho et al., 1999).

Considerable emphasis has also been devoted to microscopic analysis of myofibre ar-

rangement in the PV sleeves (Hocini et al., 2002; Verheule et al., 2002). In the dog,
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myofibres within the PV sleeves are mostly circularly arranged, but these often in-

terdigitate with oblique and longitudinally arranged myofibres, potentially providing a

substrate for micro-reentry (Hocini et al., 2002). The ultrastructure of the veno-atrial

junction in PVs was also studied using electron microscopy (Verheule et al., 2002).

The morphology of PV sleeves in dogs was similar to humans, with cardiomyocytes

extending 4-20 mm into the veins.

2.4 Atrial electrical activity

Atrial and ventricular contraction are triggered by a wave of electrical activation

that normally spreads in a coordinated fashion throughout the heart. At the cel-

lular level, this is driven by the electrical properties of cardiac cells and by the

cardiac action potential (AP).

2.4.1 The cardiac action potential

Electrical stimulation of individual cardiac myocytes normally initiates a characteristic

sequence of changes in the potential difference across the cell membrane or membrane

potential. A typical cardiac AP has five different phases (Nattel and Carlsson, 2006) (see

Figure 2.9). The resting membrane potential (phase 4) is stable at approximately -90 mV

in normal working myocardial cells. External stimulation that increases the membrane

potential (depolarisation) above a threshold level triggers rapid depolarization (phase

0). This is followed by partial early repolarisation (phase 1) followed by the plateau

(phase 2) during which membrane potential remains at around 0 mV for a relatively long

period. Membrane potential returns to the resting state during repolarisation (phase 3).

It should be noted that once depolarised, cells remain refractory until the membrane

potential is around -50 mV in phase 3. Following this, another action potential can be

generated, but greater stimuli are required and the upstroke of rapid depolarisation is less

fast. Both progressively return toward normal as repolarisation progresses. The interval

between depolarisation in phase 0 and the earliest time in phase 3 at which at which

propagated activation can be stimulated is defined as the effective refractory period

(ERP). The cardiac membrane potential is determined primarily by the concentration

difference of the ions Na+, K+ and Ca2+ across the cell membrane, the permeability
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Figure 2.9: Phases of a normal action potential. (From Nattel and Carlsson, 2006).

of the cell membrane to those ions and finally by net charge transfer associated with

pumps and exchangers in the cell membrane (Nattel and Carlsson, 2006; Katz, 2010).

The intracellular concentration of K+ ions is two orders of magnitude greater than

the extracellular concentration, whereas the transmembrane concentration gradients for

Na+ and Ca2+ are in the opposite direction. At rest, K+ ions move through cardiac

cell membrane via the transmembrane ion channel that carries IK1, but the membrane

is impermeable to Na+ and Ca2+ ions. As a result, the membrane potential is very

close to the potassium equilibrium potential: the membrane potential at which K+ ions

driven into the cell by the potential difference across the cell membrane balance the net

outward flux due to the transmembrane K+ concentration gradient (Katz, 2010).

Passive depolarisation of the cardiac cell membrane leads to the opening of voltage-gated

ion channels that carry the fast sodium current INa. As a result, there is a rapid influx of

Na+ into the cell which causes depolarisation in phase 0 of the cardiac AP. These sodium
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ion channels close after a few milliseconds, but cannot be reactivated until the membrane

potential returns to around -50 mV in phase 3. As membrane potential approaches 0

mV, voltage-gated channels that carry the slower calcium current ICa,L open and net

balance between influx and efflux of positive ions sustains the cardiac AP during the

plateau. Final repolarisation is initiated by the delayed opening of voltage-gated ion

channels that carry a range of different K+ currents (IKr, IKs etc).

2.4.2 Electrical activation of the atria

The initiation and spread of electrical activation in the normal heart is represented in

Figure 2.10. Activation begins with spontaneous depolarisation of cells in the sino-atrial

(SA) node, spreads across the atrial chambers and enters the atrioventricular (AV) node,

where the progression of activation from atria to ventricles is slowed. Activation then

propagates rapidly through the interventricular septum and across the endocardial sur-

faces of both ventricles via the His-Purkinje system. As a result, a coordinated wavefront

of depolarisation spreads through the ventricular walls moving from endocardial to epi-

cardial surface and from apex to base. This sequence of cardiac activation facilitates

efficient contraction by the heart and is defined as sinus rhythm. The summation of

action potentials across the heart gives rise to the ECG measured on the body surface.

The P wave corresponds to atrial activation, the QRS complex reflects the spread of

electrical activation across the ventricles and the T wave is caused by spatio-temporal

variation in the process of ventricular repolarisation. Any effects of atrial repolarisation

on the ECG are obscured by ventricular activation.

The spread of electrical activation through the walls of the atria is heavily influenced

by their myofibre architecture. In normal rhythm, activation initiated in the sinus node

spreads to the adjacent CT, which distributes it rapidly to the smooth walled RA and

via the pectinate muscle network to the RAA. Because direct propagation across the

inter-atrial septum is inhibited by limited electrical coupling between the myocyte bun-

dles in this region, activation spreads from RA to LA through BB. Activation of the

LA roof and other regions of the LA clearly reflect the myofibre architecture described

in Section 2.3.2 and this is demonstrated in Figure 2.11. These activation time maps

are from a modelling study in which image-based estimates of 3D atrial myofibre ar-

rangement were incorporated (Zhao et al., 2012). The preferential spread of electrical
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Figure 2.10: Spread of electrical activation in Normal heart. (Reproduced from Noble,

1979).

activation along BB across the LA roof from anterior to posterior sides and down ante-

rior wall of the LA are consistent with myofibre orientations presented above in Figure

2.8. These models findings also replicate atrial activation maps reported for both ex-

perimental and clinical studies (Hayashi et al., 1982; DePonti et al., 2002; Sakamoto

et al., 2005; Ramlugun, 2019).

Atrial fibrillation (AF) is characterised by chaotic atrial activation with rapid, disorgan-

ised rhythm at cycle rates of 6-10 Hz. Not all impulses are conducted to the ventricles

via the AV node, which has a long ERP - around 250-500 msec in man (Linhart et al.,

1965). As a result, AF is associated with an uneven ventricular rate, typically 120-160

beats per minute, but sometimes higher (Brody, 1970). Paroxysmal AF is linked with

ectopic activity in the PVs, whereas longstanding AF is also associated with multiple

reentrant electrical circuits set up within the atria as a result of structural remodelling

(Nattel and Carlsson, 2006). Finally, atrial flutter is caused by a single atrial reentrant

circuit and is associated with a fast regular atrial rate (4-6 beats per min). At high

atrial rates, partial AV block is likely to occur.



22 Chapter 2. Background

Figure 2.11: Activation time maps showing spread of excitation across epicardial sur-

face of atria. A) Anterior view of atria showing activation spread from sinus node. B)

Posterior view of left atrial roof showing pulmonary veins. Arrow indicates direction of

preferential propagation. Right atrial appendage (RAA), left atrial appendage (LAA),

superior vena cava (SVC), right superior pulmonary vein (RSPV), right inferior pul-

monary vein (RIPV), left superior pulmonary vein (LSPV) and left inferior pulmonary

vein (LIPV). Adapted from Zhao et al., 2012).

2.4.3 Impulse propagation in the atria

The electric field E is the gradient of the scalar potential φ

E = −∇φ (2.1)

The current density J is directly related to E

J = σE (2.2)

where σ is the conductivity of the medium through which the current flows.

Combining (2.1) and (2.2), we get

J = −σ∇φ (2.3)

Where a source density Iv is present,

∇.J = Iv = ∇.(−σ ∗ ∇V ) (2.4)
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Myocardium consists of connected domains with very different electrical properties.

Electrical activation and repolarisation are associated with net flow of current into and

out of cardiac cells from the extracellular space and the bi-domain model seeks to capture

this. Because ions can move freely between myocytes via gap junctions in the ICD, intra-

cellular and extracellular space are treated as continuous domains that occupy the same

volume. The electrical potentials for intracellular and extracellular domains - φi and φe

respectively – are defined as average values over a small representative volume.

The potential difference across the cell membrane (membrane potential) is given by:

Vm = φi − φe (2.5)

From (2.3),

Ji = −σi∇φi and Je = −σe∇φe (2.6)

The net current flux at any point must be zero. Therefore, any difference in the in-

tracellular domain must match the net current flowing across cell membranes as well

as any imposed source or sink current. The corresponding current in the extracellular

domain is equal and opposite to both. That is,

−∇.Ji = AmIm − Is = ∇.Je (2.7)

where Am is the surface to volume ratio of the cell membrane, Im is the transmembrane

current density per unit area and Is is the external source current density.

Ignoring Is, and using equation (2.6), we can rewrite (2.7) as:

∇. ( σi∇φi) = −∇. ( σe∇φe) (2.8)

If we subtract ∇. ( σi∇φe) from both sides of (2.8) and use (2.7), we can write an

equation that describes the relationship between Vm and φe:

∇. ( σi∇Vm) = −∇. ( (σi + σe)∇φe) (2.9)
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The total membrane current is the sum of the rate at which the membrane is charging

and the net transmembrane current:

Im = Cm
dVm
dt

+ Iion (2.10)

Therefore from (2.9) and (2.10), we get

∇. ( σi∇Vm) +∇. ( σi∇φe) = Am(Cm
∂Vm
∂t

+ Iion)− Is (2.11)

Equations (2.8) and (2.11) form the general bi-domain equations (Tung, 1978). Solv-

ing the bidomain equations in realistic representations of 3D anatomy with complex

electrical properties is computationally demanding. Therefore it is commonly assumed

that intracellular and extracellular domain are equally anisotropic i.e., σi = λ σe,

where λ is a constant scalar or that the extracellular domain has a very high con-

ductivity (σe → ∞). Under these circumstances, the bi-domain equations reduce to

the monodomain equation

∇. ( σi∇Vm) =Am(Cm
∂Vm
∂t

+ Iion)− Is (2.12)

The simplest model for AP propagation represents a myofibre bundle as a linear cel-

lular chain of excitable elements as shown in Figure 2.12. In this case, the bidomain

equations reduce to the 1D problem:

1

Ri +Re

∂2Vm
∂z2

= Am(Cm
∂Vm
∂t

+ Iion)− Is (2.13)

where Ri and Re are specific intracellular and extracellular axial resistivities. Am= 2πa/

πa2 and if we assume that Is = 0 , then (2.13) reduces to:

πa2

Ri +Re

∂2Vm
∂z2

= 2πa(Cm
∂Vm
∂t

+ Iion) (2.14)

For a passive RC membrane, Iion = Vm
Rm

and therefore (2.14) can be rewritten as:

1

ri + re

∂2Vm
∂z2

= Cm
∂Vm
∂t

+
Vm
rm

(2.15)

where the length specific parameters are defined as:
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Figure 2.12: Propagation in cylindrical tract of excitable cells. The activation wave-

front travels from left to right, and instantaneous membrane potential is presented as

a function of distance along the cylinder. Six cells are shown in the cable and inward

current flows when membrane potential reaches threshold (indicated by the vertical

line).

ri =
Ri
πa2

re =
Re
πa2

cm = 2πaCm

rm =
Rm
2πa

That is, the myocardial reaction-diffusion system has been reduced to the form of the

cable equation (Jack et al., 1975). At the left hand end of the cable in Figure 2.12,

depolarisation has occurred, driven by the flow of positive ion across the cell mem-

brane at this point. This current is either stored in cell membranes where it leads to

altered charge separation or it enters the intracellular domain. To the right, the cable

is passive and net current flowing in this region is progressively redistributed by 1) de-
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polarisation of downstream cell membranes 2) efflux into the extracellular domain via

transmembrane ion channels, and 3) flow within the intracellular domain. This results

in exponential variation of Vm in the passive cable adjacent to the depolarised region,

which brings this region toward threshold and drives propagation of the cardiac AP.

It follows that factors which elevate Vm in the passive region adjacent to the wave-

front of depolarisation will increase the velocity at which it spreads and vice versa.

Therefore, increased inward current during depolarisation increases the AP velocity. It

will also be increased by reduction in the downstream redistribution of this current by

storage in or leakage through cell membranes.

Solution of equation (2.15) at steady state, ∂Vm
∂t = 0, gives:

Vm = V0e
− z
λ (2.16)

where V0 is the membrane potential at the point of current injection and λ the

length constant is given by

λ =

√
rm

ri + re

During activation spread in cardiac cells, however, a substantial fraction of the length-

dependent attenuation of the inward current that enters the intracellular domain is

stored on cell membranes. Jack et al., 1975, simplified the cable equation (2.15) further

by assuming that current entry at threshold is described by an impulse function that

approximates the events during rapid depolarisation (phase 0 of the cardiac AP) and

derived a limited analytic solution for impulse propagation. This analysis showed that

impulse propagation velocity is inversely related to the time constant τi = (ri +

ro)cm and that while changes in rm affect the length constant, they have much less

impact on conduction velocity (CV).

While the cable equation does not capture the branching between myocytes that oc-

curs in cardiac muscle bundles, it provides a qualitative framework for understanding

key factors that determine the spread of activation in the myocardium (Smaill et al.,

2013). In this model, current passing through the cell membrane in the region behind

the wavefront of depolarisation acts as the source to the adjacent passive myocardium,

whereas the distributed passive components, ri and cm, ahead of the wavefront act



2.4. Atrial electrical activity 27

as the load. The time taken by adjacent passive tissue to reach threshold potential,

and hence CV, are determined by the balance between the source and sink (current

load) (Smaill et al., 2013).

This has been demonstrated experimentally with patterned monolayers of cultured ven-

tricular myocytes where increases in ri caused by progressive gap junction uncoupling

were associated with corresponding reduction in CV (Rohr et al., 1998). These findings

were consistent with those of an earlier computer modelling study which addressed the

same issue with a chain of cells coupled via gap junctions (Shaw et al., 1997).

Computational and experimental studies have also been used to show that deviation of

activation waves by functional or structural obstacles can alter source-to-sink current

balance and affect CV. Fast et al., 1997 showed in patterned cardiomyocyte cultures that

CV decreased with respect to that of a plane wave, if the wavefront became convex and

increased if it became concave. They also used a computer model to demonstrate that

cells at the convex wavefront were supplying excitatory current to a larger number of

passive cells immediately ahead of the wavefront, whereas the opposite was true for a con-

cave wavefront. In the first case, source current was reduced with respect to the load and

in the second it was increased. Similar results have also been reported for abrupt changes

in tissue dimension in ventricular muscle slices (Cabo et al., 1994) and in more recent

computational and experimental work again using patterned cell culture (Auerbach et

al., 2011). The conduction slowing and block observed by Auerbach and co-workers (see

Figure 2.13) was also explained by source-to-sink current mismatch, due to constraints

on current flux from the isthmus into the much larger distal region and the subsequent

increase in wavefront curvature within that region (Auerbach et al., 2011).

2.4.4 Mechanisms of atrial fibrillation

AF has been studied intensively over the past 15 to 25 years and a comprehensive sur-

vey of the mechanisms thought to be responsible for it is provided in a review by Nattel

et al., 2008. Rapid ectopic firing from a region or regions of the atria can lead to AF and

trains of ectopic activity in the PV sleeves are believed to be responsible for paroxysmal

AF (Haissaguerre et al., 1998). Ectopic activation can also trigger electrical reentry

which sustains AF and this is more likely to occur in the presence of structural remod-

elling of the atria as a result of ageing, obesity or heart disease. Atrial chamber dilation
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Figure 2.13: Spread of electrical activation at the entry to a geometric expansion.

A) Cultured ventricular cell monolayer with a 1mm thick isthmus, which is paced from

the site indicated in the top left corner B) Activation time map for preparation in A)

paced at 6 Hz. Isochrones are 5 ms apart. Adapted from Auerbach et al., 2011.

and fibrosis are strongly associated with risk of AF. Prolonged or repeated episodes

of AF amplify both and also foster altered electrical properties in atrial myocardium

(electrical remodelling) that make reentry more likely to occur. While AF can be main-

tained by regular focal activity, at high rates this results in disorganised or fibrillatory

activity because block and wavebreak occur. It is argued that persistent AF is driven

by a primary reentrant process (the mother rotor hypothesis; Jalife et al., 2002) and

alternately that it is maintained by multiple simultaneous functional reentry circuits

that are unstable (the multiple wavelet hypothesis; Maurits Allessie, 1985; Moe et al.,

1964) and this remains an area of controversy.

Mines, 1913 was the first researcher to demonstrate reentrant activation of excitable

tissue and he established that three conditions were necessary to establish a reentrant

circuit: 1) an external trigger 2) an inexcitable core and 3) unidirectional block (see

Figure 2.14). The inexcitable core can be a region of anatomic block. For example, ac-

tivation cannot pass through dense fibrotic scar and is constrained to specific pathways

in the pectinate muscles. Unidirectional block may be caused by repolarisation het-

erogeneity - conduction block may occur in the upper left arm of the circuit in Figure

2.14A because the myocardium here is refractory, but spread to the right because tissue

in this region has repolarised to the point where propagation is possible. Alternately,

unidrectional block can be a result of structural or electrical remodelling – regions of
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Figure 2.14: Schematic diagram illustrating the initiation and maintenance of reen-

trant activation. A) An ectopic stimulus above triggers electrical activation around an

inexcitable region. Activation is blocked on the lefthand side but spreads around the

righthand side, and B) propagates through the region of initial block. If this process is

sufficiently slow, the wavefront will enter the region in which propagation started when

its refractory period is complete (unidirectional block). Repeated cycles of activation

will now be sustained around this circuit.

abrupt expansion within the circuit that slow and block the spread of excitation in one

direction, but allow it to pass the other way (Rutherford et al., 2012).

Reentrant activation is not necessarily structural in origin. MA Allessie et al., 1977

proposed the “leading circle”hypothesis in which the core is functionally inexcitable. In

Figure 2.15, reentrant activation around an anatomic obstacle is compared with func-

tionally determined reentry around a circular path. In the former, tissue in the white

region between wavefront and waveback is fully repolararised and can be excited. This

is defined as the excitable gap. For the functionally determined reentry, there is no

excitable gap and the leading circle is the smallest path around which reentry can be

sustained. The core is inexcitable, because electrotonic potentials in the core ensure

that conduction block prevails (Kleber et al., 2004).

The leading circle hypothesis is based on a 1D analysis. Spiral waves and scroll waves

have been demonstrated experimentally and with computer models for 2D and 3D ex-

citable media, respectively (Maurits Allessie, 1985; Pertsov et al., 1993; Krinskii, 1996;
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Figure 2.15: Models of anatomically and functionally determined reentry. The elec-

trophysiological status of the myocardium around the circuit is indicated by its texture.

Black regions are fully depolarised and refractory and the progression of subsequent re-

polarisation is represented by the degree of stippling. White regions are repolarised

and fully excitable. This is shown by the typical action potential at the centre of the

figure. For anatomically determined reentry, the propagating wavefront approaches the

waveback through tissue that is fully repolarised (see arrows) and there is an excitable

gap within which reactivation can occur. For functionally determined reentry there is

no excitable gap. (Adapted from (Maurits Allessie, 1985))

Qu et al., 2000). While they replicate key features of leading circle model they are inher-

ently unstable. The wavefront of a spiral wave is convex with greatest curvature at the

tip and, as the wave propagates, the tip travels increasingly slowly and tends to rotate

around a moving phase singularity. As a result, spiral waves are prone to block at the tip,

seeding wavelets and fibrillatory behaviour. However, they can also lock onto anatomic

structures and produce more stable reentrant activity sometimes termed rotors.

The wavelength λ for reentry is the distance travelled around a reentrant circuit that

will enable the incident wavefront to hit the back of the previous activation at a point

when it is no longer refractory. That is,

λ = CV × ERP

where CV is the conduction velocity and ERP is the effctive refractory period.
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This explains why structural remodelling increases the risk of AF. Atrial dilation ex-

pands the atrial wall increasing the likelihood that a reentrant circuit or circuits can

be maintained within it. Patches of dense fibrosis also decrease effective CV as a result

of tortuous propagation pathways as well as CV slowing due to abrupt changes in the

geometry of these tracts. Finally, remodelling of cell electrical properties associated with

prolonged episodes of AF shorten ERP, reducing λ further and increasing the likelihood

that AF will be sustained. This is the result of rate-dependent reduction in the expres-

sion of transmembrane ion channels that carry ICa,L and upregulation of ion channels

which carry the K+ currents responsible for repolarisation (Schotten et al., 2011).

Finally, we will briefly consider the origin of triggered activity in the atria. There is some

evidence that this can originate from pacemaker activity in atrial regions that do not nor-

mally exhibit automaticity with progressive self depolarisation occurring during phase

4 of the AP at these sites (Nattel et al., 2007). However, delayed after-depolarisations

(DADs) appear to be the most common source of atrial triggered activity. DADs occur

in phase 4, but are single depolarisations due to spontaneous Ca2+ release from the

SR as a result of deranged Ca2+ homeostasis and the elevation of intracellular Ca2+

concentration may be amplified by further Ca2+ - induced Ca2+ release. Depolarisation

occurs because the membrane Na+ Ca2+ exchanger is electrogenic, extruding one Ca2+

ion in exchange for 3Na+ ions and if this reaches threshold an AP is triggered.

The PVs are a common site for triggered activity, but the cause of this is not fully

resolved. It has been argued that the complex 3D arrangement of myocytes in the PV

sleeves may also provide a substrate for microreentry that sustains the effects of ectopic

firing in this region (Hocini et al., 2002).

2.4.5 Computer models of atrial activation

The earliest computational studies of electrical activation in the atria were based on

anatomic models that included simplified representations of atrial boundary geometry

and atrial tissue morphology (Moe et al., 1964; Vigmond et al., 2001). More recent 3D

models have been focussed on the human atria and the role of structural substrates in

sustaining AF. An exception to this is the high-resolution model of sheep atrial structure

developed by our group in Auckland (Zhao et al., 2012; Zhao et al., 2013). For a
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systematic review of atrial modelling and how it has been used to understand AF, the

reader is referred to Trayanova, 2014.

Recent anatomic models of the human atria have incorporated 3D geometry at varying

levels of precision acquired with CT (Ridler et al., 2011) and MRI (Hansen et al.,

2015). Representative 3D geometry for the human atria has also been derived from

the Visible Human project (Spitzer et al., 1998; Seemann et al., 2006). Finally, high-

resolution reconstructions of 3D atrial geometry have been made in the sheep using

serial block face imaging (Zhao et al., 2012; Zhao et al., 2013) and in the dog with

µCT images (Varela et al., 2016).

Regional fibre orientation has been incorporated into computer models of the atria using

rule-based methods (Seemann et al., 2006; Krueger et al., 2011; Aslanidi et al., 2011; Col-

man et al., 2013). With this approach, features of atrial myofibre architecture described

qualitatively in anatomic studies (see Section 2.3) of the human heart (K. Wang et al.,

1995; Ho and Sanchez-Quintana, 2009) have been merged with key anatomic landmarks

identified in image-based representations of atrial surface geometry. In more recent

models of 3D atrial structure, myofibre orientation has been determined directly using

structure tensor analysis (Axelsson, 2008) in volume images acquired with block-face

imaging (Zhao et al., 2012; Zhao et al., 2013; Butters et al., 2013), contrast-enhanced

µCT (Aslanidi et al., 2012), or high-resolution contrast-enhanced MRI (Bernus et al.,

2015; Hansen et al., 2015; Zhao et al., 2017). Alternately, they have been quantified

using diffusion tensor MRI (Pashakhanloo et al., 2016). Recently, atlas-based and rule-

based methods have been combined to generate fibre orientation fields in personalised

models of left atria (Fastl et al., 2018). More quantitative information from large pa-

tient cohorts is needed to validate this approach.

More recently, information about the extent and nature of myocardial fibrosis has been

incorporated into atrial models on the basis of late gadolinium enhanced (LGE) MRI

(McDowell et al., 2012; McDowell et al., 2013; Zhao et al., 2017). LGE MRI utilises the

fact that delayed contrast enhancement occurs in fibrotic (and necrotic) myocardium

after gadolinium administration due to regional differences in gadolinium uptake and

washout kinetics. While the resolution of LGE MRI cannot provide high-resolution

information about the atrial ECM in vivo, it is argued that segmentation on the basis of

grey scale distributions in the presence and absence of gadolinium enable patchy fibrosis
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to be quantified (McDowell et al., 2012; McDowell et al., 2013). In contrast Zhao et al.,

2017 characterised connective tissue arrangement in much greater detail in explanted

human hearts using high field (9.4T) MRI.

It has been demonstrated that patient-specific computer models which include image-

based information on atrial geometry, myofibre architecture and fibrosis generate disor-

ganised patterns of reentrant electrical activation consistent with AF. It is noteworthy

that when the fibrosis burden is identified using low-resolution clinical LGE MRI, sus-

tained reentrant arrhythmia is only achieved if electrical properties in the myocardium

adjacent to patches of fibrosis are adjusted. Anisotropy ratios are increased, and cell

activation models are altered to reduce CV and ERP (McDowell et al., 2015; Zahid

et al., 2016). As a result, reentrant drivers were initiated in regions of complex fibrosis

that replicated the dynamics of the relatively short-lived rotors detected in the same pa-

tient group (Zahid et al., 2016). Higher resolution experiment-specific modelling studies

(Zhao et al., 2017) provide an interesting counterpoint to these results. Here, 3D ge-

ometry myofibre organisation and ECM distribution were incorporated into the model

at 180 µm resolution and fibrosis was assumed to be an insulating boundary only. The

model replicated patterns of reentrant electrical activation observed experimentally in

the same hearts using panoramic optical mapping (Hansen et al., 2015).

This suggests that models with higher spatial resolution are needed if we intend to use

this approach to better understand how structural remodelling increases risk of AF. A

further issue is that studies on atria from hearts explanted from patients with end-stage

heart failure provide limited information on the way in which structural remodelling

progresses in heart disease and how this impacts on AF risk. We argue that a better

mechanistic approach is to use large animal models which reproduce features of human

disease and to develop a pipeline for extracting detailed information on the progressive

structural changes that occur in these animals. This objective informs the work described

in this thesis. Before describing this, however, we provide a brief review of imaging

modalities and image processing methods that could be used to achieve this goal.
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2.5 Imaging modalities

2.5.1 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) has been used extensively to characterise cardiac

structure and mechanical function (deRoos et al., 2014). It exploits the magnetic prop-

erties of hydrogen atoms present in water throughout the body. Because the hydrogen

nucleus consists of a single proton it aligns with the very strong magnetic fields applied

with MRI. Pulses of radio frequency energy cause the nuclei to spin or precess in the

magnetic field and they emit radio frequency as they return to equilibrium when the

pulse ends. This is captured by detectors and magnetic field gradients enable the origin

of these signals to be located providing a 3D image of water and fat within the body.

Gadolinium (Gd)-based contrast enhancing agents (Goldman et al., 1982; Herfkens et al.,

1983) have increased the utility of cardiac MRI (Weinmann et al., 1984). Delayed MRI

following administration of Gd (LGE-MRI) reveals a wide range of cardiomyopathies

(R. Kim et al., 1999; Akkaya et al., 2013; Akoum et al., 2015; Marrouche et al., 2014;

Oakes et al., 2009; Pontecorboli et al., 2017; Vergara et al., 2011). As stated previously,

this detects differences in wash-in and wash out dynamics of gadolinium-based contrast

agents and this differentiates between normal and abnormal myocardium. In general,

these agents accumulate in the ECM particularly in regions where there is inflammation

and myocyte necrosis. By contrast, in normal myocardium, contrast agents are washed

out rapidly via the circulation. Therefore, fibrosis is detected as higher intensity regions

in delayed T1-weighted MRI scans.

The capacity of LGE-MRI to assess LA fibrosis and post-ablation scar has been validated

in multiple histopathological studies (Harrison et al., 2014; Iles et al., 2015; Pontecorboli

et al., 2017). LGE MRI is used in some centres to estimate the extent of LA fibrosis

in patients with AF and predict the outcome of catheter ablation treatment for AF

(Marrouche et al., 2014). The Utah staging system is used to separate patients into

four different fibrosis categories based on LGE-MRI images (Akoum et al., 2011; Oakes

et al., 2009; Vergara et al., 2011).

However, reliable identification of scarring/fibrosis in atrial images is challenging due to

the complexity of atrial anatomy and image artefacts. The atrial wall can be very thin

(<2 mm in many regions) and scarring is hard to distinguish. Image quality is often poor
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due to low signal-to-noise ratio, respiratory motion, heart rate variability and prolonged

contrast wash-out times. Finally, limited spatial resolution prevents precise estimates of

the extent of fibrosis even in clinical images even from higher field strength scanners (up

to 3T clinically compared with 9.4 T for research) (Pontecorboli et al., 2017; Siebermair

et al., 2017; Yang et al., 2018). In addition, surface coil proximity, sequence parameters,

body mass index, haematocrit, renal function, and field strength can all affect LGE signal

intensities. These factors, together with the lack of consensus on contrast administration

protocols all likely contribute to the poor reproducibility achieved with this method.

As a result, LGE MRI should probably be used to quantify patches of replacement

fibrosis only. T1 mapping is emerging as a more promising way of quantifying diffuse and

interstitial myocardial fibrosis, (Diao et al., 2017; Everett et al., 2016; Kammerlander

et al., 2016; Luetkens et al., 2018; Nakamori et al., 2018; Taylor et al., 2016) although

the approach is in an early phase of development. At present, native T1 relaxation time

and extracellular volume fraction (ECV) are the two most common methods.

Diffusion tensor MRI (DT MRI) maps the principal directions of transport of water

molecules. The diffusion of water in tissue is constrained by intracellular and extracel-

lular structures, and also by the vascular network. DT MRI therefore reveals features

of anisotropic tissue architecture. Diffusion estimates are from six or more diffusion-

weighted images acquired with different orientations of magnetic field gradients to min-

imize directional bias. These are modelled for each 3D voxel as a 3 × 3 tensor and

Eigenvalue decomposition is used to determine magnitudes and directions of the three

orthogonal principal diffusion components. Various measures of diffusion anisotropy

(fractional anisotropy, relative anisotropy, volume ratio and mode) can therefore be

determined (Mori et al., 2013).

DT MRI has been extensively used to trace white matter tracts in brain and to charac-

terise cardiac muscle fibre architecture. Myofibre orientations estimated with DT MRI

in normal and diseased ventricles have been shown to correlate well with independent

histological measurements in animal and human studies (Helm et al., 2005; Gilbert et

al., 2011). It has proved more difficult to reconstruct atrial myofibre architecture using

DT MRI because the atrial wall is so thin. However, fibre architecture has recently been

characterised with submillimeter resolution in explanted human atria using DT MRI

with high field MR scanners (Pashakhanloo et al., 2016).
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2.5.2 X-ray computed tomography

X-ray computed tomography (CT) is the earliest form of tomographic imaging and one

of the most widely used clinical imaging modalities (Cormack, 1964; Cormack, 1963;

Hounsfield, 1976). It provides excellent bone to soft tissue contrast and is noninvasive

and nondestructive (Hsieh et al., 2009). CT imaging reconstructs a 3D image from a

series of 2D image projections acquired as source and a detector are rotated around a

body. The 2D images is the density distribution at the detector due to attenuation of

the X-ray beam emitted from the source as it passes through the body.

For clinical cardiac imaging CT offers shorter scanning times, lower cost, as well as

better temporal and spatial resolution. As a result, it is viewed as the gold standard

for quantifying wall thickness and chamber geometry particularly for the LA (Tobon-

Gomez et al., 2015; Karim et al., 2018). However, because X-ray absorption is low in

non-mineralised tissues it is necessary to add intravenous contrast-enhancement agents

to improve visualisation of organ boundaries. Intrinsic tissue contrast is much better

with cardiac MRI and this modality is used instead for estimations of infarct extent

and fibrosis burden (see above).

Micro-computed tomography (µCT) provides a tool for multi-resolution analysis of 3D

morphology (Ruegsegger et al., 1996) across a range of dimensions although there are

sample size limitations for most commercially available scanners. µCT has been used to

image fixed ex-vivo hearts or specimens from them. In this setting, it is possible to use a

wider range of contrast-enhancement agents including iodine-based compounds, osmium-

based compounds, phosphotungstic acid and nanoparticles that can be conjugated to

immuno-histochemical probes (Clark et al., 2014; Dullin et al., 2017; Jarvis et al., 2013;

Metscher, 2009b; Metscher, 2009a). For example, iodine binds to glycogen in specialised

conduction cells such as Purkinje fibres and Stephenson, Jarvis and co-workers used

µCT to reconstruct the 3D cardiac conduction network in hearts stained with iodine-

based compounds (Stephenson et al., 2012; Stephenson et al., 2017). Furthermore, these

contrast agents also partition differently between cardiac muscle cells and extracellular

space if sufficient diffusion time is allowed and this has enabled the use of µCT to

characterise the 3D atrial myofibre arrangement (Aslanidi et al., 2012; Aslanidi et al.,

2013; Kharche et al., 2014; Stephenson et al., 2017; Stephenson et al., 2018; Zhao et al.,

2015; Ramlugun, 2019) . Unfortunately attempts to enhance X-ray contrast between
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collagen and myocytes have been unsuccessful in our laboratory and others and µCT

has not been used to image fibrosis.

2.5.3 Light microscopy

By definition, a microscope is any instrument that enables visualisation of very small

objects that cannot otherwise be resolved by the human eye. Light microscopy is the old-

est and most most widespread tissue imaging modality. Here we briefly review methods

that have been developed for 3D image acquisition using light microscopy.

At the most basic level, light microscopes form a magnified image by passing visible

light transmitted through tissue, reflected by it, or emitted as a result of fluorescence

emission from structures within it through a system of lenses. The diffraction limit of

resolution is dependent on the numerical apeture (NA) of the microscope objective lens

and the wavelength of light collected (Masters, 2007; Abbe, 1873) and with NA=1.4,

minimum values are ≥ 150 nm in the lateral dimension and >400nm axially.

Bright field microscopy produces a dark image on a bright background and contrast is

mainly dependent on the differential attenuation of light by the sample. Contrast can be

improved using trans-illumination methods (ie phase contrast), but is more commonly

enhanced by staining structures of interest either with selective dyes (histochemical

staining) or via antigens that bind to specific proteins (immuno-histochemical stain-

ing) (Bradbury et al., 1998).

Fluorescence microscopy (Lichtman et al., 2005; Sanderson et al., 2014) is widely used

to identify and visualise specific structures of interest. With this approach, target struc-

tures are labelled with fluorescent molecules called fluorophores that absorb incident

excitation light and then emit light at longer wavelengths (lower energy). Typically, flu-

orescence is excited by illuminating a specimen across a narrow wavelength window and

emitted light is separated from excitation light with a dichroic beamsplitter and emis-

sion filter. Fluorescence microscopy can utilise endogenous fluorescence; most biological

structures exhibit some degree of auto-fluorescence and more recently transgenic animal

models have been developed in which target proteins are co-expressed with naturally

occurring fluorescent proteins such as green fluorescent protein (GFP). Structures can

be labelled by conjugating fluorophores with compounds that have a high affinity for
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them (for instance, wheat germ agglutin binds to a wide range of extracellular matrix

proteins and can be conjugated with many commercially available fluorescent dyes).

Alternately, such fluorophores can be conjugated with antigens that bind to specific

target proteins (immunofluorescence).

An inherent problem of light microscopy is that the image acquired from the focal plane

is degraded by light scattered throughout the specimen. This ”out-of-focus blurring”

is reduced by cutting and imaging thin tissue sections (Dobrzynski et al., 2005), but

has limited the use of light microscopy for 3D imaging. One approach here has been

to reconstruct 3D image volumes from a stack of serial 2D sections, but this requires

painstaking registration of individual images and it is difficult to correct for deformation

that occurs during sectioning. These artefacts need to be addressed on a case-by-case

basis (Pichat et al., 2018b). For instance, the drawbacks associated with tissue pro-

cessing can be corrected by re-aligning the images based on an anatomical MR of the

sample acquired before sectioning (Burton et al., 2006).

Another option has been to develop ways of sectioning optically within an intact spec-

imen. Confocal microscopy provides this capacity. Instead of wide field illumination,

it uses point illumination and detection via a pinhole and this spatial filter blocks out-

of-focus light during image formation. Confocal microscopy improves resolution and

contrast, and it enables 3D imaging. Imaging depth depends on specimen opacity and

in cardiac tissue is on the order of 50µm . This can be increased if 2 photon imaging is

used. This exploits the fact that coincident arrival of 2 photons can excite a fluorophore

to a higher energy excited state with a characteristic emission spectrum. Two photon

excitation requires high-power laser illumination (pulsed to minimise tissue damage)

and occurs only at the focal point. As a result, optical sectioning is achieved without a

spatial filter and imaging depth is increased (Diaspro et al., 2002).

In our laboratory, optical sectioning has been combined with serial sectioning to recon-

struct 3D images of several cubic millimetres at micron resolution (Young et al., 1998;

Sands et al., 2005). A computer-controlled confocal microscope was used to image an ex-

tended volume on the upper surface of resin-embedded specimens to an optimum depth

(typically 30- 50µm). The upper surface was then removed with an ultramiller and the

imaging process was repeated. The advantage of this approach is that registration is in-

herently preserved. Limitations are that resin embedding cannot be used in thick tissue
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specimens and quenches many of the fluorophores used for fluorescence microsocopy.

There has been considerable emphasis recently in neurobiology on developing improved

3D imaging technologies using fluorescence microscopy. Key steps here have been the

rapid evolution of methods that minimise light scattering in tissue (clearing) and enable

immunofluorescent labels to distributed deep in tissue. Also light sheet imaging tech-

niques like selective plane imaging microscopy (SPIM) has been developed as fast 3D

imaging modality for use in this setting. However, submicron axial resolution cannot be

achieved without line scanning or confocal microscopy. Furthermore, clearing methods

and SPIM are limited to relatively smaller tissue dimensions. Feasible imaging depths

are less than 5mm in cardiac tissue (Richardson et al., 2015; Azaripour et al., 2016;

K. Chung et al., 2013; Weber et al., 2014).

In microscopic imaging of larger specimens (in the centimetres range), an inherent prob-

lem is to provide the right balance between resolution and extensiveness. On the one

hand it is important to have the ability to visualise finer details to conduct local mi-

crostructural analysis. At the same time, the final image has to accommodate a large

field of view. It is not trivial to find a solution when one has to satisfy these two mu-

tually conflicting requirements. However, serial block face imaging has proved to be an

effective technique to generate high contrast images in similar context. This method

has its roots in the traditional block face imaging, which involves photographing the

surface of an embedded block prior to histological sectioning. Serial block face imaging

extends this approach to three dimensions by integrating a DSLR camera mounted on a

high precision translation stage with an ultramiller. This computer controlled system is

suitable for imaging large wax-embedded blocks which are not volume-stained. Tissue

contrast is provided by histochemically staining the top surface of the block prior to

imaging. Although various types of staining protocols can be tried here, fast acting

ones are preferred over slower options because of the size of the blocks imaged using

this modality. After photographing the stained surface, a thin section (a few microns) is

removed using an ultramiller. The process of staining, imaging and milling is repeated

to convert the entire block to a 3D stack of stained digital images, while preserving the

natural 3D alignment of the specimen. The approach is not limited by depth or optical

properties of underlying tissue. The broad range of magnification adds multi scale capa-

bility to the final image stack and allows large volumes to be studied from organ level to

cell level. Due to the good tissue contrast, the processed stack reveals the orientation of
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cells or group of cells. Although it uses wide-field illumination, the focusing problems are

sidestepped by acquiring multiple overlapping images to cover the entire field of view in

smaller steps. These images are then montaged for generating a slice in its final form.

2.6 Image processing

Structural data acquired with the imaging modalities outlined in the previous section

provide the building blocks for realistic computer modelling of atrial electrophysiology in

health and disease. However, the fast and robust image processing methods developed

over the past few decades play an equally important role in achieving this goal. Here

we review key features of 3D image processing tools.

2.6.1 Image enhancement

The large datasets generated in medical and biomedical imaging are prone to acquisition-

related artefact. Causes include specimen variation, environmental conditions and hu-

man error and where possible, the raw data should be processed before further analysis

to minimise the introduction of error. Signal-to-noise ratio can be enhanced using de-

noising operations that minimise artifactual spatial variation in 2D and 3D images, and

the many well-established filters used for this purpose (Gaussian, salt and pepper etc)

are listed in texts on image processing (Jahne, 1993). Anisotropic blurring introduced

by the imaging system can be corrected by deconvolution. Finally, intensity-based image

enhancement approaches such as histogram equalisation, adaptive histogram equalisa-

tion, contrast limited adaptive histogram equalisation, deconvolution and decorrelation

stretch are widely used to adjust and enhance image contrast .

As well as reducing artefact, image preprocessing also aims to detect and/or enhance

key features within images so that a priori information can be utilised better in sub-

sequent analysis. Mathematical morphology operators are routinely used to process

specific parts in the images based on the shapes and size of the chosen structuring

element, a neighbourhood indicator (Hummel, 1975; Alley, 1999; Pizer et al., 1987;

Ruifrok et al., 2001).
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Standard procedures have also been developed to enhance specific structures present

in 3D image volumes without losing or distorting the information carried by them.

Derivative-based operators identify features like edges and corners with high gradients

so that they can be enhanced or subtracted as appropriate. Many pre-processing filters

are based on Eigen value analysis of the Hessian matrix (Frangi et al., 1998). They

are primarily used to enhance transversely anisotropic structures like fibres or cylinders,

but due to the second derivative operators in the Hessian matrix, these filters are sus-

ceptible to noise. Alternately, Eigen analysis can be performed on the structure tensor

across a range of scales (Lindeberg, 2013; Jahne, 1993). The structure tensor provides

a precise description of local image gradients and estimates of image anisotropy derived

from it are less prone to noise because they are based on first derivative information

(Lindeberg, 2013; Jahne, 1993).

Nonlinear filters that apply adaptive image diffusion processes have proved to be a

powerful way of detecting and enhancing anisotropic image features. The first example

of this approach is the nonlinear isotropic diffusion filter reported by Perona and Malik

in 1990 (Perona et al., 1990). The scalar value of diffusivity was controlled by the norm

of gradient, which served as an edge indicator. Weickert, 1998 also developed edge-

and coherence- enhancing filters using diffusion-based formulations. Here, diffusion was

guided by the orientation of the principal image gradients derived from structure tensor

analysis. Other nonlinear edge preserving filters used routinely in image enhancement

include the total variation filter (Rudin et al., 1992), bilateral filters (Tomasi et al., 1998)

and the Kuwahara filter (Bakker et al., 1999; Kuwahara et al., 1976).

2.6.2 Segmentation and reconstruction of 3D geometry

Segmentation is the process of partitioning the image into meaningful components.

While working with large and diverse real world datasets, the segmentation problem

is generally addressed by pointing out the most recognizable parts at first and then

using that information to add other parts which are not identifiable easily. Tradition-

ally, the first step is to identify the ideal local properties which are to be considered

in any particular context. Some of these local properties are brightness/image inten-

sity, color (Nieuwenhuis et al., 2013), texture (Brox and Weickert, 2004; Heiler et al.,

2005; Awate et al., 2006; Martin et al., 2004), motion (Cremers and Soatto, 2005) and
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shape (Cremers et al., 2002b; Schoenemann et al., 2009).Based on these properties, one

has to think about various ways in which each partition is computed, giving rise to

many popular algorithms.

In general, the implementations are based on two complementary concepts - edge-based

and region-based. Edge based methods exploit the discontinuities in local properties to

locate the boundary of objects. The challenge is to convert the extracted edge informa-

tion into closed curves or surfaces (Perkins, 1980; Canny, 1986). On the other hand,

region based methods use similarity in local properties to group pixels into coherent

regions. The challenge here is to define the criteria which precisely identify the degree of

similarity among the member pixels of same region while keeping them separated from

the other regions. Apart from these distinctions in using either the discontinuities or

the homogeneity in image sections, the segmentation algorithms also differ in the way

the solutions are represented. It could be discrete or continuous, explicit or implicit,

probabilistic or deterministic, heuristic or more principled etc. Initially, it was common

to extend existing algorithms to image segmentation field. However, over time the trend

changed to development of specific algorithms directed at this problem.

Edge based methods vary from gradient based edge detectors to classical methods like

watershed transform. There exists various edge detecting operators like canny, sobel,

prewitt and Roberts which are based on the discrete definition of gradients. A more ro-

bust approach used the second order derivatives where the zero crossings of the Laplacian

were located as edges. This can be made a bit more sophisticated by devising a multiscale

approach (Ren, 2008) using either gaussian smoothing or nonlinear diffusion smoothing,

and using a combination of the Laplacian zero crossings obtained from coarser scales and

finer scales to refine the final segmentation. The watershed transform models gradient of

smoothed image as a height profile and performs a gradient descent on it to differentiate

between the points forming different segments. The effects of oversegmentation can be

limited by choosing a way to pre-smooth the image. Nonlinear smoothing methods like

perona-malik diffusion smoothing is preferred over gaussian smoothing as linear filters

can dislocate the edge information. There have been attempts to combine various seg-

mentation cues like brightness, colour and texture and thereby improve localisation and

detection of boundaries (Martin et al., 2004; Ma et al., 1997).

Region based traditional methods start with simple thresholding approaches (Sezgin et
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al., 2004), selecting the minima of smoothed histogram as the separating criteria. In

1979, Otsu proposed to minimise the brightness variances in object and background as a

way to obtain an optimal threshold (Otsu, 1979). This can be made more sophisticated

by doing multi-level thresholding, by mixing it with a clustering mechanism, by adding

a spatial context or by finding locally adaptive thresholds. Region growing (Adams

et al., 1994) and region merging (Brice et al., 1970; Ning et al., 2010; Duarte et al.,

2006) are two iterative methods working by forming region by aggregating pixels based

on some criteria on local properties of the image. Also, there are various texture based

operators like GLCM (Haralick et al., 1979; Haralick et al., 1973) and GLRL (Albregtsen

et al., 2008) which are used to perform region based segmentations from time to time.

Compared to the edge based methods, region based approaches are less affected by

problems of local minima and can easily include neighbourhood information.

Depending on the complexity of images, it became insufficient either to join the edge ele-

ments heuristically or to define regions by adding pixels iteratively. Over time focus was

shifted from simply separating objects and background to the notion of geometric opti-

misation. Such a shift was necessary for handling the problems of segmentation and re-

construction of 3D image volumes, particularly in the field of medical imaging. In the lit-

erature, these methods are grouped as variational methods for image segmentation.

The variational methods based on optimisation techniques typically allow to have a cost

function which endorse the inclusion of various geometrical constraints and regularisa-

tion terms in addition to the traditionally used local image features. The challenge is

to mathematically optimise a mixture of these criteria to obtain realistic grouping of

objects. Unlike the traditional methods, these methods always offer room for better so-

lutions because of their principled nature of formulation. Typically, these methods are

derived from the fundamental formulations proposed in late 1980’s (Kass et al., 1988;

Mumford et al., 1989; Osher et al., 1988). The energy functionals in these formula-

tions represent propagating curves in terms of partial differential equations. Numerical

solution of these equations leads to identification of the steady state of the propagat-

ing front. The two main approaches originated from this notion are parametric active

contours and geometric active contours.

Parametric active contours use parametric curves synthesised within an image do-

main to track the object via its edges characterised usually by a function of the image
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intensity gradient. According to the first formulation by Kass et. al. (Kass et al.,

1988), active contours (also known as snakes) were defined as energy minimizing func-

tions that drive the contours to match defined image features (external forces) and also

ensure that contour remains as smooth as possible (internal forces). In 2D, a flexi-

ble contour is iteratively moved within the image to delineate a boundary separating

foreground from background. The contour is parameterized by a variable p 0≤ p ≤ 1.

The functions x(p) and y(p) define the coordinates of the points along the line. For

simplicity the co-ordinates can be represented as the vector s(p) = (x(p),y(p))T . Al-

though it is not necessary, the snake is implemented in most cases as a closed contour

and this is enforced by setting s(0) = s(1).

The energy functional to be minimised is defined as:

E =

∫
Eint(s(p)) + Eext(s(p))dp (2.17)

where the internal energy Eint is associated with contour irregularity and external energy

Eext is associated with mismatch between the contour and image features. The most

common external energy (Kass et al., 1988) is the inverse of the gradient magnitude: ie.

energy is lowest when the contour aligns with edges and increases with distance from

the edge. Similar formulations with modified external energy terms have also been used

(Xu and Prince, 1997; Xu et al., 1998; Cremers et al., 2002a).

Parametric methods could implement fast evolution of highly detailed boundaries be-

cause they are run-time and memory efficient. Also, prior knowledge based on shape,

gradient directions, intensity distribution, smoothness etc. could be incorporated eas-

ily. A problem with this approach is that it depends on initial operator definition of

topology. With complex 3D image stacks, it can fail when topology changes rapidly

between serial images. Furthermore, parametric active contours are designed to reduce

spatial variation and a large number of control points are required to follow the complex

contours with a high level of precision. Under these circumstances, rapid changes in

contour between serial slices can lead to problems with the maintenance of appropriate

distribution and/or ordering of control points. A shift became necessary in the con-

text of evolving boundaries as the parametric curve evolution techniques couldn’t easily

handle the splitting and merging boundaries.
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Geometric active contours also apply an “energy-based”tracking approach, but one

that removes the need for a parametric description of topology. These so-called level-set

methods are based on an approach initially developed by Osher and Sethian (Osher et

al., 1988) to track complex evolving wavefronts. The key idea is to model the temporal

evolution of a curve C(t) using a family of embedding functions (Φ) such that

C(t) = {s ∈ D|Φ(s, t) = 0} (2.18)

The embedding function (Φ) is known as the level-set function (LSF). It is formed by

adding an extra dimension to the problem. For example, for a 2D time-lapse image, a

third dimension is added in which the height at each point represents its distance from

the boundary. The resulting hypersurface evolves in time, along with the changes in

the curve. At any instant, the boundary of the curve is the collection of all points that

are at height=0 and that is defined as the zero level-set at that time. In this way, the

contour is implicitly represented by a moving coordinate system rather than by tracking

individual points that are defined with respect to a fixed coordinate system. With the

latter approach, it is difficult to follow rapidly changing topology, whereas this is an

implicit outcome with the level-set approach.

Figure 2.16: A graphical representation of an evolving Level-Set Function (φ).
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Figure 2.17: An evolving Level-Set Function (φ) in a numerical simulation. According

to the convention used here, everything inside the contour is negative, while everything

outside is positive. φ =0 is the implicit representation of boundary.

Let the motion of a curve C be expressed as dC
dt =FN, where F is a speed function that

controls the contour evolution and N is the outer normal vector. With the level-set

approach, the evolving contour is implicitly represented as the zero level-set of a time-

dependent LSF. Mathematically, this notion is expressed as, Φ(C(t),t)=0,∀ t . The

constant nature of Φ implies that its time derivative must be zero. By applying the

chain rule and rearranging the resulting equation, it can be shown that ∂Φ
∂t =F |∇Φ|.

This formulation is commonly referred to as the Level-set evolution equation. Iterations

of this partial differential equation model the curve evolution. These methods have

proved equally applicable in cases where the boundary is evolving in space or time.

There are two basic variants of geometric active contours - edge-based and region-based

approaches. Edge-based models combine level-set methods with snake-like energies and

try to attract the active contour towards object boundaries using a local edge indicator

function (Caselles et al., 1995; Malladi et al., 1995). This strategy works ideally for split-

ting and merging boundaries. However, contours tend to evolve locally and get stuck at

strong edges. In other words, edge-based approaches cannot “jump”boundaries because

edge strength is the stopping criteria. This limits their application for segmentation of

geometries which incorporate nested topologies.
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A B

Figure 2.18: Two basic variants of level-sets : (A) Edge based approach (ChunmingLi

et al., 2010) (B) Region based approach (Chan et al., 2001b).

Attempts to overcome this limitation paved the way towards region-based approaches.

Region-based models seek to identify regions of interest with specific region descriptors

and this information is used to guide the evolution of the active contour. In their seminal

work on this topic, Chan and Vese introduced the concept of active contours without

edges (Chan et al., 2001b). Specifically, they represented the segmentation problem in

terms of the classical Mumford-Shah functional (Mumford et al., 1989) and derived a

level-set based approach from this formulation. These methods remove the dependence

on image gradients, and therefore proved successful in segmenting more complex ge-

ometries with multiple interior boundaries. However, such piecewise constant models

assume that the image consists of statistically homogeneous regions and appropriate

pre-segmentation operations are needed to batch-process and homogenise images into

specific regions. More recent developments in level-set based active contour evolution

have focussed on handling problems related to computational complexity, intensity in-

homogeneity and non-standard geometries (ChunmingLi et al., 2005; ChunmingLi et al.,

2008; ChunmingLi et al., 2010; Yushkevich et al., 2006; C. Li et al., 2011).

In later years, various automatic and interactive workflows for segmentation of three

dimensional volumes have been designed using a spatially discrete representation of op-

timisation based methods. Image elements are mapped onto a graph and partitioning

problem is solved in this space. Efficient tools from graph theoretical approach were

brought in to image analysis to do this. Various techniques developed include nor-

malised graph-cuts, minimal cut methods, bi-labelling graph-cuts, multi labelling graph

cuts, graph-cut with shape priors, methods based on shortest path computation and

interactive methods like intelligent scissors (Livewire) (Mortensen et al., 1998), Grab-

cuts (Rother et al., 2004), Lazy snapping (Y. Li et al., 2004), random walker (Grady,
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2005) etc.An extensive review of these methods can be found elsewhere (Peng et al.,

2013; Felzenszwalb et al., 2004).

The recent explosion of data is motivating data-driven methods (Krizhevsky et al., 2012)

and deep learning-based approaches are being used increasingly to segment chamber ge-

ometry and fibrosis in images of the heart. Deep learning architectures have been used

to analyse images acquired with a wide variety of modalities. Advances in convolutional

neural networks (CNN) have enabled processes that learn from experience and make

valid predictions when challenged by an unseen test case. This avoids the tedious pro-

cess of feature engineering. Instead, the models learn from data supplied employing

a general-purpose procedure. These developments are catalysed by the accessibility of

open source datasets, as well as open source tools and libraries for image processing

and visualisation (Litjens et al., 2017).

A variety of these methods have been used to segment and analyse atrial images. Ob-

ject localisation is considered as an application of patch-based approaches using fully

connected networks, even though they are considered less efficient for precise segmen-

tation. Fully convolutional neural networks (FCN) employing an encoder-decoder ap-

proach have proved popular because of their effectiveness in end-to-end pixel-wise seg-

mentation. U-Net and its 3D variants coming under this category uses skip-connections

to improve spatial context of results. Recurrent Neural network (RNN) architectures

like LSTM (Long Short-Term Memory) and GRU (Gated Recurrent Unit) are used for

sequential data. Autoencoders are designed to reduce the dependence on supervised

architectures, while GANs (Generative Adversarial Networks) use adversarial training

to improve performance when presented with challenging situations (C. Chen et al.,

2020; Jamart et al., 2020).

Yang et al., 2018 developed a fully automatic segmentation pipeline for cardiac LGE-

MR images. Geometry was obtained using multi-atlas based segmentation and fibrotic

tissue was segmented with a supervised learning approach. A deep neural network with

dual 3D U-Nets (Cicek et al., 2016) was used by S. Jia et al., 2018 to segment the

left atrium directly from 3D MR images (Tran et al., 2015). A coarse segmentation

obtained first was refined by the second U-Net and a weighted loss function based on

distance information was used to aid the refinement process. Vigneault et al., 2018

proposed a segmentation architecture in which convolutional neural networks (CNN)
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were employed for simultaneous localisation and segmentation of heart chambers from

MR images. Features learned during an initial segmentation were used to orient the

images and a final segmentation was performed on the transformed image. AtriaNet

(Xiong et al., 2018) is a dual pathway CNN architecture developed for 3D segmentation

of left atria from a large dataset of LGE-MR images. Finally, CNN-based methods

have also been used to segment fibrosis and myocytes in Masson’s trichrome-stained

histologic sections of atrial tissue (Fu et al., 2018).

The outcomes of this research are promising. Deep learning approaches and CNNs

in particular have the capacity to segment image volumes with reasonable accuracy

and could reduce the workload of researchers and clinicians while reducing variability.

More detailed reviews of developments in this field can be found elsewhere (C. Chen

et al., 2020; Jamart et al., 2020).

There are significant challenges that hinder widespread implementation of deep learning-

based approaches in real-world atrial applications. Despite the rapid progress in atrial

image processing, most deep learning methods depend on fully supervised techniques.

Large quantities of annotated data which match the requirements of specific applica-

tions are therefore required. For example, labelled data must include a representa-

tive set of the variation associated with a pathological condition to train a related

model properly. Manual annotation is time consuming and needs significant interven-

tion by domain experts. More detailed investigation of generalisable techniques like

data augmentation, transfer learning, weakly supervised learning, self-supervised learn-

ing and unsupervised learning is needed for atrial applications. Also, there is an ur-

gent need to benchmark available training datasets, and minimise missing labels and

inconsistencies within them.

Another area of concern is the ability of these models to generate easily reproducible

results. In the context of atrial applications, potential solutions to this problem should

address the variations caused by different modalities, scanners and pathological condi-

tions. Application of adversarial training and improved normalisation techniques might

hold the key to success with multi-centre, multi-vendor and heterogeneous datasets.

Also, models need to be more open and flexible so that end-users can predict, locate

and correct failures. In addition, assessment of the reliability of techniques would be
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improved by providing segmentation quality scores or other measures of confidence (C.

Chen et al., 2020; Jamart et al., 2020).

Finally, most recent studies are intended for clinical research applications and focus

on the segmentation of specific structures (LA, PV sleeves etc) from LGE-MR images.

The methods developed for these relatively low resolution images may not be directly

transferable to other applications. Parallel development of complementary methods is

likely to be necessary if deep learning methods are to be successfully applied in developing

the more detailed structure-based atrial models needed to elucidate mechanisms which

underlie complex arrhythmias like AF.
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Image acquisition and

pre-processing

3.1 Introduction

High resolution imaging and subsequent 3D reconstruction plays an important role in

improving our understanding of atrial tissue architecture and how it affects atrial func-

tion (Jarvis et al., 2013; Stephenson et al., 2017). In particular, image-based computer

models are being used increasingly to study how the atrial structural remodelling that

occurs in heart disease impacts atrial electrical function (Csepe et al., 2015; Lamata

et al., 2014; Zhao et al., 2016). In our group, we are interested in the physical coupling

between bundles of atrial myocytes in health and disease and how the development of

fibrosis influences electrical propagation (Smaill et al., 2013).

This chapter outlines imaging procedures that have been developed to generate 3D

anatomic datasets, which can potentially be used to address these questions in large

hearts. Serial block-face imaging (Gerneke et al., 2007; Sands et al., 2005) has been used

to acquire information on atrial myocyte architecture. Previous studies have demon-

strated that block-face imaging can provide a combination of good tissue contrast and

detailed tissue architecture (Yassi et al., 2010; Zhao et al., 2013). Zhao, Smaill and col-

leagues used this approach to quantify geometry and myocyte architecture in the healthy

sheep atria (Zhao et al., 2013; Zhao et al., 2012). Analysis of that dataset revealed the

51
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utility of anatomically detailed image-based modelling of atrial electrical activation.

However, pathological datasets at comparable or better resolution are needed.

Here, we outline the development of block-face imaging methods that capture my-

ocyte architecture, as well as collagen and fat distribution throughout structurally re-

modelled sheep atria at a resolution higher than previously reported (in-plane: 6.25

µm × 6.25µm and cross-plane: 25 µm). However, the manual etching and staining

methods used here introduce variability that needs to be minimised and standardised.

Development of a fast and robust pipeline is largely dependent on the quality of im-

ages coming out of the pre-processing stage (Mccann, 2015; McCann et al., 2014). The

pre-processing tools developed and described in this chapter are expected to aid fur-

ther data processing and analysis.

3.2 Tissue preparation and wax–embedding

Animal ethics approval to perform electrophysiological experiments and electro anatom-

ical mapping on sheep was obtained from the Animal Ethics Committee of The Uni-

versity of Auckland. Ventricular tachypacing at 220 beats per minute was maintained

in crossbred sheep for 6 weeks using implanted cardioverter defibrillators (Medtronics

Inc). Intracardiac atrial mapping was carried out 4 to 6 weeks after termination of

pacing to enable reversal of atrial electrical remodelling while retaining the effects of

structural remodelling. After detailed electro anatomic mapping, the heart was arrested

with a bolus of potassium citrate injected into the LV lumen. The heart and lungs were

then rapidly excised and immersed in cooled (4 ◦C) physiologic buffered saline (PBS)

solution. Superior vena cava (SVC), inferior vena cava (IVC) and all pulmonary artery

branches were ligated and lung tissue distal to the ligatures was removed. The ventri-

cles were transected below the AV ring to expose the inlet valves. Left anterior descend-

ing, circumflex and right coronary arteries were cannulated from the aortic root and

transected vessels within the cut ventricular surface were ligated. The following steps

were taken to prevent the atria collapsing during fixation. The atria were suspended

from sutures inserted into remaining ventricular tissue around the AV rings with inlet

valves uppermost. The atria, hanging below the suspended valve rings were immersed

in chilled PBS (0 ◦C). The atrial chambers were slowly filled with warm (55 ◦C) 7%

gelatin, which solidified as it cooled. Fixative (3% formalin in phosphate buffer) was
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perfused through the coronary circulation and the tissue was then kept suspended in the

fixative for 48 hours. The gelatin was then removed and ventricular tissue was trimmed

away. The fixed atria were kept immersed in fresh fixative. Subsequently, the atria

were suspended in a stainless steel armature, dehydrated in a graded ethanol series and

embedded in 56 ◦C melting point Kendal Paraplast paraffin wax using a TISSUE-TEK

VIP 2000 tissue processor. The resulting block (10 cm x 7 cm x 4 cm) was fixed to

an aluminium base-plate using molten wax.

Figure 3.1: Tissue preparation and wax-embedding.(A) Excised heart in the hands of

surgeon (B) Atria after fixation (C) Wax-embedded block (10 cm x 7 cm x 4 cm) with

tissue inside it

3.3 Image acquisition

The serial images that make up this dataset were acquired using an extended volume

block-face imaging rig located at the Grafton Medical School Campus, University of

Auckland (see Figure 3.2). The system consists of a three-directional translation stage

(Aerotech, Pittsburgh) mounted on an anti-vibration table (Newport corporation, Cal-

ifornia), a variable speed ultra-miller (Leica SP2600, Leica Microsystems, Germany)

and a DSLR camera (22.3 MP Canon EOS 5D Mark III fitted with a canon 100 mm

lens). The wax-embedded sample was mounted by fixing the baseplate to the stage of

the imaging system. The tissue block was illuminated by two fluorescent lights which

provided uniform diffused lighting of its upper surface.

Imaging was carried out as follows. The upper surface of the block was planed with

the ultramiller to expose tissue, etched to remove wax and stained with May-Grünwald

stain to enhance tissue contrast (see details in Table 3.1). Registered images of the upper

surface of the atria were acquired using camera and X-Y stage. The upper surface of

the block was then removed by moving the sample under the ultramiller using the X-Z
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Figure 3.2: Serial block-face imaging. (A) The extended volume imaging rig located

at Grafton Medical School Campus, University of Auckland. The various parts of

imaging, milling and translation systems are labelled. (B) Photograph from a stage of

the staining operation. The solutions tray and the control computer are shown along

with the staining and imaging system.

stages, and the process was repeated until the atria were imaged fully. The system

was controlled by purpose-developed LabVIEW code (Sands et al., 2005), running on

a Microsoft Windows PC. The custom-designed graphical user interface integrated the

control of imaging and milling operations.

May–Grünwald stain was chosen because it separates atrial myocytes (green), con-

nective tissue (purple) and fat/adipocytes (yellow). More importantly, this stain

acts rapidly and develops full colour intensity for each tissue type within a few

seconds (Yassi et al., 2010).

The complete procedure followed to etch and stain the tissue is outlined in Table 3.1.

As indicated, each step was carefully timed. Excess solution was removed with blot-

ting paper at each stage.

Each DSLR camera image covered a field of 36mm× 24mm with in-plane resolution of

6.25 µm × 6.25µm . A montage of the atrial surface was formed by stitching together
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Solution Purpose Time(sec)

Isopropyl alcohol (x2) To wash the surface 10

25 % xylol in 100% ethanol To etch the surface 10

Isopropyl alcohol (x1) To wash the surface 5

3% formalin in phosphate
buffer

For additional fixation 20

Tap water (x3) To wash off excess fixative 15

May - Grünwald stain
To distinguish between
various tissue types

20

Acid water (0.5 % Hydrochloric
acid in distilled water)

To wash off excess stain 3(instantaneous)

Air jet To dry the surface 7

Light liquid paraffin oil and
1mm thick glass cover plate

To obtain sharper image 10

Table 3.1: Step by step staining procedure showing the different solutions used with

their respective purpose and timings.

a 2 × 5 matrix of overlapping images. Component images were registered using cross-

correlation and overlying pixels were averaged.

The block surface was imaged at 25 µm steps. For every 10 images, an additional

unstained image was acquired prior to staining and imaging of the block surface. These

extra images were stored separately for background subtraction to correct for intensity

variations due to uneven illumination of the tissue block. This was used for initial

visualisation only and not applied to the RGB images processed in our imaging pipeline.

Sequential pairs of background slices were used to perform background subtraction for

the 9 stained slices between them (Refer to Figure 3.3). To select the right approach, a

sensitivity analysis was performed with our previous set of control sheep atria images.

Weighted subtraction was tried in a variety of ways using background images above and

below the section of interest. Finally, an approach was selected with weights varying

linearly based on their relative distances. That is, for Image641, we weighted BG640

with 0.9 while BG650 was weighted with 0.1. Based on this idea, RGB background

subtraction was performed on each of the red, green and blue intensity planes for stained

slice number 641 as [0.9(BG640) + 0.1(BG650)−Image 641]. Similarly, in the case of

Image645, both BG640 and BG650 are weighted equally with 0.5.

The average time taken to complete the process - milling, staining and imaging - for

each tissue slice was about 12 minutes. The total number of slices acquired was 1362,
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A B

C D

Figure 3.3: Representative Background (unstained), original (stained) and back-

ground corrected images from the stack. (A)Background image slice 640 (BG640)

(B) Background image slice 650 (BG650) (C) Original image (Image 641) (D) RGB

Background subtracted image (RGB 641).

of which 137 slices were unstained background slices. Thus, the total number of stained

slices was 1225, which corresponds to a total sample thickness 30.625 mm.

3.4 Image Pre-processing

During the lengthy process of image acquisition, extreme care was taken to reduce

imaging artefacts due to technical glitches or human errors. Images were captured in

a closed, temperature controlled room with stable ambient lighting. The rig was well-

buffered against vibration. Camera position and settings remained the same throughout

and sample position was standardised. Staining and imaging were carried out by one

person only (me) to prevent inter-operator differences.

However, given the manual nature of staining process and variations in background

illumination, generation and propagation of certain artefacts were inevitable, within

and/or between the slices. The background subtraction limited this to some extent,

but has the disadvantage of changing the colours acquired. Down the image processing
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and visualisation pipeline, there are certain stages (Eg: colour based tissue segmen-

tation, 3D visualisation of segmented geometry/ connective tissue network in original

RGB colours) where we would like to retain the actual stain colours, while minimis-

ing the colour variations within and between slices. This is achieved by normalising

the colours across a set of images.

3.4.1 Image normalisation in La*b* colour space

The colour normalisation technique applied here works by converting a set of images to

a de-correlated colour space like La*b* and imposing the statistical characteristics of a

template image on them. An image from the dataset, suitably displaying all the char-

acteristic colours from the May–Grünwald stain, is selected as the template image. For

an improved appearance, the template image is colour-balanced in ImageJ. The mean

and standard deviation computed from each of its decorrelated axes – L, a* and b* –

is imposed on the other images. This technique was initially introduced as a means of

transferring colours between natural images (Reinhard et al., 2001). Later studies (Rein-

hard and Pouli, 2011) have emphasised the significance of perceptually uniform colour

space while others (McDermott et al., 2012) suggested applying this technique in La*b*

colour space. Figure 3.4 illustrates the effect of applying this technique on a set of images

from the current dataset. Although this operation is performed on whole slices, here we

are using representative sections from a subregion for better demonstration of the results

when the technique is applied on successive sections affected by staining variations.

The graph in Figure 3.5 illustrates the image-wise variation of mean and standard de-

viation for 30 slices from one tissue block computed for L, a*, b* axes before and after

the normalisation. (Figure 3.4 uses a subset of slices from this 3D block.). In both the

panels, we sought to flatten the variations in all three channels. To achieve this, the

values after normalisation are made to match with those of the template image. This

explains the difference between the values before and after normalisation.

As discussed earlier, colour normalisation is a global operation applied over a whole

slice at a time. It was found to be very useful for colour-based processing operations,

particularly when performed on a slice-to-slice basis. The variability in any particular

colour across the 3D volume is limited by matching the colours of component slices

to those of a template image. This technique does not eliminate local fluctuations
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A

B

C

Figure 3.4: Effect of image normalisation performed on successive sections. (A)

Sections before normalisation (B) Template image selected as target for normalisation

(C) Sections after normalisation.

in cross-plane intensities that arise from intra- and inter-slice variations in staining

intensity. These manifest themselves as strong striations in the planes perpendicular

to the imaging plane and such artefacts are commonly observed in histology-based 3D

imaging (Mccann, 2015; Pichat et al., 2018a). This cross-plane (parallel to z-axis)

contrast variation has the capacity to produce substantial error in structural measures

that involve computation of 3D image gradients and this is discussed in more detail in

Chapter 6. In this study, inter-slice variation was rectified using a novel circular filter

applied locally and sequentially along the z-axis.
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Figure 3.5: Impact of image normalisation on statistical parameters of successive

sections. Image-wise variation of (A) mean and (B) standard deviation computed for

L, a*, b* axes before and after the normalisation.
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3.4.2 Contrast stabilisation

When the 3D image volume is viewed in XZ and YZ planes, extensive discontinuities in

local contrast are seen between image slices that appear as stripes or striations in these

planes (see Figure 3.7(A)). Such patterns are not seen in the XY (image) plane and are

due to variation in stain intensity between slices. This can introduce substantial error

in the estimation of structural measures such as the structure tensor or the Hessian

matrix, which are evaluated from 3D intensity gradients.

If the stain was uniformly applied, we would expect that the background level of contrast

across a local region would be very similar in sequential image slices. That was not

necessarily the case for our image volume. We therefore sought to develop an image

filter that would stabilise local image contrast between slices with minimal effect on

contrast variation at higher spatial frequencies either within or between slices. The

requirement here is for a local high-pass filter and this was implemented as follows.

Local background contrast Ĉ (i,j,k) at any point (i, j) within a slice k was es-

timated as follows

Ĉ(i, j, k) = C(i, j, k) ~ P (i, j)/N (3.1)

where C(i,j,k) are the intensities in the original image and P(i,j) is an n × n “circu-

lar”averaging kernel in which N is the sum of all entries in the kernel.

Cfiltered(i, j, k) = C(i, j, k)− [Ĉ(i, j, k)− Ĉ(i, j, k − 1)] (3.2)

As shown in the Figure 3.6, a pillbox shaped pattern was generated by removing the

corner elements to approximate the filter’s circle-like kernel.

We investigated a variety of kernels - square and “circular”and also considered the effect

of kernel size. The key idea behind this filter is to ensure that the underlying gradient

information is preserved while the striations in the z-planes are removed. This was the

criterion for selecting an optimal size of the kernel. Figure 3.7 shows an analysis con-

ducted on gradients in the z-direction, by varying the size of kernel (r). This parameter
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Figure 3.6: The pillbox shaped pattern generated to approximate the filter’s circle-like

kernel.

has to be large enough to avoid any disruption of the z-axis gradients. Finally, we opted

to set r=10, based on the tuning criteria.

The filter developed in MATLAB and Python3, selectively performs serial local nor-

malisation of average pixel intensity values along the z-axis. In effect, the operation of

this filter on a 3D block stabilises the contrast variations between the transverse planes

and de-trends anisotropic artefacts observed along the z-axis. Figure 3.8 illustrates its

operation on a subvolume of the 3D dataset.

3.5 Chapter summary

Serial block-face imaging can be used to reconstruct 3D morphology of the atrial cham-

bers. We observed that the structural intricacies of large animal atria are captured well.

May-Grünwald stain appears to provide reasonable colour separation for myocytes, ex-

tracellular matrix and fat. The downsides of this approach are the inter-slice and intra-

slice variations in addition to the slow paced image acquisition. This is primarily due to

the manual acquisition process. However, we have demonstrated that colour variability

can be minimized by colour normalisation. In addition to this, a novel high pass spatial



62 Chapter 3. Image acquisition and pre-processing

Figure 3.7: Selection of kernel size based on the tuning criteria. (A) Image gradients

in the direction of z-axis from a representative unfiltered orthogonal plane (Directions

of Y and Z axes are shown). Striation artefacts are visible. (B) Analysis conducted

on gradients in the z-direction after filtering, by varying the kernel size (r). For lower

values of r, the gradients are disrupted significantly. Gradients are preserved well for

higher values of r. There is only marginal improvement after r=10. Hence optimum

kernel size is chosen as 10.
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A B

C D

Figure 3.8: Contrast stabilisation filter removes strong artefacts characterised by

striations in the planes -XZ and YZ- perpendicular to the imaging plane. Right hand

side panels show the filtered version of left hand side panels. On either side, the top

panel shows the respective 3D volumes whereas the bottom panel shows the red channel

of a slice orthogonal to the image plane. Some of the fine structures are mildly blurred

by the filter. However, horizontally aligned striations are removed while the key lower

scale structures are enhanced.

filter was developed to reduce local inter-slice background contrast variation. Although

some mild blurring is introduced by this filter, the gradient information is preserved

well. Finally, we felt that it would be desirable to have a faster way to acquire simi-

lar images in the future. The ideas of pre-staining the tissue by perfusion and using a

cryomicrotome to cut the (frozen) tissue block are being considered by various research

groups, including our collaborators. This can be combined with the image processing

techniques developed later in this thesis to form an automated imaging system





Chapter 4

Reconstruction of 3D atrial

boundary geometry

4.1 Introduction

The overarching objective of the work described in this thesis is to develop an image

processing pipeline that can be used to segment and reconstruct key structural features

in high-resolution image stacks from wax embedded organs or specimens labelled with

histochemical stains and acquired with serial block face imaging (Zhao et al., 2012;

Zhao et al., 2013; Yassi et al., 2010; Gerneke et al., 2007). The first step in this pro-

cess is to characterise 3D surface geometry as accurately and efficiently as possible.

While some features of the atrial volume that we seek to analyse here are specific to

the imaging approach used, most are characteristic of a broader range of organs, speci-

mens and imaging modalities. Therefore, the methods described in this and subsequent

chapters are intended to be generalisable

The image volume analysed here has features found in many other histologically stained

macroscopic image stacks. For this reason, we sought to develop an approach that could

be used in this wider context. Our more general objectives were therefore:

• To develop a scalable, efficient and robust multi-scale approach that is sensitive to

operator input, but requires limited supervision only.

65
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• To design an integrated processing pipeline. That is, to define an optimal set of or-

dered, synergistic processing steps applicable in the wider context of 3D geometric

segmentation.

4.2 Attributes of the dataset

The sheep atrial images, acquired and pre-processed using the methods described in the

previous chapter, carry multi-scale information on atrial surface geometry (on the order

of tens of mm to a few cm) and muscular architecture (on the order of a few µm to mm).

Physical dimensions of the wax-embedded specimen were 100 mm x 70 mm x 30.625 mm.

The histo-chemically stained images were acquired at a resolution 6.25 µm x 6.25 µm x

25 µm (16560 × 9960 pixels and 1225 slices). Each image was 120 to 180 MB in size.

Thus the entire dataset, containing 1225 images, occupied approximately 200 GB.

Figure 4.1: Serial block-face images of sheep atria at a resolution 6.25 µm x 6.25 µm

x 25 µm . (A) Stack of 1225 slices stained histochemically by May-Grünwald stain. (B)

A sample slice from the middle of the image stack (slice number 641).

With histological stains, the combination of colour and texture provides a rich basis for

segmentation of different structures. In this case, May-Grünwald stain labels collagen

(purple), myocardium (green) and adipocytes (translucent yellow). Colour separation

between myocytes and connective tissue was good, but poor between wax background

and fatty tissue. Myocardial tissue was characterised by distinctive texture, with or-

dered cellular organisation evident throughout the pre-processed image volume. On

the other hand, regions of fat infiltration were characterised by the fact that they

have very little texture.
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Figure 4.2: Image gradient information extracted from red channel of typical atrial

slice shown in Figure 4.1B . (A) Gradient magnitudes. (B) Gradient directions (angles

in degrees within the range [-90, 90] with positive angles going counterclockwise from

the positive x-axis). Magnified views of representative regions are presented in (C), (D)

and (E) for clarity.

Edge information is visible in the image dataset at multiple levels. For the typical image

section in Figure 4.1B, epicardial and endocardial surfaces can be identified visually

on the basis of gradient magnitude in many regions (see Figure 4.2A). Furthermore

gradient orientation is also relatively uniform at epicardial and endocardial boundaries

and consistent with the local orientation of these surfaces (see Figure 4.2B). However,

edge gradients (gradient magnitude and direction at the atrial boundary points) are

heterogeneous and discontinuous in some regions (see Figure 4.2D), possibly as a result

of tissue disruption during milling.

In general, section topology was complex with multiple internal regions bounded by an

exterior surface. There were rapid changes in geometry between sections in some regions

as features appeared or disappeared suddenly in successive sections due to splitting and

merging of 3D structures. Images were also subject to artefact. This included staining

of residual gelatine as saturated blue/green, clogged stain in wax cracks, and variation

in staining intensity and colour range within and between sections.



68 Chapter 4. Reconstruction of 3D atrial boundary geometry

4.3 Segmentation of atrial boundary geometry: A prelim-

inary study

In the medical imaging literature, various methods have been proposed for segmentation

of atrial geometry. Multiple bench-marking studies have also been conducted to provide

a fair platform for evaluating the performance of algorithms proposed by different groups

(Karim et al., 2018; Tobon-Gomez et al., 2015; Mansi et al., 2014; Tobon-Gomez et

al., 2013; Karim et al., 2013). Although automatic or semi-automatic approaches are

preferred, manual methods are very much popular in segmentation of atrial structure,

especially in experimental studies on atria. At times, this is done interactively with the

help of image processing software packages (Aslanidi et al., 2012; Higuchi et al., 2017;

McDowell et al., 2012; Oakes et al., 2009; Pashakhanloo et al., 2016; Seemann et al.,

2006; Stephenson et al., 2012). Conventional segmentation methods like thresholding,

region growing and morphological operations have also been applied (Pontecorboli et

al., 2017; Zhao et al., 2012; Zhao et al., 2013).

Most of these existing methods focus on segmentation of atrial geometry from the

low/medium resolution stacks obtained mainly from clinical imaging modalities like MRI

or CT. Most of them are monochrome images with very few exceptions (Zhao et al., 2012;

Zhao et al., 2013). However, image characteristics vary a lot with imaging modality. Due

to the specific nature of images in our dataset (refer to section 4.2), these methods cannot

be directly adapted here. Nevertheless, the wealth of information contained in our RGB

images (colour, texture and edge) offers a wide range of processing possibilities.

We opted initially to investigate segmentation approaches based on image attributes

that can be derived from the characteristic gradient information present in our data.

Key steps in our approach were as follows:

Closed contours adjacent to epicardial and endocardial surfaces were manually de-

fined in a first section and then sampling points were distributed around the initial

contours with a spacing consistent with the dimensional scale that we were seeking

to reconstruct. Then:

1. For each sample, a search is conducted normal to the start contour to identify the

first gradient maximum (see Figure 4.3A). Search distance could be varied in the
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code. Various cases were tried (pixel distance, d=15 to d=80). d=30 was the best

case. It was expected that the point selected would be constrained by maximising

a mixed objective function that included weighted information on gradient mag-

nitude, coherence of gradient direction and appropriate texture measures (Kass

et al., 1988; Cremers et al., 2007; Ma et al., 1997).

2. Continuous contours are then fitted to the sampled edge estimates (see Figure

4.3B). Because estimates of edge coordinates and edge orientation are returned for

each sample point, it is trivial to fit a cubic spline representation to these data.

In principle, it is possible to account for regional uncertainty in edge and gradient

estimates by introduce a weighted least squares spline fitting approach. This comes

close to the parametric active contours (snakes) approach.

3. The closed contour is then resampled to preserve a uniform sampling and used

as the “start” topology to estimate a corresponding contour in next section. The

direction of search at each sample point is based on estimates of regional displace-

ment between samples.

Steps 1 to 3 are repeated for successive sections:

A B

Figure 4.3: Edge tracking - Start: (A) Manually defined start contour (red) and es-

timated “edge”samples (white) for closed surface region in typical atrial section (B)

Continuous cubic spline representation (solid white line) of the surface contour identi-

fied.

Our preliminary studies demonstrated that these methods worked well in regions within

individual sections with distinct separation between edge and background. Furthermore,

we showed that the approach could be extended to provide reasonable edge estimates

in regions where edges were less clearly defined.
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The primary difficulty of the approach, was the difficulty in dealing with abrupt changes

in local topology with successive sections (see Figure 4.4). This led to propagated error

which could only be corrected by operator intervention.

A B

Figure 4.4: Edge tracking- a few slices down the stack: (A) Gradient based search

process keeps track of the evolving atrial boundary as long as the topology encounters

a major change. (B) A new structure appears suddenly (pointed by black arrow) which

renders the current definition of topology inadequate.

Edge tracking methods depend on a priori characterisation of surface topology and rapid

changes of endocardial surface topology in particular between sections means that topol-

ogy needs to be redefined by the operator on a regular basis. As a result, unacceptably

high levels of supervision were required for accurate segmentation of boundary geometry

in this dataset and we concluded (as others have done previously) that edge tracking

was insufficiently robust or autonomous for this application. We therefore investigated

level set methods as a potential alternative.

4.4 Proposed geometric segmentation strategy

In our 24 bit RGB images, the regions of interest are the tissue components throughout

the atrial wall. These are heterogeneous in colour and texture, and the objective of

this analysis is to segment the atria into sub-regions. From our previous discussion, it

is highly unlikely that simple segmentation approaches will be effective for separating

the complex features that we need to identify and analyse in these images. Instead,

we seek to combine an appropriate suite of well-established algorithms and tools in a
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comprehensive and efficient processing environment. The core idea behind this multi-

scale processing is to define the atrial topology at a lower scale (say, the high-resolution

atrial geometry is downscaled by 10 which translates it to a lower scale geometry at an

isometric resolution of 250 µm x 250 µm x 250 µm) and use the resulting geometry to

refine the high-resolution segmentation. Atrial topology is extracted at low resolution,

by adapting the popular Chan-Vese segmentation algorithm. Although an automated

approach is desirable, this strategy offers an option for user intervention between the

various stages. Ultimately, such an integrated design will equip the pipeline to handle

much more variations wherever required.

4.4.1 Pre-Segmentation operations

A key step in this segmentation process is to define the tissue structure to be ex-

tracted. The background in this dataset is much more uniform than the tissue. In

order to take the full benefit of this inherent uniformity, we seek to homogenize the

background as completely as possible. Pre-segmentation operations are the initial im-

age processing steps that are intended to facilitate this and allow the smooth execu-

tion of subsequent operations. Specifically, in the current scenario, it involves batch

processing of the entire dataset with Kuwahara filter, Sobel filter and multi-channel

thresholding respectively.

1. Kuwahara filter: Kuwahara filter (Kuwahara et al., 1976) is a noise removing

filter with good edge-preserving properties. It preserves edges based on the statis-

tical variation within the neighbourhood. It works on a window divided into four

overlapping sub-windows. Mean and variance are computed for each sub-window.

The output pixel is set to the mean of sub-window with the least variance, which

essentially is the mean of the most homogenous area. Window size is always an

odd-number. Blurring increases with increasing window size. After comparing the

outputs at various window sizes, we used a window size of 5.

2. Sobel filter: Although marred by the inherent noise and unpredictable discon-

tinuities, the edge information in this dataset is reasonably well-defined across

the foreground in this dataset. Hence, we have sought to use gradient-based edge
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detection operators to separate background from foreground. From the various op-

erators tested, the output of Sobel operator (Sobel, 1990) strikes the right balance

between the following factors:

• Strengthening edges surrounding the tissue structure.

• Isotropic homogenisation of the waxy background and gelatine inclusions.

• Retention of the heterogeneous texture and fibre structure in the tissue region

(This is important while contouring. If tissue heterogeneity is not preserved,

the homogenised regions will produce numerous unwanted contours).

Figure 4.5: Comparison of Sobel outputs (A) without and (B) with Kuwahara filter.

Enlarged view of the noisy area (red box) close to the septal region shows clear detection

of epicardial boundary by the Sobel filter when coupled with Kuwahara filter.

The Sobel operator estimates the image spatial gradient and thereby emphasizes

regions of high spatial frequency at the edges. Typically, it is used to find the
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approximate absolute gradient magnitude at each point in an input grayscale im-

age. Here, we applied the Sobel operator separately on each of the three colour

planes and constructed a resultant. As shown in Figure 4.5, this 3-channel Sobel

filter enhances the heterogeneity within the atrial tissue and further strengthens

the strong outer edges. This was useful because it enabled more robust thresholds

to be defined in the next stage.

3. Multi-channel thresholding: Multi-channel thresholding (T=30 on red channel

and T=150 on blue channel) is applied over the entire dataset to separate out the

atrial myocardium from background.

At the end of these sequential operations, most of the artefacts outside the ROI (region

of interest) get removed, while the strong edges and heterogeneous texture of the ROI

are retained. However, all these operations are global operations (batch processing steps

acting on the entire image volume) which will have significant unintentional impact on

foreground (tissue) in addition to their intended effects on the background region. This

simply means that portions within the tissue region are also affected and are filtered

out during this step. These unintentional filtering effects will be nullified once the tissue

contours are delineated in the subsequent contour evolution stage.

Furthermore, it is easier to design contour evolution routines for de-noised grey-scale or

binary stacks as evident from the literature and existing packages (Yushkevich et al.,

2006). Our inputs to this stage of pipeline are RGB images. The pre-segmenting filters

are applied on this multichannel data. Thus the colour information is used to pre-

segment the images efficiently and they are converted into grayscale format by the end

of this stage. In a nutshell, these automated sequential operations smooth the images,

enhance their edges and thresholds them, converting the RGB stack into a tidy greyscale

representation with clear separation between background and foreground.

4.4.2 Scaling down

The ability to apply image processing techniques at a wide range of spatial scales offers

a number of benefits. Scaling down enables large scale image features to be identified

with less computational efforts because the volume of data handled is reduced by several
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Figure 4.6: A sample slice from the pre-segmented image stack.This is a typical grey-

scale image section that has been scaled down by a factor of 10

orders of magnitude. For example, the next component in this pipeline is an active con-

tour evolution using level-set technique. Level-set methods operate on the entire image

at a time. So reduction in image size means savings in computation time. Furthermore,

at the high resolution, discontinuities in edges are more obvious. These gaps that ap-

pear to be more pronounced at the high resolution might confuse the level-sets and it

may end up identifying inaccurate boundaries. Upon moving from higher scale to lower

scale, the smaller gaps will be smoothed out and there will be fewer discontinuities to

handle. Sometimes, this smoothing effect results in further noise reduction, which is

a bonus. In addition to all these obvious benefits, scaled-down images offer a golden

opportunity for less expensive user interaction, if any manual correction is required.

Here, the dataset is scaled down by a factor of 10. A representative slice from the scaled

down dataset is shown in Figure 4.6. After this operation, 200 GB data (original RGB

images) is converted to 1MB (grey-scale) data.

4.4.3 Level-set segmentation of low-scale atrial topology

The pre-segmentation and scaling down operations convert the segmentation problem to

a task of identifying multiple closed boundaries present in each slice at low resolution.



4.4. Proposed geometric segmentation strategy 75

The foreground is identified by adapting the region-based level-set approach - Active

contour without edges (ACWE) (Chan et al., 2001b), with a simple rectangular initiali-

sation (see Figure 4.7A). This method was used because it does not have a stopping edge

criterion and therefore, unlike the edge-based level-sets, evolving contours do not lock

onto strong gradients. Furthermore, it accommodates topological change, automatically

detects interior contours (jumps boundaries) and is easy to initialise.

For each slice in the scaled down dataset, contours that separate the heterogeneous

foreground from the homogeneous background are identified by iteratively minimising

the following energy functional.

E(φ) = µ(
∫

Ω |∇H(φ)|dx)P + ν
∫

ΩH(φ)dx+ λ1

∫
Ω |I − c1|2H(φ)dx+

λ2

∫
Ω |I − c2|2(1−H(φ))dx+ pc(∇2(φ)−K)

(4.1)

Here, I is the image under consideration, Ω is the domain of the image, φ is the Level-Set

Function (LSF), H is the smooth implementation of Heaviside function as introduced

by Chan and Vese (Chan et al., 2001b), c1 and c2 are the mean values in the re-

gions where φ ≥0 and φ <0 .

The first four terms (data terms) are adapted from the Chan-Vese formulation (Chan

et al., 2001b). The final term is a regularisation component adapted from the region

scalable fitting energy formulation (ChunmingLi et al., 2008). It maintains the regu-

larity of the evolving level set function. Curvature definition (K) was adapted from

the distance regularised level-set formulation (ChunmingLi et al., 2010). Other param-

eters were set as µ(length term) = ν(area term) = 1, with data fitting terms λ1=λ2=1,

P=1, pc=1, and time step ∆t =0.1.

A 5 × 5 median filter was applied on each slice before starting the curve evolution to

further denoise the image. Each of the iterations modifies the LSF based on changes

in data and regularisation terms. As defined by Chan and Vese (Chan et al., 2001b),

the data term separates the influence of foreground and background. For a particular

location, this separation makes the data term more positive or negative, depending on

the intensity. In turn, this makes LSF values more positive or negative (tending to back-

ground or foreground) respectively. This evolution ultimately yields a separating con-

tour (implicitly defined as the separation between positive and negative values in LSF),
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A

B

C

Figure 4.7: Contour evolution with ACWE level-set approach: A) Initial rectangular

contour B) Surface contours at the end of iterations, and C) Final level-set function .
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which is the zero level-set (See Figures 4.7B-C) . This process is repeated throughout the

low-resolution stack to obtain all the contours defining the epicardial and endocardial

surfaces. The reconstructed volume is shown in Figure 4.8.

A

B C

RA LA

LARA
RALA

Figure 4.8: Low resolution level-set segmentation results in 3D: A) 3D reconstruction

of the segmented atria at resolution 250 µm x 250 µm x 250 µm – Anterior view. A

representative cross-section from the middle of the atrial volume B) as viewed from top

and C) as viewed from bottom.
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4.5 Scale vs accuracy with level-set segmentation of

atrial geometry

To quantify the effects of spatial scale on the accuracy that can be achieved with level-

set segmentation on our dataset, we compared level-set segmentations at scales ranging

from 25 µm x 25 µm x 25 µm to 250 µm x 250 µm x 250 µm (scales 1 - 10). Out-

puts generated at these scales were compared with “ground truth”at 25 µm x 25 µm

x 25 µm resolution for four 2D slices (numbers 441,541,641,741). Level-set segmenta-

tions at scales 1 and 10 for a typical section are shown in Figure 4.9. As expected,

segmentation is consistent across scales, but exhibits more detailed topology at finer

scales for the inner boundaries in particular.

Figure 4.9: Level-set segmentations for typical section no 641. A) scale 10 (250 µm x

250 µm x 250 µm) and B) scale 1 (25 µm x 25 µm x 25 µm).

Ground truth was defined by the operator at scale 1, while level set segmentations at

scales 1 to 10 were interpolated to scale 1 and smoothed. The five error metrics below

were quantified.

Global Accuracy: Global Accuracy is the ratio of correctly classified pixels, regardless

of class, to the total number of pixels. It is a computationally inexpensive estimate of the

percentage of correctly classified pixels. Global Accuracy = (TP+TN)/(ALL), where

TP is the number of true positives and TN is the number of true negatives.

Mean Accuracy: Accuracy is the ratio of correctly classified pixels to the total number

of pixels in that class, according to the ground truth. Accuracy = TP / (TP + FN)

where FN is the number of false negatives.

Jaccard Index (mean-IoU): Intersection over union (IoU), also known as the Jaccard

similarity coefficient, is the most commonly used segmentation metric. It is used as a
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statistically accurate measurement that penalizes false positives. For each class, IoU is

the ratio of correctly classified pixels to the total number of ground truth and predicted

pixels in that class. IoU = TP / (TP + FP + FN).

Weighted IoU: Average IoU of each class, weighted by the number of pixels in

that class. This metric is more accurate than mean-IoU if images have dispro-

portionately sized classes. It reduces the impact of errors in the small classes on

the aggregate quality score.
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Figure 4.10: Measures for quantifying segmentation accuracy. Metrics for similarity

of level-set segmentation at 3 different spatial scales (25 µm x 25 µm x 25 µm, 100 µm

x 100 µm x 100 µm and 250 µm x 250 µm x 250 µm) and ground truth segmentation

defined by visual inspection. Mean and standard deviation for 4 arbitrary slices for 5

standard indices.

BF Score: The boundary F1 (BF) contour matching score indicates how well the

predicted boundary of each class aligns with the true boundary and it correlates better

with human qualitative assessment than IoU. It is defined as the harmonic mean of the

precision and recall values (i.e., F1-measure) with a distance error tolerance (Csurka

et al., 2013). BF = 2 * precision * recall / (recall + precision). Precision is the ratio
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of the number of points on the boundary of the predicted segmentation that are close

enough to the boundary of the ground truth segmentation to the length of the predicted

boundary. Precision is the fraction of detections that are true positives rather than false

positives, ie it is equal to (TP/TP+FP). Recall is the fraction of true positives that are

detected rather than missed. It is also called Sensitivity (TP/TP+FN).

Results for the 5 different measures in Figure 4.10 show that the Jaccard Index and

BF Score are most sensitive measures of segmentation error, but that all measures are

relatively unchanged with resolution for spatial scales 100 µm x 100 µm x 100 µm.

4.6 Higher resolution segmentation of atrial topology

The region based level-set contour evolution performed over the low resolution image

stack yields the complete atrial topology at that scale. The binary masks generated

from the final LSF can now be used as initial contours for segmentation at higher res-

olution as represented in Figure 4.11.

There are several ways to perform this refinement. The easiest is to use bi-cubic inter-

polation to generate intermediate masks and then follow this with 3D smoothing using

a 7 x 7 x 7 Gaussian kernel (σ = 1). Interpolation from lower order contours cannot

recover surface topology at a higher spatial scale than the initial lower scale segmen-

tation. However, this does not have much impact on the ability to visualise complex

higher order boundary geometry (see Figure 4.12).

The explanation for this is that the initial lower scale segmentation does not have suffi-

cient resolution to separate myocardium from surface fat in the rapidly varying topolo-

gies associated with the endocardial surface of the atria in particular. This is not evi-

dent in Figure 4.12, because in these 3D images, we are “looking through”the fat to

the darker myocardium below.

We have demonstrated that higher resolution level-set methods can produce very accu-

rate segmentation of epicardial and endocardial atrial boundary geometry (see Figure

4.9B and 4.10). However, to do this, it is necessary to homogenise and clear the back-

ground of all image sections in the data set at the scale required. An obvious strategy



4.6. Higher resolution segmentation of atrial topology 81

Figure 4.11: Pipeline for reconstructing 3D atrial boundary geometry at high resolu-

tion.
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Figure 4.12: Grey scale visualisation of atria in 3D.: A) Anterior view of the seg-

mented atrial volume rendered at resolution 25 µm x 25 µm x 25 µm. B) Flipped

view of 3D atria from bottom. The cut away volume (white box) reveals endocardial

structure in right atrium (RA). LA, LAA and RAA are left atrium, left and right atrial

appendages, respectively
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here would be to use the interpolated masks described above as a means of automat-

ing the clearing process. While trials were carried out to validate this approach, we

judged that it was not necessary to carry out systematic atrial boundary segmentation

at 25 µm x 25 µm x 25 µm resolution.

Figure 4.13 compares the segmentation of atrial geometry in terms of the resolving

power of the fibre structure visualised at low and high resolutions respectively. The

output masks obtained directly from the low-resolution level-set evolution define the

smooth outline of the atrial topology, with reasonable accuracy at that scale (ie., at

a resolution of 250 µm x 250 µm x 250 µm). The output volume at this stage can

be reliably used for constructing low resolution 3D models of atrial geometry. How-

ever, the segmented image volume at high resolution ((ie., at a resolution of 25 µm

x 25 µm x 25 µm) reveal the complex organisation of myofibre bundles which will be

useful in applications requiring accurate representation of the bundle structure. For

instance, a proper description of atrial myofibre orientation and quantification of struc-

tural anisotropy need such a realistic representation.

4.7 Discussion

The geometric segmentation pipeline described here extracts a reliable representation of

the structure of sheep atria studied in this thesis. The high resolution geometry shown

in Figure 4.12 will serve as the input to the following chapters. Our level-set approach

proved to be a fast and efficient method for segmenting this large dataset. After devel-

opment of the segmentation pipeline, the results were validated against manual annota-

tions. Although we used a range of well-established measures to assess segmentation ac-

curacy, our approach has some limitations. First, the evaluation was performed based on

a selection of slices. Given the human effort required, manual annotation was clearly not

feasible for the entire dataset. However, it would have been possible to complete the vali-

dation over a wider range of representative image sections. Secondly, manual annotations

need to be viewed as a close approximation of ground truth, as these are generated based

on the interpretations made by a human operator. In this case, though, inter-operator

variability was averted because manual annotation was done by a single person.
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A B

RA LA RA LA

Figure 4.13: Comparison of the segmented atrial geometry in terms of the resolving

power of the fibre structure visualised at A) low and B) high resolutions respectively.

An interesting region (black rectangular box) is highlighted in each view.

We have demonstrated that level-set segmentation produces robust results in this dataset

across the full range of scales. We have also indicated here how this could be substantially

automated. That said, there seems little point in increasing the spatial resolution of

atrial boundary geometry descriptions to better than 100 µm x 100 µm x 100 µm since

this exceeds the resolution of all organ-level computer models of atrial electrical activity.

In principle, however, it should be possible to refine segmentation to levels well beyond

this using local edge tracking methods.

As outlined in section 4.3, edge tracking methods do not (and did not) perform well

for complex multi-scale segmentation problems such as that described in this chapter.

Because this approach requires initial estimates of topology (the number and approx-

imate locations of contours to be tracked) and because edge segmentation is prone to

propagated error, a high level of operator supervision is required for accurate segmen-

tation. In contrast, level-set methods automatically identify topology and provide ro-
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bust low resolution estimates of boundary contours. We hypothesise that edge tracking

could therefore be used to determine high-resolution local topology as part of a multi-

scale segmentation in which lower scale topology characterised using level-set functions

provide a reliable start point.

On the other hand, more recent image processing approaches likely provide more pow-

erful alternatives. For instance, the intermediate level-set masks (say, every 10th slice)

generated here could be used for training deep neural networks implementing dense

volumetric segmentation. More specifically, these segmented slices can serve as sparse

annotations for convolutional neural networks like 3D U-Net (Ronneberger et al., 2015;

Cicek et al., 2016). With the recent developments in the computational power and

learning based techniques, this option appears to be a promising one.

We conclude that multi-scale level-set methods provide a robust and efficient way of seg-

menting boundary geometry in serial block face images of histologically stained organs,

such as the atria. This approach is likely sufficient for most visualisation and com-

puter modelling problems, but lower-scale level-set segmentation also provides initial

segmentation masks that can be refined using more complex higher resolution meth-

ods where this is appropriate.





Chapter 5

Tissue segmentation using

colour-based clustering

5.1 Introduction

Identification and quantification of connective tissue over the entire atria has generated

considerable interest among researchers studying the relationship between atrial struc-

ture and electrical function (Nattel and Harada, 2014). Numerous experimental and

clinical studies, have demonstrated a significant association between fibrosis and atrial

rhythm disturbance, especially when the abnormality is accompanied by heart failure or

atrial dilatation (Boixel et al., 2003; Hugh et al., 2015). Tissue specific modelling has

been used to understand the role played by fibrosis in the initiation and maintenance

of atrial electrical dysfunction (McDowell et al., 2013; Zhao et al., 2017). Accurate

identification of tissue types is highly significant in the design of such modelling studies

(McDowell et al., 2013; Smaill et al., 2013; Zhao et al., 2017).

The objective of this chapter is to develop a methodology, which allows intuitive sepa-

ration of tissue type based on the colour it takes during the staining process, regardless

of the slice to slice variations. In this dataset, three types of tissue are specifically

identified by topical application of May-Grünwald stain.

1) Myocytes are coloured green.

2) Adipocytes are coloured yellow.

87
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3) Collagen is coloured purple.

 

1 cm 

Bachmann 
Bundle 

Crista 
Terminalis 

Left Atrial  
Appendage 

Right Atrial  
Appendage 

Figure 5.1: A representative slice from the image stack showing each of the three

types of tissue identified by its colour – myocytes(green), adipocytes(yellow) and colla-

gen(purple). Major parts of atrial section are also labelled.

Addition of colour-based segmentation to the image processing pipeline will enable us

to identify and quantify the various types of tissue present in the image volume, where

particular importance is assigned to the identification of fibrotic tissue.

Most organ-level datasets used for image-based atrial modelling are acquired with cardiac

magnetic resonance (CMR) or CT imaging. Quantification of tissue types with these

intensity-based imaging modalities is subject to considerable uncertainty and is labour

intensive. While fibrosis can be detected with late gadolinium enhancement and T1

mapping CMR, spatial resolution is poor in the clinical setting (Dzeshka et al., 2015; Iles

et al., 2015; Longobardo et al., 2014). For these reasons, histological imaging remains the

gold standard in tissue type identification and techniques for identifying and segmenting
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different tissue types on the basis of colour information are well established (Gavrilovic

et al., 2013; Onder et al., 2014; Rabinovich et al., 2003; Ruifrok et al., 2001).

In this chapter, we outline a novel clustering approach that enables fast and reliable

identification of tissue types in large volume cardiac datasets. The input to this system

is the segmented 3D geometry generated in the previous chapter. We then separate the

volume bounded by this surface geometry into three clusters based on their colour, with

each cluster representing myocytes, adipocytes and collagen.

5.2 Colour based segmentation of histological images:

Background

Colour-driven tissue segmentation is usually the first step towards quantitative histologi-

cal image analysis (Cheng et al., 2001; Garcia-Lamont et al., 2018; Ivanovici et al., 2013;

McCann et al., 2014). Typically, approaches developed first to process monochrome im-

ages have been extended to the RGB colour space (Azevedo Tosta et al., 2017; Moghad-

damzadeh et al., 1997; Oger et al., 2012; Zorman et al., 2007). However, RGB is a

non-optimal colour space for computation of colour differences, because colour char-

acteristics like chromaticity and intensity cannot be separated from each other in this

model. For this reason, colour spaces like La*b* (Luminance and two colour channels,

a* and b*) and HSV (Hue, Saturation and Value) (Huang et al., 2011; McDermott et

al., 2012; Paschos, 2001) were designed with colour differences that correspond better

to human perception. Intensity is decoupled from chromaticity in these colour spaces.

Hence these properties can be studied separately. It is now clear that the same process-

ing technique can give different results in different colour spaces and it follows that the

choice of colour space depends on the processing application. Also, it can be useful to

combine the properties of images in various colour spaces. In certain cases, such hybrid

approaches provide more robustness (Azevedo Tosta et al., 2017; Garcia-Lamont et al.,

2018; Vandenbroucke et al., 2003; Vantaram et al., 2012).

Numerous supervised and unsupervised methods have been proposed for extracting in-

formation from histochemically stained images. Supervised methods range from tradi-

tional analyses based on colour histogram (Healey, 1992; Kolesnik et al., 2005; Lezoray

et al., 2002; Mccann, 2015; Shafarenko et al., 1998; Tsai et al., 2002) to the more
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recent approaches based on deep learning techniques (Fu et al., 2018; Komura et al.,

2018; Litjens et al., 2017). The rising popularity of these supervised techniques calls

for faster generation of accurately labelled data which can be used as training data to

systems implementing neural networks. Unsupervised methods like clustering are good

at finding structures in data when prior labels are not given. Although hundreds of

algorithms have been used to organise unlabelled data into sensible groupings, the most

popular are hierarchical clustering, k-means clustering, fuzzy c-means clustering, mean

shift clustering and graph theory based clustering. The general goal of all clustering

algorithms (Jain, 2010) is to find K groups from a given representation of N objects

based on some similarity measure such that similarity of objects from the same group is

maximised while similarity between objects from different groups is minimised. In the

case of colour images, pixels are the objects to be clustered.

K-means algorithm (Macqueen, 1967) has been very popular due to its simplicity and

efficiency. In particular, it has been highly successful in segmenting colour images in per-

ceptually uniform colour spaces like La*b* by minimising the Euclidean distance based

similarity measure (Jain, 2010; Lucchese et al., 1999; Sertel et al., 2008; Sertel et al.,

2009; Shashar et al., 2016). However, for robust implementation of k-means it is neces-

sary to 1) specify the number of clusters beforehand and 2) to account for the inherently

high sensitivity to initialisation (Jain, 2010). With the latter, the most common ap-

proach is to uniformly initialise with random points. This is repeated with different sets

of initial centroids in an attempt to avoid getting stuck at local minima (Fu et al., 2018).

The approach works well with simple two dimensional clustering problems. However,

when dealing with large scale colour images, it is less robust and can behave erratically

resulting in slow convergence or failure to converge at all. K-means++ algorithm was

introduced (Arthur et al., 2007) as an automatic way to provide robust initialisation to

k-means. It seeks to spread out the centres as much as possible, but is not computation-

ally efficient. There is a scalable version (Bahmani et al., 2012) of this method, which

is known as k-means||(read as k-means parallel) and is useful when k is very large.

K-means is a hard clustering approach where one data point is assigned to a specific

group. Fuzzy clustering approaches (Bezdek et al., 1984) extends this notion to soft

clustering by providing the option for each data point to belong to more than one group,

but with different membership values. Fuzzy c-means is an equally popular approach

and both are widely used in combination where a coarse segmentation using k-means
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is refined by fuzzy c-means (Etehadtavakol et al., 2010; Moghaddamzadeh et al., 1997).

Clustering approaches based on graph theory, also known as spectral clustering methods

represent objects in data as nodes in a weighted graph. The normalised cut algorithm

introduced by Shi and Malik (Shi et al., 2000) is the most notable such clustering

method. However, it has a hard constraint based on the cluster size and performs poorly

on large images in its original form. Mean shift clustering (Comaniciu et al., 2002) is

another method which can group the data arbitrarily when the number of clusters is not

specified. It works by kernel density estimation where the only parameter used is kernel

bandwidth value. A faster version of mean shift algorithm developed in the La*b* colour

space was used by Wu et al (Wu et al., 2015) for segmentation of histological images.

Various improvements to standard clustering approaches have been suggested. These

include incorporation of constraints based on spatial information, density of data points,

number of clusters, purpose of grouping and scale of the problem (Baykan et al., 2018;

Ilea et al., n.d.; S. Khan et al., 2004; Shinnou et al., 2008; Wagstaff et al., 2001; Woelker,

1996). Few of these refinements have been extended to colour image processing.

5.3 The proposed method

From an overall qualitative assessment of the current image volume, we estimated the

general trend in the proportional quantities of the three tissue types. Myocytes and

adipocytes make up the lion’s share of the structure, although their distribution may vary

unpredictably between slices. In this data set, purple-stained fibrotic tissue represents

a small proportion of the total tissue volume. This is a common trend in most of the

scientific/medical datasets where the most significant class turns out to be the minority

class. Efficient ways of grouping this type of data are actively studied in the clustering

literature under the tag of class imbalance problems. Severely skewed distributions

are notoriously known for damaging the efficacy of machine learning based workflows,

particularly when the available data holds the key (Japkowicz et al., 2002; Krawczyk,

2016; Weiss et al., 2001). In this context, the stark imbalance between fibrotic tissue

and the other two tissue types needs to be treated with due caution. More importantly

in this dataset, the collagen does not form concentrated patches, but is scattered across

the atria as very fine lines or diffuse spots.
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In addition to issues associated with extreme class imbalance, the colour information

carried by each of the tissue types varies due to differences in staining and lighting

conditions. Although resultant artefact is reduced by pre-processing steps including

image normalisation described in chapter 3, the three tissue types are characterised

by various shades of green, yellow and purple. Also, due to the imbalance between

the groups, it is necessary to work out how to solve the clustering problem at the

best available resolution. Finally, because the volume of the image dataset is large, it

is desirable to use a simple and fast clustering approach to speed up the tissue type

identification workflow. We therefore decided to optimise the popular k-means based

tissue segmentation in the La*b* colour space.

As stated previously, proper initialisation and prior knowledge about the expected num-

ber of clusters are pre-requisites for a robust implementation of k-means using colour

images (Jain, 2010). The importance of appropriate initialisation is demonstrated in

Figures 5.2 and 5.3 where random and k-means++ initialisations, respectively, are used

with La*b* colour space. None of the clusters give an adequate representation of fi-

brosis (purple colour).

Figure 5.2: Clustering results from k-means in La*b* colour space with random

initialisation: (A) Cluster 1 (B) Cluster 2 (C) Cluster 3. Refer back to Figure 5.1 for

comparing with the actual image

Figure 5.3: Clustering results from k-means in La*b* colour space with k-means++

initialisation: (A) Cluster 1 (B) Cluster 2 (C) Cluster 3. Refer back to Figure 5.1 for

comparing with the actual image
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For robust definition of the approximate centroids of the three dominant colour clusters,

it is necessary to integrate the plethora of colour related information within this dataset.

This led to the development of a balanced representation of the images where dominant

colours in each slice are visualised as a colour histogram. We developed a novel two

dimensional representation of the three dimensional colour gamut by efficiently quantiz-

ing the entire range of colours. All the groups, including the minority class, get equal

importance under this representation. Colour variability between various groups was

maintained while scaling down the complexity of the clustering problem. The colour

quantization approach was guided by the relative density of various combinations of

RGB values with respect to a particular chromaticity plane in the La*b* colour space.

This density based binning mechanism proved to be an effective means of extracting the

distinct chromatic information carried by these histological images. The two-dimensional

representation enabled easier analysis of the large image dataset by aiding automated

implementation of colour guided k-means clustering.

Specifically the approach provided: 1) Better visual control over the data through the

low-dimensional balanced representation of the three distinct colours in each image.

2) Automatic identification of perfect seed points for initialising k-means clustering in

each slice, thereby improving the robustness of the approach over the entire dataset.

3) Easy visual transformation between colour specific components in 3 different

colour spaces - La*b* (a*, b* co-ordinates), HSV (Hue component) and RGB

(R, G, B channels).

5.4 A balanced visualisation of colour distribution

The easiest way of visualising the distribution of colours present in the image is to plot a

3D colour histogram. In Figure 5.4, we present colour distributions in 3 different colour

spaces - RGB, HSV and La*b* - using the colour inspector app in ImageJ. These figures

compare the colours extracted from the same slice under their respective transformations.

In RGB and HSV distributions, colour information is less uniformly distributed than in

the La*b* representation. The three significant colours - purple, yellow and green - are

each distinctly visible with much less variations, especially in the a*-b* plane. However,

it is difficult to navigate this 3D space as the colour clusters are continuous and plotting
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Figure 5.4: 3D colour histograms in different colour spaces visualised by colour in-

spector app in ImageJ. Visualisations in (A) RGB colour space (B) HSV colour space

(C) La*b* colour space.

itself is computationally expensive due to the large number of voxels in the volume image.

A two dimensional mapping of this colour distribution would be useful in this case.

A two dimensional representation of the 3D colour gamut was generated in the form of

a scatter plot with a* and b* as the two co-ordinates as shown in Figure 5.5. Instead

of becoming an equivalent lower dimensional representation of the 3D histogram, this

initially results in a misleading representation of the colour gamut (Figure 5.5 (A)). We

developed a density based filtering method to make it more meaningful. This was done

by ensuring that only one point is generated in the scatter plot for a particular a*-b*

combination. For any particular a-b combination, all the combinations of RGB values

are identified and averaged separately. The averaged values are used to colour that (a,

b) location. Thus any (a, b) point in the plot is coloured with most frequent R, G, B

combination corresponding to that a, b combination. This procedure is illustrated in

Figure 5.5(B). The resulting two-dimensional representation is shown in Figure 5.5(C).

In a single figure, it captures the colour specific components from three different colour

spaces. The co-ordinates are the chromatic components in La*b* space -a* and b*. The

colour values are R, G, B components from RGB colour space. Also, the linear hue (H

in HSV colour space) variation is represented by the angle subtended at the centre. The

following section describes how this representation is used to locate the approximate

colour cluster centroids for proper initialisation of k-means clustering.
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Figure 5.5: Generation of a balanced two dimensional visualisation of colour distribu-

tion by filtering the a*-b* plot. (A) Colour distribution before filtering. (B) Filtering

procedure (C) Final distribution after filtering.
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5.5 Locating the initial centroids and k-means clus-

tering

The two-dimensional colour distribution diagram in its filtered form displays three sec-

tors representing the three tissue types. The sectors for these tissue types which are

roughly identified based on their respective hue values are shown in the Figure 5.6. Al-

though they overlap at their boundaries, three intersecting regions showing the charac-

teristic colours provided by May-Grünwald stain - purple, yellow and green - are clearly

visible. We hypothesized that a* and b* values corresponding to the centres of these

sectors can be used as the centroid values for initialising a k-means clustering in La*b*

colour space. At this stage, these centres can be located simply by visual analysis.

However, we developed a more robust method to automate this process.

Figure 5.6: Three sectors representing the three tissue types identified based on their

respective hue values. The computed sector centers are also shown. These centers are

used as centroids to initialise k means clustering.
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According to this method, the sector centres are computed as the centre of mass of

the sector. Considering the distribution in each sector as a system of particles Pi (for

i = 1........n.), each with mass mi that is located in space with coordinates ri (for i =

1........n.), then the coordinates R of the centre of mass satisfy the condition

n∑
i=1

mi(ri −R) = 0 (5.1)

Solving this equation for R gives,

R =
1

M

n∑
i=1

miri (5.2)

where mi = 1 for all points, M = sum of all m and ri = [xi, yi], the x and y co-

ordinates for i = 1........n.

The resulting sector centres computed for the representative slice following this method

are marked in the Figure 5.6. Images are converted to La*b* colour space before the

grouping of pixels. Then k-means clustering (number of clusters=3) is initialised with the

computed sector centres as the initial centroids. Based on the Euclidean distance crite-

rion, each pixel from the image is associated with its nearest cluster centre. Means are re-

computed and the process is repeated until convergence. The algorithm converges when

the cluster centres (means) remain unchanged over two successive iterations. Three pan-

els in the Figure 5.7 show the three distinct clusters representing the three tissue types,

separated by our approach. We developed the application in Python/MATLAB.

Figure 5.7: Three distinct clusters representing the three tissue types – (A) Connective

tissue, (B) Myocytes and (C) Adipocytes - separated using the proposed method.
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Figure 5.8: Connective tissue organization mapped over the whole atria . (A) Isolated

connective tissue network. (B)Connective tissue network superimposed on the geometry
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5.6 Results

The colour based process outlined in this chapter enabled efficient separation of

tissue types. Connective tissue organisation over the entire atria was mapped

as shown in Figure 5.8.

Furthermore, an objective local analysis of connective tissue organisation was conducted

at two particularly significant sites identified from the global visualisation as shown in

Figure 5.9. One section was from the lateral wall of RA, while the other was from the

left superior PV sleeves. These sections were selected for local analysis as they showed

significant presence of connective tissue. This is shown in the segmented 3D blocks .

Figure 5.9: Objective local analysis of connective tissue organisation at two significant

sites. A-B) 3D block of tissue from Lateral RA and PV sleeves respectively. C-D)

Connective tissue isolated from (A) and (B) respectively. PV: Pulmonary Vein. RA:

Right Atrium.

5.7 Evaluation

The performance of the proposed tissue segmentation method is evaluated using the

Dice similarity coefficient (DSC) (Dice, 1945). DSC is an overlap-based evaluation

metric widely used in validation of medical volume segmentation (Fu et al., 2018; Zou

et al., 2004; Zijdenbos et al., 1994). It compares two binary sets of segmentation results
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- ground truth and automatic - and provides a score between 0 and 1. DSC score

is computed based on the confusion matrix components - True positives(TP), False

positives(FP) and False negatives(FN) - as indicated below :

DSC =
2.TP

2.TP + FP + FN

A DSC score of 1 represents complete spatial overlap between the two sets while 0

represents no overlap.

From the current dataset, we selected five slices (numbered 380, 480, 580, 680, 780 from

top), well separated from each other, for evaluation. Ground truths are generated by

manually segmenting each of the five slices into three tissue classes. Class-wise DSC was

computed for each of the slices and the averaged results are summarised in Table 5.1.

The overall segmentation performance which is computed as the average of mean class-

wise similarity coefficients is 0.9683. Figure 5.10 shows a set of automatic and manual

versions of the segmentation. The composite outputs show the representative slice (Refer

to Figure 5.1 - slice number 580) clustered into the constitutive tissue types at high reso-

lution.It is observed that the result of automatic segmentation is almost identical to the

manually segmented ground truth as expected from the relatively high DSC score.

Tissue class DSC

Myocytes 0.9815

Adipocytes 0.9819

Collagen 0.9416

Table 5.1: Mean class DSC

Mean DSC = 0.9683

5.8 Discussion

The tissue segmentation problem discussed in this chapter involved challenges due to

the unconventional image size, extreme class imbalance and unpredictable changes in

class distributions across the image stack.

We developed a fast and automatic method to address most of these problems efficiently.

The colour-based tool runs through the entire dataset producing robust segmentation
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Figure 5.10: Composite outputs generated by A) automatic and B) Manual segmen-

tations of the representative slice shown in Figure 5.1. Various tissue types are labelled

according to the following legend.

Label 1: Background Label 2: Fibrosis Label 3: Myocytes Label 4: Fat

of the three tissue types. At first, a balanced representation of the colours distributed

in each slice is generated. Initial points are then identified on this colour distribution

diagram for the widely used k-means segmentation in La*b* colour space. This type of

initialisation ensures the robustness of the segmentation outputs across the entire image

volume, without any further operator intervention.

There are certain limitations to this approach which may be addressed at a later stage.

First, the only parameter used here for separating the tissue types is colour. Hence

the results produced by this method are not accurate when the tissue types are not

well separated in terms of their colours. For instance, the necrotic tissue regions as

well as the wax background in this dataset are represented by yellowish colour which

is highly similar to the colour of adipocytes. They cannot be easily separated from

each other just based on colour. Other parameters like tissue texture may need to be

considered. On the other hand, healthy tissue and collagen are represented by unique

colours which makes them identifiable based on colour alone. Furthermore, the valida-

tion process appears to be limited as it is based on a selection of slices. There is no

practical solution to this limitation due to the human effort involved in generating more

manual annotations. However, the performance of the tool was consistent throughout

the dataset and this has been visually validated. Also, as noted earlier in chapter 4,

manual segmentations are based on human interpretation and need to be treated as

close approximations to ground truth.

In the general context of fibrosis assessment, the problem of class imbalance might not

be as severe as experienced by us in this particular case. Most of the cases requiring
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segmentation and quantification of fibrotic tissue carry heavy fibrosis so that the tissue

classes present a more balanced picture.

In addition to the longstanding problem of fibrosis quantification, there are more recent

studies focusing on the significance of atrial adipocytes in severity and recurrence of

AF (Hatem et al., 2016; Wong et al., 2016). The development of more accurate tissue

segmentation methods like the one discussed in this chapter will definitely impart more

momentum to these arrhythmia studies. Being an unsupervised method, the approach

used here also has the potential for generating accurate training data for more advanced

segmentation algorithms based on supervised learning techniques.



Chapter 6

Atrial myofibre architecture and

structural anisotropy

6.1 Introduction

As stated in Chapter 2, propagation of electrical activation throughout the atria is

heavily dependent on the cellular architecture of atrial myocardium. Atrial myocytes

form bundles of axially aligned myocytes that are surrounded by perimysial collagen

(Zhao et al., 2012; Smaill et al., 2013). Active electrical propagation within cell bundles

is inherently anisotropic with most rapid spread along the myocyte axis and slower

relatively uniform spread transverse to this. Transverse spread within bundles depends

on the extent of lateral coupling between cells and, while this certainly varies regionally,

anisotropy ratios are generally presumed to be ∼3:1 at the level of the atrial muscle

bundle. At a higher spatial scale, transverse activation spread depends on the coupling

between adjacent bundles of myofibres. To model the spread of electrical activation

within the atria, it is therefore necessary to specify myofibre orientation and lateral

coupling between bundles at each point within the atrial wall. Both are thought to

vary substantially in different regions of the normal atria, but as yet this has been

incompletely characterised. Bundle orientation and lateral coupling between cells are

thought to vary with heart disease as a result of fibrosis and fibre disarray (Dhein et

al., 2014; Kleber et al., 2004; Smaill et al., 2013; Rutherford et al., 2012; Caldwell

et al., 2009; C.-Y. Chung et al., 2007).

103
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Objectives of the chapter are to develop effective multi-scale tools that will en-

able us to quantify atrial myofibre orientation and lateral coupling between cell

bundles throughout the atria.

6.2 Quantification of atrial myofibre orientation

6.2.1 Structure tensor analysis

The structure tensor (Bigun et al., 1987; Knutsson, 1989; Jahne, 1993) is a mathematical

tool used for local analysis of real world structures represented in the form of images. It is

also known as the second moment matrix or Forstner interest operator (Forstner, 1986).

It provides an adequate representation of local symmetry within the underlying structure

by integrating the grey value distribution in a simple neighbourhood (Haussecker et al.,

1996). It is a classical technique used in various image and video processing applications

like pattern classification, local orientation estimation, edge detection, texture analysis,

motion tracking, anisotropic diffusion filtering, and corner detection (Weickert, 1998;

Brox et al., 2006b; Brox et al., 2006a; Arseneau et al., 2006; Axelsson, 2008; Knutsson

et al., 2011; M. Budde et al., 2012; M. D. Budde et al., 2013; H. Wang et al., 2015;

A. R. Khan et al., 2015). Eigen decomposition of structure tensor, known as structure

tensor analysis, has been widely used to quantify myofibre orientation in structural

models of atria and ventricles (Zhao et al., 2012; Rutherford et al., 2012; Varela et al.,

2013; Varela et al., 2016; Zhao et al., 2017). Figure 6.1 shows the basic scheme of

computation involved in structure tensor analysis.
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Figure 6.1: Structure tensor analysis.

Generally, the 3D structure tensor is computed in a local neighbourhood as the outer

product of the three first order spatial derivatives. Since gradients are sensitive to noise,
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images are pre-processed prior to structure tensor analysis to remove artefacts and en-

hance contrast. Upon Eigen decomposition, the structure tensor eigenvectors provide an

estimate of local structure orientation while a classification of eigenvalues characterises

the complexity of underlying tissue structure. At each voxel, the eigenvector paired with

the smallest eigenvalue points in the weakest gradient direction. In other words, local

fibre orientation corresponds to the direction in which the variation of image intensity is

least (Rutherford et al., 2012; Zhao et al., 2012; Zhao et al., 2013; Zhao et al., 2017).

Figure 6.2: Scale based structure tensor analysis.

A scale based approach makes the structure tensor analysis more robust, particularly

where the dimension of local “texture ”is not uniform. This approach involves effective

manipulation of the two scale parameters - local scale (σ) and integration scale (ρ) -

present in this context. The first represents the scale determining the amount of pre-

smoothing required before computing the gradients. It is controlled by the parameters of

a Gaussian function with which the pre-processed image is convolved prior to computing

the spatial derivatives. Also, a second Gaussian window function specifies the region

over which the image statistics are collected. The spatial extent of that neighbourhood

is regulated by the integration scale (Lindeberg, 2013; Jahne, 2005; Varela et al., 2013).

Figure 6.2 shows a schematic of the scale based structure tensor analysis.

Proper tuning of these factors incorporates an understanding of the scale of the local

structure into the analysis and generates more robust estimate of local orientation that

matches well with the underlying bundle structure. Thus they have a telling effect on

the interpretation of results from the structure tensor analysis for estimation of local

orientation, as shown in Figure 6.3.
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Figure 6.3: Incorporating scale parameters in structure tensor analysis. Scale-based

structure tensor analysis reduces error arising from image artefacts (compare white

boxes in A and B), while preserving orientation associated with larger scale structures

(compare saffron boxes in A and B). This smooths local variation of structure through-

out the image. In addition to that, the ingenious local smoothing (as observed in the

rest of the image) gets the most predominant orientation to stand out. (A) scale σ=1,

ρ =1 (25 µm x 25 µm x 25 µm)(B) scale σ=1, ρ =5 (125 µm x 125 µm x 125 µm).

6.2.2 Encoding 3D myofibre orientation information in image

volumes

In order to specify atrial myofibre orientation, Zhao et al. (Zhao et al., 2012; Zhao et al.,

2013) adopted the methodology from the analysis of ventricular fibres. They used two

angles to represent the 3D atrial fibre orientation at each voxel location : the inclination

angle(α) and the transverse angle(β). These angles are shown in Figure 6.4. The

inclination angle is the vertical angle measured with respect to the horizontal plane. It

is obtained by projecting the fibre vector onto a vertical plane parallel to the epicardial

or endocardial surface. The transverse angle is the horizontal angle measured in the

imaging plane itself. It is obtained by projecting the fibre vector onto the horizontal

plane and is measured with respect to the surface tangent plane. All the angles are

brought to the range [-90, 90]. This definition of atrial orientations also aligns well with

anatomical definitions where the atrioventricular junctions are used as reference planes

(Keith et al., 1907; Ho et al., 2002) because the specimen was imaged with the plane

of atrioventricular valves resting parallel to the imaging plane.

The orientation information can be decomposed into the in-plane and cross-plane com-

ponents and visualised in a variety of ways. The most intuitive is to encode it as a

colour image with the HSV (Hue-Saturation-Value) colour model. The components of

this colour mapping are shown in Figure 6.5A are encoded as given below:



6.2. Quantification of atrial myofibre orientation 107

Figure 6.4: Decomposition of atrial myofibre orientation vector into cross-plane and

in-plane components: (A) The fibre vector at any voxel location in atrial volume is

characterised by two angles – the inclination angle (α) and the transverse angle (β).

[reproduced from Zhao et al., 2012] (B) Orientation of a myofibre bundle from an atrial

section is represented as a unit vector in 3D space. Inclination angle is the vertical

angle measured with respect to the horizontal plane (imaging plane). Transverse angle

is the horizontal angle measured in the imaging plane itself.

Figure 6.5: HSV colour model and colour maps:A) Components of HSV colour model.

Direction of variation is shown for each of the components. (B) Colour map used to

encode the myofibre orientation information. This colour code is used universally in

the remaining parts of this work for interpretation of orientation.(C) A circular version

of the colour map(Courtesy of Urszula Zajaczkowska) (Puspoki et al., 2016). (D) A

representative tissue section showing atrial myofibres coloured based on their orientation

angles.
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1) Angles in the range [-90, 90] are normalised [0,1] and mapped into H.

2) Coherence = (λmax−λmin)
(λmax+λmin) . range [0, 1] is mapped into S)

3) Greyscale image intensity is normalised ([0, 1]) and mapped in to V.

The power of this representation lies in the fact that it enables simultaneous visualisation

of actual structure, estimated orientations and a measure of confidence in orientation

estimates. As shown in Figure 6.5D, colour maps showing orientations estimated at

points within an image plane using 3D structure tensor analysis are superimposed onto

the image and brightness of the colours indicates the reliability of those estimates. An

initial form of this scheme for visualising the structure tensor based orientation infor-

mation appeared in Jahne, 2005 and was developed further through various applications

(H. Wang et al., 2015; Puspoki et al., 2016; Fonck et al., 2009), particularly in 2D

images. The approach is used throughout this chapter, to present both orientation an-

gles and in-plane projections of the fibre vector. It follows that these must be referred

to the appropriate image plane in V.

Figure 6.6: Pre-processing for structure tensor analysis.Comparison of orientation

results from structure tensor analysis corresponding to (A) original image (B) images

filtered using coherence enhancing anisotropic filter (C) images filtered using contrast

stabilisation filter (D) images filtered using contrast stabilisation filter followed by co-

herence enhancing anisotropic filter. First row shows the intensity image of a repre-

sentative orthogonal plane. Second row shows the orientations obtained after structure

tensor analysis (scales σ=1, ρ=5) displayed according to the colour coding scheme

shown in Figure 6.5(B).

Image preprocessing is required to ensure that accurate muscle fibre orientation data is
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extracted with structure tensor analysis and this is illustrated in Figure 6.6. As out-

lined in Chapter 3, a particular problem with our imaging method is that variation in

the amount of stain applied to each section and the time for which it is applied alters

the intensity of substantial regions in successive image planes. This appears as lines in

image volume Z sections (see Figure 6.6A) and gives rise to repeated estimates of 0 ◦

orientation with low coherence or reliability. Nonlinear anisotropic diffusion filters have

been widely used to reinforce ordered structures and remove noise in volume images

(Zhao et al., 2013; H. Wang et al., 2015). In this case, though, application of anisotropic

diffusion filtering before structure tensor analysis makes the problem worse. Here initial

application of the coherence enhancing anisotropic diffusion scheme proposed by We-

ickert et al. (Weickert, 1998) accentuates the lines in the imaging plane and magnifies

the artifact (see Figure 6.6B). We have developed a custom filter to stabilise variation

in contrast between adjacent imaging planes and this is outlined in detail in section

3.4.2. Application of this filter (see Figure 6.6C) introduces some blurring, but removes

line artifacts. Estimated fibre angles are now consistent with the underlying structure

and the coherence measure indicates that reliability is high. Additional processing with

anisotropic diffusion filtering following contrast stabilisation produced no improvement

in the estimation of fibre orientation (see Figure 6.6D). Therefore, we concluded that,

contrast stabilisation is a necessary and sufficient pre-processing step for obtaining reli-

able orientation estimates from this dataset using structure tensor analysis.

6.2.3 The distribution of atrial myofibre orientation

The 3D arrangement of atrial myofibre bundles was captured reliably using a scale based

3D structure tensor analysis and the orientation information decomposed into the in-

plane and cross-plane components was encoded in image volumes. Figure 6.7 shows

the scale based variations in the distribution of inclination angle and transverse an-

gle for a 3D volume cut out from the central part of atria with fibres from septum

and Bachmann’s bundle.

Application of the contrast stabilisation filter and selection of appropriate local and

integration scales enabled reliable quantification of myofibre orientation throughout the

atria. All the necessary computations were coded in Python/MATLAB/R. Figures 6.8

- 6.10 show different views of the distribution of myofibre inclination angles throughout
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Figure 6.7: Application of Scale based ST analysis: Scale based ST analysis reveal

the distribution of inclination angles and transverse angles. A-B) Contrast stabilized

3D block of tissue emphasizing in-plane and cross-plane fibre orientations respectively.

C-D) Computed fibre orientations corresponding to (A) and (B) respectively at σ=1,

ρ =1 and E-F) at σ =1, ρ =10. (Visualised using VolumeViewer (Ramlugun, 2018))

the atria. Computation was performed at scales σ=1, ρ =5. The colour coded angles

are superimposed on corresponding high-resolution image sections (grey scale derived

from R channel in original RGB images) and overlaid on a 3D representation of atrial

geometry adjacent to the cut surface.

In Figure 6.8, myofibre inclination angles are presented in 5 equi-spaced planes through

the atrial volume (see Figure 6.8A). In Figures 6.8B-E the superior view is presented,

but Figure 6.8F is an inferior view (looking upward from a section close to the atri-
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Figure 6.8: Five equi-spaced cutting planes running from superior to inferior of whole

atrial volume (A) reveal the distribution of myofibre inclination angles (B-F) at impor-

tant atrial sites. RA: Right Atrium, LA: Left Atrium, RAA and LAA: Right and Left

Atrial Appendages, SVC: Superior vena cava, PV: Pulmonary Vein, CT: Crista Termi-

nalis, PM: Pectinate Muscles, BB: Bachmann’s Bundle, PLA: Posterior Left Atrium,

CS: Coronary Sinus.
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oventricular valve ring. Figure 6.8B is ∼20 mm from the base of the atria and the

sections are each 5mm apart.

In general, the inclination angles rendered in Figures 6.8B to 6.8F, demonstrate that

the atrial wall combines extensive regions where myofibre architecture is relatively uni-

form, with regions characterised by abrupt spatial variation in the orientation of ad-

jacent groups of myocytes. For example, Figure 6.8B shows the vertical orientation

of mocytes in a thick muscular ridge running vertically down the RA smooth wall,

while in Figure 6.8C myofibres have a continuous arrangement where the cutting plane

transects Bachmann’s Bundle (BB) and the anterior LA roof at its junction with the

PVs. In contrast, in Figures 6.8D and E, there are rapid variations in the orientation

of groups of myocytes in the inter-atrial septum with a cluster around +90 ◦. There

are also rapid shifts in the orientation of myofibres across LA and RA smooth walls

with distinct myocyte bundles at ± 45 ◦.

Finally, inclination angles in the valve planes (see Figure 6.8F) of both atrial chambers

indicate predominantly circumferential organisation of myocytes in that region. This

figure also shows a cut-away view of the coronary sinus running adjacent to the posterior

surface of the LA and entering the RA close to the tricuspid valve. Also evident in this

view is the CT associated array of RA pectinate muscles.

Figure 6.9 presents views of intramural myofibre orientation revealed by equi-spaced

cuts made longitudinally on either side of the inter-atrial septum (see Figure 6.9A). The

cross-sectional views start in the RA and move to the left passing through the septum.

A cross-section of the veno-atrial junction of the SVC is visible in Figure 6.9B, while

sudden angle variations in the RA free wall close to the septum are evident in Figure

6.9C. Muscle fibres have a near vertical orientation in the endocardial RA layer adjacent

to the septum, while the right atrial end of BB is clearly distinguishable with its near

horizontal orientation. BB maintains this orientation in Figures 6.9D-E as it crosses

the septum to reach the LA. The colour variations throughout the septum (Figures 6.9

C-E) illustrates the presence of distinct groups of fibre bundles with a predominantly

vertical orientation. The dark textureless area in Fig 6.9D is a region where there is

substantial fat infiltration into the septum from LA (see also Figures 6.8 D-E). In Figure

6.9F, the cross-sectional view of the right superior PV at its junction with the LA shows

distinct layers of fibres with a sharp transition between circumferential and more oblique
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Figure 6.9: Five equi-spaced cutting planes running longitudinally from right atria

to left atria (A) reveal the distribution of myofibre inclination angles (B-F) across the

inter-atrial septum. RA: Right Atrium, LA: Left Atrium, RAA and LAA: Right and

Left Atrial Appendages, SVC: Superior vena cava, PV: Pulmonary Vein, PLA: Posterior

Left Atrium, BB: Bachmann’s Bundle, CS: Coronary Sinus.
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muscle fibre bundles. In this view, also, BB appears to subdivide with an inner bundle

extending laterally around the LA roof and a large outer bundle projecting downward

toward the base of the LAA. Myofibre bundles with different orientations are evident in

the transected LA wall with a dominant circumferential orientation toward the mitral

valve ring. Finally, cross-sections of the coronary sinus (CS), running along the posterior

LA toward the RA close to the valve plane are evident in Figures 6.9D-F.

Figure 6.10 shows inclination angle variation throughout the LA in cross-sectional views

revealed by equi-spaced oblique cut planes running from the middle of the LAA to the

septal wall of LA (see Figure 6.10A). In Figures 6.10B-C, the cutting planes pass through

the LAA. As expected, many of the pectinate muscle bundles are aligned with the

surfaces of the LAA and their orientations reflect this. However, the vertical orientation

of fibre bundles that form “struts”between upper and lower surfaces is striking (see

Figures 6.10B-C). Variations in inclination angle in Figures 6.10C-I are clearly affected

by the local orientation of the LA wall. However, there is little indication of distinct

transmural variation in the orientation of muscle fibre bundles in the left lateral ridge

(Figures 6.10F-G) or the LA roof between the right and left PVs (Figures 6.10F-I),

whereas this clearly occurs elsewhere in the LA wall.

6.2.4 Intramural variation of atrial myofibre orientation

The most striking feature of the results presented in Figures 6.8- 6.10 is that atrial

myocardium does not share the spatially uniform 3D arrangement of myocyte and my-

ocyte bundles which characterises the ventricles. For example, ventricular muscle cells

typically have a consistent orientation within the ventricular wall and exhibit a pre-

dictable transmural myofibre rotation of around 120 ◦ (Streeter et al., 1969; Nielsen

et al., 1991). In contrast, the atria are better described as a 3D meshwork of distinct

muscle fibre bundles and there are abrupt changes in the orientation and arrangement

of adjacent groups of myocytes. In Figures 6.11-6.14, we seek to quantify intramural

variation in atrial myocyte orientation at four representative sites in RA and LA. A

tool developed in MATLAB and Python3, was used to compute inclination angles as

a function of wall thickness along parallel lines identified by an Amira 6.5 workflow as

the most appropriate structural axes.
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Figure 6.10: Eight equi-spaced cutting planes running obliquely from the middle of

LAA to the septal wall of LA (A) reveal the distribution of myofibre inclination angles

(B-F) throughout the LA. RA: Right Atrium, LA: Left Atrium, RAA and LAA: Right

and Left Atrial Appendages, SVC: Superior vena cava, PV: Pulmonary Vein, PLA:

Posterior Left Atrium, BB: Bachmann’s Bundle, CS: Coronary Sinus.
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The representative subvolume 1, presented in Figure 6.11 is located close to the base

of the inter-atrial septum around 5 mm above the AV valve plane. Myofibre bundles

with a near vertical orientation lie near the centre of the septum (see Figs 6.11B&C)

with more obliquely oriented bundles adjacent to the RA and LA. This change in ori-

entation is overstated in these figures, because the principal value range is ±90 ◦. How-

ever, in the 3D reconstructions of this subvolume, groups of muscle bundles appear

to be separated by extensive layers of extracellular connective tissue. Compare up-

per surfaces of Figures 6.11B&C.

Representative region 2, is a 3D subvolume in Figure 6.12 that encompasses the ridge

in the RA smooth wall at the junction of CT and BB. It lies between cutting planes B

and C in Figure 6.8. An extensive array of myocyte bundles projects downward from

the sino-atrial node (SAN) and then rotates leftward to align with BB. This change in

inclination angle is shown in the 3D reconstructions of myofibre bundles in Figures 6.12

B&C. On the upper surface, the inclination angle is ∼ −60 ◦ and it drops to ∼ −30 ◦

further down the block. The change in orientation is relatively uniform as shown in

the front surface of the 3D blocks although this is less well captured in the transmural

fibre orientation plots (Figures 6.12D-E).

The organisation of myofibres in BB (representative subvolume 3 in Figure 6.13) is very

different from that in the two previous cases. Here, myocyte bundles are uniformly

organised with a consistent axial orientation and extensive coupling between adjacent

groups of muscle cells is evident throughout.

In Figure 6.14 we present the final representative subvolume (4), from the anterior wall

of the LA. This region lies ∼ 5 to 10mm above the AV valve plane. In this example, there

is an abrupt separation between endocardial muscle fibre bundles with very different 3D

organisation in inner and outer layers of the wall. In the former, myocyte bundles are

oriented at between 60 ◦ and 70 ◦, while in the latter the inclination angle is around

−30 ◦. This discontinuity has nothing to do with principal value range and the apparent

discontinuity is clear in Figures 6.14B&C
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Figure 6.11: Inclination angles in representative 3D subvolume from inter-atrial sep-

tum ∼ 5 mm above the AV valve plane (see Figure 6.8). A) Indicates the upper surface

of the subvolume in the full atrial section. B) is a 3D reconstruction of muscle fibre

bundles with pale regions indicating the ECM that surrounds them. C) Inclination

angles superimposed on this 3D region. D), E) and F) Variation in inclination angles

along intramural lines projected in C).
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Figure 6.12: Inclination angles in representative 3D subvolume from CT 15-20 mm

above the AV valve plane (see Figure 6.8). A) Indicates the upper surface of the

subvolume in the full atrial section. B) is a 3D reconstruction of muscle fibre bundles

with pale regions indicating the ECM that surrounds them. C) Inclination angles

superimposed on this 3D region. D), E) and F) Variation in inclination angles along

intramural lines projected in C).



6.2. Quantification of atrial myofibre orientation 123

0        20        40        60        80      100      

Distance from Endo to Epi surface (%)

-90

90

In
cl

in
at

io
n 

an
gl

e 
(d

eg
re

es
)

-90

0

90

-90

0

90

Inclination Angle in degrees

-90             -45            0            45              90

D

E

F

A

B C

D E F

 0

In
cl

in
at

io
n 

an
gl

e 
(d

eg
re

es
)

In
cl

in
at

io
n 

an
gl

e 
(d

eg
re

es
)

0        20        40        60        80      100      0        20        40        60        80      100      

Distance from Endo to Epi surface (%) Distance from Endo to Epi surface (%)

Figure 6.13: Inclination angles in representative 3D subvolume from BB ∼ 15 mm

above the AV valve plane (see Figure 6.8). A) Indicates the upper surface of the

subvolume in the full atrial section. B) is a 3D reconstruction of muscle fibre bundles

with pale regions indicating the ECM that surrounds them. C) Inclination angles

superimposed on this 3D region. D), E) and F) Variation in inclination angles along

intramural lines projected in C).
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Figure 6.14: Inclination angles in representative 3D subvolume from anterior LA wall

5-10 mm above the AV valve plane (see Figure 6.8). A) Indicates the upper surface

of the subvolume in the full atrial section. B) is a 3D reconstruction of muscle fibre

bundles with pale regions indicating the ECM that surrounds them. C) Inclination

angles superimposed on this 3D region. D), E) and F) Variation in inclination angles

along intramural lines projected in C).
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6.3 Quantification of atrial structural anisotropy

For continuum models of atrial electrical function, the standard approach has been to

seek to define myofibre orientation everywhere within the atria wall and then to intro-

duce anisotropic electrical properties with respect to those material axes. The most

common assumption here is that these are transversely isotropic. While cardiac muscle

cells are inherently transversely isotropic, local electrical properties are determined by

the orientation of bundles of cells (myofibres) and lateral connections that groups of

myofibres make with each other (Zhao et al., 2012; Smaill et al., 2013; Zhao et al.,

2013; Valderrabano, 2007).

In the previous section, we have shown that atrial myofibres can be reconstructed in

3D with sufficient resolution to quantify local myofibre orientation throughout the atrial

wall. This analysis has also demonstrated that the muscular architecture of the atrial

wall is highly heterogeneous. As the contrast between the extracellular space which

includes the ECM that encapsulates myocyte bundles and the myocytes themselves

is high, it appears possible to characterise the 3D arrangement of coupling between

myofibre bundles. For example, contrast the limited coupling between large bundles

in the inter atrial septal region with the apparently uniform arrangement of myofibres

in BB region (see Figures 6.11 and 6.13).

We hypothesise that not only is it possible to estimate myofibre orientation on the ba-

sis of image gradients from 3D image volumes with appropriate spatial resolution, but

also to characterise the electrical networks that are responsible for regional variation

in anisotropy. Structure-based wavefront propagation methods have been widely used

to track the 3D arrangement of connected networks. For instance, such methods are

widely used in tracing white matter tracts in MR images of the brain (Parker et al.,

2002b; Parker et al., 2002a). Typically, these methods use an Eikonal approach (an

extension of the ray tracing) to estimate the trajectory of wavefronts through struc-

tures and to estimate the time course of this propagation . The “time of arrival” map

is generated by a fast marching process initiated from designated seed point(s) in the

segmented image volume. This in turn provides an adequate representation of the tortu-

osity of the path traversed by the wavefront to reach any given voxel in the 3D volume.

The more the number of propagation steps, the more tortuous is the path involved.

While this is a well-established image analysis approach, the fact that it mimics key
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aspects of the propagation process that we are seeking to investigate makes it inher-

ently attractive here. In this section, we develop similar techniques for atria and apply

them on representative tissue regions.

6.3.1 Analysis Tools

6.3.1.1 3D image segmentation

The first step towards development of an axial path tracking tool as discussed above is to

identify the tissue pathways to be traversed. Thus it needs a preliminary segmentation

to generate these channels of propagation by separating the tissue parts and non-tissue

parts. Here, we optimised the popular level-set formulation by Chan and Vese - Active

contour without edges (ACWE) (Chan et al., 2001b).

A B

Figure 6.15: Enhancement of a test region from CT prior to levelset segmentation.

The 3D block (A) After colour normalisation and contrast stabilisation. (B) After 3D

coherence enhancing anisotropic diffusion filtering and linear contrast stretching.

Figure 6.15 illustrates the image enhancement steps performed on a typical 3D test

volume (refer to Figure 6.12) cut from the CT region. At first the raw images are pre-

processed in a series of operations as discussed in Chapter 3, to standardise the set of im-

age planes (see Fig 6.15A). The contrast between myocardium and extra cellular region

is further enhanced using coherence enhancing anisotropic diffusion filtering (Weickert,



6.3. Quantification of atrial structural anisotropy 127

1998) and linear contrast stretching (see Figure 6.15B). Then the optimisation parame-

ters are carefully selected so that the level-set segmentation provides robust separation

between the conducting and non-conducting parts in the 3D image volumes.

The energy functional that we are trying to minimise in the current formulation of

active contours is a generalised form of the original Mumford-Shah functional (Mumford

et al., 1989; Chan et al., 2001a).

E(φ) = µ(

∫
Ω
|∇H(φ)|dx)P+ν

∫
Ω
H(φ)dx+λ1

∫
Ω
|I−c1|2H(φ)dx+λ2

∫
Ω
|I−c2|2(1−H(φ))dx

(6.1)

Here, I is the image under consideration, Ω is the domain of the image, φ is the Level-Set

Function (LSF), H is the smooth implementation of Heaviside function as introduced

by Chan and Vese (Chan et al., 2001b) , c1 and c2 are the mean values in the re-

gions where φ ≥0 and φ <0 .

3D Segmentation outputs are optimised by varying the set of parameters - µ, ν, λ1, λ2 and

p. For instance, original Mumford Shah functional can be deduced from this formulation

by setting p = 1, ν = 0, and λ1 = λ2= 1.

µ and ν control the penalty on contour length and area enclosed by the contour respec-

tively. Heavily weighting this term would cause the algorithm to ignore certain com-

plex boundaries to minimise the total length (or area enclosed). That means, a higher

penalty causes some of the tissue connections to be ignored in the final segmentation,

while reducing the penalty too much could add much more couplings than there are

actually. λ1 and λ2 allows to control the level of variance of pixel intensities within the

foreground and background. These parameters are usually set as 1 if there is no clear

prior information about the variance levels in the potential foreground and background.

However, their values can be adjusted to weight one part heavier than the other. De-

pending on the weights, the final segmentation will allow to have more pixel intensity

variations within one region compared to the other.

In the current dataset, we tried to optimise the parameters µ , λ1and λ2. Figure

6.16 shows the segmentation of the 3D test region. The parameter set [µ=0.1, λ1
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A B

C D

E

Figure 6.16: Level-set segmentation of 3D test region. (A) The enhanced 3D volume

to be segmented (B) A view of orthogonal slices from (A). (C) A representative slice

from the enhanced 3D volume (D) The representative slice after segmentation (E)

Segmented 3D test region.
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=1,λ2=1] is selected since they are observed to give an optimal separation between

tissue and non-tissue parts.

This method is repeated to segment other 3D test regions also.

6.3.1.2 Fast Marching Method

Fast marching method (FMM) shares the theory and numerical methodology with the

level-set methods. Both these techniques for tracking the moving interfaces were devel-

oped by Sethian in the 1990’s (Osher et al., 1988; Sethian, 1996; Sethian, 1999). FMM

tracks the evolution of an expanding wavefront by solving the eikonal equation, which

describes motion of the front at any location as:

‖ ∆T (x) ‖ F (x) = 1 (6.2)

where T - time of arrival of the wavefront at any point x

F - speed of the wavefront at point x (F is always non-negative)

In simple terms, FMM records the time when the expanding wavefront “touches”every

point in the traversable space. For unit speed evolutions, the arrival time also corre-

sponds to the distance. As a result, it gets the fastest path of travel between a starting

point and the target point and estimates the time taken to travel between those locations.

FMM is used frequently in a wide variety of fields like medical image processing, motion

tracking, tomography, path planning, seismic image analysis, computer chip designing

and robotics. More details on the history and implementation of FMM can be found

elsewhere (Yatziv et al., 2006; Baerentzen, 2001; Sethian, 1999; Sethian, 1996).

In this work, we used the arrival times computed by FMM to probe the effects of

anisotropic connectivity between adjacent bundles of tissue. This is done by extending

this approach to 3D tissue volumes. Here, FMM is used to simulate an isotropic propa-

gation of a wavefront through the segmented 3D image volume capturing the anisotropy

resulting from the extent and nature of coupling between the myofibre bundles.

Initially, a test was carried out to confirm that the Fast Marching algorithm used (Peyre,

2011) was not biased by the width or orientation of 3D pathways in which propaga-

tion occurred. Times for wavefront propagation in synthetic pipe-like structures with
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different dimensions and orientations were computed and results are tabulated in Ta-

ble 6.1. The “velocity”was acceptably invariant demonstrating that this approach can

be used to estimate the contribution of heterogeneous electrical coupling on the 3D

spread of electrical activity.

Using this approach, wavefront propagation was simulated for all the segmented 3D test

domains. Figure 6.17 shows a sample time-of-arrival map from fast marching performed

on the 3D test region segmented in the previous section.

width orientation d (distance travelled) t (travel time) Velocity (v=d/t)

10

0
480 0.96 500
240 0.48 500

45
678 1.36 499
339 0.68 499

90
480 0.96 500
240 0.48 500

135
678 1.36 499
339 0.68 499

30

0
480 0.96 500
240 0.48 500

45
678 1.34 506
339 0.67 506

90
480 0.96 500
240 0.48 500

135
678 1.34 506
339 0.67 506

50

0
480 0.96 500
240 0.48 500

45
678 1.33 509
339 0.66 513

90
480 0.96 500
240 0.48 500

135
678 1.33 509
339 0.66 513

Table 6.1: Fast Marching tests: Effect of variations in structural dimensions and

orientation on propagation velocity.

6.3.2 Results: Spatial variation of structural anisotropy in atria

In this section, structural anisotropy is quantified in the representative atrial subregions

identified in section 6.2.4 - septum, CT, BB and LA wall. Prepocessed 3D volumes from

these regions were extracted and 3D level-set methods (see section 6.3.1.1 ) were used

to identify the cellular and extracellular domains. Fast marching was initiated from
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Figure 6.17: 3D Fast Marching : Time of arrival map generated by simulating the

propagation of wavefront from the centre of the segmented 3D tissue domain shown in

Fig 6.16(E).

seed points within the cellular domain in each subregion and the propagation of this

wavefront was used to characterise 3D coupling in the cellular domain. Propagation

initially spread uniformly from the seed point. It advanced within the cellular domain,

but was blocked by extracellular structures. This replicates the effect of coupling between

adjacent bundles of myofibres on electrical propagation, but does not account for the

inherent anisotropy of electrical propagation at the myofibre level (transverse isotropy

with CVaxial 2-3 times faster than transverse to the axis). The anisotropy of 3D coupling

in the cellular domain was characterised by eigenanalysis of the isochrones generated by

the fast marching protocol and visual inspection of these isochrones.

2D views of the 3D isochrones generated in the four representative subregions are pre-

sented in Figures 6.18-6.22. In each, three orthogonal planes centred at the site of

stimulus (red dot) are displayed with respective isochrones. These are initially spher-

ical, but propagation is constrained when it meets extracellular boundaries. The re-

sults of eigenanalysis of isochrones at regular intervals throughout the fast marching

protocol are presented in Table 6.2. Relative values of the eigenvectors indicate pre-

ferred directions of spread, and the uniformity of propagation can be inferred to some



132 Chapter 6. Atrial myofibre architecture and structural anisotropy

Y

X

Z

0

100

100
 60

A

B

X

Y

Z

            0                      1                     2
              Propagation increments x10⁴  
            

Figure 6.18: Fast marching propagation to identify 3D distribution of electrical cou-

pling between myofibre bundles in subvolume from inter-atrial septum: A) Left- voxel

dimensions of subvolume; Middle- myofibres (grey) and extracellular domain (white) on

outer surfaces of subvolume; Right – myofibres and extracellular domain on orthogonal

planes intersecting propagation seed point (red). Propagation from centre of block. (B)

Left hand panel – Blown up view of orthogonal planes above in X (y-z plane), Y (x-z

plane) and Z (x-y plane); Right hand panel – propagation isochrones in these planes

with segmented extracellular domains shown in grey. Isochrone colour map indicates

fast marching increments.
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Figure 6.19: Fast marching propagation to identify 3D distribution of electrical cou-

pling between myofibre bundles in subvolume from inter-atrial septum: A) Left- voxel

dimensions of subvolume; Middle- myofibres (grey) and extracellular domain (white) on

outer surfaces of subvolume; Right – myofibres and extracellular domain on orthogonal

planes intersecting propagation seed point (red). Propagation stimulated away from

centre of block. (B) Left hand panel – Blown up view of orthogonal planes above in X

(y-z plane), Y (x-z plane) and Z (x-y plane); Right hand panel – propagation isochrones

in these planes with segmented extracellular domains shown in grey. Isochrone colour

map indicates fast marching increments.
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Figure 6.20: Fast marching propagation to identify 3D distribution of electrical cou-

pling between myofibre bundles in subvolume from CT: A) Left- voxel dimensions of

subvolume; Middle- myofibres (grey) and extracellular domain (white) on outer sur-

faces of subvolume; Right – myofibres and extracellular domain on orthogonal planes

intersecting propagation seed point (red). Propagation from centre of block. (B) Left

hand panel – Blown up view of orthogonal planes above in X (y-z plane), Y (x-z plane)

and Z (x-y plane); Right hand panel – propagation isochrones in these planes with

segmented extracellular domains shown in grey. Isochrone colour map indicates fast

marching increments.
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Figure 6.21: Fast marching propagation to identify 3D distribution of electrical cou-

pling between myofibre bundles in subvolume from BB: A) Left- voxel dimensions of

subvolume; Middle- myofibres (grey) and extracellular domain (white) on outer sur-

faces of subvolume; Right – myofibres and extracellular domain on orthogonal planes

intersecting propagation seed point (red). Propagation from centre of block. (B) Left

hand panel – Blown up view of orthogonal planes above in X (y-z plane), Y (x-z plane)

and Z (x-y plane); Right hand panel – propagation isochrones in these planes with

segmented extracellular domains shown in grey. Isochrone colour map indicates fast

marching increments.
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Figure 6.22: Fast marching propagation to identify 3D distribution of electrical cou-

pling between myofibre bundles in subvolume from anterior wall of LA: A) Left- voxel

dimensions of subvolume; Middle- myofibres (grey) and extracellular domain (white) on

outer surfaces of subvolume; Right – myofibres and extracellular domain on orthogonal

planes intersecting propagation seed point (red). Propagation from centre of block. (B)

Left hand panel – Blown up view of orthogonal planes above in X (y-z plane), Y (x-z

plane) and Z (x-y plane); Right hand panel – propagation isochrones in these planes

with segmented extracellular domains shown in grey. Isochrone colour map indicates

fast marching increments.
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extent from the stability of sequential results. This analysis breaks down when the

wavefront reaches the edge of a subvolume or when propagation within the subvol-

ume is nonuniform, as is the case when there is tortuous conduction between adjacent

sparsely connected groups of myofibres.

Figure 6.18 shows propagation in subregion from the centre of a subvolume from the

interatrial septum. The fibre orientation maps in Figure 6.8D&E, show a substantial

population of myofibres toward the centre of the septum with ∼ 80 ◦ orientation to

the valve plane. Large bundles of myofibres with this orientation are also observed in

Figure 6.18 (myofibre orientations in this subvolume are also presented in Figure 6.11).

These bundles are separated by an extensive extracellular domain of fibro-fatty tissue.

The 2D isochrones in Figure 6.18B show preferential initial spread along the axis of the

bundles with delayed lateral spread to adjacent bundles. This anisotropy is captured

by the eigenvector ratios tabulated in Table 6.2 with average λ1:λ2:λ3 ratios for the

first 3 intervals of 2.61:1.63:1.0. Eigenanalysis cannot be applied subsequently because

propagation reaches the bottom face of the subvolume. However, the following isochrones

indicate nonuniform propagation within the subvolume. For example, the large myofibre

bundle in the upper right-hand corner of the Z plane in Figure 6.11B is relatively close

to the stimulus site, but is activated only after ∼ 1.8 × 104 propagation increments.

This is much later than would be predicted from the initial anisotropy estimates and

reflects tortuous conduction between bundles within the limited subvolume considered.

To check the dependence on stimulus site, a second stimulus was applied away from

the centre of the block and the results are shown in Figure 6.19. Initial estimates of

anisotropy and extent of delay have features in common with the previous example;

average λ1:λ2:λ3 ratios for the first 3 intervals are 1.83:1.55:1.0. This is consistent

with relatively uniform initial propagation in the well-coupled cells around the stimulus

site, but delayed spread across the extensive extracellular domain to the left of this

point. Again the limited lateral connections of myofibre bundles across this domain are

reflected by the nonuniform and evidently tortuous late propagation in Figure 6.19B.

While this result is certainly amplified by the limited dimensions of the subvolume

considered, these results demonstrate how the arrangement of myofibres in the inter-

atrial septum and limited lateral coupling between myofibre bundles impede the direct

spread of activation through the septum from left to right and vice verse.

This analysis was repeated in a subvolume from the RA near the junction between
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CT and BB (see Figure 6.12) and the results are presented in Figure 6.20. Individual

myofibre bundles are separated by an extensive extracellular domain and their orienta-

tion changes progressively within the subvolume (see X and Y planes in Figure 6.20B).

Within the bundles, the propagation is orthotropic and the anisotropy ratios are com-

puted and tabulated in Table 6.2. Notable delay is observed between adjacent groups

of fibres and the 3D block has bundles which remain obviously disconnected over rela-

tively large distances. Although there are some connections between bundles, they are

not distributed uniformly within the block. This non uniformity is evident in the 2D

illustrations also. Therefore, the lateral spread of propagation is very slow although

propagation along fibre direction is faster.

Figure 6.21 presents a corresponding analysis for a subvolume from the BB (see Figure

6.13). Here myofibres are oriented uniformly and are approximately normal to the

X plane in Figure 6.21B. The isochrones in orthogonal planes have a very uniform

pattern and their spread is relatively isotropic. Average λ1:λ2:λ3 ratios are 1.38:1.24:1

indicating that coupling is uniformly distributed throughout the subvolume with slightly

greater axial than lateral coupling.

Very similar properties were observed in the subvolume from the anterior LA wall (see

Figure 6.22). Here the spread of the isochrones generated by the fast marching protocol

is even more uniform and isotropic than for the BB, with average λ1:λ2:λ3 ratios equal

to 1.22:1.12:1. 3D visualisation of fibre orientations in Figure 6.14 in this subvolume

indicates that the LA wall in this region consists of two distinct layers of myofibres

oriented at ∼ 90 ◦ to each other. The anisotropy analysis shows that there is exten-

sive coupling of myocyte bundles throughout the wall including the interface between

inner and outer layers of myofibres.

6.4 Discussion

Structure based computer models of electrical function in atria have been developed

to investigate the mechanisms driving the initiation and maintenance of atrial rhythm

disorders. Atrial structural anisotropy is incorporated in these models to account for the

effects of anisotropic conduction properties on the propagation of electrical activation.

The approach most commonly adopted is to characterise the 3D orientation of muscle
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Septum 1 Septum 2 CT BB LA Wall

*PIX λ1/λ2 λ2/λ3 λ1/λ2 λ2/λ3 λ1/λ2 λ2/λ3 λ1/λ2 λ2/λ3 λ1/λ2 λ2/λ3

0.1 1.34 1.96 1.06 1.63 1.62 1.62 1.07 1.26 1.06 1.02

0.2 1.71 1.6 1.27 1.48 1.92 1.47 1.15 1.28 1.06 1.08

0.3 1.77 1.33 1.2 1.53 1.27 1.5 1.15 1.2 1.17 1.28

0.4 1.11 1.25

0.5 1.15 1.14

0.6 1.18 1.08

Mean 1.60 1.63 1.18 1.55 1.60 1.53 1.12 1.24 1.09 1.12

Table 6.2: Quantification of structural anisotropy in 3D test regions across atria.

* PIX= Propagation increments ×104

cells in the atria and to assume axial anisotropy, with uniform electrical properties in

the plane transverse to the myofibre direction(Schotten et al., 2011; Dossel et al., 2012;

Trayanova, 2014). However, this is a continuum representation that does not consider

the fact that atrial myocardium is neither uniform nor continuous.

In this chapter, we describe a robust multi-scale method developed to quantify myofi-

bre orientation in high resolution 3D images of the atria and outline a novel method

for estimating coupling between myofibre bundles in atrial subregions. We argue that

this provides a powerful way of extracting a realistic network representation from 3D

images of atrial microstructure.

In section 6.2, 3D myofibre orientation was estimated throughout the sheep atria using

structure tensor analysis. Inclination and transverse angles(Zhao et al., 2012; Zhao

et al., 2013) were measured with respect to the imaging plane (which coincided with

AV valve rings) across a range of spatial scales. Both angles were verified by direct

comparison with microstructure in corresponding viewing planes using a visualisation

model(Puspoki et al., 2016) adapted for the purpose.

The results presented in section 6.2.3 demonstrate that 3D myofibre arrangement is

faithfully reconstructed using structure tensor analysis at a spatial scale of 125 µm pro-

vided that artefacts introduced by inter-slice variation in staining intensity are removed.

The fact that this scale is optimal for extracting information on 3D microstructural

architecture is not surprising. The structure tensor characterises image intensity gra-

dients within an image subvolume and eigen-analysis is used to identify the principal

directions of these gradients. In these images, the gradients are due to differences in

intensity between myocytes and extracellular space. Since the dimension of isotropic
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voxels acquired by our imaging system is 25 µm, individual cells are not resolved well

in 3D. Furthermore, independent of scale, the largest gradients in these atrial image

volumes are associated with groups or bundles of cells and these are captured reliably

at a scale of 125 µm. These assertions can be tested in this dataset because we acquired

individual images at 6.25 µm x 6.25 µm. Individual cells can therefore be visualised

in 2D and the accuracy of transverse orientation estimates returned by structure ten-

sor analysis may be directly assessed. Visual comparison at this scale and with 3D

microstructure at 25 µm x 25 µm x 25 µm confirms the accuracy of the myofibre ori-

entations identified in this study. Finally, specific measures introduced in the image

pre-processing stage enabled us to minimise inter-slice variations in staining intensity

and faithful 3D myofibre orientations were extracted.

The analysis of this dataset reinforces the view that atrial myocyte architecture is an

assembly of myofibre bundles with predictable organisation in specific anatomic regions

– CT, inter-atrial septum, BB, PV junctions and LA roof, atrial appendages, AV ring.

However, while there are clear differences in myofibre arrangement in inner and outer

walls of atrial chambers and appendages, the systematic variation of transmural myofi-

bre orientation seen in the ventricles is not replicated in the atria. Instead, the myofibre

orientation across extensive intramural regions is much more consistent, with abrupt

changes in adjacent regions. Section 6.2.4 presents a detailed analysis using represen-

tative atrial subregions from interatrial septum, CT, BB and anterior wall of LA. The

graphs of intramural inclination angle variation generated in these subregions display

the heterogeneous nature of atrial myofibre organisation. Abrupt variations in incli-

nation angle are spotted in subsections from septum and anterior LA wall. Subregion

from CT displays slow and uniform variation while the angles in the volume from BB

region are consistent around 0 ◦. Subsection from septal region contains large bundles

separated from each other by fibro-fatty formations while the LA wall volume shows

a layered arrangement of two fibre bundles. The extent of coupling at the interface

between regions is not clear from this section.

These results are consistent with previous studies from our laboratory(Zhao et al., 2012;

Zhao et al., 2013) in which geometry and myofibre orientation were quantified in the

normal sheep atria using similar methods. In the present work, we have studied a sheep

with LA dilatation as a result of pacing-induced heart failure and have imaged the com-

plete atria. Different tissue stains were used (May-Grünwald stain vs Toluidine blue) and
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imaging resolution was significantly greater (6.25 µm x 6.25 µm in 25 µm steps vs 8.33

µm x 8.33 µm in 50 µm steps). In the earlier work, an unexpectedly large population of

fibres with inclination angles of 0 ◦ presented a significant issue. Also, it was not possible

to estimate myofibre orientations throughout the atrial wall. The results of present study

suggest that both these issues were due to the artefacts created by contrast differences

between image planes. This was circumvented here by contrast stabilisation in the im-

age pre-processing stage, which enabled us to obtain more uniform regional orientation

estimates throughout the atrial wall. This is the first time that atrial 3D microstructure

orientation has been studied at this level of detail as far as we are aware.

The results presented here also correlate well with previous findings reported with a

variety of different approaches. These include qualitative descriptions of atrial fibre ar-

chitecture derived from macro-anatomic studies(K. Wang et al., 1995; Ho et al., 2002; Ho

and Sanchez-Quintana, 2009), as well as more detailed studies using contrast-enhanced

µCT(Aslanidi et al., 2012; Varela et al., 2016; Zhao et al., 2016) and DTMRI(Bernus

et al., 2015; Hansen et al., 2015; Zhao et al., 2017). A problem here is that for large

hearts, high resolution estimates of myofibre orientation can be obtained in a relatively

limited number of high energy µCT scanners or high field MRI systems that will han-

dle specimens of this scale. An alternative approach has been to fit myofibre fields

to 3D atrial geometry using rule-based methods based on anatomic observation (See-

mann et al., 2006; Krueger et al., 2011) or by merging representative high field DT

MRI data sets(Pashakhanloo et al., 2016; Aronis et al., 2019) with atrial geometry

acquired in vivo with clinical scanners.

Estimation of orientation angles is usually combined with tractographic reconstruction

using a fibre tracking approach(Zhao et al., 2012; Zhao et al., 2013; Pashakhanloo et al.,

2016). Though computationally expensive when applied on realistic data, such tech-

niques enable visual comparison of fibre orientation between multiple datasets as noted

in various studies(Pashakhanloo et al., 2016; Aronis et al., 2019). The requirement

that myofibres follow a continuous path also provides an additional smoothing con-

straint when data are scattered. Finally, it enables fibre orientation data to be merged

more easily with associated atrial geometry. However, we dispute the view that re-

alistic descriptions of 3D atrial myocyte architecture can be based on local estimates

of myocyte orientation alone. Atrial (and ventricular) myocardium are complex net-

work structures that exhibit discontinuity at a range of spatial scales. At the cell level,
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myocytes branch and connect with adjacent myocytes to form bundles of cells organ-

ised by an associated connective tissue network. At a larger scale, bundles branch and

combine with adjacent bundles. The extent of this lateral connection determines the

spread of electrical activation transverse to the myofibre axis and this information is

directly available from our high-resolution structural images. This is not the case in

DTMRI which is based on a mapping of the most rapid diffusion of water molecules

along the myocyte axis. For these reasons, we have opted not to perform complete fibre

tracking on our fibre orientation dataset.

In section 6.3, we sought to characterise the nature and degree of structural connectivity

between bundles of atrial myofibres. This study provides information on the way in which

atrial microstructure may influence the regional spread of electrical activation that has

not previously been available. Here, we used an image-based propagation model in

representative regions throughout the atria. At first, the connected 3D regions were

enhanced using anisotropic diffusion filtering(Weickert, 1998). The path representing

the myofibre network was identified using level-set segmentation(Chan et al., 2001b)

and the network connectivity was characterised using a simple fast marching(Sethian,

1999; Adalsteinsson et al., 1995) propagation initiated from different seed points within

the network. These methods were validated by visual inspection at each stage.

In section 6.3.2, we have used these methods to demonstrate that coupling between my-

ofibre bundles varies substantially in different atrial regions. For instance, sparse lateral

coupling in the inter-atrial septum impedes transverse spread of fast marching propaga-

tion and it is likely that this structural anisotropy impedes electrical propagation between

RA and LA via the septum. On the other hand, the CT forms a junction with BB in the

vicinity of septum which appears to direct electrical activity towards BB. The uniformly

anisotropic coupling in BB provides a fast pathway for communication between RA and

LA. Similarly, the well-connected nature of adjacent bundles in the anterior LA wall

facilitates uniform electrical propagation in that region. This result is a bit surprising

as this particular region was earlier (see section 6.2.4) observed to be made of two fibre

bundles travelling in different directions. Better coupling between these adjacent fibre

bundles must have contributed positively to the unexpected uniform spread.

Additionally, the results in section 6.3.2 suggest an improvement to the conventional

ways of developing computer models of atrial electrical activation. The local variations
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in structural anisotropy may be mapped to the conduction properties of electrical ac-

tivation models. For instance, the electrical conduction properties could be evaluated

directly with an appropriate Eikonal propagation function as shown here. Using the net-

work identification methods employed here, it may be possible to extract local electrical

properties from high resolution images of 3D structure. This is a particularly novel

and potentially important development of our research. We propose that a network

type model like this, is suitable for regions exhibiting tortuous propagation. Among

the subregions considered in our study, the sections from septum and CT will benefit

from this approach. Alternately, structural influences on electrical properties could be

homogenised at a larger scale where propagation spreads more uniformly. The simplifi-

cation in this case will not have much impact on sections like those from BB and anterior

wall of LA. However, it is important to note here that inherent electrical anisotropy at

the cell level is around 2-3 times faster along the cell axis in uniformly connected groups

of cells than transverse to it. This is not incorporated into the fast marching algorithm

used here and it needs to be taken into account. The approaches outlined in this chapter

provide a methodological framework for developing such techniques.

Functional studies in animal and human atrial models have demonstrated rapid propa-

gation via the CT and BB, and slow propagation and block directly across the interatrial

septum. It has also been argued that there is electrical isolation between endocardial

and epicardial layers of the LA and LAA in AF (Schotten et al., 2011). These find-

ings have been related to expression of gap junctions and membrane ion channels, and

also to cell to cell electrical coupling. For instance, Saffitz (Saffitz et al., 1994) reported

greater coupling between adjacent cells in the CT than in ventricular myocardium, while

it has been argued that there is an insulating layer of connective tissue between RA and

LA. Our results about the coupling between bundles of fibres correlate well with these

well-established experimental findings.

Very little is known about how the 3D myofibre arrangement affects the electrical prop-

erties of the atria either in the healthy heart or as a result of structural heart disease.

The default approach has been to infer electrical properties at the microstructural level

from 2D images of cell architecture and gap junction distribution. As stated previously,

3D electrical properties have been modelled by introducing rotational anisotropy with

either uniform (Zhao et al., 2012) or heterogeneous(Zhao et al., 2013; Aslanidi et al.,

2013) electrical properties in the plane transverse to the myofibre axis. This is in line
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with the conventional approach which assumes that regional electrical properties are ho-

mogenous (or can be homogenised). However, the geometrical complexity of atria goes

against this assumption and the problems with this approach are particularly evident in

regions of tortuous conduction. Our approach goes one step further and puts forward

a solution in the form of network type models. Such models are already conceived for

ventricular image volumes. An image-based network model of the border zone adjacent

to a healed myocardial infarct in the left ventricle was created by members of our labo-

ratory(Rutherford et al., 2012) was used to study the effects of structural heterogeneity

on electrical activity in this region. In this case, Rutherford, Trew and co-workers em-

ployed a well-established cardiac cell membrane model so that the effects of structural

remodelling on impulse propagation and repolarisation kinetics could be investigated.

The current dataset is much more extensive than the tissue volume considered by those

earlier studies. Here, we have developed a robust and scalable image processing pipeline

required while working with such large scale image volumes.

Level set methods(Osher et al., 1988) follow the evolution of curves dynamically using

numerical techniques. It has been widely used in image processing to segment complex

3D structures in image volumes. In the context of tracking, fast marching method

(FMM)(Sethian, 1999; Adalsteinsson et al., 1995) is a computationally efficient option

to model the propagation of a wavefront. FMM solves the Eikonal equation and maps the

minimal cost pathways in accordance with the Huygen’s principle of wave propagation. It

has been used to characterise networks and identify pathways within them. Applications

include tracking of white matter tracts in central nervous system(Parker et al., 2002b;

Parker et al., 2002a; Jbabdi et al., 2008; Staempfli et al., 2006), identification and

extraction of tubular structures such as coronary artery networks, retinal vessel networks

etc. (D. Jia et al., 2019; Kaul et al., 2011; D. Chen et al., 2016). We have shown here

that these numerical methods could be used to construct network representations of 3D

myofibre organisation in the atria and to estimate regional electrical connectivity.

Furthermore, we argue that an Eikonal model that replicates the inherent axial

anisotropy of propagation at the cell level could be used to evaluate regional electrical

properties. This is an interesting inversion of more traditional uses of Eikonal equations

to model propagation in the heart(Franzone et al., 1990; Franzone and Guerri, 1993;

Franzone et al., 1998; Jacquemet, 2010). In these earlier works, anisotropic electrical

properties were specified and the Eikonal method was used to simulate impulse
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propagation in complex cardiac activation problems where more complete models(Tung,

1978; Franzone et al., 2005) were not feasible. On the contrary, our approach proposes

to employ the Eikonal method as a means to compute local structural anisotropy.

As far as we are aware, this is the most comprehensive analysis of 3D structure in

the atria that can be easily evaluated. In comparison with the previous studies, the

mental effort involved in picturising the results is significantly reduced by the particular

visualisation model adapted in this work. We have refined image analysis methods and

developed a powerful new approach of deriving information about structural coupling

in atrial myocardium from high resolution volume images. This information guided

us to the measurement of local anisotropy in atria based on the underlying structure.

Instead of using the Eikonal solution as a way to predict the propagation of activation

wavefront, our approach brings out its potential to obtain the details of tissue anisotropy.

These results are pointing to a different way of modelling electrical activation in atria,

whereby these anisotropy and orientation details could be used in association with the

widely used reaction-diffusion models.

The current study has certain limitations. Firstly, we note that it is limited to a single

dataset. The work associated with acquisition of this image volume and the develop-

ment of the image analysis platform has prevented wider application within this research

project. However, the methods established here are generalizable. While myofibre orien-

tation was estimated throughout RA and LA, the analysis of 3D structural coupling was

restricted to a set of representative atrial sites. The methods outlined are novel. The

results presented here have established that they can be applied more widely and could

provide a computational framework to do this. Finally, in this work we could not con-

duct much investigations about impact of fibrosis since fibrotic content was much more

sparsely distributed in this dataset than expected initially. The local structure varia-

tions and the associated effects on structural anisotropy are expected to be much more

pronounced in the presence of fibrosis resulting from heart disease. For instance, fibro-

sis could disrupt the coupling between adjacent myofibre bundles travelling in different

directions. This could result in massive changes to the nature of electrical propagation

in that region. Such investigations are reserved for a later study.

To conclude, the methods described in this chapter run over the entire atria generating

reasonable estimates of myofibre orientation and structural anisotropy. This study un-
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derscores the structural differences between the ways in which myofibres are arranged in

atria and ventricles. Atrial fibre organisation involves much more local variations than

what is observed in ventricles and this needs to be taken into account while modelling

atrial electrical activation. In this work, existing techniques are fine-tuned to generate

more realistic data for such models. The fast marching technique which is used here for

tracing the connectivity could be applied to fibre tracking(Staempfli et al., 2006; Dargi

et al., 2007) as well. This presents an option to unify both these computations – fibre

orientations and conduction anisotropy - under the same framework. We expect that

the data refined by these methods will improve the current atrial modelling pipelines

and will make them more consistent with the underlying structure. It will be interesting

to see how the effects of heart disease modulate the layered arrangement and structural

heterogeneity in atria. The methods developed in this chapter could be applied for such

comparative studies involving control and diseased atria.
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Conclusion

Image-based computer models are increasingly being used to investigate how the changes

in 3D atrial architecture which occurs in various forms of heart disease affect electrical

activation of the atria (Schotten et al., 2011; Trayanova, 2014). Recent studies focus on

the identification of mechanisms behind longstanding rhythm disorders and optimisation

of percutaneous ablation strategies that are used to treat them (January et al., 2019;

Marrouche et al., 2018). If such models are to provide a reliable framework for guiding

therapeutic intervention, they must capture key aspects of 3D atrial geometry, myofibre

organisation and regional electrical properties that give rise to electrical dysfunction. At

this point, the extent to which existing image-based models meet this specification is

uncertain. The overarching objective of the work outlined in this thesis was to provide

an image-analysis platform which would enable us to develop detailed models of atrial

structure of comparable scale to that in the human heart.

Specific objectives of the work were to:

1. Acquire stacks of 2D images of complete large animal atria at a resolution sufficient

to identify individual myocytes.

2. Reconstruct 3D atrial surface geometry.

3. Automatically segment atrial tissue types (muscle cells, fat and connective tissue)

contained within the segmented geometry in a fast and efficient way.

4. Construct a robust and complete description of atrial muscle fibre architecture and

quantify the extent of transverse coupling between adjacent muscle fibre bundles.

147
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We have extracted detailed information about atrial tissue architecture from an extensive

volume of high resolution images of the sheep atria. An integrated suite of image analysis

methods were then adapted to achieve specific objectives 2) to 4) above. To the best of

our knowledge, this is the most comprehensive data set on 3D atrial anatomy and tissue

architecture currently available. Furthermore, this work provides novel insights about lo-

cal variation in transverse coupling between myofibre bundles in the atria that could lead

to improved representations of regional electrical properties in atrial myocardium.

This chapter starts with a brief summary of what has been achieved and then discusses

the importance of these findings, their limitations and potential future work.

7.1 Summary of the research

Acquisition of high-resolution images that capture key features of 3D atrial structure

is necessary for the development of realistic computer models of normal and aberrant

electrical function in the atria. The image volume analysed in this thesis was acquired

from a sheep atria with pacing-induced heart failure and consequent LA dilatation (see

Chapter 3 for further detail on tissue procurement and image acquisition). In brief, the

upper surface of the wax-embedded atria was briefly exposed to the fast-acting May-

Grünwald dye (Yassi et al., 2010), which stains myocytes green, collagen purple and fat

yellow. It was then imaged, planed to a depth of 25 µm and the process was repeated.

This provided a registered image volume at a resolution of 6.25 µm x 6.25 µm x 25 µm

with excellent tissue contrast, enabling individual atrial myocytes to be distinguished in

2D image sections. An earlier study from our laboratory had acquired a similar dataset

for a normal sheep atria at slightly lower resolution (8.33 µm x 8.33 µm x 50 µm) using

Toluidine blue stain (Zhao et al., 2012; Zhao et al., 2013). Other imaging modalities

have been used to reconstruct 3D atrial tissue architecture. High resolution MRI (Bernus

et al., 2015; Zhao et al., 2017; Pashakhanloo et al., 2016; Hansen et al., 2015) does not

provide sufficient resolution and µCT (Varela et al., 2016; Zhao et al., 2016; Aslanidi

et al., 2012) is constrained by limitations in tissue contrast. While epi-fluorescent con-

focal microscopy (Sands et al., 2005) can exceed requirements on both resolution and

contrast, there are problems with delivering appropriate labels and imaging throughout

such large tissue volumes. The serial block face imaging approach used here provides the

right balance between resolution and tissue contrast and has enabled us to acquire an
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extensive, but manageable structural dataset for the complete sheep atria. That said,

this approach was painstaking and has limitations that are considered below.

Manual staining of the surface with serial block face imaging can lead to marked vari-

ation in colour intensity and contrast between successive image sections. This adds

considerable “noise”in the contrast gradients introducing problems with both image

segmentation and error in structure tensor analyses. Specific pre-processing steps were

designed to overcome these artefacts. We used colour normalisation in the LAB colour

space (Reinhard et al., 2001) to limit artefact due to colour variation within sections.

In addition, a simple, but effective, high-pass filter was developed to minimise intensity

variation between sections. While mild blurring was introduced, gradient information

was preserved well across the dataset following this pre-processing step.

A multi scale geometric segmentation approach was developed to identify the atrial

surface geometry from the background containing wax and other artefacts. The specific

attributes of this dataset (see section 4.2) presented a non-trivial segmentation problem.

As the primary focus of this project is an extensive analysis of atrial tissue architecture,

we wanted to keep the high contrast tissue structure intact in the segmented geometry

while retaining the best possible contour accuracy. The pre-segmentation operations

used the various features - colour, edge and texture - of images to clear most of the

background details. Most of the atrial tissue contours were identified by these batch-

processing operations although minor corrections were needed at this stage to remove the

artefacts still present in the images. This had to be done at a lower scale to minimise the

effort involved. Then the lower scale topology of atrial chambers was identified using

a popular level-set approach (ACWE) (Chan et al., 2001b). Finally, the lower scale

masks were used to obtain the atrial topology at the original resolution. Although the

development of the method was a time consuming process, it proved to be fast and robust

once implemented. Level-set methods are widely used in image processing because they

are able to handle changes in complex topologies (Sethian, 1999). In this application,

we utilised this feature to identify and reconstruct epicardial and endocardial atrial

boundaries simultaneously. Pre-segmentation operations ensured robust operation of

level-sets throughout the dataset. Also, performing the segmentation at a lower scale

significantly reduced the computational cost without much impact on accuracy.

The tissue staining protocol used in this project was motivated by the need to charac-
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terise the distribution of tissue types, especially fibrosis. We preferred to have a fast and

robust method to segment the tissue types due to the unconventional image size and

extreme class imbalance. The widely used k-means clustering in CIELa*b* colour space

was optimised, based on the distribution of tissue colours. A novel approach was devel-

oped to initialise the cluster centres, which ensured robust clustering results across the

entire dataset. The data generated by this simple yet unsupervised method is potentially

useful for training more advanced techniques based on supervised learning.

Finally, it was possible to extract information from the image volume on both my-

ofibre orientation and transverse coupling between fibre bundles. This is discussed in

greater detail in the next section.

7.2 Novel outcomes

A key outcome of the work completed for this project has been the development of a

multi-scale image analysis platform for quantifying 3D geometry and myocardial archi-

tecture in the atria. The specification of structural models appropriate for investigating

the electrical behaviour in the normal atria or following pathological remodelling is an

inherently scale-based problem. Myofibre orientation reflects structural organisation at

the cell scale, whereas the extent and nature of transverse anisotropy depends on elec-

trical coupling between bundles of adjacent cells and is a tissue property expressed at

a somewhat higher spatial scale. Likewise, boundary geometry needs to be represented

at a spatial scale consistent with electrical behaviour under consideration.

The multi-scale framework for representation and analysis of atrial anatomy also enables

more efficient and accurate segmentation of structure. For example, level-set segmenta-

tion of boundary geometry at higher spatial scale provides robust operator-independent

boundary estimates, which could be used for algorithms that track more complex edge

features. Appropriate scale-based eigen-analysis of the structure tensor is also essential

for minimising noise when estimating myofibre orientation; for coherent data the scale

should match or exceed cell dimensions (∼ 100 µm).

An important new output of this work has been to use well-established 3D image process-

ing tools to map pathways for electrical propagation at the tissue level, thereby providing

a more objective basis for estimating regional electrical properties. This approach has
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not been used before, for atrial myocardium, in particular. Here, the conventional ap-

proach has been to assume that local electrical properties are uniform and transversely

isotropic and to use homogenised data from a limited number of experimental studies

to introduce differences between atrial regions (for example, higher axial CV and axial

anisotropy are commonly assigned to Bachmann’s bundle (BB) and the CT than to

the atrial free wall). We have enhanced myocyte bundles in tissue segments using an

anisotropic diffusion filter and have segmented connected bundles in these volumes with

level-set methods. Finally, the arrangement of this 3D coupling has been probed using a

fast marching approach that replicates the spread of electrical activation from different

focal sources. This has enabled us to demonstrate that separation of adjacent myocyte

bundles by extensive layers of extracellular connective tissue in the inter-atrial septum

can give rise to tortuous propagation in this region with very slow transverse spread be-

tween right and left atrium. On the other hand, we have used the same methods to show

that intramural coupling is consistent with uniform activation spread across the anterior

LA wall, despite a rapid change in myofibre orientation toward the centre of the wall.

We believe that these approaches could and should be generalised to study the effects

of structural heart disease on electrical function in both the atria and ventricles.

7.3 Limitations

While serial block face imaging has provided a valuable data set with the appropriate

resolution, acquisition of data was painfully slow. Manual application of the histologic

stain introduced considerable variability in image intensity between sections which had

to be corrected. This necessitated development of pre-processing methods and it fur-

ther slowed down the entire process. Additional work can be significantly reduced by

automating the process at various stages. For instance, a line scan camera could be used

for continuous large format image acquisition instead of tiling multiple 2D image sec-

tions. In addition, significant attempts are currently being made towards development

of approaches that would prevent the need for manual staining. Possible alternatives

here are to develop an automated staining method using ink-jet printer technologies

or to perfusion stain the atria and then embed in black wax to minimise collection of

image information from below the block surface. Finally, at Liryc in Bordeaux block
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face imaging has been performed on large frozen blocks of perfusion-stained cardiac tis-

sue using a freezing macrotome and a camera equipped with a macro-lens. Here the

approach is similar to that used with black wax in that the image is primarily acquired

from the upper layer of the frozen block.

We have successfully developed a suite of multi-scale segmentation and analysis tools.

However, the execution of various processing steps was slowed down due to the absence

of a flexible scale-based 3D visualisation package. At various stages, we have used Amira

or purpose-developed 3D tools. In certain cases, we had to limit our analysis to selected

sub volumes. For instance, analyses of transverse coupling were carried out in specific

regions only. A comprehensive package capable of seamless pan and zoom visualisation

of large data volumes at low resolution or smaller volumes at high resolution would be

an important development for this and related studies.

7.4 Future work

The multi scale platform developed in this thesis can be extended further by adding

data acquired from a wider range of normal and pathological atria. This data set could

potentially involve ex-planted human atria and the techniques developed here will be

easily transferable for processing those images. However, the image acquisition methods

need to be made faster by automating the existing systems. Incorporation of auto-

matic controls will also reduce the image variability to further reduce the processing

times. The current study is motivated by the inadequacy of existing strategies followed

in treatment of longstanding atrial rhythm disturbances like persistent/ permanent AF.

We have demonstrated the ways to extract realistic structural details for creating or-

gan level computer models of large animal atria. Incorporation of these details into

organ level models of atria could lead to a better understanding of atrial arrhythmias.

Furthermore, the methods developed here are generalisable and could be extended to

ventricular modelling also. In the context of such larger scale volumes, development of

scalable visualization packages might also be useful.
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