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Abstract

Cardiovascular diseases (CVDs) are a major global health concern, re-
sponsible for more than a quarter of annual deaths (around 17.5 million).
Non-invasive dMRI models, like apparent diffusion coefficient and diffusion
tensor imaging, can assess changes in the myocardium due to CVDs. How-
ever, these models lack biophysical interpretations preferred by clinicians.
To address this, biophysical models are being developed to better under-
stand the myocardium’s microstructure. A virtual imaging framework is
essential to validate these models and analyze dMRI sensitivity to micro-
structural changes.

In this thesis, we present a virtual imaging framework to simulate dMRI
signals in cardiac microstructure and microvasculature. The framework in-
cludes a numerical phantom mimicking cardiac microstructure and a solver
for the generalized Bloch-Torrey equation, termed SpinDoctor-IVIM.

With the first objective, the morphometric study found no significant
difference (p > 0.01) between the volume, length, and primary and sec-
ondary axes of the simulated and real cardiomyocyte data from the liter-
ature. Structural correlation analysis confirmed that the in-silico tissue
shows a similar disorderliness as the real tissue. The absolute angle differ-
ences between the simulated helical angles (HA) and the input HA of the
cardiomyocytes (4.3◦ ± 3.1◦) closely match the angle differences reported in
previous studies using experimental cardiac diffusion tensor imaging (cDTI)
and histology (3.7◦ ± 6.4◦) and (4.9◦ ± 14.6◦).

With the second objective, the SpinDoctor-IVIM stands out for account-
ing for volumetric microvasculature during blood flow simulations, incor-
porating diffusion phenomena in the intravascular space, and considering
permeability between the intravascular and extravascular spaces, providing
more accurate and comprehensive results.

Overall, this thesis contributes valuable insights into the microstructure
and microvasculature of the myocardium, offering promising advancements
in studying CVD using dMRI. The developed virtual imaging framework is
a crucial step towards improving cardiac research based on dMRI.
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Chapter 1 : Introduction

1.1 Chapter summary

In chapter 1, the motivation for this project is explained, including the clinical im-
portance of cardiac microstructure imaging (1.2.1), the role of diffusion MRI (dMRI)
in cardiac microstructure imaging, as well as how modern virtual frameworks can be
used to facilitate developing and validating novel techniques for cardiac microstructure
imaging using dMRI models (1.2.2). Additionally, this chapter describes the problem
that this project seeks to address and the specific ways in which it will do so in 1.3.

1.2 Motivation

1.2.1 Confronting Cardiovascular Disease

Cardiovascular diseases (CVDs) are a significant global health concern that account
for more than one-quarter of all global deaths each year (∼ 17.5 million) Ezzati et al.
[2015]. Many CVDs such as hypertrophic cardiomyopathy (HC), myocardial infarction
(MI), and hypertensive hypertrophy (HH) are accompanied by physical changes to the
microstructure of the myocardium. These changes are called myocardial remodelling
and fall under different categories, as suggested by Bates [2016]:

1. Myocardial disarray is the first class of myocardial remodelling where a normal
arrangement of cardiomyocytes (CMs) is disorganised. This is common in HC
and HH;

2. Fibrosis is the second class of myocardial remodelling, characterised by collagen
replacing CMs, and is found in HC, MI, and HH;

3. The last type of remodelling includes capillaries, where the ratio between the
external and internal lumen diameters of capillaries increases.

Therefore, exploring changes in the myocardial microstructure is crucial for both
finding a diagnostic marker of diseases and also measuring treatment response to various
therapies. However, traditional invasive procedures used to assess tissue microstructure
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through biopsy and histology, which currently are the standard diagnosis routine for
most tissues, cannot be employed on the myocardial tissue. The use of non-invasive dif-
fusion magnetic resonance imaging (dMRI) techniques to study microstructural changes
in myocardium has become increasingly popular in order to understand how these
changes occur during the onset and progression of different types of cardiac pathology
Mekkaoui et al. [2017], Nielles-Vallespin et al. [2019].

1.2.2 Cardiac Microstructure Assessment via dMRI

dMRI techniques based-on Brownian motion of water molecules

dMRI is a physical measurement of the stochastic motion (Brownian motion) of water
molecules. During a typical magnetic resonance diffusion measurement, i.e., with diffu-
sion times of 10-100 ms, water molecules diffuse around 4-20 µm within the soft tissues
with a diffusivity of D = 1.5 µm2/ms Yu et al. [2017]. However, the motion of water
molecules is hindered and restricted in the cellular environment (Figure 1.1, cell level).
This creates the opportunity to investigate tissues at the microscale, enabling a more
in-depth study of pathological processes.

Apparent diffusion coefficient (ADC) was the first dMRI metric which served as
a gold standard for detecting brain strokes and ischemia Le Bihan and Breton [1985].
Later, in 1994, Basser et al. [1994] proposed diffusion tensor imaging (DTI) to quantify
the anisotropy of water diffusion in in-vivo biological tissues. Thus far, dMRI has
found widespread application in studies on neurodevelopmental disorders, neurodegen-
eration, and other neurological disorders Tae et al. [2018]. More recently, the applica-
tion of dMRI models in cardiology has gained the attention of clinicians and biomedical
researchers Mekkaoui et al. [2017], Nielles-Vallespin et al. [2019].

ADC, DTI, and diffusion kurtosis imaging are the most prominent dMRI phenomen-
ological models that reveal non-invasively some cumulative information about the tissue
microstructure. However, these models do not provide biophysical interpretations of
the dMRI signal, which clinical experts or cardiologists would prefer, in order to lever-
age the extracted information for diagnosis and clinical decision-making. The lack of
phenomenological models to characterize the biophysical parameters of the cells calls
the attention of researchers to develop biophysical models that could be used to probe
the underlying microstructure of the myocardium. This is enabled by the fact that
biophysical models are formulated based on certain approximations and assumptions,
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Figure 1.1: Accessing microstructure of tissue (cell level), an intermediate level between
MRI resolution and molecules levels, at the typical resolution of MRI scanner, at the
range of diffusion encoding time. Image with permission Novikov et al. [2016]

derived from biological information of the underlying tissue structure, in order to in-
terpret dMRI signals. Therefore, there is currently a strong demand for the generation
of both physical and numerical cardiac phantoms, in order to validate these assump-
tions and approximations. Nevertheless, few studies have explored the benefits and
challenges associated with designing virtual framework for the cardiac dMRI. First
part of this work aims to develop a workflow to generate a novel numerical phantom
representing myocardial microstructure. Compared with previous efforts, the proposed
framework introduces two main novel contributions:

1. it considers more realistic shapes for the CMs and consequently a realistic com-
plexity for the medium (relative to previous phantoms), by incorporating the
native probability density functions (PDFs) of CM shape parameters into the
numerical phantom.

2. it takes into account the effects of water exchange through the intercalated discs
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(ICDs) within the phantom on the dMRI signal.

dMRI techniques based-on both Brownian and transitional motions of water
molecules

Recent years have seen a surge in use of MRI-based perfusion imaging to assess tissue
microvasculature due to its non-irradiating process and superior signal-to-noise ratio
(SNR) compared to computed tomography Demeestere et al. [2020]. The most com-
mon techniques for perfusion imaging using MRI are dynamic susceptibility contrast
imaging, dynamic contrast-enhanced MR imaging, and arterial spin labelling. How-
ever, these imaging techniques have a number of limitations including ambiguity in
the interpretation of their predictions, a high SNR requirement, limited accessibility
to suitable agents, and limited spatial-temporal resolution that impede their use and
implementation in clinical settings Karampinos et al. [2010], Mou et al. [2017], Spin-
ner [2019]. In light of the limitations of conventional MRI-based perfusion imaging
techniques, intravoxel incoherent motion (IVIM) MRI, due to its endogenous nature,
is gaining more attention in the clinical setting. IVIM MRI is a dMRI-based technique
that allows blood perfusion assessment of the tissue Zhu et al. [2020]. IVIM refers to
the transitional displacement of the water molecules’ spins through microvasculature
within an MRI voxel during the measurement time Le Bihan [2019]. Consequently,
IVIM MRI is based on the fact that blood magnetization is dephased in the presence
of diffusion-encoding gradients due to non-coherent blood flow in the microvascular
network Le Bihan et al. [1986].

Being an endogenous contrast technique, providing local information about per-
fusion (excitation and readout are carried out in the same plane), and providing in-
formation about tissue microstructure (through the diffusion of water molecules in the
extra-vascular space) in addition to perfusion, are the main advantages of IVIM MRI
that make it suitable for clinical use Federau [2017]. For instance, recent literature on
IVIM MRI has revealed the feasibility of in vivo implementation of IVIM MRI using
the current clinical setting Federau et al. [2014b], Iima and Le Bihan [2016]. Further-
more, previous studies have indicated that IVIM MRI is sufficiently sensitive to capture
physiological and drug-induced changes in tissue perfusion Federau [2017].

Despite the in-vivo implementation of cardiac IVIM MRI Callot et al. [2003], De-
lattre et al. [2012], Moulin et al. [2016], because of the small volume fraction of the

4



1. INTRODUCTION
1.3 Aim and objectives

capillaries and cardiac motion, the reliability of IVIM MRI information in the in-vivo
heart is challenging. Consequently, uncertainties remain regarding the exact relation-
ship between the parameters of IVIM MRI i.e., pseudo-diffusion and perfusion fractions,
and tissue perfusion. Therefore, there is abundant interest in research to advance our
understanding of the sensitivity of IVIM MRI parameters to biophysical features of
microvasculature and imaging protocol. In addition, there is interest in investigat-
ing the feasibility of estimating microvascular biophysical parameters from IVIM MRI
measurement. Finally, discovering the exact role of other sources of IVIM, such as ar-
terioles/venules, and other fluid flows like brain cerebrospinal fluid on top of capillaries,
which are not fully understood, is of particular interest.

Similar to cardiac dMRI techniques based-on Brownian motion, only a few studies
have shed light on the potential of virtual frameworks to improve the interpretation of
IVIM MRI signals, and analyse the sensitivity of IVIM MRI to changes in myocardial
microvasculature and use of different pulse sequences Spinner et al. [2019]. Therefore,
use of virtual frameworks is essential as they provide full control over the structure of
microvasculature and extravascular compartments, alongside imaging protocols Fiere-
mans and Lee [2018]. Hence, the second part of this work aims to develop an efficient
virtual framework to aid in creating, evaluating, and optimizing cardiac IVIM MRI.
However, in this part, no attempt is made to develop a numerical phantom for the car-
diac microvasculature due to practical constraints for the development and assessment
of the numerical phantom of the myocardial microvasculature.

1.3 Aim and objectives

We discussed in 1.2.2 that a virtual imaging framework is necessary for studying micro-
structures of the myocardium with dMRI. With this framework, the microstructure of
the myocardium will be represented realistically using a numerical phantom along with
a numerical solver that simulates dMRI by considering both Brownian and transitional
motions. Such a framework comprises two core components, numerical phantom and
dMRI simulator as shown in Figure 1.2.

The development of numerical phantoms is dependent upon the availability of a
numerical simulator for evaluating the performance and accuracy of the phantom. It
is important to compare the simulated signal derived from numerical phantoms with
the signal coming from in-vivo and ex-vivo in order to assess the performance of the
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numerical phantom. Hence, in the absence of a simulator capable of incorporating
the incoherent motion of water molecules through the microvasculature and detailed
information about the structure of cardiac microvasculature, two objectives were con-
sidered for this thesis:

1. First, I develop an algorithm to generate a more realistic numerical phantom of
myocardium tissue that considers the microstructural and biophysical features of
the myocardial tissue.

2. The second objective of this thesis is the development of a FE solver for IVIM
MRI. To accomplish this, a FE solver is extended that accounts for both Brownian
and transitional motions. This FE solver is capable to solve the generalized Bloch-
Torrey equation and can be used to solve any other type of microvasculature.
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Chapter 2 : Background

2.1 Chapter summary

This chapter explains the primary concepts required to understand dMRI and dMRI
simulation in following order: Section 2.2 introduces the nuclear magnetic resonance
(NMR) principle; Section 2.2.2 and 2.3 explains the relevant terminology of MRI and
dMRI, respectively. In addition, sections 2.4, 2.5, and 2.6 describe the generalised
Bloch-Torrey equation, intra-voxel incoherent motion imaging, and Navier-Stokes equa-
tion, respectively. Section 2.7 ends this chapter with a short description about the
available approaches for dMRI simulation.

2.2 Magnetic Resonance Imaging

2.2.1 Nuclear Magnetic Resonance Principle

MRI is a non-invasive medical imaging modality that enables us to acquire detailed
information of internal structures in the body. It does this by employing the NMR
characteristic of hydrogen atoms, the most predominant element in water and fatty
tissues within the body. NMR characteristic of hydrogen atoms originate from single
proton hydrogen nuclei that causes non-zero nuclear spin angular momentum of the
hydrogen nuclei. The spin is a quantum mechanics quantity of nuclei without classical
physical interpretation. But, in a simplistic view, it is assumed as a self-rotation element
as illustrated in Figure 2.1 1.

These spins can make a net magnetization vector, however, as illustrated in Figure
2.2 2.a, due to arbitrary orientation of the spins, the net magnetization is zero. MRI
using a strong and constant magnetic field, called main/external field B0, forces the
spins to precess (i.e. rotate) relative to B0 with Larmor frequency, as shown in Figure
2.2.b.

1Image 2.1 was extracted http://www.pixelmeasure.io/pages/84/the-principles-of-magnetic-
resonance-imaging

2Image 2.2 was extracted http://www.pixelmeasure.io/pages/84/the-principles-of-magnetic-
resonance-imaging
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Figure 2.1: Simplified representation of a hydrogen nucleus as a spinning ball

Figure 2.2: Schematic representation of spins orientation a) Arbitrary orientation of
spins in absence of B0 b) Reorientation of spins around B0
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Larmor frequency, w, is proportional to the external magnetic field:

w = γB0 (2.1)

where γ is the gyromagnetic ratio of the nucleus, and B0 is the intensity of the
magnetic field.

After applying B0, spins precess with a direction parallel (upward) or anti-parallel
(downward) to B0 direction (Figure 2.2.b). The energy level for upward spin is lower
than that of downward, and a slightly larger proportion of spins precess with a direction
parallel to B0. This state, when spins are aligned with the B0, is called equilibrium and
net magnetization Mz is nonzero. By exposing energy, equal to the energy difference
between energy level of upward and downward spins, the upward spins are excited and
change their status to downward. This energy difference is proportional to w, which is in
the range of radio frequencies (RF). Hence, in MRI, electromagnetic RF coils are used to
excite proton spins. By applying an RF pulse with its magnetic field B1 perpendicular
to B0 (Figure 2.3.a), the proportion of downward spins increases, resulting in a decrease
of Mz (Figure 2.3.b). In addition, B1 makes spins to precess in phase (Figure 2.3.c)
that generates a rotating transverse magnetization Mxy perpendicular to B0 (Figure
2.3.d).

Figure 2.3: Spins excitation using RF pulse to generate transverse magnetization Mxy.
a) Applying RF pulse to the spins in the equilibrium status, b) immigration of spins
from high level energy to low level and decrease in Mz, c) rephasing of spins and
increase in Mxy d) generating maximum Mxy, rotating around B0.

After the RF is turned off, the immigrated spins to higher energy level, return to
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the low energy level by emitting energy to the environment or to spins at lower energy
level. The transferred energy to the environment increases Mz, a process known as the
spin-lattice relaxation. While, the transferred energy to other spins decreases Mxy, as
illustrated in Figure 2.4 1, a process known as spin-spin relaxation.

Figure 2.4: Effect of spin-spin relaxation in reducing intensity of Mxy and induced
signal into a receiver coil.

Due to the difference in relaxation mechanisms, the RF emission from these mech-
anisms occur over different durations. Recovery of Mz to 63% of its primary value,
is characterized by the relaxation time T1. While the decrease of Mxy to 37% of its
maximum value, is characterized by the relaxation time T2.

2.2.2 Image Formation

To reconstruct an MRI image, the signal received by RF receiver coil must be encoded
at different spatial locations. Hence, magnetic field gradients (pulse sequence) are
employed to encode the spins spatially, as illustrated in Figure 2.5.a. When a part of
body is put into an MRI scanner, all the spins in that part of body precess with the
same w, and all of them are excited by the RF pulses at the same time. Therefore, to
image a specific 2D slice from a desired transverse section of a body (e.g. Figure 2.5.b),
a slice selecting gradient Gss, illustrated in Figure 2.5.a second line, is superimposed
on the B0. Then, when an RF pulse is applied with the following frequency,

wRF = γ(B0 + Gssz) (2.2)
1Image 2.1 was extracted http://www.pixelmeasure.io/pages/84/the-principles-of-magnetic-

resonance-imaging
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where z is the slice position along B0, only the spins in the related slice are excited
and precess with wRF , as depicted in Figure 2.5.c. Then, to encode spins of the dif-
ferent rows of the selected slice, with different precessing frequencies (Figure 2.5.d), a
frequency encoding gradient Gf along the x axis is superimposed on B0 (Figure 2.5.a
third line). Finally, to encode each column of the selected slice with different precessing
phases (Figure 2.5.e), phase encoding gradient Gp, in Figure 2.5.a fourth line, is ap-
plied for a short time along the y axis. The intensity of Gp varies in the different signal
acquisition (Figure 2.5.a fourth line), and the measured signals for all Gp repetitions
are saved in a matrix known as the k-space (Fourier transform of the image), as shown
in Figure 2.5.f. Finally, as depicted in Figure 2.5.g, an MRI image is reconstructed by
applying the inverse Fourier transform to the k-space.

2.3 Diffusion Principle

The stochastic motion of water molecules within a medium is called Brownian motion
(mostly known as diffusion in NMR field), described by Robert Brown in 1828. Einstein
described the mean square displacement of water molecules, ⟨r2⟩, that diffuse freely
during a diffusion encoding time, t, as

⟨r2⟩ = 2Dt (2.3)

where D is the diffusion coefficient Einstein [1905].

2.3.1 Diffusion MRI

Microstructure and microvasculature of tissues restrict and hinder the movement of
water molecules and change their behaviour in comparison with free diffusion status.
By sensitizing MR signals to the movement of water molecules, microstructure and
microvasculature information of a tissue are included within MR signals. This sensitiz-
ation is done by applying diffusion encoding gradients. The diffusion encoding gradients
relate the measured signal to water displacement, in the direction of encoding gradients.

Pulsed gradient spin echo (PGSE) is a common sequence that is used in dMRI
for sensitizing MR signal to displacement of water molecules. Figure 2.6, illustrates
the PGSE sequence which consists of a 90◦ RF pulse, two diffusion-sensitizing gradi-
ents—two rectangular with a duration time of δ and separated by time ∆ —before and
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Figure 2.5: MRI space encoding and 2D image reconstruction. a) shows a schem-
atic representation of the RF pulse and gradients for slice selection (Gss), frequency-
encoding (Gf ) and phase-encoding (Gp) used on gradient-echo sequences. b) selecting
a slice of brain along z axis, c) precession of spins in the selected slice after applying
Gss, d) precession of spins in the selected slice after applying Gf , e) precession of
spins in the selected slice after applying Gf , f) k-space formation by increasing Gp

repeatedly, g) MR image formation by applying inverse of Fourier transform to the
k-space.
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after a 180◦ RF pulse.

Figure 2.6: PGSE sequence. Each row, from top to bottom, shows 90◦ and 180◦ RF
pulses, diffusion encoding gradients, a pack of static spins, and a pack of diffusing spins,
respectively. a) Mxy in the transverse plane after 90◦ RF pulse, b) spins phase shift
after first diffusion gradient, c) flipping polarity after 180◦ RF pulse, d) reversed phase
shift after second diffusion gradient, e) signal loss for diffusing spins compare with static
spins. Image with permission Grisot [2019]

First, 90◦ RF generates Mxy in the transverse plane (Figure 2.5.a). Then, when the
first gradient is applied, the spins at different locations along the gradient direction,
e.g. x, experience a phase shift ϕ1 (Figure 2.5.b), Eq. (2.4), and start to dephase.

ϕ1 = γδGxx1 (2.4)

After flipping the polarity using a 180◦ RF pulse (Figure 2.5.c), spins experience
reversed phase shift ϕ2 ((Figure 2.5.d)), Eq. (2.5), and start to rephase.
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ϕ2 = −γδGxx2 (2.5)

net phase of the spins ϕ after the second gradient is equal to

ϕ = ϕ1 + ϕ2 = γδGx(x1 − x2) = −qr (2.6)

where q = γGδ. If the spins do not move, their positions are the same during
application of the two gradients i.e. x1 = x2, therefore, their phase shift are cancelled
(ϕ = 0). However, if the spins move, their positions are not the same during application
of the two gradients i.e. x1 ̸= x2, resulting in a residual phase shift (ϕ ̸= 0) and
signal loss (Figure 2.5.e, signal intensity for moving spins is lower than static spins),
consequently. Stejskal and Tanner showed that the measured dMRI signal for free
water diffusion can be described as follow Stejskal and Tanner [1965]:

S(b)
S0

= exp(−bD) (2.7)

where S0 is the amplitude MR signal without the presence of diffusion gradient,
and b is an effective parameter of a diffusion sequence, termed b-value:

b = (q)2(∆ − δ

3) = (γGδ)2(∆ − δ

3) (2.8)

First application of dMRI proposed by Le Bihan et al., where they did curve fitting
Eq. (2.9) on the diffusion signal acquired by a PGSE sequence. They used ADC
instead of D to represent restricted diffusion Le Bihan et al. [1986], as diffusion of
water in biological tissues may differ from the true diffusion coefficient due to tissue
microstructure and/or existence of multi compartments with the different diffusivities:

S(b)
S0

= exp(−bADC) (2.9)

2.3.2 Diffusion Tensor Imaging

DTI is the first method that enabled us to measure anisotropy of water diffusion in
tissues. The diffusion process in a homogeneous medium is characterized by the scalar
D. However, in an inhomogeneous medium like biological tissues, the diffusion has a
directional preference, termed anisotropy, that is specific to the microstructure of tissue.
Consequently, a description of diffusion anisotropy is provided by a rank-2 tensor D as,
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D =


Dxx Dxy Dxz

Dyx Dyy Dyz

Dzx Dzy Dzz

 (2.10)

where Dxx, Dyy, and Dzz characterize diffusion along x, y, and z axes, while the
off-diagonal elements characterize the correlation of diffusion in different directions,
and are symmetric (i.e. Dij = Dji). The six unknown elements of D and S0 can
be estimated using a diffusion measurement in at least 6 gradient directions and a
measurement required with b = 0 ( s

mm2 ) Basser et al. [1994].
After estimation of D, it can be decomposed to:

D =
[
e1 e2 e3

] 
λ1 0 0
0 λ2 0
0 0 λ3




e1

e2

e3

 (2.11)

where (e1, e2, e3), and (λ1, λ2, λ3) are three eigenvectors and eigenvalues, respect-
ively.

After computing eigenvalues, some scalar quantitative metrics are derived from
them to describe different aspects of the tensor.

Mean diffusivity (MD) in Eq. (2.12) describes the average of the eigenvalues; frac-
tional anisotropy (FA) in Eq. (2.13) describes the degree of anisotropy in the tensor;
axial diffusivity (AD) in Eq. (2.14) describes the mean diffusivity parallel to the axis of
main diffusion; and radial diffusivity (RD) in Eq.(2.15) describes the mean diffusivity
perpendicular to the axis of main diffusion Basser et al. [1994].

MD = λ1 + λ2 + λ3
3 (2.12)

FA =
√

(λ1 − λ2)2 + (λ2 − λ3)2 + (λ3 − λ1)2

2(λ2
1 + λ2

2 + λ2
3) (2.13)

AD = λ1 (2.14)

RD = λ1 + λ2
2 (2.15)
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2.4 Generalized Bloch-Torrey equation

The transverse magnetization signal can be mathematically described with the Bloch-
Torrey (BT) equation, Eq. (2.17), that relates the temporal and spatial evolution of
the transverse magnetisation M(r, t) to diffusion D(r), spin-spin relaxation T2, and
the time-varying magnetic field gradient f(t)g · r, where f(t) is effective time profile
(e.g. Eq. (2.16) is PGSE time profile) and g contains the amplitude and directional
information of the magnetic field gradient.

f(t) =


1, t1 ≤ t ≤ t1 + δ,

−1, t1 + ∆ ≤ t ≤ t1 + ∆ + δ,

0, otherwise,

(2.16)

Let Ω be the observation domain, comprising L sub-domains, such that ∪L
l=1Ωl.

Also, let Γe
l be the external boundary of Ωl, and Γln the boundary between Ωl and Ωn.

Then, the evolution of the complex transverse magnetisation is described by

∂

∂t
Ml(r, t) = ∇ · (Dl(r)∇Ml(r, t)) − 1

T2l
Ml(r, t) − iγf(t)g · rMl(r, t)

(r ∈ Ωl),
(2.17)

subject to the boundary conditions

Dl(r)∇Ml(r, t).nl(r) = kln(Mn(r, t) − Ml(r, t))

(r ∈ Γnl, ∀n),
(2.18)

Dl(r)∇Ml(r, t).nl(r) = −ke
l Ml(r, t)

(r ∈ Γe
l ),

(2.19)

and the initial condition

Ml(r, 0) = ρl(r), (2.20)

where t ∈ [0, TE ] with TE echo time, nl(r) is the unitary outward pointing normal to
Ωl, kln (ke

l ) is the permeability constant in Γln (Γe
l ). Also, the same permeability is

assumed in both directions of the membrane, i.e kln = knl. The generalized form of BT
(gBT) equation is defined by factoring velocity of flow v(r, t) in the media into the Eq.
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(2.17)

∂

∂t
Ml(r, t) = ∇ · (Dl(r)∇Ml(r, t)) − 1

T2l
Ml(r, t)

− iγf(t)g · rMl(r, t) − v(r, t) · ∇Ml(r, t)

(r ∈ Ωl),

(2.21)

2.5 Intravoxel incoherent imaging

IVIM refers to the transitional displacement of the water molecules’ spins within an
MRI voxel during the measurement time which leads to a distribution of spins’ speeds
in orientation and/or amplitude Le Bihan [2019]. This distribution originates from the
blood flowing within a microvascular network, shown in Figure 2.7.a, and mimics a
pseudo-diffusion process.

The IVIM theory, introduced by Le Bihan et al. [1986], states that the incoherent
blood flow in microvasculature leads to a dephasing of the spins in blood when diffusion
gradients are applied, according to the formula:

S

S0
= (1 − f)e−bD + fe(−b(D+D∗)) (2.22)

where f is perfusion fraction, D is diffusion coefficient, and D∗ is pseudo-diffusion
coefficient. As depicted in Figure 2.7.b, the pseudo-diffusion process results in a fast
dMRI signal decay in presence of the diffusion encoding gradients Jerome et al. [2021].

2.6 Navier-Stokes equation

Given the viscoelastic properties of the blood flow, it is considered as an incompressible
non-Newtonian flow Baieth [2008]. The flow of incompressible and non-Newtonian fluid
in an observation domain of Ω is governed by the Navier-Stokes equations, Eq(2.23),
where v(r, t) is flow velocity, ϑ is a viscosity parameter, and P (r, t) is the pressure.

ρ
( ∂

∂t
v(r, t) +

(
v(r, t) · ∇

)
v(r, t)

)
= ϑ∆v(r, t) + ∇P (r, t)

(r ∈ Ω),
(2.23)

∇ · v(r, t) = 0 (r ∈ Ω), (2.24)
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Figure 2.7: The IVIM model is represented schematically in (a), which shows the
transitional movement of water molecules (coloured red) in the intravascular space and
the Brownian movement of water molecules (coloured blue) in the extravascular space
in a voxel of tissue. (b) illustrates the contributions of these movements to the observed
dMRI signal decay, where the pseudo-diffusion caused by the transitional movement of
water molecules contributes to a substantially faster decay compared to the diffusion
caused by Brownian motion of water molecules. This leads to the observation of pseudo-
diffusion only at low b-values. The image used with permission Jerome et al. [2021].

subject to the boundary conditions

v(r, t) = 0 (r ∈ Γw), (2.25)

P (r, t) · n(r) − ϑ

ρ
∇v(r, t) · n(r) = P (r, t) · n(r)

(r ∈ Γi ∪ Γo),
(2.26)

and the initial condition

v(r, 0) = 0, (2.27)

where r ∈ Γw, r ∈ Γi, and r ∈ Γi, respectively, are the wall, inlet and outlet portions
of the vascular boundary domains.

2.7 Computational Modelling of Diffusion MRI

Computational models, using analytical or numerical approaches, allow simulating
dMRI signals for more realistic biological structures. Moreover, they enable one to
investigate more subtle questions like the effect of the interaction of water molecules
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with boundaries in the dMRI signals. The result of this simulation can be employed
to investigate the sensitivity of dMRI signals to biophysical changes due to CVDs and
use different pulse sequences.

To the best of my knowledge, these numerical methods of analyzing dMRI physics
fall into either particle-tracking-based or continuum-based numerical schemes. Monte
Carlo (MC) and finite element methods (FEM) are the common particle-tracking-based
or continuum-based numerical schemes, respectively, for analysing dMRI numerically.
These schemes are elaborated in the following for this section. However, two other
numerical schemes used for this purpose, which fall into the category of continuum-
based methods, include the lattice Boltzmann and matrix formalism methods. Lat-
tice Boltzmann method, developed by Guyer and McCall [2000], numerically simulates
the time evolution of magnetisation in a porous medium. However, lattice Boltzmann
methods suffer from imposing a constraint on the time step (typical of explicit schemes)
and requiring derivation of special boundary conditions for the probability distribution
functions to preserve the consistency and accuracy of the numerical scheme Naughton
et al. [2020]. Matrix formalism is a semi-numerical approximation that tries to find
solutions for the eigenfunctions of the diffusion propagator. Due to matrix imple-
mentation, matrix formalism is computationally fast Callaghan [1997], Drobnjak et al.
[2011], Grebenkov [2010]. However pragmatically, it is limited to simple geometries to
find eigenfunctions analytically.

2.7.1 Monte Carlo simulation

MC simulation is based on replicating the Brownian motion of a large number of
particles. For this purpose, MC method simulates the movement of every particle
separately, and then calculates the total phase shift ϕ for each particle as a function of
the gradient strength and its location over every timestep, j:

N∑
j=0

ϕj =
N∑

j=0
γ⟨G(tj), r(tj)⟩t (2.28)

where N is the total number of time steps, G(tj) is the diffusion encoding gradient
at timestep j, and r(tj) is the molecule position at timestep j. Given the employed
imaging sequence, the diffusion gradient strength at the location of the molecule at
each timestep was summed for the duration of the two pulses (for the second pulse a
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negative sign is considered). The dMRI signal S
S0

for M water molecules (to calculate
the dMRI signal, only molecules that finished inside the defined domain are considered,
M ≤ N) for each gradient direction is

S

S0
= 1

M

M∑
j=0

cos(ϕj) (2.29)

The versatility of MC simulations makes them a suitable tool for modeling dMRI, since
they can handle any arbitrary substrate and MR pulse sequence. In addition, MC
simulations are capable to incorporate semi-permeable membranes, membrane-particle
interactions, and changes in T1, T2, and diffusivity over time and space. However,
for complex substrates, MC simulation requires to simulate enough number of spins
at enough discrete time points to properly repleacate the dynamics of spins ensemble
through the pulse squence.

Smoldyn Andrews [2017], Camino Cook et al. [2006], Hall and Alexander [2009],
MRISIMUL Xanthis et al. [2013], and DIFSIM Balls and Frank [2009] are the common
MC toolboxes that enable one to accurately model the 3D diffusion of large numbers
of particles within complex geometries.

2.7.2 Finite element solution of generalized Bloch-Torrey partial dif-
ferential equation

The solution of gBT equation Eq.(2.21) requires to be twice differentiable, which re-
stricts the solution’s space. This condition is relaxed by working out a solution in the
weighted residual sense. This solution satisfies

∂

∂t

∫
Ωl

v(r)Ml(r, t) dr =
∫

Ωl

v(r)∇ · (Dl(r)∇Ml(r, t)) dr − 1
T2l

∫
Ωl

v(r)Ml(r, t) dr

− iγf(t)
∫

Ωl

v(r)g · rMl(r, t) dr

−
∫

Ωl

v(r)v(r, t) · ∇Ml(r, t) dr

(r ∈ Ωl),
(2.30)

valid for r ∈ Ωl(l = 1, ..., L), and for all functions v(r) in a proper functional space.
The Hilbert-Sobolev space H l(Ωl) of square-integrable functions with square-integrable
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derivatives is generally chosen. After using the divergence theorem in the diffusion term
and the BCs, the one-time differentiable solution is:

∂

∂t

∫
Ωl

v(r)Ml(r, t) dr = −
∫

Ωl

∇v(r) · (Dl(r)∇Ml(r, t)) dr − 1
T2l

∫
Ωl

v(r)Ml(r, t) dr

− iγf(t)
∫

Ωl

v(r)g · rMl(r, t) dr −
∫

Ωl

v(r)v(r, t) · ∇Ml(r, t) dr

− ke
l

∫
Γe

l

v(r)Ml(r, t) dr +
∑

n

kln

∫
Γln

v(r)(Mn(r, t) − Ml(r, t)) dr,

(2.31)

In order to obtain a discretisation of Eq. (2.31), it is necessary to find a solution
belonging to Vh, a finite-dimensional subspace of H l. Let {ϕl

1(r), ϕl
2(r), ..., ϕl

N (r)} be
a basis of Vh such that for all g(t) ∈ Vh, g(t) = ∑N

i=1 ϕl
i(r)ηl

i(t), with ηl
i(t) ∈ C Then,

the approximation of the transverse magnetisation m∗
l (r, t) ∈ Vh satisfying Eq. (2.31)

is defined as

m∗
l (r, t) =

N∑
i=1

ϕl
i(r)ηl

i(t) (2.32)

In the case of choosing the test functions as the basis functions, i.e. v(r) = ϕl
i(r)(j =

1, ..., N), it is possible to obtain (after some algebra)

M l
δηl

δt
= −(S l + iQl(t) + 1

Tl
M l + J l + F l(t))ηl (2.33)

where
{M l}ij

∆= Mij =
∫

Ωl

ϕl
j(r)ϕl

i(r) dr (2.34)

is the mass matrix,
{S l}ij

∆= Sij =
∫

Ωl

∇ϕl
j(r)Dl∇ϕl

i(r) dr (2.35)

is the stiffness matrix,

{Ql}ij(t) ∆= Qij(t) = γ

∫
Ωl

ϕl
j(r)ϕl

i(r)f(t)g · r dr (2.36)

is the scaled-mass matrix,

{J l}ij
∆= Jij = κe

l

∫
Γe

l

ϕl
j(r)ϕl

i(r) dr (2.37)

is the flux matrix, and

{F l}ij
∆= Fij =

∫
Ωl

ϕl
j(r)v(r, t) · ∇ϕl

i(r) dr (2.38)
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is the damping matrix. ηl is approximation of magnetisation, and (ϕi(r))i∈N (where N

denotes number of nodes) is the basis functions of H1
M (Ω). To the best of my knowledge,

there is a toolbox for simulating the dMRI signal based on solving the Bloch-Torrey
equation using FEM, which is developed by Li et al. [2019].

2.8 Computational Modelling of Intravoxel Incoherent Mo-
tion Imaging

2.8.1 Vascular trajectory-based simulation

To date, all the numerical studies of IVIM have been done using a simple numerical
method. This elementary numerical method simulates the movement of spins based on
blood flow velocity over vascular trajectories R(t′). Then, the acquired phase ϕt due
to these displacements of spins is computed as ϕt =

∫ t
0 γGt(R(t′), t′)dt′, and finally, the

approximate IVIM signal is computed using S = S0E{e(iϕt)}, where E{} is expectation
of random variable of ϕt Mozumder et al. [2018], Spinner et al. [2019], Van et al. [2021].
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Chapter 3 : Relevant Myocardial Tissue
Components and Their Properties Contributive

to dMRI

3.1 Chapter summary

Myocardium is a composition of many different components. Hence, before devising the
structure of the myocardial in-silico phantom, the necessary step is to discover which
resident components in the myocardium should be modelled in the phantom. The pur-
pose of this chapter is to review different myocardial components and their geometrical
features along with introducing the most contributive components to cardiac dMRI
that should be included in the proposed numerical phantom.

3.2 Selection criteria for myocardial cells or components

In dMRI, the measurement of water diffusion within tissues is sensitive to the micro-
scopic structure of the tissue, specifically the barriers to water diffusion caused by the
presence of cell membranes and other intracellular (IC) structures. When there is a
high volume fraction (VF) of cells or compartments in tissue, they create more barriers
to water diffusion. As a result, these cells or compartments impose more influence on
the measured dMRI signal. According to Seidel et al. [2016], CMs, extracellular space
(ECS), microvascular, and non-CMs cells comprise 66%, 24%, 8%, and 2% of myocar-
dial volume, respectively. In the following sections, we review these components and
describe their geometry.

3.3 Cardiomyocytes

CMs are the cells contributing the most toward the measured dMRI signal in the
myocardium. They occupy 65-75% [Chen et al., 2007, Greiner et al., 2018, Schaper
et al., 1985, Skepper and Navaratnam, 1995] of the myocardial volume and account for
25-35% of all cells [Pinto et al., 2016, Zhou and Pu, 2016]. CMs support the mechanical
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contraction of the heart, which is necessary to pump blood to all organs within the body
[Fraticelli et al., 1989].

Figure 3.1: Two examples of the shape of an isolated CM with one and two nuclei
(Brighter objects) in the left and right, respectively. Images with permission from
[Gerdes and Pingitore, 2014].

3.3.1 Intracellular structures of cardiomyocyte

IC structures are essential for their function in generating and propagating electrical
signals and contracting to pump blood. Some of the key intracellular structures in CMs
include:

• Sarcomeres: These are the fundamental contractile units of muscle cells, includ-
ing CMs. Sarcomeres are composed of thick and thin filaments made of proteins
called myosin and actin, respectively. The interaction between these filaments
leads to muscle contraction. They can be around 2 µm to 3 µm in length.

• Mitochondria: CMs have a high demand for energy due to their continuous
contraction. Mitochondria are organelles responsible for producing adenosine
triphosphate, the cell’s primary energy source, through cellular respiration. they
can range from 1 µm to 10 µm in length and 0.5 µm to 1 µm in diameter.

• Nucleus: Like other cells, CMs have a nucleus that contains the genetic material
and controls cell activities, including protein synthesis necessary for maintaining
cell structure and function. The nucleus can be around 5 µm to 10 µm in diameter.

• T-tubules: These are invaginations of the cell membrane (sarcolemma) that
penetrate deep into the CM. T-tubules play a vital role in transmitting electrical
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signals (action potentials) from the cell surface to the interior of the cell, ensur-
ing synchronous contraction of the entire cell. Their diameter is approximately
200 nm to 300 nm.

• Golgi apparatus: This organelle is responsible for processing and packaging
proteins for secretion or use within the cell. It plays a role in maintaining the
structure and function of the cell membrane and organelles. The size of the Golgi
apparatus can vary, with individual stacks having diameters of approximately
0.5 µm to 1 µm.

• Cytoskeleton: The cytoskeleton provides structural support to the cell and helps
maintain its shape. It consists of protein filaments such as microtubules, micro-
filaments, and intermediate filaments. The thickness of microfilaments (actin
filaments) and microtubules can be around 5 nm to 9 nm and 25 nm, respectively.

Given the typical diffusion time scale of dMRI and the consequent diffusion of water
molecules, and the dimension of IC structure Rog-Zielinska et al. [2016], the effect of IC
structure on IC diffusion is coarse-grained. More information about the coarse-grained
effect can be found in [Novikov et al., 2016]. Therefore, the homogenising effect of the
collagen fibre is seen as an effective medium with specific diffusivity.

3.3.2 Cardiomyocyte shape

The CM’s membrane restricts the movement of water molecules and affects the dMRI
signal. As illustrated in Figure 3.1, native CMs do not have a regular and consistent
shape. However, in previous works, they are typically approximated as elliptical cylin-
ders [Bolli et al., 2014]. Here, a realistic shape of the CMs in the proposed phantom is
considered, as they constrain the mobility of water molecules.

A standard method to measure the dimensions of CMs is through the combined
use of a Coulter channelyser and an optical microscope. The average length for the
minor-axis (B), major-axis (A), longitudinal axis (L) of CMs along with their volume
(V ) have been reported as 12 ± 1 µm. 30 ± 1 µm, 141 ± 9 µm, and 39933 ± 4640 µm3

respectively [Chen et al., 2007].
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3.3.3 Cardiomyocyte membrane permeability

The permeability of CMs, defined as the CM-ECS water molecules exchange rate
through sarcolemma, or CM-CM water molecules exchange rate through ICDs, is an-
other biophysical feature of CMs that affects the dMRI signal.

Sarcolemma

The sarcolemma is a plasma membrane that acts as a boundary between the intra-
cellular space (ICS) cytoplasm and ECS. It was shown that, during ischemic injury,
the sarcolemma is ruptured, and CM permeability increases [Celes et al., 2010]. This
feature is reflected in the phantom by assigning an interface permeability for the side
surface of the CMs.

Intercalated discs

In adult hearts, ICDs are membranous regions where myofibrils of individual CMs are
connected end-to-end with each other. Gap junctions are ICS channels through the
ICDs that allow the passage of small molecules and ions between CMs through ICS
diffusion. This arrangement facilitates the transmission of electrical impulses in the
heart. Several studies have shown that gap junctions reduce in heart failure and can
lead to fatal arrhythmia, leading to a decrease in the permeability of ICDs [Noorman
et al., 2009, Perriard et al., 2003, Pinali et al., 2015]. ICDs’ permeability are modelled
by attributing an interface permeability to the top and bottom sides of the CMs.

3.3.4 Cardiomyocyte arrangement

The spatial organization of CMs within the myocardium determines biophysical char-
acteristics that affect the dMRI signal. These include the following:

Sheetlet angles

Individual CMs are tightly packed into parallel laminar microstructures (as shown in
Figure 3.2a), approximately 2-4 CMs thick, referred to as sheetlets [Hales et al., 2012].
These sheetlets orient locally in the tissue and are separated by cleavage with a width
of 1-2 CMs from each other [LeGrice et al., 2005]. It has been shown and validated
by histology that the primary (V1), secondary (V2), and tertiary (V3) eigenvectors of
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cardiac DTI (cDTI) correspond to the CM’s long-axis, sheetlet, and sheetlet-normal
directions, respectively, as shown in Figure 3.2a and 3.2b.

Figure 3.2: Definition of helix, transverse, sheet elevation, and sheet azimuth angles. a)
Tightly packing CMs into a laminar structure; b) Superquadric glyph representation of
the diffusion tensor and eigenvectors of (a); c) illustration of local cardiac coordinate;
d) Helix and transverse angles, e) Sheet elevation and sheet azimuth angles. Image
with permission from [Teh et al., 2016].

Using V1 and V3 [Teh et al., 2016], four angles are usually considered to describe
these directions of the sheetlets. As shown in Figure 3.2c, a local coordinate system
can be defined for each voxel in a cardiac image volume, based on the surface curvature
of the cardiac wall, distinguished by longitudinal (l), radial (r) and circumferential
(c) axes. r is computed using the Laplace method [Jones et al., 2000], whereas c is
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defined as vectors perpendicular to r and global longitudinal (lglobal, a line fitted to the
center of left ventricle cavity in 2D short-axis planes). Finally, l is defined as vectors
perpendicular to r × c. Therefore, as shown in Figure 3.2d, helix angle (HA) and
transverse angle (TA) are defined as the angles subtended by c and projection of V1

on l-c and r-c planes, respectively. The angles subtended by r and projection of V3 on
l-r and r-c planes are called sheet elevation (SE) and sheet azimuth (SA) angles.

Inter-CM and inter-sheetlet spaces

Inter-CM and inter-sheetlet spaces refer to the gaps or extracellular spaces between in-
dividual cardiomyocytes and sheetlets, respectively. These spaces might contain various
components of the extracellular matrix like collagen and non-CM cells, which provide
structural support to the heart tissue, as well as facilitate communication and sig-
nalling between cells. These spaces reduce or increase due to ageing or pathologies
like hypertrophy Anversa et al. [2005], Engelmann et al. [1987], LeGrice et al. [2012],
Yabluchanskiy et al. [2014].

Myocardial transmural twist

Figure 3.3 represents a simplified schematic of CM’s long-axis direction, where it starts
with a right-handed helical orientation in the endocardium and smoothly changes to-
ward a left-handed helical orientation in the epicardium [Hales et al., 2012]. The meas-
ured V1 corresponds to an average of the CMs’ long axes directions within an MRI voxel
[Streeter Jr et al., 1969]. Therefore, the magnitude of the primary eigenvalue of cDTI
should be modulated by the standard deviation of this helical orientation distribution.

Ventricle curvature

Ventricle curvature is another important geometrical feature that affects sheetlets’
shape, and consequently, CMs’ shape (of myocardial tissue that undergoes remodel-
ling in some CVDs). For instance, a normal left ventricle has an ellipsoidal geometry
that alters to a more spherical one following myocardial infarction [Su et al., 2012].
The curvature values for different regions of the healthy and infarcted myocardium of
rats are reported in [Espe et al., 2017, Weisman et al., 1985].
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Figure 3.3: The arrangement of CMs in sheetlets in cardiac tissue. (a) a cubic slab
of myocardium in local cardiac coordinate; (b) histological image from l-r plane view
of myocardium, with permission from [Nielles-Vallespin et al., 2017]; (c) Simplified
schematic of direction changes in CM’s long axes transmurally from endocardium to
epicardium where the heat-map shows HA variation.
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3.4 Extracellular matrix

There is no doubt that the extracellular matrix (ECM) within the ECS of the cardiac
muscle is highly responsive to mechanical loading and it is one of the key elements in
the remodelling that occurs due to change of loading conditions LeGrice et al. [2005].
ECM of the heart, mainly made up of collagen fibres, provides a stress-tolerant network
for the distribution of forces in the heart and alignment of the CMs Carver et al. [1991].

3.4.1 Collagen

Collagen fibre is the dominant component of ECM. Essentially it provides structural
support to the myocardium by transmitting forces, preventing the myocardium from
being overstretched and rupturing, and it maintains the shape and thickness of the
myocardium while providing both active and passive stabilization to the myocardium
[Benedicto et al., 2011]. As illustrated in Figure 3.4, the collagen fibres fall into three
categories: endomysium, surrounding and interconnecting individual CMs and capil-
laries; perimysium, surrounding and interconnecting groups of CMs; and epimysium,
surrounding the entire muscle [Pope et al., 2008]. Of the collagen fibres, only en-
domysium (Figure 3.5a) and perimysium (Figure 3.5b) are modelled in the proposed
phantom as it is unlikely for many dMRI voxels to include effects of the epimysium in
the dMRI signal, as epimysium locates at the surface of the muscle as shown in Figure
3.4.

Furthermore, since the thickness of the collagen fibre is at a nanoscale [Benedicto
et al., 2011], given the typical diffusion time scale of dMRI and the consequent diffusion
of water molecules, the effect of collagen fibre on ECS diffusion is coarse-grained. More
information about the coarse-grained effect can be found in [Novikov et al., 2016].
Therefore, the homogenising effect of the collagen fibre is seen as an effective medium
with specific diffusivity.

3.5 Microvasculature

Microvasculature comprises 8% of VF of myocardium tissue according to Seidel et al.
[2016] which is actually an essential component of all tissues. During blood perfusion,
this dynamic infrastructure distributes oxygen, nutrients, and drugs uniformly to the
cells, while ensuring toxic metabolic waste is discharged. A microvascular network con-
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Figure 3.4: Structural organization of cardiac ECM. Here is a schematic illustration of
fibrillar collagen arranged in relation to CMs as well as coronary vasculature in relation
to fibrillar collagen. An endomysium is a structure consisting of collagen fibres that
surround particular CMs and collagen struts that bind adjacent CMs together. Within
the perimysium, there is a grouping of CMs that are called CMs bundles. There are
groups of perimysial bundles enclosed in the epimysium. Image with permission Brown
[2005]
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(a) (b)

Figure 3.5: SEM of the three-dimensional arrangement of the cardiac collagen fibres
in healthy dogs. a) Endomysia b) Endomysia (e) and Perimysium (p). Image with
permission [Benedicto et al., 2011].

sists of thousands of microvessels that are heterogeneous in size, length, and phenotype.
This network—which is topologically unique for different tissues—provides short and
homogeneous diffusion distances between individual capillaries, with low resistances
and regulatable pathways for blood flow Beare et al. [2018].

3.5.1 Endothelial cells

Hearts contain many other components besides CMs, with endothelial cells (ECs) ac-
counting for the largest proportion of these components with a share of ∼60% Pinto
et al. [2016]. According to Seidel et al. [2016], the lumen only comprises 3.7% out of 8%
VF of microvasculature and the ECs comprise the remaining volume of the microvas-
culature. The role of ECs in cardiac maturation and vascular homeostasis is critical,
as well as their role in healing and regeneration following post-ischemic injuries Gray
et al. [2018].

3.6 Non-cardiomyocytes cells

3.6.1 Mesenchymal Stem cells

The resident mesenchymal stem cells (MSCs) account for ∼27% of non-CMs cell count,
divided into Fibroblasts (FBs), ∼15%, and non-Fibroblast MSCs (non-FB-MSCs),
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∼12% Pinto et al. [2016]. FBs play a prominent role in supporting and maintain-
ing normal cardiac function, namely preserving the stability of ECM by synthesis and
degradation of collagen or replacing dying cardiomyocytes with ECM in the injuries
Doppler et al. [2017]. Non-FB-MSCs are a class of heterogeneous stem cells that dif-
ferentiate into different cell types, like CMs − only less than 30% of non-Fb-MSCs
contribute to the regeneration of CMs Wei et al. [2011]. FBs and non-FB-MSCs have
the same simplified morphology, long flat spindle-shaped, that can not be distinguished
visually Soundararajan and Kannan [2018].

3.6.2 Myeloid cells

The last frequent non-CMs cells are Myeloid cells (MCs) which comprise 7% of myocar-
dium resident cells Pinto et al. [2016]. MCs’ key function is to preserve the healthy
condition of the heart against viruses and bacterial infection Nahrendorf [2019]. MCs
are a range of immune cells including neutrophils, monocytes, and macrophages −
Neutrophils and monocytes are scarce in normal myocardium, collectively < 1%, and
similar to MSCs’ shape, adopt a spindle-like shape.

3.7 Conclusion

Earlier in 3.2, it is explained that the primary criterion for including a myocardial
component in a numerical phantom with the application in dMRI simulation is the
VF occupied by that component. According to the first criterion, among the above-
mentioned components, only CMs, ECS, and microvascular occupy considerable VF of
myocardial tissue.

However, it is not possible to replicate the in-silico version of non-CMs since their
dimensions and biophysical characteristics are not very well known. Furthermore, due
to the lack of information about the myocardial microvasculature network, including
the connection and distribution of capillaries between the CMs, it is not possible to
include a in-silico replicant of the microvasculature network as a unique component into
the numerical phantom. As a result, in this thesis, I attempt to generate the numerical
phantom by replicating the in-silico CMs and ECS, as well as their relevant properties.
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Chapter 4 : Three-dimensional micro-structurally
informed in silico myocardium for virtual cardiac

diffusion-weighted MRI

4.1 Chapter summary

This chapter introduces the proposed method to generate a more realistic myocardial
numerical phantom which accounts for the variability of the CMs shape, water exchange
between the CMs (ICDs), disorder class of myocardial microstructure, and four sheetlet
orientations. In order to evaluate the performance of the generated phantom, some
experiments are presented, including morphometric analysis, histology comparison, and
simulated DTI compared to ex-vivo DTI.

This chapter was published in Lashgari et al. [2022]

4.2 Introduction

A numerical phantom offers a number of advantages over a physical counterpart, in-
cluding reduced time and costs, reproducibility of results Sauer et al. [2022], the ability
to control model detail and complexity of tissue microstructure, and a reduction in the
pronounced artefacts caused by dismissing the properties of unknown materials in a
physical phantom Fieremans and Lee [2018]. Numerical phantoms combined with MC
or FE method-based simulators provide virtual frameworks to assist in the biophysical
modelling and interpretation of cardiac dMRI signals. In addition, this virtual frame-
work can assist in designing and conducting a feasibility study of the inverse problem
to be solved, as well as analyzing how dMRI measurements are affected by changes in
tissue microstructure and pulse sequences Bates et al. [2017], Rose et al. [2019].

In addition, integrating an accurate cardiac numerical phantom with a validated
imaging simulator facilitates virtual imaging trials in cardiac dMRI. The virtual imaging
trial is a unique alternative to assess and optimise medical imaging technologies by
imitating the conventional imaging trials and studying the states that are not physically
realisable nor ethically responsible in vivo Abadi et al. [2020, 2021], Sauer et al. [2022].
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In addition, virtual imaging trials promise to lead to faster, safer and cost-effective
regulatory studies compared to conventional clinical trials, due to replacing actual
patients and imaging devices with virtual surrogates Abadi et al. [2020].

This chapter proposes a novel method to generate a realistic numerical phantom of
myocardial microstructure. The proposed method extends previous studies by account-
ing for the variability of the cardiomyocyte shape, water exchange between the cardi-
omyocytes (intercalated discs), disorder class of myocardial microstructure, and four
sheetlet orientations. In the first stage of the method, cardiomyocytes and sheetlets are
generated by considering the shape variability and intercalated discs in cardiomyocyte-
cardiomyocyte connections. Sheetlets are then aggregated and oriented in the directions
of interest.

4.3 Literature review

Until now few studies have explored the benefits and challenges associated with design-
ing numerical phantoms of the myocardium for cardiac dMRI. The first cardiac nu-
merical phantom was proposed by [Wang et al., 2011]. They generated a multi-scale
numerical phantom across numerous spatial resolutions and used these phantoms to
produce dMRI signal via MC simulations. Their numerical phantom included a packed
arrangement of CMs, simplified as cylindrical geometries with hexagonal cross sections.
In a subsequent study, the same authors presented a different phantom design, mod-
elling CMs as cylinders with different sizes, arrangements, and length/diameter ratios
with varying numbers of CMs (1, 8, 64, and 8000). Next, they modelled sheetlet struc-
tures by arranging CMs based on their orientation [Wang et al., 2012]. [Bates et al.,
2017] previously introduced a numerical phantom in which the length, cross-sectional
area, and aspect ratio (thickness/width) of CMs were based on data from the literature.
In proposed approach, the CMs were modelled as rectangular cuboids and arranged in
two stages. The CMs were first arranged parallelly to form a sheetlet (sub-voxel stage).
Next, adjacent sheetlets within a voxel were progressively rotated to simulate the trans-
mural variation in the helix angle (HA) (sheetlet or voxel stage) [Bates et al., 2017].
In a recent study, [Rose et al., 2019] generated a numerical phantom based on histo-
logical images of the heart. CMs were first manually segmented from a sub-voxel area
of the image, and the segmentation boundaries were then approximated with polygons
with an average of 99 vertices. Next, by extruding individual CMs along the normal

36



4. THREE-DIMENSIONAL MICRO-STRUCTURALLY INFORMED IN
SILICO MYOCARDIUM FOR VIRTUAL CARDIAC
DIFFUSION-WEIGHTED MRI

4.4 Innovation

perpendicular to their boundary in the 2D plane, a 3D block of CMs was created with
random uniformly distributed lengths. Finally, they modelled HA by placing several
blocks next to each other using different angles for the longitudinal axis of the cardiac
local coordinate system [Rose et al., 2019]. Table 4.1 compares previous numerical
phantoms in terms of the biophysical characteristics of the myocardial compartments,
introduced in Chapter 3, they incorporated.

4.4 Innovation

The goal of this chapter is to address the limitations of the previous numerical phantoms
of the heart muscle tissue, namely the lack of a detailed numerical phantom and the
failure to incorporate cellular shape variability. Concerning the first limitation, the nu-
merical phantom mimics the most relevant biophysical characteristics of ECS and ICS
within the myocardium. There is evidence to suggest that regional curvature of vent-
ricles [Espe et al., 2017, Su et al., 2012, Weisman et al., 1985], collagen in ECS matrix
[Haddad and Samani, 2017], ICDs in ICS [Noorman et al., 2009, Perriard et al., 2003,
Pinali et al., 2015], and changes in their respective biophysical characteristics are closely
linked to some CVDs. Although these changes may affect dMRI signals, no study
to date has modelled these characteristics and focused solely on modelling the CMs
and ECS. Concerning the second limitation, most studies typically consider identical
sets of simple geometries for cellular shape, limiting the complexity of the myocar-
dium captured by numerical phantoms. These phantoms perform poorly compared
with phantoms generated from histological images of tissues [Naughton and Georgi-
adis, 2019]. Moreover, it has been demonstrated that the disorder class of microstruc-
ture (determined based on the cellular shape variability and packing disorderliness)
affects the coefficients of the time dependence diffusion at the macroscale [Novikov
et al., 2014]. Consequently, it is imperative to consider the native probability dis-
tribution functions (PDFs) of the biophysical parameters associated with CMs shape
(introduced in Chapter 3) when devising a realistic numerical phantom. Finally, the
use of FE analysis to simulate the dMRI signal of the myocardium is investigated, as
it is more faster than the conventional MC approach [Grebenkov, 2016]. To the best
of my knowledge, this has not been explored previously in the heart.
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As discussed earlier, the arrangement of CMs in the myocardium can be considered
at two scales, i.e., at the scale of a sheetlet and at the scale of the myocardial wall
(comprising several sheetlets). At the sheetlet scale, CMs are densely packed with a
near-parallel arrangement into a sheet-like structure [Hales et al., 2012]. Conversely,
the sheetlets are placed next to each other at the wall scale while orientated based on
desired sheetlet angles. Therefore, packing CMs with diverse shapes while preserving
the input PDFs of the shape parameters is a challenging task. This section proposes
a method to address this task in two stages, corresponding to the sheetlet and wall
scales.

4.5.1 Sheetlet Scale

Generating a 2D Cross-Section of a Sheetlet

A fully parallel arrangement of the CMs in the sheetlets is assumed, based on empirical
evidence [Hales et al., 2012]. Therefore, dense packing of the CMs in a sheetlet can be
generated in 2D and subsequently in 3D:

i 2D Ellipse Packing: Limitation of the CMs’ simplified cross-sections to ellipses
or circles render a dense ellipse packing algorithm well suited to a 2D problem.
Here I uses the dense ellipse packing algorithm proposed in [Ilin and Bernacki,
2016] to generate a primary 2D cross-section of the CMs packed densely in a 2D
plane (Figure 4.1). The packing domain of ellipses is rectangular with a width of

Figure 4.1: CMs’ simplified cross-sections as packed ellipses.

sheetlet thickness (Table 4.1) and a length, larger than the final voxel’s length.
In this study, the length of the packing domain is set to 200 µm, two times larger
than the final voxel’s length (100 µm). The inputs to this algorithm are V , L, A,
B, and dimensions of the packing domain (sheetlet thickness and length), shown
in Table 4.1.
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ii Transformation of the 2D Pack of Ellipses to Polygons: According to histological
observations [Bensley et al., 2016], the native cross-section of CMs are polygons.
Therefore, as proposed in [St-Pierre et al., 2008], the pack of ellipses is transformed
into polygons using a watershed algorithm. Figure 4.2 depicts the cross-section
of a myocardial sheetlet obtained from transforming packed ellipses to polygons.

Figure 4.2: CMs’cross-sections as packed polygons.

Generating the 3D Shape of a Sheetlet Based on the 2D Cross-Section

The 3D shape of a sheetlet is formed by extruding the border of polygons/CMs along
the normal axis to the cross-section of the sheetlet, according to the length PDF of
CMs. Preserving the length PDF of CMs changes the volume PDF of CMs due to an
increase in the area of the CMs’ cross-section, following the transformation of ellipses
to polygons. Hence, to preserve both input length and volume PDFs of CMs, a small
segment is removed from the top of the extruded CMs as depicted in Figure 4.3 (left).
This small segment is made up of the half cross-section of the CM, extruded long

Figure 4.3: Generating the 3D Shape of a Sheetlet Based on the 2D Cross-Section.

enough to make its volume equal to the extra volume of the CM. Moreover, to better
emulate real tissue and maintain some irregularity in the arrangement of CMs within
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the phantom, CMs are placed at random heights (Figure 4.3, right). For each CM, the
random height is a positive number, chosen from a uniform distribution in which the
upper end of the CM does exceed the height of the highest CM in each group of CMs.
The 3D shape of a short section of a sheetlet is illustrated in Figure 4.4.

Figure 4.4: The 3D shape of a short section of a sheetlet.

Generating a Sheetlet

Given the average length of the CMs, 141 ± 9 µm, and the size of the in-silico voxel,
several layers of the CMs must be stacked on top of one another to ensure a complete
sheetlet is long enough. Figure 4.5 shows a short section of a sheetlet comprising two
layers of CMs. The main challenges for extending a sheetlet, layer by layer, is that
the ends of CMs at the lower layer (LL) are not aligned, as depicted in Figure 4.4
(magnified). To model ICDs and keep the ECS more realistic, each CM of the upper
layer (UL) at its bottom should have a complementary shape concerning the top of the
CMs in the LL, as shown in Figure 4.5 (magnified). This part of the algorithm includes
the following steps:

i Designing a Complementary Shape for CMs of UL: First, to complete the sheet-
let, along with preserving the randomness of the distribution of the CMs in the
phantom, for each layer, a new cross-section of CMs are generated as described

41



4. THREE-DIMENSIONAL MICRO-STRUCTURALLY INFORMED IN
SILICO MYOCARDIUM FOR VIRTUAL CARDIAC
DIFFUSION-WEIGHTED MRI

4.5 Method

Figure 4.5: Short section of a sheetlet comprising two layers of CMs.

in Figure 4.6 and 4.7. Second, information about the intersections between the

Figure 4.6: New CMs’ simplified cross-sections as packed ellipses.

Figure 4.7: New CMs’cross-sections as packed polygons.

CMs in UL with CMs in LL and the height of their intersections, are acquired.
Subsequently, using the acquired information, the complementary shape of CMs
in UL is constructed. Next, the required steps are described in detail:

(a) Finding the Intersection Between the CMs in the Successive Layers: First,
a topographic map of CMs in LL is generated as depicted in Figure 4.8.
Next, since the cross-section of CMs in LL and UL are not the same (Figure
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4.2 vs. 4.7), it is likely that some parts of marginal CMs in the UL, Figure
4.7, intersect the blue region (vacant region) in Figure 4.12h. Therefore, it

Figure 4.8: topographic map of CMs in LL.

is impossible to find the starting height for those parts of marginal CMs in
UL, which intersect the blue region in Figure 4.8. Hence, the topographic
map is modified so that the blue region is filled by the extension of marginal
CMs in LL, as shown in Figure 4.9. Then, each CM in UL is intersected

Figure 4.9: Modified topographic map where the blue region is filled by the extension
of marginal CMs in LL.

with the modified topographic map. The result of the intersection of CMs
in UL with the topographic map of CMs in LL is as shown in Figure 4.10,
where blue polygons indicate the border of CMs of UL, shown in Figure 4.7.

(b) Forming 3D Shape of CMs in UL: For the intersection of each CM in UL
with CMs in LL (e.g., Figure 4.10, a blue polygon with topographic map),
the lowest segment (Figure 4.11a, the intersection of green region with blue
polygon) is extruded to the height of second-lowest segment (Figure 4.11b).
Then, at the height of the second-lowest segment, the first- and second-
lowest segments (green and dark yellow inside the blue border, in Figure
4.10) are merged, as illustrated in Figure 4.11b, and extruded to the height
of the third-lowest segment (Figure 4.11c). This procedure is repeated until
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Figure 4.10: Intersection of CMs in UL with the topographic map of CMs in LL.

all segments of a CM are merged, and the original cross-section of the CM is
retrieved (Figure 4.11c). Next, the original cross-section of CM is extruded
long enough to preserve the input length of the CM. Finally, for CMs with
increased volumes, a small segment is removed, illustrated in Figure 4.11d,
as explained in 4.5.1.

Figure 4.5 shows adding the second layer of the CMs to the first layer (Figure 4.4).
A complete sheetlet is formed by repeating this algorithm, blue box in Figure 4.12, for
a desired number of layers.

4.5.2 Wall Scale

This Section describes the process of generating a voxel of the myocardium at a mi-
croscale, using the generated sheetlets in the previous Section. First, several sheetlets,
depicted in pink in Figure 4.13a, are placed next to each other in the ECS, revealed by
the blue color in Figure 4.13a. Endomysial and perimysium collagen fibres domains are
indicated by grey colour in Figure 4.13a. The boundary of the collagen fibres domain
is defined as an enlarged outline of the sheetlet. The ECS inside this domain, except
the ICS regions, is labelled as the collagen region, and its effect is taken into account
by assigning diffusivity (Dcollagen) and relaxation (T2collagen

) of collagen to it.
Next, the sheetlet angles are modelled by aligning the phantom in the directions of

the desired eigenvectors. Because the eigenvectors are orthogonal, one only needs to
align two of them in the desired directions. Since the SE, SA, HA, and TA angles are

44



4. THREE-DIMENSIONAL MICRO-STRUCTURALLY INFORMED IN
SILICO MYOCARDIUM FOR VIRTUAL CARDIAC
DIFFUSION-WEIGHTED MRI

4.5 Method

Figure 4.11: Intersection of CMs in UL with the topographic map of CMs in LL.

defined for V1 and V3, these eigenvectors are used for the alignment. Again, based on
the orthogonality of eigenvectors, by setting three sheetlet angles out of four, V1 and
V3 and consequently, V2 are aligned in the desired directions. Here, the I orient the
phantom based on SE, SA, and HA angles.

Initially, according to the relationship between sheetlet orientations and eigenvectors
of cDTI, as shown in Figure 3.2b, V1, V2 and V3 are set as depicted in Figure 4.13a.
Then, to align V3 in the desired direction, first, the phantom in its initial status, Figure
4.13a, is rotated around V1 so that the projection of V3 on l-r makes SE◦ angle with
r, shown in Figure 4.12b. Second, the phantom is rotated around V2, Figure 4.13b, so
that SA◦ is subtended by r and the projection of V3 on r-c as shown in Figure 4.13c.
Then, to align V1 in the desired direction, one only needs to rotate the phantom around
V3, Figure 4.13c. As a result, the subtended angle by the projection of V1 on l-c and
c, illustrated in Figure 4.13d, is equal to the desired HA◦.

Next, the tissue is twisted by rotating the phantom of Figure 4.13d around the axis
parallel to r, crossing through the center of the phantom, shown in Figure 4.13e, in
which the degree of rotation (α) is increased by increasing the distance from the center
of the phantom, as depicted in Figure 4.13e.
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Figure 4.13: Algorithm for generating myocardium numerical phantom at wall scale:
a) initial status of the sheetlets in-wall configuration, where V1, V2, V3 are parallel to c,
l, r, respectively; b) modelling SE◦ by rotating phantom in (a) around V1; c) modelling
SA◦ by rotating phantom in (b) around V2; d) modelling HA◦ by rotating phantom in
(c) around V3; e) Twisting the phantom the axis crossing the centre of the phantom
and parallel to r; f) modelling wall curvature by bending the phantom in (e) around
the axes l and c; g) Transforming the phantom in (f) to cardiac local coordinate to
mimic the sheetlet orientations in ex-vivo data; h) Extracting a cubic voxel to mimic
an MRI voxel.
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Then, the curvature of the myocardium wall is included in the phantom. For this
purpose, the phantom should be bent around an axis parallel to c and crossing the
point of (c, l

2 , 0), and an axis parallel to l and crossing through ( l
2 , l, 0), where (l) is

the length of the phantom across the axis c. For example, for the latter, all points
in every c-r plane, depicted as blue in Figure 4.13f on the right-hand side, should be
uniformly relocated to the green-dashed arrow. As depicted in Figure 4.13f (right-hand
side), using the values of curvature K = 1

r , where r (the green arrow) is the radius
of the curvature, the displacement along axis r, dr = Arc(pc), is computed where Arc

computes the displacement of the location of phantom’s nodes, i.e., (pr, pc, pl), along
the axis r using pc or pl. Then, the phantom is bent around an axis parallel to l and
crossing through ( l

2 , l, 0) by updating the location of the phantom’s nodes along with r
concerning c, i.e., p

(f)
r = p

(e)
r + Arc(p(e)

c ) where superscripts (e) and (f) indicate nodes’
location in the related phantoms in Figure 4.13e and 4.13f (left-hand side), respectively.
Figure 4.13f (left-hand side) illustrates the bent phantom around an axis parallel to
l and crossing from the point of ( l

2 , l, 0) indicated by a light green arc with r = 100.
Similarly, by updating p

(f)
r = p

(e)
r + Arc(p(e)

l ), the phantom is bended around the axis
parallel to c and crossing the point of (c, l

2 , 0), shown in Figure 4.13f (left-hand side)
as blue arc with r = 1000.

In the next step, only required for mimicking an MRI voxel, the phantom is trans-
formed into a local coordinate system (Figure 4.13g). Finally, as shown in Figure 4.13h,
a cubic slab which its sides are parallel to the axes of the global coordinate system is
extracted from Figure 4.13g to represent an MRI voxel.

ECS can be increased by increasing inter-CMs and/or inter-sheetlet spaces. To in-
crease inter-CMs space, the space between polygons generated in step Figure 4.12.b,
needs to increase. The result of increasing inter-CMs space in the phantom is visible by
comparing Figure 4.14(a) and 4.14(b). The result of increasing inter-sheetlet space by
placing generated sheetlets further apart from each other is distinguishable by compar-
ing Figure 4.14(a) vs. 4.14(c). Finally, the result of increasing inter-CMs space along
with inter-sheetlet space is shown in Figure 4.14(d).
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(a) (b)

(c) (d)

Figure 4.14: Increase of ECS: a) Initial status, b) Increase of inter-CMs space, c)
Increase of inter-sheetlet space, d) Increase of both inter-CMs and inter-sheetlet spaces.

4.6 Experimental Data and Software

4.6.1 Data

The phantom was verified using several voxels of the 3D data acquired in ex-vivo rat
hearts reported previously [Teh et al., 2016]. Briefly, dMRI data was acquired on
a 9.4 T preclinical MRI scanner (Agilent, CA, USA) using a 3D fast spin-echo DW
sequence with the following parameters: TR/TE = 250/9.3 ms, echo train length = 8,
echo spacing = 4.9 ms, field-of-view = 20×16×16 mm, resolution = 100×100×100 µm,
diffusion duration (δ) = 2 ms, diffusion time (∆) = 5.5 ms, number of non-DW images
= 8, number of DW directions = 61, and b-value (effective) = 1000 s/mm2. The

49



4. THREE-DIMENSIONAL MICRO-STRUCTURALLY INFORMED IN
SILICO MYOCARDIUM FOR VIRTUAL CARDIAC
DIFFUSION-WEIGHTED MRI

4.7 Experiments and Results

abovementioned values are the same for all the simulations in this work.

4.6.2 Software

All processes including the generation of the numerical phantom, meshing, simulation
of dMRI signal, calculation of cDTI parameters, and statistical analysis were carried
out in MATLAB (MathWorks, Massachusetts, USA).

iso2mesh

iso2mesh is an open-source MATLAB mesh generation and editing toolbox. It creates a
3D tetrahedral finite element mesh from 3D gray-scale volumetric image, resulting from
Section 4.5 [Fang and Boas, 2009, Tran et al., 2020]. The different compartments of the
numerical phantom i.e., CMs’ groups, ECS, and collagens are labelled differently in the
resultant mesh. These labels enable the FEM-based dMRI simulator to resolve diffus-
ivity and relaxation assigned to each compartment, along with permeability between
them for the simulation.

SpinDoctor

Here, to simulate the dMRI signal, the SpinDoctor simulator Li et al. [2019], which
solves the Bloch-Torrey PDEs using the FEM, is used.

For all simulations, the ordinary differential equation (ODE) is solved using theta
time stepping method (generalized midpoint) [Stuart and Peplow, 1991], with the fol-
lowing parameter setup of SpinDoctor toolbox:

• implicitness = 0.5: calls Crank Nicolson method [Stuart and Peplow, 1991];

• timestep = 5 µs: timestep for iterations.

4.7 Experiments and Results

The quality of the proposed numerical phantom was evaluated in the following exper-
iments: (a) qualitative/visual comparison of in-silico CMs and myocardial tissue with
their real counterparts; (b) comparison of the shape of in-silico CMs with real CMs,
using a virtual morphometric study; (c) comparison of microstructure complexity of
the in-silico tissue against histology; and d) verification of cDTI parameters of the
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simulated cDTI with their experimental counterparts from ex-vivo measurements. The
list of tunable parameters for the simulation of cDTI can be found in Table 4.3

4.7.1 Qualitative Comparison of in-silico CMs with Real Myocar-
dium Experimental Data

This experiment aims to compare the in-silico version of: (i) single CMs, Figure 4.15(a);
along with (ii) transverse cross-section, Figure 4.15(b); and (iii) longitudinal cross-
section, Figure 4.15(c), of the myocardial tissue with their real counterparts using
histological and confocal microscopy images. Visual assessment of individual CMs and
cross-sectional images from tissue histology and the in-silico phantom indicate good
agreement between the former and the latter.

4.7.2 Morphometric Study of Virtual CMs

This experiment evaluates how the PDFs from literature, used as inputs, are preserved
following phantom generation. The virtual morphometric study is performed on 20 dif-
ferent numerical phantoms generated according to the PDFs shown in Table (4.3), each
comprising 642 virtual CMs. For each numerical phantom, all processes of phantom
generation are repeated from the beginning. The input PDFs are made on assumptions
that the value reported (mean±standard deviation) in literature comes from a normal
distribution. For each numerical phantom, all processes of phantom generation are re-
peated from the beginning. The volume V , length L, and profile Area (Area is defined
as the maximum area of the 2D projection of virtual CMs on the plane parallel to
the major-axis and perpendicular to the minor-axis of 2D polygons) are directly meas-
ured. Then, CM’s major-axis A is calculated from A = Area

L , and consequently, CM’s
minor-axis B is measured using microstructural restriction density, the volume formula
for an elliptical cylinder, V = πABL, as explained in [Chen et al., 2007]. Figure 4.16
illustrates an example of the input and output PDFs of the CMs’ shape parameters.

In this experiment, two null hypotheses are tested: first, the output PDFs follow
a normal distribution; second, there is no significant difference between the input and
output PDFs. The Shapiro-Wilk test tests the first null hypothesis, commonly used to
test whether PDFs come from a normal distribution or not [Ahad et al., 2011, Nayak
and Hazra, 2011]. The Mann-Whitney U-test tests the second null hypothesis if the
first null hypothesis is rejected; otherwise, it is tested by the t-test. Moreover, to
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(a)

(b)

(c)

Figure 4.15: Comparison between in-silico and real myocardial tissue. a) Comparison
between EM image of single CMs [Bensley et al., 2016] with in-silico CMs (the blues are
microvasculature), b) Comparison between the transverse cross-section of myocardial
tissue in a confocal microscopy image and an in-silico version of tissue, c) Comparison
between the longitudinal cross-section [Chen et al., 2015] of myocardial tissue in a
confocal microscopy image and an in-silico version of tissue.
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(a) (b)

(c) (d)

Figure 4.16: Comparison between the input and output PDFs of the CMs’ shape para-
meters. a) Length L, bin size of 2.5 µm b) Volume V , bin size of 806 µm3 c) Major-axis
A, bin size of 0.5 µm d) Minor-axis B, bin size of 0.5 µm.
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compare the variance of the PDFs, the null hypothesis that the input and output PDFs
have equal variances is tested using a two-sample F-test if both PDFs have a normal
distribution, and a Brown-Forsythe test if one of the PDFs does not follow a normal
distribution. Table 4.2 presents these statistical tests and a comparison between the
input and output data. Data are expressed as mean ± SD and are compared using
the Shapiro-Wilk test, Mann-Whitney U-test, t-test, two-sample F-test, and Brown-
Forsythe test.

The resultant p values for the Shapiro-Wilk test, p1-values in Table 4.2, indicate
that the proposed method preserves normality for the length and volume PDFs but
does not for major- and minor-axis PDFs. These results are coupled with instance
histograms are shown in Figure 4.16, where the length and volume of output PDFs
(red bars in Figures 4.16(a) and 4.16(b)) are symmetric around their means, whereas it
does not hold for PDFs of the major- and minor-axis (red bars in Figures 4.16(c) and
4.16(d)). Moreover, the null hypothesis of no statistically significant difference between
input and output PDFs is confirmed based on the p2- and p3-values. Finally, according
to p4- and p5-values, the null hypothesis of the equal variances for input and output
PDFs only fails to reject for length PDF.

4.7.3 Microstructural complexity of the in-silico tissue

This experiment investigates the similarity between the structural universality classes of
the in-silico myocardial tissue and the histological data from real tissue. Novikov et al.
[2014] classified the microstructure into different structural universality classes based on
the unique types of long-scale spatial correlations of a medium at the microscale. The
criterion for this classification is the exponent p in Γ(k)|k→0 ∼ kp, which describes the
long-range fluctuations of microstructural restriction density. Γ(k) is radially averaged
of the power spectrum density (PSD(u, v)) of the tissue microstructure around k = 0,
where k =

√
u2 + v2 [Lee, 2019]. According to Wiener-Khinchin theorem, PSD(u, v)

can be found using the Fourier transform of the autocorrelation function [Lathi, 1998]:

PSD(u, v) =
M−1∑
x=0

N−1∑
y=0

C(x, y)e−j2π( ux
M

+ vy
N

) (4.1)

where C(x, y) is the autocorrelation of a 2D image, I(x, y), 0 < x < M , 0 < y < N .
Here, the value of Γ(k) for the in-silico and histological images of the myocardial

transverse cross-section (in the plane perpendicular to the long axis of CMs) are com-
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pared as shown in Figure 4.15(b). Figure 4.17 depicts the diagrams of Γ(k) for these
images, at the different k. As illustrated in Figure 4.17, at k < 1

CM ′s minor−axis i.e.,
k < 1

12 , the diagrams of the in-silico tissue follow the same power-law tail of the real
tissue, i.e., k0.

Figure 4.17: Γ(k) for 2D images of the cross-sections of the in-silico and real myocardial
tissues shown in Figure 4.15(b).

4.7.4 Mesh Analysis

This experiment aims to find the coarsest tetrahedral mesh used to generate the
phantom, at which the simulated signal becomes independent of the mesh resolu-
tion. The mesh independence is evaluated by generating successively finer resolution
of tetrahedral meshes for the domain of interest until the changes in the simulated
signal become negligible. The number of tetrahedral elements at which this mesh inde-
pendency is observed is employed for all subsequent simulations. Due to considerable
memory requirements for higher b-values, the analysis is limited to the lower b-value
of b = 0 (s/mm2) and b = 100 (s/mm2). All imaging parameters of the simulation are
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set as described in Section 4.6.1, except diffusion encoding direction, which is set in the
direction of the z-axis. Figure 4.18 shows mesh analysis for a 100 × 100 × 100 (µm3)
phantom where changes in magnetisation and elapsed time for solving Bloch-Torrey
equation are evaluated versus the phantoms generated by more refined tetrahedral ele-
ments (or more tetrahedral elements) at b = 0 (s/mm2) and b = 100 (s/mm2).

(a) (b)

Figure 4.18: Mesh Analysis: dependency of magnetisation to mesh resolution at: a)
b = 0 (s/mm2) b) b = 100 (s/mm2)

According to Figure 4.18, the maximum number of tetrahedral elements at which
the simulation result is approximately independent of mesh resolution is 1486993, which
is achieved by setting the following parameters in iso2mesh:

• opt.radbound = 6: The maximum surface element size.

• opt.angbound = 30: The minimum angle of a surface triangle.

• opt.distbound = 0.45: The maximum distance between the center of the surface
bounding circle and centre of the element bounding sphere.

• opt.reratio = 3: The maximum radius-edge ratio.

• maxvol = 5: The target maximum tetrahedral element volume.

4.7.5 cDTI MRI Measurements vs. Phantom-based Simulations

This experiment investigates the performance of numerical phantom in replicating cDTI
eigenvectors and eigenvalues using a simplified version of the numerical phantom. The
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reason for this simplification is the lack of information about the chamber curvature
and myocardial tissue twisting of the ex-vivo data. Therefore, I discarded these features
during the generation of the numerical phantom. Moreover, collagen fibres are not
included in the numerical phantom, since the ex-vivo cDTI is measured from a healthy
heart, where the collagen VF is ∼ 2% [Haddad and Samani, 2017]. Due to lack of
information about inter-CMs space, this parameter was set 1 µm.

cDTI eigenvectors correspond to CMs and sheetlets directions [Magat et al., 2021,
Tseng et al., 2003]. Therefore, how the simulated eigenvectors preserve the input direc-
tions are investigated. First, I generated 100 in-silico voxels at the resolution of ex-vivo
data, described in Section 4.6.1, (the mesh resolution determined in Section 4.7.4) and
V Fic of the generated voxels fell into the range of 64-74%, with 69%±2% (mean±SD).
Then, the directions of CMs and sheetlets of these voxels are oriented according to the
eigenvectors of the voxels of an equivalent cDTI experiment, selected randomly from
different myocardial regions (Figure 4.19(a)). Finally, the biophysical parameters of
the in-silico voxels are set up according to the information provided in Table 4.3.

As shown in Table 4.3, the eigenvectors of in-silico voxels are exactly matched
to the eigenvectors of the ex-vivo data. T2ex is set 42.4 ms, water T2 measured in
the field strength of 9.4 T [Lei et al., 2003]. Then, T2ic is computed by assuming
T2ic × V Fic + T2ex × V Fex = T2ex−vivo where T2ex−vivo = 25.72 ms is the average value
of T2 for 100 selected ex-vivo voxels. Similarly, Dex is set 1.91 µm2/ms, free water
diffusivity reported in [Periquito et al., 2019], due to similar temperature during the
acquisition in [Periquito et al., 2019] and the ex-vivo data under comparison [Teh et al.,
2016]. Then, Dic is computed by assuming Dic × V Fic + Dex × V Fex = Dex−vivo where
Dex−vivo = 1.06 µm2/ms is the average diffusivity for 100 selected ex-vivo voxels. Since
Dex−vivo is reduced by CMs’ geometry, the computed Dic needs to increase to offset
the effect of CMs’ geometry. Due to a lack of quantitative information about diffusivity
reduction caused by CMs’ geometry, different values of Dic are assessed to achieve the
best possible agreement between eigenvalues of the in-silico and ex-vivo measurements
for 16 voxels, chosen randomly. According to this assessment, the best possible Dic is
achieved by 20% increase i.e., 0.83 µm2/ms, and set in the simulation for the remaining
voxels.

Other input parameters used for cDTI simulations were taken from published ex-
vivo data in the literature. Afterward, dMRI signal is simulated for 100 in-silico voxels
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by setting the imaging parameters of simulation such as b-values, diffusion encoding
directions, diffusion time, diffusion encoding gradient type and etc. as same as ex-
vivo data, described in Section 4.6.1. Finally, for each in-silico voxel, the eigenvectors,
eigenvalues, and FA of cDTI are computed and compared with their counterpart from
ex-vivo data.

(a) (b)

Figure 4.19: a) Location of mimicking voxels in a slice of experimental cDTI, b) An
example of in-silico voxel oriented according to voxel 8 in (a).

Figures 4.20 and 4.21 show the distribution of the angular distance between eigen-
vectors, along with the absolute angle difference between HA, TA, SA, and SE of the
input and simulated ones in rose diagrams. The mean and standard deviation (SD),
along with median and median absolute deviation (MAD) for these distributions are
reported under each diagram. These angular distance and absolute angle differences
are much smaller than those reported between cDTI and structural tensor imaging
(STI) [Bernus et al., 2015] shown in Table 4.4, or reported in [Haliot et al., 2019]. In
addition, as illustrated in the Bland-Altman plots in Figures 4.22(a), 4.22(b), 4.22(c),
and 4.22(d), there is an adequate agreement between HA, TA, SE and SA of the ex-vivo
data and the numerical phantoms.

Additionally, the simulated eigenvalues, mean diffusivity (MD), fractional aniso-
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(a) (b)

(c)

Figure 4.20: Angular distance between a) V1, b) V2, and c) V3 of ex-vivo and in-silico
voxels.
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(a) (b)

(c) (d)

Figure 4.21: Absolute angle difference between a) HA, b) TA, c) SA, and d) SE of
ex-vivo and in-silico voxels.
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(a) (b)

(c) (d)

Figure 4.22: a) Comparison between sheetlet angles of the experimental data and
numerical phantom. Agreement between a) HA; b) TA; c) SE and d) SA of the exper-
imental data and numerical phantom.
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tropy (FA), and radial diffusivity (RD) are shown along with the eigenvalues of the
ex-vivo data in Figure 4.23. For these parameters two null hypotheses are tested: first,
the distribution of the cDTI parameters for the experimental and simulation follows a
normal distribution; second, there is no significant difference between the distribution
of cDTI parameters of the experimental and simulated data. These hypotheses are
tested as in Section 4.7.2 and their results are presented in Figure 4.23 above each box
and whisker plot.

Computational cost

The computations for Section 4.7.5 simulations were performed on ARC3, the high-
performance computing facilities at the University of Leeds. ARC3 consists of 252
nodes with 24 cores (Broadwell E5-2650v4 CPUs, 2.2 GHz) and 128GB of memory
each and an SSD within the node with 100GB of storage. The details of computational
cost for undertaken simulations in Section 4.7.5 is reported in Table 4.5.

4.7.6 Effect of collagen density, twisting, and bending on MD and FA

As mentioned earlier, due to insufficient information about the twisting and curvature
of the myocardial wall along with the lack of information about the diffusivity and
relaxation of collagenous ECS, these structures are excluded in the simulation presented
in Section 4.7.5. The goal of the following experiment is to identify the effect of these
structures on cDTI derivatives individually. To this effect, cDTI for each structure’s
different range of values is simulated. Increasing collagen density decreases diffusivity
and relaxation [Bun et al., 2012, Loganathan et al., 2006, Mewton et al., 2011]. Figures
4.24(a) and 4.25(a) show that a decrease in diffusivity and relaxation values leads to
a reduction in MD and FA. Here, the effect of these changes on simulated signals for
four pairs of values of diffusivities, Dcollagen ∈ [Dex, Din], and relaxations, T2collagen

∈
[T2ex , T2in ], are illustrated respectively.

The degree of wall twisting and curvature depends on the studied cardiac phase. In
the transition from systole to diastole, the degree of the twisting increases [Streeter Jr
et al., 1969], whereas the curvature decreases. To show the effect of these geomet-
rical changes on MD and FA, cDTI is simulated using an in-silico voxel, mimicking
transiting from systole to diastole at four points, where α◦ ∈ [0, 60] and pl, pr ∈
[0.31 mm−1, 0.01 mm−1] [Ferferieva et al., 2018], respectively. Figures 4.24(b) and
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4.25(b); and Figures 4.24(c) and 4.25(c) show the simulated values of MD and FA,
respectively, increase by decreasing the curvature and increasing the twisting, which
agrees with changes in the in-vivo measurement of MD and FA [Khalique et al., 2020,
McGill et al., 2014]. The observation in Figure 4.25(b) is somewhat surprising as FA
values increase by increase of twisting, as it is expected that FA values decrease with
increase in the range of CMs orientation resulting from increased twisting. One possible
explanation for this observation is that the increase in the tissue twisting leads to a
decrease in CMs’ diameters [Axel et al., 2014, Nielles-Vallespin et al., 2017] which in-
creases FA values. The same reason may explain why increase in tissue bending results
in increasing FA values (Figure 4.25(c)).

4.7.7 Effect of adding obstacles into ECS on reduction in secondary
eigenvalue

To support the argument about the role of non-CM compartments and tortuous struc-
ture of inter-sheetlet space in reduction of λ2, several simulations were run over multiple
3D simplified versions of myocardial in-silico phantoms with different density of the
obstacles in ECS. Figure 4.26 shows simplified phantoms where light blue is ECS, and
pink and dark blue represent the CMs and obstacles, respectively. In these phantoms,
both CMs and obstacles have cuboid shapes. The phantom oriented in space, where the
CMs and obstacles were parallel to the z-axis, and sheetlets were perpendicular to the
y-axis. In Figure 4.26(b) and 4.26(d) obstacles are only placed in inter-sheetlet space,
whereas in Figure 4.26(c) and 4.26(e) obstacles are also added into inter-CM space.

In these experiments, parameters of the phantoms and simulations were similar to
the experiment in Section 4, but spins were encoded in 12 directions. Moreover, CMs
and obstacles share the same values for diffusivity, T2 relaxation, and permeability.
As illustrated in Figure 4.26, the resulting eigenvectors for each phantom are oriented
correctly, and adding the obstacles does not change their orientation, at least in the
case of these simplified phantoms. Table 4.6 shows eigenvalues for the phantoms in
Figure 4.26 along with their percentage change with respect to the initial phantom in
Figure 4.26(a), where there are no obstacles in ECS. In all phantoms, the eigenvalues
reduce, and the reduction in λ2 is two times larger than the reduction in λ1 and λ3.
Interestingly, in Table 4.6 it can be observed that the reduction in both λ1 and λ3 is
the same for all phantoms, e.g., ∆λ1 = ∆λ3. Therefore, it is possible to hypothesise
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(a) (b) (c)

(d) (e) (f)

Figure 4.23: Comparison between cDTI parameters of the experimental (blue whisker
plots) and in-silico data (green whisker plots). Agreement between a) λ1; b) λ2; c) λ3;
d) MD; e) FA; f) RD of the experimental data and numerical phantom.
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(a)

(b) (c)

Figure 4.24: Effect of a) increase in collagen density, b) increase in twisting, and c)
decrease in curvature on MD.

(a)

(b) (c)

Figure 4.25: Effect of a) increase in collagen density, b) increase in twisting, and c)
decrease in curvature on FA.
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(a) (b) (c)

(d)

(e)

Figure 4.26: Simple phantom mimicking myocardial microstructure (light blue: ECS,
pink: CMs) to investigate the effect of adding obstacles (dark blue) into the ECS on
eigenvalues.
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that these conditions are more likely to occur for the proposed in-silico phantom by
adding the obstacles.

However, as mentioned earlier, including the above-mentioned obstacles reduces
all eigenvalues, whereas only a reduction in λ2 is of interest. Therefore, to preserve
matching between λ1 and λ3, ICS diffusivity should increase to offset the reduction in
λ1 and λ3, while more reduction in λ2 is likely to lead to matching between λ2 of in-
silico and ex-vivo data. This can be demonstrated by comparing λ1 and λ3 of phantoms
(c) and (d) computed by ICS diffusivity of 1 µm2/ms, shown in Table 4.7, with their
counterpart for phantom (a) computed using ICS diffusivity of 0.83 µm2/ms, shown in
Table 4.6.

4.8 Discussion and Conclusion

This chapter aims to develop a workflow to generate a novel numerical phantom rep-
resenting myocardial microstructure. Compared with previous efforts, this study intro-
duces two main novel contributions: (a) it considers more realistic shapes for the CMs
and consequently a realistic complexity for the medium (relative to previous phantoms),
by incorporating the native PDFs of CM shape parameters into the phantom; (b) it
models the ICDs within the phantom and takes into account their effects on the dMRI
signal.

Interestingly, the comparison of the in-silico images with the histological images in
Figure 4.15 shows that the proposed method closely mimics myocardial tissue. The
most striking observation emerges from the shape comparison of several single in-silico
CMs with real CMs, shown in Figure 4.15(a), where the proposed algorithm is demon-
strated to generate a realistic in-silico version of CMs. Figure 4.15(b) and Figure
4.15(c) show an apparent similarity between the shape of the transverse and longitud-
inal cross-section of in-silico tissue and real ones, where combining both confirms an
elliptical shape for CMs. However, closer inspection in Figure 4.15(b) reveals different
dispersion for crosswise orientation of the CMs (the directions of the principal axes of
polygons) in in-silico images and histology. In the in-silico images, these directions are
more correlated than those of the histological images.

The virtual morphometric study (Table 4.2) confirms that the shape of individual
CMs is consistent with real CMs, where p-values for the length and volume of the CMs,
i.e., p3, and p-values for major and minor axes of the CMs, i.e., p2, are > 0.01. The
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reason for high p-values for the length and volume lies in the step shown in Figures
4.12c and 4.12l-4.12o, where the shape of each virtual CMs is modified to preserve the
input PDF of the length and volume, respectively. In contrast, the statistical tests
related to PDFs of the major-axis and minor-axis result in lower values of p2. As
shown in Figure 4.16, major-axis and minor-axis PDFs of the output are broadened
than the input. Broadening is a consequence of creating inter-CM space, during the
transformation of the ellipse packing to the polygons. To create inter-CM space, the
area of some polygons, shown in Figure 4.12.b, is shrunk, which leads to the reduction
of the values of the major- and minor- axes and correspondingly, a broadening of their
PDFs.

Considering microstructure complexity, the results of the structural correlator Γ(k)
corroborate the consistency between the in-silico generated tissue and real tissue (Fig-
ure 4.17). [Novikov et al., 2014] showed that the transverse cross-sections of skeletal
muscle are classified as an extended disorder due to Γ(k) ∼ k−1. This k−1 behaviour
comes from (relatively) straight lines of the myocyte’s boundaries in the transverse
cross-section of skeletal muscle, which spatially correlates over length scales of the cell’s
diameter. As shown in Figure 4.15(b), CMs’ boundaries in the transverse cross-section
of the myocardial tissue are curved, and their directions are uncorrelated. Therefore,
the k−1 gets cut-off at k ∼ 1

Cell’s diameter , and the disorder at larger cell diameter scales
tends to plateau, i.e., k0, the green dashed line in Figure 4.17, termed a short-ranged
disorder.

This study shows that the median ± MAD of the angular distance between the input
and simulated eigenvectors, along with the absolute angle difference between the input
and simulated sheetlet angles, displayed in Figure 4.20 and 4.21, are lower than those
between DTI and STI, reported in Figure 10 and Figure DS3 of [Bernus et al., 2015].
Moreover, the angular distance between the input and simulated V3 (Figure 4.20(c)) is
much smaller than the angular distance between the directly measured FLASH laminar
normal and V3 of STI and DTI, as reported in [Bernus et al., 2015]. Additionally, the
resulting absolute angle difference for HA (Figure 4.21) demonstrates that the deviation
of the simulated HA from the input directions (4.3◦ ± 3.1◦) is consistent with the
absolute angle difference for HA between the experimental cDTI and histology reported
by [Holmes et al., 2000] (3.7◦ ±6.4◦) and [Scollan et al., 1998] (4.9◦ ±14.6◦). According
to Figure 4.23, λ1 and λ3 are in reasonable agreement with those from the ex-vivo data.
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However, λ2 of in-silico is considerably higher than its ex-vivo counterpart. Since the
ICS and ECS diffusivities contribute fairly well to the values of λ1 and λ3, the best way
to reduce λ2 with less effect on λ1 and λ3 is to add more obstacles to the passage of
water molecules in the direction of V2. The most important compartments that hinder
the movement of water molecules in this direction are microvasculature, fibroblast, and
collagens (non-CM compartment) (with the VF of 7.7%, 2.5% [Greiner et al., 2018], and
2% [Haddad and Samani, 2017], respectively), as they are perpendicular to V2, aligned
along CMs [Greiner et al., 2018]. Moreover, inter-sheetlet space in real myocardial
tissue is more tortuous than its in-silico counterpart, which results in λ2 reduction.
Section 4.7.7 illustrates the effect of adding the above-mentioned obstacles in ECS on
eigenvalues over simple phantoms. For these phantoms, adding the obstacles in ECS
reduces all eigenvalues λ1 and λ3 reduce by the same amount, whereas the reduction
in λ2 is two times more than both λ1 and λ3. Thus, the results in Section 4.7.7 appear
to support the argument that dismissing obstacles in ECS increases λ2. In addition,
although there is no statistical difference between the in-silico and ex-vivo values of
λ1 and λ3, there are differences between the range of their quartiles and extremes as
shown in the box plots of Figure 4.23. The possible explanation for these differences is
that the reported values for CM shape parameters are an average from a large part of
a heart, whereas these values are used for every small in-silico voxel.

Therefore, the focus of future works should be on integrating realistic microvas-
culature, non-CM compartments, along with tortuous inter-sheetlet space into the nu-
merical phantom to improve the agreement between in-silico and ex-vivo λ2. Moreover,
local information about the CM shape parameters for every voxel should be used in the
experiment to make the findings more generalisable. Therefore, there is a definite need
for an imaging method for intact hearts that enables us to reveal this information.
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Chapter 5 : An in-silico imaging framework for
intravoxel incoherent motion MRI

5.1 Chapter summary

This chapter introduces an in silico IVIM MRI framework developed through an ex-
tended finite element solver.

Contrary to previous approaches, this framework accounts for volumetric microvas-
culature during blood flow simulations, incorporates diffusion phenomena in the in-
travascular space, and accounts for the permeability between the intravascular and
extravascular spaces. Some experiments are presented to explore how these features of
the proposed framework affect a simulated dMRI signal.

5.2 Introduction

Perfusion plays a crucial role in preserving the normal function of the tissues by de-
livering O2 and nutrients into tissue as well as discharging CO2 and wastes. Hence,
perfusion imaging is instrumental in the diagnosis and monitoring of microvasculature
diseases such as ischemia, hypercapnia- and hyperoxygenation-induced vasoconstriction
Federau et al. [2012], distinguishing between high- and low-grade brain gliomas Federau
et al. [2014a], and etc.

As discussed in Section 1.2.2, IVIM MRI is a promising technique that allows per-
fusion assessment of the tissue. However, the interpretation of IVIM imaging data can
be challenging due to the complexity of the underlying physiological processes. The
use of virtual imaging frameworks can help to overcome these challenges by providing a
framework for the interpretation of IVIM MRI data and the estimation of quantitative
parameters Spinner et al. [2019], Zhang et al. [2018].

For instance, virtual IVIM MRI frameworks can provide a detailed understanding of
the underlying physiological processes that contribute to IVIM MRI. They can simulate
the different complex microcirculation dynamics within tissues and help to identify the
contributions of different parameters to the signal. This can help to disentangle the
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effects of diffusion and perfusion and provide a more accurate estimation of tissue
microstructure and perfusion. Furthermore, virtual IVIM MRI frameworks can help
to optimize the acquisition parameters for IVIM MRI. By simulating the effects of
different diffusion weighting gradients and echo times, virtual IVIM MRI frameworks
can identify the optimal acquisition parameters for a given tissue type and imaging
protocol. This can help to improve the accuracy and reproducibility of IVIM MRI
data.

5.3 Literature review

To date, all the numerical studies of IVIM MRI have been done using a simple numerical
method, namely, an elementary method that simulates the movement of spins based on
only the blood flow velocity over vascular trajectories R(t′). Then, the acquired phase
ϕt due to these displacements of spins is computed as ϕt =

∫ t
0 γG(R(t′), t′)dt′, and

finally, the approximate IVIM MRI signal is computed using S = S0E{e(iϕt)}, where
E{} is an expectation of random variable of ϕt. For a basic example, see Fournet et al.
[2017]. Additionally, Mozumder et al. [2018] used the discussed method to analyse the
sensitivity of different IVIM MRI parameter estimation algorithms to the parameter
initialisation values, and Spinner et al. [2019] used the same method to compare the
IVIM MRI encoding efficiency of spin-echo- and stimulated-echo-based diffusion MRI
for assessing myocardial perfusion. More recently, using this method, simulated IVIM
MRI in three realistic vascular networks of a mouse brain was conducted inVan et al.
[2021]. A likely explanation for the limited body of research on the numerical study of
IVIM MRI, compared with diffusion MRI techniques Fieremans and Lee [2018], is the
lack of a sophisticated virtual imaging technique for IVIM MRI simulation. The major
drawback of the above elementary approach is the use of vessel trajectory instead of
the 3D geometry of microvasculature, which imposes three limitations:

i The blood flow simulation is unrealistic, regardless of the flow computation method,
as the elementary method assigns a unique blood velocity to each vessel segment.
However, blood velocity along both parallel and vertical axes of the vessel axis is
variable.

ii The diffusion within the intravascular space due to the Brownian motion of water
molecules inside the red blood cells and plasma is ignored.
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iii The effect of the permeability between the intra- and extra-vascular spaces is not
accounted for.

iv The hindering effect of vascular geometry on the spins within the extravascular
space is discarded.

5.4 Motivation and Contribution

The objective of this chapter is to present a virtual IVIM MRI technique which ad-
dresses the abovementioned limitations. This technique integrates a sophisticated and
established blood flow simulator with a newly developed MR transverse magnetisation
simulator. The schematic diagram of this virtual IVIM MRI technique is shown in
Figure 5.1. This technique includes two cores:

i Blood flow simulator based on the Lattice Boltzmann Method (LBM): the pseudo-
diffusion describes blood flow through the capillaries as a diffusion-like process,
and relates it to blood flow velocity. Hence, having a more realistic and accurate
IVIM MRI simulation requires a more realistic and accurate blood flow simula-
tion. For this purpose, a computational fluid dynamics package, HemeLB Mazzeo
and Coveney [2008], is used which can resolve the full three-dimensional flow field
in any microvascular bed of interest Bernabeu et al. [2018] by approximating the
Navier-Stokes equations with an efficient and highly parallel LBM implement-
ation. A more detailed description of HemeLB is available in Bernabeu et al.
[2014].

ii MR magnetisation simulator based on the finite element method: To simulate
MR transverse magnetisation, a new extension of SpinDoctor, a Matlab Tool-
box providing numerical solutions to the Bloch-Torrey partial differential equa-
tion (BTPDE) Li et al. [2019], is presented for IVIM MRI simulation, called
SpinDoctor-IVIM. The SpinDoctor-IVIM solves a “generalised” form of BTPDE,
termed gBTPDE, which takes into account the velocity of the water molecules’
spins in the blood flow alongside their diffusion and relaxation.
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5.5 Data

A developmental retinal vascular plexus network, at the centre of Figure 5.1 in red,
was acquired in an earlier study Bernabeu et al. [2014], using transmission electron
microscopy. Details regarding tissue preparation, transmission electron microscopy
imaging, image segmentation, and 3D surface generation are available in Franco et al.
[2008] and Bernabeu et al. [2014], respectively. In this network, the largest diameter
is 40 µm, which occurs along the retinal vein, whereas, the larger diameter of artery
segments is about 16 µm approaching the optic disc. The capillary’s diameters vary
approximately in the range 2 to 10 µm, with a reduced amount of vessels with a smaller
diameter.

5.6 Method

5.6.1 Finite Element Solution of Generalised Bloch-Torrey Partial
Differential Equation

This Section presents the extensions made to the original version of SpinDoctor to form
SpinDoctor-IVIM. The gBT equation Eq.(2.21) is spatially discretised using the finite
element method (FEM), resulting in the following linear system:

M l
δηl

δt
= −(S l +

√
−1Ql(t) + 1

Tl
M l + J l + F l(t))ηl, (5.1)

where M l is the mass matrix Eq.(2.34), S l is the stiffness matrix Eq.(2.35), Ql(t) is
the scaled-mass matrix Eq.(2.36), J l is the flux matrix Eq.(2.37), and F l(t)

{F l}ij
∆= Fij =

∫
Ωl

ϕl
j(r)v(r, t) · ∇ϕl

i(r) dr (5.2)

is the damping matrix. The finite elements used by SpinDoctor-IVIM are P1 elements,
ηl is the approximation of the magnetisation at the nodes of the finite element in Ωl,
and (ϕl

i(r)) are the set of finite element basis functions in Ωl.
SpinDoctor incorporates Eq. (2.34)-(2.37) to solve the Bloch-Torrey equation. The

extension SpinDoctor-IVIM, incorporates the damping matrix, i.e., Eq. (2.38), into
the linear system of Eq. (2.33), enabling one to consider the effect of blood flow on
magnetisation. The linear system of Eq. (2.33) is solved using thetheta time stepping
method (generalised midpoint) Stuart and Peplow [1991], with the following parameter
set-up of the toolbox:
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• implicitness = 0.5: calls Crank Nicolson method Stuart and Peplow [1991];

• timestep = 5 µs: timestep for iterations.

5.6.2 Interpolating Local Velocities for Tetrahedron Mesh

HemeLB is used to compute the local velocities within the microvasculature, which is
the input to SpinDoctor-IVIM. HemeLB computes these values for the vertices of a lat-
tice, shown in Figure 5.2 as small circles, but these local values should be computed for
each tetrahedron, as tetrahedral meshes are the inputs to SpinDoctor-IVIM. Figure 5.2
shows how tetrahedrons are generated in different sizes and occupy the computational
space. Therefore, it is necessary to interpolate the local velocities for each tetrahedron
centre before simulating the IVIM MRI signal using SpinDoctor-IVIM.

Figure 5.2: A schematic of the relative position of a lattice versus tetrahedron.

Before the interpolation, it is necessary to register the discretised domains of the lat-
tice and the tetrahedral finite element mesh to achieve the most accurate interpolation
of the velocities at the tetrahedral centres. This can be accomplished most efficiently
by generating a tetrahedral volume mesh directly from the input surface mesh, as in
Figure 5.3a. There are occasions, however, when the tetrahedral volume mesh does not
register completely with the lattice domain due to some technical issues. Therefore,
before interpolation, mesh registration must be investigated and corrected between the
two domains, as in Figure 5.3.

For this purpose, first, a rigid transformation that registers the surface of the tet-
rahedral domain to the input mesh surface of HemeLB is computed Besl and McKay
[1992], Chen and Medioni [1992]. Then, using this rigid transformation, all the vertices
within the tetrahedral domain are moved into a new location. With the tetrahedral
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Figure 5.3: Mesh generation and registration. a) Generating tetrahedron mesh, to be
used as SpinDoctor-IVIM input, from the input surface mesh of HemeLB; b) Registra-
tion between tetrahedron mesh and the output lattice of HemeLB.

domain registered to the lattice domain, velocities at the centre of the tetrahedrons are
interpolated using scattered data interpolation methods Amidror [2002].

5.6.3 Adding extravascular domain

The effect of microvasculature permeability on IVIM MRI signal can be accounted for
by enclosing microvasculature with extravascular spaces, as shown in Figure 5.4. The
outline boundary of this extravascular space can, however, affect the simulated signal
unrealistically. Unlike real tissue, which does not have these boundaries, molecules
that reach this extravascular space in the simulation domains reflect elastically off. To
discard the impact of the collisions between molecules and extravascular outline bound-
aries, IVIM MRI simulations are run over a mesh with a larger extravascular domain to
eliminate the impact of collisions between molecules and extravascular outline bound-
aries. Finally, extravascular magnetizations in the vicinity of outline boundaries are
excluded from the IVIM MRI signal calculation.
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Figure 5.4: Sub-set of murine retinal vascular plexus (red) surrounded by extra-vascular
space (blue).

5.6.4 Removing Effect of Outlet Boundaries on A Simulated IVIM
MRI

During virtual IVIM MRI, when simulated spins reach outlet boundaries, they reflect
elastically off those boundaries. These collisions, which affect the simulated signal,
never happen in a real IVIM MRI experiment due to the continuity of the vascular
system. Therefore, the simulation parameters must be set to prevent the spins from
reaching the outlet boundaries before the echo time to avoid adverse effects from the
outlet boundaries on the simulated IVIM MRI. For this purpose, the IVIM MRI simu-
lation begins in a part of the vascular domain, termed region of interest (ROI), which
is far enough from the outlet boundaries, while the region of non-interest (RONI), the
region near the outlet boundaries, is initialised by zero magnetisation, as in Figure 5.5.
Lastly, after the simulation is complete, the simulated IVIM MRI signal is computed
without considering the magnetisation values in RONI. As in Figure 5.5, one reliable
and easy way to define RONI for the domain is to consider the part at max{v(r, t)}×Te

around outlet boundaries as RONI, where Te is the echo time. Examples of the sim-
ulated IVIM MRI signal for the different ROI have been shown in Figure 5.6 for the
velocities ranging from 0 to the maximum possible velocity at each ROI.

For all experiments in this work, to compute the local blood flow velocities through
the microvasculature, the result of the blood flow simulation reported in Bernabeu
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et al. [2014], for ocular perfusion pressure of 25 mmHg is used. Bernabeu et al. [2014]
showed the changes in ocular perfusion pressure affect only the magnitude of blood
velocity within the microvasculature, not the pattern of flow. Therefore, to repeat the
IVIM MRI simulation at the different blood velocities, the magnitude of the velocities
simulated for ocular perfusion pressure of 25 mmHg is scaled.

Figure 5.5: Excluding the effect of the outlet boundaries on the simulated IVIM MRI
signal by setting zero initial magnetisation at max{v(r, t)}×Te vicinity of outlet bound-
aries. At the end of the simulation, the magnetisation in this region is dismissed in the
computation of the final signal.

5.7 Experiments and Results

This Section illustrates how the proposed framework can be applied to IVIM MRI
studies through some prototypical experiments. As described earlier in Section 5.2,
when blood flows incoherently in the microvasculature, diffusion gradients dephase
spins in blood, according to the IVIM theory Le Bihan et al. [1986]. Le Bihan et
al. Le Bihan et al. [1986] described the IVIM MRI signal through a bi-exponential
model, which included a true diffusion component related to the Brownian motion of
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Figure 5.6: Effect of different ROIs, max{v(r, t)} × Te, and maximum velocities
max{v(r, t)} for each ROI on normalised IVIM MRI signal.

water molecules, D, and a perfusion-related diffusion component concerned with blood
microcirculation in the capillary network, pseudo-diffusion coefficient D∗, according to
the following formula:

S

S0
= (1 − f) × e−b×D + f × e−b×(D∗) (5.3)

where f is perfusion fraction.
These experiments include evaluating the effects of changes in biophysical para-

meters of the domain, such as blood pressure, vascular permeability, and intravascular
diffusivities, on simulated IVIM MRI signals, as well as their effects on estimated
biophysical parameters of microvascular using a bi-exponential signal model. The bi-
exponential model is fitted to IVIM MRI signal using the segmented fitting method
Jalnefjord et al. [2018].

5.7.1 Effect of Different Blood Pressure on IVIM MRI Signal

The link between high blood pressure and damage to the heart, brain, retina, kid-
neys, and arterial blood vessels has been well established in research Mensah [2016].
When blood pressure exceeds the normal level, structural changes occur in the targeted
organs, resulting in organ dysfunction Suvila and Niiranen [2022]. The goal of this ex-
periment is to investigate how changes in blood pressure affect IVIM MRI signals and
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the parameters of the bi-exponential model. Since blood pressure and blood velocity
are directly related, changing the velocity in gBT will account for changes in blood
pressure. To provide the spins with enough opportunity to disperse, relatively large
diffusion times and geometry should be considered. Therefore, since the experiments
were restricted to a small retinal microvasculature, experiments limited the maximum
velocity of 0.01 ms−1 and 0.02 ms−1.

5.7.2 Effect of Different Intravascular Diffusivities on IVIM MRI Sig-
nal

Previous simulation frameworks do not account for the effect of blood diffusion on
simulated signals Spinner et al. [2019], Van et al. [2021] as discussed earlier. According
to typical IVIM MRI experiments, the effect of blood self-diffusion on signal attenuation
is trivial compared to blood velocity (modelled by pseudo-diffusion), but the results
of the flow-compensated diffusion gradient experiment do not support this assertion
Funck et al. [2018]. The objective of this experiment is to determine whether changes
in intravascular diffusivity affect the simulated IVIM MRI signal and three estimated
parameters of the IVIM bi-exponential model. For this purpose, three intravascular
diffusivity values of 10−7µm2/ms, 1.26 µm2/ms and 3 µm2/ms are used—The value of
1.26 µm2/ms is the experimental coefficient for blood diffusivity reported in Funck et al.
[2018].

5.7.3 Effect of Different Vascular Permeabilities on IVIM MRI Signal

The permeability of the vascular system refers to the rate at which molecules and solutes
exchange between the inside and outside of the vessel. Maintaining tissue functional-
ity physiologically requires a normal exchange between blood components and tissues.
Several vasculopathies modulate and alter this exchange rate, which adversely affects
tissue function Wautier and Wautier [2022]. The following are examples: an increase in
tumour microvascular permeability helps with cancer metastatic spread; acute increases
in myocardial permeability cause tissue oedema, which affects the heart’s pumping effi-
ciency Claesson-Welsh [2015]; an increase in permeability increases interstitial pressure
and impairs the delivery of therapeutic agents; an increase in retina microvasculature
permeability is one of the first observable alterations in diabetic retinopathy, which can
cause vision loss Antonetti et al. [1999]. This experiment aims to determine whether
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changes in vascular permeability affect the IVIM MRI signal and if the IVIM biexpo-
nential signal model can detect these changes. This is done by simulating the IVIM
MRI signal in the retina microvasculature using different orders of magnitude for the
permeability: 10−7m s−1, 10−6m s−1 Allen et al. [2020], 10−5m s−1 Allen et al. [2021],
and 10−4m s−1.

(a) (b)

(c) (d)

Figure 5.7: Effect of changing the blood diffusivity and vascular permeability on a)
IVIM MRI signal originated from both intravascular and extravascular spaces at the
velocity of 0.01 m s−1, b) IVIM MRI signal originated from intravascular spaces at
the velocity of 0.01 m s−1, c) IVIM MRI signal originated from both intravascular and
extravascular spaces at the velocity of 0.02 m s−1, and d) IVIM MRI signal originated
from intravascular spaces at the velocity of 0.02 m s−1.

Following are the other imaging and biophysical parameters that will be fixed in the
experiment:

• A classic Stejskal-Tanner pulse sequence is used for the IVIM MRI simulation,
with b-values ranging from 0 s/µm2 to 800 s/µm2 with the incremental step of
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50 s/µm2.

• The fixed diffusion time and gradient duration of 40 ms and 2.5 ms are used, while
the gradient ramps are neglected.

• Intravascular and extravascular T2 relaxations are fixed 220 ms (the average value
of T2 for arterial and venous blood) and 280 ms, respectively. These T2 values were
reported in Lin et al. [2012] and measured for samples under normal physiological
conditions (haematocrit = 0.43), using a 1.5 T system, and at body temperature.

• The fixed value of 3 µm2/ms is used for diffusivity in extravascular space.

(a) (b)

(c)

Figure 5.8: Effect of changes in a) D∗ b) D, and c) f at the different blood flow
velocities, intravascular diffusivity and vascular permeability. The volume fraction of
the microvasculature at experimental ROI is 9%.

Figures 5.7(a) and 5.7(c) show the IVIM MRI signal decay at the different b-values,
originating from intravascular and extravascular spaces, for the different intravascular
diffusivities and vascular permeabilities. At the same time, the maximum blood velocity
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within the microvasculature is 0.01 m s−1 and 0.02 m s−1, respectively. Similarly, Fig-
ures 5.7(b) and 5.7(d) display the same information about the IVIM MRI signal decay
originating only from intravascular space. A significant error is clear in Figures 5.7(b)
and 5.7(d) when intravascular diffusivity is excluded from the simulated IVIM MRI
signal. Further, an increase in both intravascular diffusivity and vascular permeability
increase signal decay in Figure 5.7. Comparing Figure 5.7(a) with 5.7(c) and Figure
5.7(b) with 5.7(d), respectively, shows an increase in signal decay rate in IVIM MRI as
blood flow velocity increases. Figures 5.8(a), 5.8(b), and 5.8(c) compare changes in the
values of D∗, D, and f for the different values of vascular permeability, intravascular
diffusivity, and blood flow velocity. 5.8(a) shows an increase in blood flow velocity
leads to a rise in D∗, but an increase in diffusion and permeability values results in a
decrease in D∗ . As illustrated in 5.8(b), an increase in blood flow velocity leads to a
reduction in D, but as expected, an increase in intravascular diffusivity leads to an in-
crease in D. However, the effect of increasing vascular permeabilities depends on both
intravascular and extravascular diffusivities. It can be seen in Figure 5.8(b) that there
is a direct relationship between the estimated values of D and vascular permeability
when intravascular diffusivities are less than 3 µm2/ms. In contrast, this relationship
reverses when intravascular and extravascular diffusivities are the same at 3 µm2/ms.
Finally, a higher velocity of blood flow, a higher intravascular diffusivity, and a higher
vascular permeability result in higher values of f in Figure 5.8(c). The volume fraction
of the microvasculature at experimental ROI is 9%.

Initial observations of the results in Figure 5.8 suggest that the changes in blood flow
velocity and vascular permeability have a trivial impact on both IVIM MRI signal and
the estimated parameters of bi-exponential IVIM. However, as the microvasculature
used here for the simulation has a simple geometry and is small, caution must be
applied; these findings might not be generalisable to more complex geometries. The
T2 values of blood are dependent on haematocrit content and oxygenation level Lin
et al. [2012], which will affect the results for this study. It is also possible that the
bi-exponential model cannot capture the effects of these biophysical changes in D∗, D,
and f .
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5.7.4 Computational Cost

The computations for Section 5.7 simulations were performed on ARC3, the High-
Performance Computing facilities at the University of Leeds. ARC3 consists of 252
nodes with 24 cores (Broadwell E5-2650v4 CPUs, 2.2 GHz) and 128GB of memory
each, and an SSD within the node with 100GB of storage. The details of computational
cost for undertaken simulations in Section 5.7 is reported in Table 5.1.

5.8 Conclusion and Discussion

This study presents a virtual imaging framework, called SpinDoctor-IVIM, that sim-
ulates IVIM MRI signals by integrating a new finite element solver for gBT PDEs
with a well-established LBM solver for the Navier-Stokes equations. SpinDoctor-IVIM
provides a more realistic and comprehensive virtual imaging framework that can be
used for prototyping IVIM MRI. One of the more significant findings to emerge from
this study is that the intravascular diffusivity affects the simulated IVIM MRI signal
in a non-trivial way, which is in accordance with previous research Funck et al. [2018].

Second, this study illustrates how vascular permeability affects the simulated IVIM
MRI signal. In the previous method, IVIM MRI signals are simulated by simulating
spin movement based solely on vascular trajectories, which makes it difficult to consider
intravascular blood diffusivity and permeability between intravascular and extravascu-
lar spaces.

As well as these advantages of the proposed framework, the simulated signal is com-
puted based on a more realistic blood flow simulation. This increases the result reliab-
ility and allows a local investigation of the relationship between blood flow parameters,
such as the blood velocity and vessel’s wall shear stress, with IVIM MRI parameters.
Hence, the framework proposed here lays the groundwork for future research into the
numerical study of IVIM MRI.
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Chapter 6 : Conclusions

6.1 Contributions

Throughout this chapter, the author summarises the contributions made by the work
presented throughout this thesis for studying myocardial microstructure using virtual
dMRI based on Brownian and intravoxel incoherent motions of water molecules in tis-
sue. As part of this project, we have developed a new numerical phantom generator
for the myocardium, as well as expanded the SpinDoctor toolbox for IVIM MRI. Fur-
thermore, the author discusses the limitations and future directions of this field of
research.

6.1.1 Three-dimensional micro-structurally informed in silico myocar-
dium for virtual cardiac diffusion-weighted MRI

In silico tissue models (viz. numerical phantoms) provide a mechanism for evaluat-
ing quantitative models of magnetic resonance imaging. This includes the validation
and sensitivity analysis of imaging and tissue microstructure parameters. Chapter 4
proposes a novel method to generate a realistic numerical phantom of myocardial mi-
crostructure. The proposed method extends previous studies by accounting for the
variability of the cardiomyocyte shape, water exchange between the cardiomyocytes
(ICDs), disorder class of myocardial microstructure, and four sheetlet orientations. In
the first stage of the method, CMs and sheetlets are generated by considering the shape
variability and ICDs in CM-CM connections. Sheetlets are then aggregated and ori-
ented in the directions of interest. The morphometric study demonstrates no significant
difference (p > 0.01) between the distribution of volume, length, and primary and sec-
ondary axes of the numerical and real (literature) CM data. Moreover, structural cor-
relation analysis validates that the in-silico tissue is in the same class of disorderliness
as the real tissue. Additionally, the absolute angle differences between the simulated
HA and input HA (reference value) of the CMs (4.3◦ ±3.1◦) demonstrate a good agree-
ment with the absolute angle difference between the measured HA using experimental
cDTI and histology (reference value) reported by (Holmes et al., 2000) (3.7◦ ± 6.4◦)
and (Scollan et al., 1998) (4.9◦ ± 14.6◦). Furthermore, the angular distance between
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eigenvectors and sheetlet angles of the input and simulated cDTI is much smaller than
those between measured angles using structural tensor imaging (as a gold standard)
and experimental cDTI. Combined with the qualitative results, these results confirm
that the proposed method can generate richer numerical phantoms for the myocardium
than previous studies.

6.1.2 An in-silico imaging framework for intravoxel incoherent mo-
tion MRI

IVIM MRI is increasingly recognised as an important tool in clinical MRI, where tissue
perfusion and diffusion information can aid disease diagnosis, prognosis, treatment out-
come assessment, and monitoring of patient recovery. Currently, biomarker discovery
based on IVIM MRI, similar to other medical imaging modalities, depends on lengthy
preclinical and clinical validation pathways to link image-derived observable markers
with the underlying pathophysiological mechanisms. To speed up this process, a virtual
IVIM MR imaging is proposed in Chapter 5. This approach requires an efficient virtual
imaging framework to design, evaluate, and optimise novel approaches for IVIM MRI. In
Chapter 5, in silico IVIM MRI is developed through a new FE solver, SpinDoctor-IVIM,
which extends SpinDoctor, a dMRI simulation toolbox. SpinDoctor-IVIM simulates
IVIM MRI signals by solving the generalised Bloch-Torrey PDE. The input velocity
to SpinDoctor-IVIM is computed using HemeLB, an established Lattice Boltzmann
blood flow simulator. Contrary to previous approaches, the SpinDoctor-IVIM accounts
for volumetric microvasculature during blood flow simulations, incorporates diffusion
phenomena in the intravascular space, and accounts for the permeability between the
intravascular and extravascular spaces.

6.2 Limitations and Future directions

6.2.1 Three-dimensional micro-structurally informed in silico myocar-
dium for virtual cardiac diffusion-weighted MRI

The most important limitation related to the numerical phantom is that non-CM com-
partments, along with tortuous inter-sheetlet space, are not included in the in-silico
phantom. Moreover, the lack of local information about the CM shape parameters for
every voxel makes these findings of Chapter 4 less generalisable. Thirdly, as shown in
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Table 4.3, among 23 adjustable parameters of the numerical phantom, only eigenvectors
of in-silico voxels are exactly matched with their ex-vivo counterparts. For the remain-
ing 20 parameters, we either discarded these parameters (such as collagen’s diffusivity
and relaxation (Dcollagen and T2collagen

), tissue twisting (α), wall curvature (pr and pl),
etc.) or used the values reported in the literature (such as CMs’ dimension (L, V, A
and B), CMs’ permeability (kSarco. and kICDs), etc.) which are likely to differ from
the parameters of the ex-vivo data under comparison. Therefore, there is a definite
need for an imaging method for intact hearts that enables us to reveal this information.
Imaging to this aim could be based on synchrotron radiation X-ray phase-contrast ima-
ging, which has facilitated the investigation of myocardial tissue in detail, as recently
shown by [Kaneko et al., 2017, Pierpaoli, 2010, Shinohara et al., 2016].

Sensitivity analysis of cDTI parameters or simulated diffusion signal to microstruc-
ture parameters listed in Table 4.3, along with incorporating non-CM compartments
into the present phantom, will be the subject of future works. Moreover, the proposed
micro-scale numerical phantom can be integrated into the XCAT phantom [Segars et al.,
2010] to generate a micro-structurally informed numerical phantom of a whole cardiac
organ. This opens up an opportunity for virtual imaging trials in cardiac dMRI through
simulating 3D cardiac dMRI images —, which are micro-structurally informed—, to-
gether with including the effect of cardiac contraction and respiratory motion on dMRI
images.

6.2.2 An in-silico imaging framework for intravoxel incoherent mo-
tion MRI

Another source of weakness in the results presented in Chapter 5, which could have
affected the measurements of Figure 5.8, was the limitation of access to a complex and
large microvasculature for a comprehensive sensitivity analysis of the IVIM MRI signal
to changes in imaging parameters and biophysical parameters of the microvasculature.
Due to the small size of the microvasculature, the range of possible values for blood flow
velocity and diffusion encoding time was limited during the simulation set-up to preserve
much of the microvasculature by minimising the max{v(r, t)}×Te, introduced in 5.6.4.
Therefore, there is a need to address the problem of outlet boundaries, discussed in
5.6.4, more efficiently.

Furthermore, T2 values of blood depend on haematocrit content and oxygenation
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level. Hence, the different types of vessels, i.e., arterial and venous, have their specific
range of T2 values Lin et al. [2012]. Having more information about the type of vessels
would allow for a more accurate IVIM MRI simulation by assigning correct T2 relaxation
values. Then, additional work is needed to label the different types of vessels in the
microvasculature mesh, so the simulation can be set up with an appropriate distribution
of T2 relaxation.
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