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Abstract

Cardiovascular diseases (CVDs) remain a primary cause of mortality glob-
ally, with an estimated 17.9 million deaths in 2019, accounting for 32%
of all global fatalities. In recent decades, non-invasive imaging, particu-
larly Magnetic Resonance Imaging (MRI), has become pivotal in diagnos-
ing CVDs, offering high-resolution, multidimensional, and sequential car-
diac data. However, the interpretation of cardiac MRI data is challenging,
due to the complexities of cardiac motion and anatomical variations. Tradi-
tional manual methods are time-consuming and subject to variability. Deep
learning (DL) methods, notably generative models, have recently advanced
medical image analysis, offering state-of-the-art solutions for segmentation,
registration, and motion modelling.

This thesis encapsulates the development and validation of deep-learning
frameworks in the field of cardiac motion modelling and analysis from se-
quential cardiac MRI scans. At its core, it introduces a probabilistic gen-
erative model for cardiac motion modelling, underpinned by temporal co-
herence, capable of synthesising new CMR sequences. Three models are
derived from this foundational probabilistic model, each contributing to
different aspects.

Firstly, through the innovative application of gradient surgery tech-
niques, we address the dual objectives of attaining high registration accur-
acy and ensuring the diffeomorphic characteristics of the predicted motion
fields. Subsequently, we introduce the joint operation of ventricular seg-
mentation and motion modelling. The proposed method combines anatom-
ical precision with the dynamic temporal flow to enhance both the accuracy
of motion modelling and the stability of sequential segmentation. Further-
more, we introduce a conditional motion transfer framework that leverages
variational models for the generation of cardiac motion, enabling anomaly
detection and the augmentation of data, particularly for pathologies that
are less commonly represented in datasets. This capability to transfer and
transform cardiac motion across healthy and pathological domains is set
to revolutionize how clinicians and researchers understand and interpret
cardiac function and anomalies.

Collectively, these advancements present novelty and application poten-
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tials in cardiac image processing. The methodologies proposed herein have
the potential to transform routine clinical diagnostics and interventions,
allowing for more nuanced and detailed cardiac assessments. The probab-
ilistic nature of these models promises to deliver not only more detailed
insights into cardiac health but also to foster the development of personal-
ised medicine approaches in cardiology.
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Introduction
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1.1 Background and motivation

1.1 Background and motivation

Cardiovascular diseases (CVDs) continue to be a leading cause of mortality worldwide.

According to the World Health Organisation (WHO) 1 fact sheet on CVDs, an estimated

17.9 million people died from CVDs in 2019, representing 32% of all local deaths [14].

This fact highlights the critical importance of accurate and comprehensive cardiac

imaging and analysis techniques.

In the past few decades, with the help of the fast development of medical ima-

ging techniques, non-invasive imaging hardware has become the main-stream screening

method for CVDs and has gained appealing progress. Among the various imaging tech-

niques Magnetic Resonance Imaging (MRI) has emerged as a powerful and non-invasive

imaging modality for the assessment of cardiac function and anatomical structures.

With its ability to provide high-resolution, multi-dimensional, and sequential informa-

tion, cardiac MRI has become an invaluable tool in understanding cardiac physiology

and pathology [15].

The interpretation and analysis of cardiac MRI data are primarily focused on two

major branches, modelling and functional analysis. The cardiac-related modelling tasks

include motion modelling and structure modelling. The motion modelling usually per-

forms on sequential data, capturing the heart motion between pairs [16{19] or through

a period of time (i.e. a cardiac cycle) [20]. The structure modelling extracts the spatial

information from 3D scans and converts it into a 3D atlas. The functional analysis

covers a wide range of more speci�ed tasks including but not limited to medical indices

estimation, regional analysis [21], and anomaly detection [22]. Despite the variations in

the objectives of these research tasks, image registration and segmentation play funda-

mental roles in the downstream tasks. Image registration refers to �nding the optimal

transformation to align the moving image to the �xed image. And image segmentation

assigns categorical classes at the pixel level. In medical images, the categorical classes

usually represent the di�erent anatomical regions of interest (ROI), i.e. left ventricu-

lar endocardium (LVendo), myocardium (LVmyo), and right ventricle (RV). Various

speci�c tasks are performed on top of these two fundamental tasks.

Despite its potential, the interpretation and analysis of cardiac MRI data remain

challenging due to the complexities associated with cardiac motion and anatomical vari-

ations. Traditional methods often rely on manual segmentation and analysis, which are

1World Health Organisation website: https://www.who.int/
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time-consuming, subjective, and prone to intra- and inter-observer variability. In re-

cent years, deep learning has revolutionized various �elds of medical image analysis,

providing state-of-the-art solutions for segmentation [23{27], registration [18, 28, 29],

and motion modelling [20] tasks. Among the various deep learning techniques, generat-

ive deep learning has gained signi�cant attention for its ability to provide uncertainty

estimates, making it particularly suitable for medical applications where robustness

and interpretability are crucial.

The overarching goal of this thesis is to propose and develop novel DL-based frame-

works towards more accurate and robust cardiac motion modelling and regional analysis

of sequential MRI data. The author aims to leverage the representational power of deep

learning along with the uncertainty quanti�cation of Bayesian methods to enhance the

reliability and accuracy of cardiac image analysis.

1.2 Contributions

The successful implementation of Bayesian deep learning for cardiac motion modelling

and analysis on sequential MRI in this thesis o�ers several key contributions in the

realm of medical imaging and beyond.

ˆ Exploration of probabilistic modelling of cardiac motion: This thesis

explores a probabilistic way of cardiac motion modelling, enhancing the under-

standing and analysis of cardiac motion. This method not only provides a more

accurate depiction of cardiac dynamics but also contributes to the broader �eld

of medical image analysis by o�ering a robust framework that could potentially

be adapted for other anatomical regions.

ˆ Innovations in cardiac motion modelling with gradient-surgery: The

development of an improved cardiac motion modelling method, using a layer-wise

gradient-surgery backpropagation scheduler, marks a substantial advancement.

This technique not only re�nes the accuracy of cardiac motion modelling but also

preserves the di�eomorphism characteristic of the predicted deformation �eld,

contributing to hyperparameter tuning-free deformable image registration.

ˆ Achieving full sequence segmentation with spatio-temporal informa-

tion: Utilising the spatio-temporal feature from motion modelling to aid the full

3



1.2 Contributions

Figure 1.1: Diagram of thesis structure.

sequence segmentation addresses the challenge of limited annotation in cine-CMR

sequence segmentation. This approach enhances the depth and accuracy of seg-

mentation, which is crucial for detailed cardiac studies and can substantially aid

in clinical decision-making.

ˆ Conditioned motion generation through motion transfer: This research

has pioneered a method to derive more normal samples from typical appear-

ances via motion transfer. This contribution is particularly valuable for creating

comprehensive datasets, especially when dealing with conditions where normal

samples are limited.

Overall, this thesis o�ers substantial improvements in the e�ciency, accuracy, and

reliability of cardiac motion modelling and regional analysis, contributing to diagnosis

and treatment planning, which is crucial for patient care. Additionally, the exploration

of generative properties in probabilistic generative models for uncertainty assessment

not only aids in generating additional samples for in-silico trials but also contributes

to the reliability and robustness of medical imaging analysis.
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1.3 Thesis structure

Chapter 2 provides the clinical background of this study, o�ering a concise intro-

duction to relevant medical imaging concepts. The clinical background covers cardiac

anatomy and motion, cardiovascular disease, and the cardiac functional indices used

for assessing cardiac conditions. The medical imaging background focuses on cardiac

magnetic resonance imaging including its theory, physics, and various sequencing tech-

niques in image acquisition.

Chapter 3 presents a literature review from technical and methodological perspect-

ives. Section 3.1 provides a brief introduction to Deep Neural Networks (DNNs) and

generative models, elucidating their foundational components and theoretical bases,

with a special emphasis on Recurrent Neural Networks (RNNs) and Variational Auto-

Encoders (VAEs). Section 3.2 reviews cardiac sequential analysis literature, focusing

on cardiac ventricular segmentation and motion modelling, primarily exploring ma-

chine learning and deep learning approaches.Section 3.3 introduces three cardiac

cine-MRI datasets utilised in this thesis. Section 3.4 outlines the problem formula-

tion and development of a deep probabilistic model for cardiac motion modelling, laying

the foundation for subsequent chapters.

Chapter 4 delves into the trade-o� between registration accuracy and the preser-

vation of a deformable deformation �eld in general image registration tasks. It proposes

a deformable registration model, GSMorph, which incorporates layer-wise gradient sur-

gery to simplify hyperparameter tuning. Instead of introducing extra hyperparameters,

GSMorph reformulates the optimisation process, projecting the gradient of similarity

loss orthogonally to the plane associated with the smoothness constraint.

Chapter 5 extends the foundational spatio-temporal probabilistic generative model

to perform concurrent sequential segmentation and motion modelling on SAX cine-

CMR. The proposed model, SegMorph, establishes a recurrent latent space for mul-

titask inference and synthesis, capturing spatio-temporal features from cine-MRI se-

quences. It adopts a learned prior from temporal inputs and demonstrates that motion

estimation can enrich sequential segmentation tasks with pseudo-ground truth super-

vision.

Chapter 6 explores the latent space disentanglement and conditioned generation

of the probabilistic motion modelling model via performing motion transfer between

healthy patients and patients with cardiac motion disorders. The proposed model,

5
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cMT-VAE, rooted in a conditioned Variational Auto-Encoder, is capable of cardiac mo-

tion modelling and cross-domain cardiac motion generation. It shows great potential

in position-wise cardiac motion anomaly detection and data augmentation, especially

for minority pathology groups. cMT-VAE leverages a conditional variational model

to transfer the motions between healthy cardiac cine-MRI (CMR) samples and anom-

alous ones while preserving respective anatomical structures. This enables a diverse

generation of the CMR sequences with di�erent anomalous patterns, which are usually

re
ected in cardiac contraction motions.

Chapter 7 concludes the thesis, summarising methodologies and �ndings from the

preceding chapters. It discusses the limitations of this research and suggests potential

directions for future work.
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Clinical Background and Medical Imaging
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2.1 Cardiac anatomy and cardiac cycle

2.1 Cardiac anatomy and cardiac cycle

The human heart is a vital organ in the circulatory system and is an intricate structure

that orchestrates the rhythmic propulsion of blood throughout the body. As shown in

Fig.2.1, the heart consists of four chambers: two atria and two ventricles. The left and

right ventricles, positioned at the base of the heart, are pivotal in driving the systemic

and pulmonary circulations, respectively. The left ventricle (LV) is responsible for

propelling oxygen-rich blood into the systemic circulation through the aorta. In con-

trast, the right ventricle (RV) serves as the driving force behind pulmonary circulation,

propelling deoxygenated blood to the lungs for oxygenation. The LV's muscular wall

is notably thicker than that of the RV, re
ecting its greater workload in overcoming

systemic vascular resistance. Conversely, the RV, adapted for pulmonary circulation,

boasts a more delicate structure, ensuring optimal function in pumping blood through

the lower-resistance pulmonary vasculature.

Figure 2.1: The anatomy of the human heart. (a) illustrates the internal structures

of the heart from the anterior view. It shows the four chambers, the major vessels and

the valves. The image is from DeSaixet al. [1]. (b) gives a normal short-axis echocardi-

ography view of the heart, showing the LV, RV, and myocardium. Compared with the

relatively thinner RV myocardium, the LV myocardium comprises three distinct layers:

the epicardium, myocardium, and endocardium, located from the internal surface to

the outermost layer of the LV. The image is adapted from Patrick J. Lynch [2].

The cardiac cycle, as shown in Fig.2.2, is a rhythmic sequence of events of the hu-
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man heart from the end of one heartbeat to the beginning of the next. It consists of

two periods: one during which the heart muscles relax and re�ll with blood, called dia-

stole, following a period of robust contraction and pumping of blood, dubbed systole.

Each cardiac cycle, or heartbeat, takes about 0.8 seconds to complete the cycle. The

cycle commences with atrial systole: the atria contract to push the remaining blood

into the ventricles. The ventricles which are in diastole, relax to receive the incoming

blood. As the atria relax, the ventricles initiate contraction, leading to an increase in

intraventricular pressure. The atrioventricular valves close, marking the start of isovo-

lumic ventricular contraction. Once ventricular pressure surpasses the pressure in the

pulmonary artery and aorta, the semilunar valves open. This allows blood to be ejected

from the ventricles into the pulmonary artery and aorta (ejection phase), driving circu-

lation throughout the body. The ventricles then enter a relaxation phase, during which

the semilunar valves close. This marks the onset of isovolumic ventricular relaxation,

characterised by a drop in ventricular pressure without any change in volume. With

the ventricular pressure lower than that of the atria, the atrioventricular valves open,

enabling passive �lling of the ventricles. Blood 
ows into the ventricles from the atria,

aided by the atrial kick from the preceding atrial contraction.

Throughout the cardiac cycle, the end-diastole (ED) and end-systole (ES) are two

critical phases as the ED phase corresponds to the ventricle's maximal �lling, re
ecting

its capacity to accommodate blood during relaxation, and the ES phase marks the

minimal volume remaining after contraction, indicating the amount of blood ejected

into circulation. These indices hold immense diagnostic signi�cance, aiding in the

assessment of cardiac performance, identi�cation of abnormalities, and formulation of

appropriate treatment strategies.

2.2 Cardiovascular disease (CVD)

Cardiovascular disease, is an umbrella term for conditions that a�ect the heart or

circulation. It can also be associated with damage to arteries in organs such as the

brain, heart, kidneys, and eyes. Some of the most common forms of CVD include

coronary artery disease (CAD), heart failure, hypertension, stroke, and arrhythmias.

CVD are considered to be the leading cause of death worldwide [30, 31]. Accord-

ing to WHO's fact sheet on CVD 2021, an estimated 17.9 million people died from

CVD in 2019, representing 32% of all global deaths [14]. Focusing speci�cally on the
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