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Abstract

Cardiovascular magnetic resonance (CMR) T1 mapping is a crucial non-invasive
imaging technique for quantifying myocardial tissue characteristics, providing valu-
able insights into a range of ischaemic and non-ischaemic cardiac conditions, includ-
ing myocardial infarction, inflammation, infiltration, and fibrosis. Despite its clini-
cal utility, the application of T1 mapping in routine practice faces several technical
challenges, especially: motion artefacts that compromise image quality, limited vi-
sualisation tools for ease of interpretation, the need for generalisable segmentation
of myocardial tissues, and the absence of reliable automated methods for annotating
anatomical landmarks. This thesis addresses these challenges by proposing and val-
idating novel deep learning approaches to enhance the clinical applicability of CMR
T1 mapping.

The first goal of this thesis is to provide motion-corrected T1 maps by developing
a deep learning-based method for correcting motion artefacts. A convolutional neural
network architecture is employed to correct motion artefacts, to improve the quality
of the T1 maps to be used for diagnosis. The proposed method is rigorously evaluated
against traditional motion correction techniques, demonstrating superior performance
in both simulated and real-world datasets.

The second goal is to provide an advanced visualisation technique for assessing
T1 maps, including during pharmacologic stress through stress T1 reactivity maps.
Leveraging vision transformers, this thesis presents a pathway for generating pixel-
wise visualisations of stress-induced changes in left ventricular (LV) myocardial tissue
properties, namely the delta T1 (dT1) map. This approach enhances the clinician’s
ability to interpret the effects of stress on the LV myocardium, providing a better
visual display of the spatial extent of myocardial tissue changes during stress condi-

tions.

vi



The third goal is to provide a solution for automated segmentation of myocar-
dial tissue in T1 mapping-based virtual native enhancement images. This is based
on a quality control-driven deep ensemble method that combines the strengths of
multiple deep learning models, to achieve robust and accurate segmentation, with
an integrated quality control mechanism that flags potentially erroneous segmenta-
tions. This approach reduced inter-observer variability and improved the consistency
of myocardial segmentation.

The fourth goal is to assist the automated segmentation of CMR short-axis slices
into the American Heart Association 16-segment model for clinical applications across
various CMR modalities. A generalist deep learning model was developed for the
automated annotation of anatomical landmarks, specifically the anterior right ven-
tricular insertion point and the LV centre point, using a dual-stage residual neural
network framework, which accurately tracks these key landmarks. This work demon-
strates many benefits for generalist training, validated against specialist models across
diverse CMR datasets.

In conclusion, this thesis presents a comprehensive set of deep learning solutions
aimed to enhance the clinical utility of CMR T1 mapping. By addressing the key
challenges of motion correction, advanced visualisation, automated segmentation, and
landmark annotation, the methods developed in this work pave the way towards more
reliable, efficient, and standardised CMR imaging, which may ultimately translate

into better clinical decision-making and patient outcomes.
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Chapter 1

Introduction



1.1 Cardiovascular diseases

Cardiovascular diseases (CVDs) are the leading cause of death globally [1], posing a
major health challenge in the United Kingdom [2], where they account for approx-
imately a fourth of all deaths [3]. This translates to around 170,000 deaths each
year in the UK alone, with a substantial financial burden on the National Health
Service, estimated to exceed £10 billion annually [3]. CVDs encompass a range of
conditions, including coronary artery disease (CAD), myocardial infarction (MI), and
non-ischaemic diseases, such as myocarditis and cardiomyopathies. CAD, the most
common type of CVD, involves the narrowing or blockage of coronary arteries due to
atherosclerotic plaque buildup, leading to reduced blood flow and oxygen supply to
the heart muscle [4]. MI, commonly known as a heart attack, occurs when a coronary
artery blockage deprives part of the heart muscle of oxygen, causing tissue death and
significant morbidity and mortality [5]. An example of non-ischaemic heart disease is
hypertrophic cardiomyopathy (HCM), the most common genetic heart disease. It is
characterised by abnormal thickening of the heart muscle, particularly the left ven-
tricle (LV), which can obstruct LV forward flow and complicate the heart’s ability to
pump blood effectively, with a prevalence of about 1 in 500 individuals [6].
Advancements in medical research, including new therapies, minimally invasive
surgeries, and advanced diagnostic tools, have greatly improved the treatment and
management of CVDs, leading to better patient outcomes and lower mortality rates.
Innovations in radiological imaging technologies, such as cardiovascular magnetic
resonance (CMR) and computed tomography, have improved diagnostic accuracy
and monitoring of CVDs. CMR is the imaging gold standard for cardiac structure
and function, and offers reproducible non-invasive myocardial tissue characterisation,
making it invaluable for assessing heart disease in both clinical and research settings
[7]. Despite these advancements, challenges remain in the prevention, diagnosis, and
treatment of heart disease. Ongoing research aims to further elucidate the molecular
mechanisms of CVDs, identify novel biomarkers for early detection, and develop tar-
geted therapies. The integration of artificial intelligence (AI) and machine learning
in cardiovascular medicine holds promise for enhancing diagnostic accuracy, person-

alising treatment strategies, and optimising healthcare delivery [§].



1.2 Cardiovascular magnetic resonance

CMR imaging is the gold standard for the non-invasive assessment of cardiac function
and morphology [7]. Unlike computed tomography, positron emission tomography and
single-photon emission computed tomography imaging, CMR does not use ionising
radiation. Compared to echo imaging, CMR offers superior spatial resolution and
reproducibility in assessing cardiac structure, function and myocardial tissue charac-
terisation, making it an attractive choice of cardiac imaging modality in many clinical
and research settings [9, [10] [TT].

The physics behind CMR imaging lies in the concept of nuclear spin, a quantum
mechanical property of a given nucleus that determines how it interacts with magnetic
fields. Nuclei like hydrogen possess a magnetic moment that, when exposed to an
external magnetic field, tend to align in a way that is energetically more favourable,
leading to a net magnetisation. This magnetisation can be manipulated using radio
frequency pulses that alter its orientation, leading to the generation of a detectable
electro-magnetic signals [I2]. Among the major magnetic resonance parameters, the
rate at which this signal from the individual nuclei desynchronises (T2, or spin-spin,
relaxation time) and the rate at which the gross original magnetisation is restored
(T1, or spin-lattice, relaxation time) vary depending on the tissue type, which is
essential for differentiating between various cardiac conditions [I3]. By adjusting the
parameters of the pulse sequences, detailed images of the heart are produced, allowing
for precise diagnoses and treatment monitoring [14].

Several specialised modalities within CMR are particularly valuable for assessing
cardiac conditions [I5]. Cine imaging, a dynamic modality that captures moving
images of the heart, is crucial for evaluating cardiac motion during the heart-beat
cycle, enabling precise measurements of changes in tissue volumes and myocardial
strain [16]. Late gadolinium enhancement (LGE) imaging highlights areas of scar tis-
sue or fibrosis by using gadolinium-based contrast agents (GBCAs) to highlight the
areas with damaged myocardial tissue, which is essential for diagnosing myocardial
infarction and other structural changes [I7, 18]. T1 mapping, which quantifies the
longitudinal (T1) relaxation time of myocardial tissue, offers insight into the myocar-

dial tissue composition, aiding in the detection of focal as well as diffuse fibrosis and



other pathologies that LGE is unable to detect [19]. Lastly, perfusion imaging, also
typically employing GBCA, assesses the blood flow to the myocardium during stress
and rest conditions, crucial for identifying ischaemic regions and guiding interventions
in CAD [20]. Each of these commonly-used CMR modalities plays a vital role in di-
agnosing different aspects of cardiovascular health, contributing to a comprehensive

evaluation of heart disease.

1.3 T1 mapping

T1 mapping is recognised as a clinically useful contrast-free, directly quantitative my-
ocardial tissue characterisation technique. Native T1 maps visualise the T1 relaxation
time of myocardial tissues on a pixel-by pixel basis. This metric has characteristics
of an excellent biomarker, having a narrow normal range and strong sensitivity to
changes in tissue composition, especially water content [21]. T1 mapping has proven
particularly useful for detecting myocardial oedema and inflammation, focal and dif-
fuse fibrosis, infiltration, and other pathologies [21]. Clinicians can use T'1 mapping
to identify subtle variations in tissue properties that may indicate early, focal or dif-
fuse disease, which may not be detectable by conventional imaging methods. Native
T1 mapping is recognised for its non-invasive ability to assess myocardial conditions
[22] such as cardiomyopathies and myocarditis without necessity for GBCA adminis-
tration [23]. Another advantage of T1 mapping lies in applications such as stress T1
mapping to detect changes in myocardial blood flow and volume during stress com-
pared to rest [24], and post-contrast T'1 mapping to derive extracellular volume maps
for improved detection of diffuse fibrosis [21]. Recent developments integrate native
T1 data with native cine imaging to produce LGE-like visualisations of myocardial
scar [25].

Stress T'1 mapping is an advanced application of CMR that measures myocardial
T1 relaxation times under either pharmacological stress, typically using agents that
induce vasodilation [24], or during exercise [26]. This technique can detect changes
in myocardial blood flow and volume that occur with increased cardiac demand,

simulating exercise conditions [27]. Blunted responses in T1 reactivity during stress



indicate abnormalities in myocardial perfusion reserve [28, 29], offering a contrast-
free method to assess ischaemic heart disease [26], [B0) BT, B2, B3], 34], microvascular
dysfunction [35], and depletion of coronary vasodilatory reserve [2§].

Post-contrast T1 mapping involves the measurement of T1 times following the
administration of GBCA [36]. These T'1 maps can then be used to produce extracel-
lular volume maps by comparing T1 relaxation times of myocardial tissue and blood
before and after GBCA administration, adjusted for haematocrit levels. Extracellular
volume mapping provides a way to detect the presence of diffuse myocardial fibro-
sis (after excluding confounders such as myocardial oedema and amyloidosis), which
has prognostic implications especially in heart failure, but at a cost of GBCA and
additional imaging time [21].

More recently, it was discovered that merging T1 maps with cine imaging can
create LGE-like images as a powerful, non-invasive approach to myocardial tissue
characterisation without the use of GBCA [25]. This integrated approach, called
virtual native enhancement (VNE), allows for the visualisation of myocardial scars,
fibrosis, and other pathologies with an accuracy comparable to conventional LGE,
but without the associated risks of GBCA and a significantly shorter imaging pro-
tocol [37]. The resulting images offer significantly improved image quality compared
to conventional LGE, with high spatial resolution and tissue contrast, improving the
detection of subtle myocardial changes and aiding in accurate disease staging. Ul-
timately, VNE may pave way towards safer, faster, and more cost-effective CMR
imaging, making it particularly advantageous for patients with contraindications to
GBCA and facilitating more frequent monitoring of disease progression or response

to therapy, without exposure to radiation or contrast agents [38].

1.4 CMR image analysis

Building on the advanced capabilities of CMR imaging, the transformation of raw
imaging data into actionable clinical insights is essential. Initially, the analysis of
CMR images relied heavily on manual image analysis by human experts, a process

that, while valuable, is time-consuming and subject to substantial variability and



inter-observer bias [39]. As the volume and complexity of imaging data have grown,
there has been a clear need to develop automated methods to enhance speed and
efficiency, as well as reproducibility and accuracy in CMR image analysis. This evo-
lution has given rise to the field of CMR image analysis, which leverages sophisticated
image processing techniques to systematically analyse and evaluate CMR data [40].
The major tasks in CMR image analysis can be divided into image classification,
regression, detection, segmentation, registration, and generation [41].

Classification and regression are fundamental tasks in image analysis. Classifi-
cation categorises input data into predefined classes based on their features, usually
implemented using models that assign probabilities to each class, selecting the most
probable as the output. Regression, in contrast, predicts continuous outcomes based
on input variables by modelling the relationship between a dependent variable and
one or more independent variables. For instance, classification models developed for
short-axis cine images can estimate the absence or presence of a myocardial scar [42]
and distinguish hypertrophic cardiomyopathy from Fabry cardiomyopathy [43], di-
rectly from the imaging data. With the same type of input data, regression models
can directly estimate the ejection fraction of the LV [44] and right ventricle (RV) [45].

The remaining tasks are applications that build upon the principles of classification
and regression. Object detection combines classification and localisation to identify
and delineate objects within images, typically in a bounding box or in Cartesian co-
ordinates—for example, tracking the mitral [46] and tricuspid valves [47] in long-axis
cines to measure valvular motion. Segmentation divides an image into predesignated
regions of interest (ROIs) by classifying each pixel based on its characteristics, sim-
plifying the representation—for instance, segmenting the chambers [48] or epicardial
adipose tissue [49] to measure volumes. Registration involves aligning or overlaying
two or more images to achieve exact tissue correspondence between them, such as
pixel-wise alignment of the LV myocardium in cine images to measure deformation or
strain [50]. Image generation modifies images from one domain to another to enhance
specific features or adapt images to standardised conditions, like synthesising missing

or corrupted slices based on the remaining data to improve analysis accuracy [51].



Historically, medical image analysis relied heavily on classical image processing
methods [52], within the realm of the broad AI field. The initial approaches were
primarily rule-based and used basic signal processing techniques and geometric mod-
els to enhance, detect, and classify anatomical structures within medical images.
Thresholding [53], edge detection algorithms [54], and region-growing techniques [55]
were commonly applied to delineate organ boundaries and identify lesions. Registra-
tion of images across different modalities or temporal stages involved rigid or affine
transformations based on manually selected landmarks or iteratively matched regions
[56]. Although effective to some extent, these methods were limited by their depen-
dency on human input for parameter selection and their inability to adapt to the high
variability in medical images across different patients [57].

The incorporation of machine learning into cardiac imaging marked a significant
advancement over traditional image processing techniques [58]. Initially, machine
learning in cardiac imaging employed shallow learning algorithms such as decision
trees [59], linear classifiers [60], and support vector machines [61], which required
careful engineering and selection of image features by domain experts. These models
were trained on handcrafted features extracted from the images, such as texture
patterns, edge statistics, and geometric properties, which were used to classify regions
of interest or predict disease states. These methods improved the reproducibility of
quantitative analyses and helped standardise measurements across studies and clinical
sites [62]. However, the performance of these machine learning approaches was closely
tied to the quality and relevance of the manually designed features, which often limited
their effectiveness in complex imaging scenarios [63].

The transition from traditional machine learning to deep learning in CMR rep-
resented a paradigm shift driven by the need for more robust and generalisable Al-
based solutions for image analysis [40]. Deep learning models, particularly convolu-
tional neural networks (CNNs), emerged as powerful tools capable of learning directly
spatial features from raw image data, thus bypassing the need for manual feature ex-
traction [64]. These networks automatically learn hierarchical features that are more
adaptive and discriminative for various tasks, such as segmenting complex anatomical

structures [65] and reconstructing images from undersampled data [66]. The appli-



cation of deep learning in CMR has enabled more accurate and detailed analyses
of cardiac function and structure [67], enhancing the ability to detect diseases at
earlier stages and to assess myocardial tissue characteristics more precisely, with a
higher emphasis on cine imaging [68]. Deep learning has facilitated the generation of
synthetic contrast-enhanced images from native scans [25] [37], providing a significant
innovative step in the technological advancement of CMR. More recently, vision trans-
formers [69], employing an architecture distinct from traditional CNNs; have shown
promising results that could potentially surpass the performance of CNNs, setting a
new benchmark in the development of AI for medical imaging [70]. This shift towards
transformers is driven by their ability to capture long-range dependencies within the
data, which enhances their capability to capture complex patterns and relationships
that are critical for accurate and detailed analysis of cardiac images.

Training deep learning models for CMR involves several stages, starting with the
compilation of a large and diverse dataset of annotated images [40]. These datasets
must encompass a wide range of pathologies, anatomical variations, and imaging arte-
facts, to ensure that the models are robust and generalisable [71]. Once assembled,
the data are pre-processed to normalise intensity ranges, align images, and augment
the dataset through techniques such as rotation, scaling, and elastic deformations
to increase the model’s exposure to various imaging conditions. The neural networks
are then trained using backpropagation and a suitable optimisation algorithm to min-
imise a loss function that quantifies the difference between the predicted outputs and
the ground truth. During training, model parameters are adjusted to reduce predic-
tion errors. Techniques such as dropout, batch normalisation, and early stopping, are
employed to prevent overfitting. Finally, the trained model is evaluated on indepen-
dent test datasets to assess its performance, and further fine-tuning is conducted if

necessary to optimise its accuracy and efficiency for clinical deployment [72].



1.5 Goals

This thesis aims to develop novel data-driven approaches to support robust automated
CMR T1 mapping processing, addressing key challenges in advanced visualisation
and image post-processing (Figure . The work utilises Al capabilities by training
deep learning models to perform on par with expert human image analysts. These
developments may enable the widespread clinical use of CMR T1 mapping, increasing
the consistency and reliability of diagnoses while improving patient throughput. This
would ultimately reduce costs, scan times, and the time burden of routine image

analysis in clinical reporting.

Specifically, the following goals are explored (Figure 0060

1. Devise a CNN-based model designed to correct motion artefacts in T1 maps
(Figure @). Motion artefacts and misalignment during scans can lead to
errors in the quantitative assessment of myocardial tissues, potentially result-
ing in misdiagnoses or inaccuracies in disease characterisation. This project,
described in Chapter [2, co-registers the T1-weighted images within a T1-
mapping sequence to improve the precision of the reconstructed T1 maps,

mitigating the impact of cardiac motion.

2. Design a vision transformer-based model for automated, pixel-wise visualisa-
tion of myocardial blood volume changes on T1 maps during stress condi-
tions compared to resting conditions (Figure ®). Currently, the lack of
automated tools for pixel-wise registration and visualisation complicates the
analysis of stress and rest T1 maps, making it time-consuming and prone to
variability. This project, described in Chapter [3] registers a stress T1 map
to its paired rest T1 map enabling a pixel-wise percentage difference of stress
T1 reactivity, or delta T1 (dT1) map, without the need for manual measure-
ments, to enhance diagnostic accuracy and facilitate the work towards broader

adoption of stress T1 mapping.



3. Develop a quality control-driven deep ensemble method to segment the my-
ocardium in T1 map-derived VNE images, also applicable to LGE images
(Figure @). The absence of automated segmentation tools for VNE im-
ages necessitates manual analysis, reducing efficiency and introducing vari-
ability. This project, described in Chapter [4, exploits the differences between
a group of CNN models to derive an optimal myocardial segmentation with a
confidence metric, to enhance the precision, reliability, and efficiency of CMR

image analysis.

4. Automate the detection of key anatomical landmarks necessary for detailed
segmental analysis of the myocardium across all T1 map-based data (native,
stress, post-contrast, and VNE), and also applicable to LGE images (Figure
@). Standardised segmentation, according to the American Heart Asso-
ciation (AHA) 16-segment model, requires precise annotation of landmarks
such as the anterior RV insertion point and the LV centre point. The lack
of automated methods for landmark annotation leads to the need for man-
ual analysis, introducing variability and reducing efficiency. This project,
described in Chapter [ leverages multi-modality information from different
sequences to ensure robust performance, to facilitate standardised segmenta-

tion and accurate myocardial quantification across all modalities.
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(a) CMR modalities (b) Image visualisation (c) Image post-processing
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Figure 1.1: Illustration of the proposed deep learning framework for enhanced CMR
T1 mapping analysis. (a) CMR modalities used: cine sequences, rest and stress T1
maps, LGE images, and post-contrast T1 maps. (b) Image visualisation steps: @
motion correction of T1 mapping images; @) generation of stress T1 reactivity maps
(dT1 maps). (c) Image post-processing steps: @ automated myocardial segmenta-
tion using a quality control-driven deep ensemble method; @) automated annotation
of key anatomical landmarks for standardised segmentation and accurate myocar-
dial quantification across all modalities. Elements in grey indicate existing methods
developed by our research group, outside the scope of this thesis.
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Chapter 2

Image quality: motion correction
of T1 mapping with convolutional
neural networks

12



Chapter (1| provided an overview of the challenges and advancements in CMR T1
mapping, establishing the context for the need to improve image quality and auto-
mated analysis. Building on this foundation, this Chapter focuses on the correction of
motion artefacts in T1 maps using CNNs. Motion artefacts in pixel-wise T1 maps sig-
nificantly impair the accuracy of myocardial tissue characterisation, which is critical
for effective diagnosis and treatment planning. A novel deep learning-based approach
is introduced to address these artefacts, aiming to enhance the reliability of T1 maps.
The application of CNNs allows for the correction of motion distortions, ensuring
that the resultant images maintain high fidelity to the original anatomical structures.
This Chapter’s advancements in image quality serve as a crucial prerequisite for the
subsequent Chapters, where the improved data will be used for more precise visu-
alisation, segmentation, and landmark annotation discussed in Chapters [3, [4, and
[ respectively. By resolving the motion artefacts, the groundwork is laid for the

automated and accurate post-processing techniques discussed later.
The work in this Chapter has been published [73] and presented [74] in:

73. Gonzales RA, Zhang ), Papiez BW, Werys K, Lukaschuk E, Popescu IA,
Burrage MK, Shanmuganathan M, Ferreira VM, Piechnik SK. MOCOnet: ro-

bust motion correction of cardiovascular magnetic resonance T1 mapping using

convolutional neural networks. Frontiers in Cardiovascular Medicine. 2021;8.
doii10.3389/fcvm.2021.768245.

74. Gonzales RA, Zhang ), Papiez BW, Werys K, Lukaschuk E, Popescu IA,
Burrage MK, Shanmuganathan M, Ferreira VM, Piechnik SK. Fast and robust

motion correction of cardiovascular magnetic resonance T1-mapping using data-

driven convolutional neural networks for generalisability. In: SCMR Virtual An-

nual Scientific Sessions. Society for Cardiovascular Magnetic Resonance; 2022.

ORA
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2.1 Background

T1 mapping involves fitting exponential recovery curves to individual pixels in mul-
tiple T1-weighted images. Developed from the original Look-Locker spectroscopic
method [75], modern techniques use electrocardiographic gating across several heart-
beats to acquire intermittent images [21]. The shortened modified Look-Locker in-
version recovery (ShMOLLI) method, which requires only nine heartbeats, enhances
precision and reproducibility [76]. However, despite reducing cardiac motion impact
by acquiring images at the same cardiac phase, respiratory motion remains a signif-
icant challenge [77], leading to potential errors in T1 estimation and misdiagnoses if
not properly corrected [76].

Retrospective motion correction (MOCO) can substantially improve the reliability
and clinical utility of T1 mapping by aligning T1-weighted images before reconstruc-
tion [78]. This alignment process addresses variations in image contrast and signal
nulling that occur at different inversion times. Model-driven registration methods for
MOCO [79, 80, T, 82] have shown promise in overcoming these challenges. How-
ever, careful visual inspection is still necessary to identify any uncorrected residual
motion or distortions from failed corrections [83]. While visual assessment remains
the clinical standard for CMR interpretation [84], it is labour-intensive, prone to er-
ror from inconsistency and operator fatigue, and slows down clinical workflows when
processing large volumes of images.

The emergence of deep learning, particularly CNNs, has revolutionised image
processing by replacing predefined, hand-crafted rules with automated learning from
large datasets. These approaches have been rapidly adopted in CMR, providing fast,
consistent, and accurate image segmentation and analysis pipelines, significantly re-
ducing the manual labour required from physicians [40]. Deep learning also shows
potential for enhancing clinical image registration [85], offering improvements in ac-
curacy, efficiency, and quality control, with potential to address the unmet needs of
MOCO in T1 maps.

This Chapter introduces MOCOnet, a novel deep learning approach for myocar-
dial motion correction in CMR T1 mapping, using data from the UK Biobank [86].

MOCOnet employs an encoder-decoder architecture with warping layers to facilitate
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learning deformations in a coarse-to-fine manner. By processing a set of T1-weighted
images, MOCOnet can efficiently predict the necessary spatial deformations to correct
motion artefacts. The model’s performance was evaluated against a well-validated
multi-modal image registration method, with multiple blinded expert observers as-

sessing the effectiveness of the motion correction.

2.2 Methods

2.2.1 Cardiac T1 mapping and motion artefact

The ShMOLLI technique for cardiac T1 mapping involves calculating T1 values by fit-
ting exponential recovery curves to 7 inversion recovery-weighted (IRW) images (Fig-
ure [2.1), captured at various inversion times during a short nine-heartbeat breath-
hold [76]. The reconstructed T1 map (Figure[2.1p) allows for pixel-level quantification
of T1 values. Additionally, an associated R2 map (Figure [2.1k), representing the co-
efficient of explained variance, monitors the quality of the curve fitting relative to a
mono-exponential T1 relaxation recovery model. Ideally, this results in a uniformly
white appearance in the R2 map for relevant regions, but motion in the IRW images
(Figure , arrowed) can decrease T1 map interpretability (Figure , arrowed),
as indicated by dark bands in the R2 map (Figure , arrowed). Besides motion
artefacts, the R2 map also detects issues like off-resonance effects, fat inclusion, and

mistriggering [87, [8§].

2.2.2 Non-rigid registration approach

A T1 map affected by motion artefacts consists of 7 unaligned IRW images. Conse-
quently, to correct these artefacts, the IRW images need to be aligned. The artefact
can be modelled as a deformation of the aligned IRW images using a displacement vec-
tor field (DVF). Thus, the non-rigid registration problem is addressed by estimating
the inverse DVF for a set of unaligned IRW images.

15



Inversion recovery-weighted images

Without motion artefacts

TI =100 ms TI =180 ms

‘With motion artefacts

TI= 100 ms TI= 180 ms

Figure 2.1: Examples of T1 maps with good quality (top row) contrasted with those
affected by motion artefacts (bottom row). (a)(d) Two examples out of seven of
inversion-recovery weighted (IRW) images required for T1 map reconstruction are
shown, time-stamped with their corresponding inversion times (TI) and overlaid by
identical manual myocardial contours for identifying motion. (b)(e) SAMOLLI T1
maps. (c)(f) R? quality control maps. A good quality T1 map is indicated by (a)
myocardium in same position and (c) ‘all white’ in the left ventricular myocardium
indicating high T1 fitting confidence. A T1 map with motion artefact is evident by
misalignment in IRW images (yellow arrow), suspicious features in T1 map (white
arrow) and dark bands in R? map in the left ventricular myocardium as evidence
of poor T1 fitting (red arrow). Reproduced from Gonzales et al (2021) Frontiers in
Cardiovascular Medicine 8 73], published under CC-BY 4.0.

2.2.3 Multi-scale registration neural network

The proposed model corrects a T1 map by estimating the inverse DVF for each of
the 7 IRW images, enabling non-rigid registration before T1 map reconstruction.
The multi-scale registration CNN (Figure uses an encoder-decoder U-Net-like
architecture [89] with warping layers [90] between the contracting and expansive paths
at each scale. Feature maps are downsampled using a series of 3 x 3 convolutional
layers followed by batch normalisation, a leaky rectified linear unit, and a max pooling
layer, and upsampled with a transposed convolutional layer. Warping layers accelerate
training by imposing a multi-scale loss function and improve registration accuracy by

addressing motion starting from coarse levels, refining it at higher resolutions.
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Figure 2.2: Structure of the proposed motion correction convolutional neural network
(MOCOnet). A stack of 7 inversion recovery-weighted (IRW) images is input into the
encoder-decoder structure on a per-channel basis. The warping layers estimate the
optical flow from all the channels in a coarse-to-fine manner at each scale. The last
warping layer generates the inverse distance vector field (DVF), i.e., the deformation
required to correct the motion artefacts, in a groupwise manner. Reproduced from
Gonzales et al (2021) Frontiers in Cardiovascular Medicine 8 [73], published under
CC-BY 4.0.

The IRW images undergo a sequence of convolution and downsampling operations
to generate multi-scale features for each channel. These features, ranging from low to
high resolution, are then used in convolution modules to produce DVFs. Each module
takes input from the previous step, the DVF from the prior scale, and the warped
features from the downsampling stage. Warping at each of the four scales allows
residual motion information to be corrected and refined progressively. Consequently,
the neural network generates DVFs in a coarse-to-fine manner, adding detail at higher

resolutions with a loss function at each scale to guide learning.
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2.2.4 Imaging data and inclusion criteria

The imaging dataset comprised over 5,000 CMR native T1 maps from the UK Biobank
Imaging Component [86], acquired in the mid-ventricular short-axis view using the
ShMOLLI T1 mapping sequence [76]. For quality control, a trained human operator
with over a decade of experience in CMR image analysis assessed artefacts in the LV
myocardium across the 7 IRW images for each T1 map. A total of 1,536 T1 maps
were classified as high quality with no artefacts. Data with mild to severe motion or
other artefacts were excluded from the training dataset. This strict quality control
ensured the neural network learned to align images accurately without distractions

from residual motion artefacts in the training data.

2.2.5 Training procedure

The quality-controlled images were used to create a training dataset, reserving 10% for
validation. Artificial DVFs were generated as described previously [91] and applied
to the IRW images without motion artefacts to simulate random non-rigid motion
without segmentations [91]. Specifically, 7 DVFs with random parameters preserving
anatomical topology were generated. The mean displacement value at each pixel
was removed from all 7 DVFs to focus on relative displacement between images.
These DVF's were applied to the IRW images, creating deformed IRW images. The
model was trained to predict 7 inverse DVFs from the 7 deformed IRW images, with
synthetic inverse DVFs serving as ground truth (Figure 2.3h).

2.2.6 Testing procedure

Once trained, MOCOnet processes a set of 7 IRW images, with or without motion
artefacts, to estimate the necessary deformations for correcting motion (Figure ),
without needing ground truth. The T1 map is then reconstructed offline using the

corrected images with an open-source library for CMR, parametric mapping [92].
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Figure 2.3: Development workflow of the proposed motion correction convolutional
neural network (MOCOnet) for myocardial SAMOLLI T1 mapping. (a) MOCOnet
was trained on 1,536 sets of 7 inversion recovery-weighted (IRW) images with no
motion artefacts which were synthetically deformed with displacement vector fields
(DVFs), to predict the inverse DVF required to correct the motion. (b) MOCOnet
was tested on 200 T1 maps with a varied degree of motion artefacts. Each stack
denotes a set of 7 images; each junction denotes the DVFs application to the IRW
images; the box with DVF loss represents the weight adjustment during training.
Reproduced from Gonzales et al (2021) Frontiers in Cardiovascular Medicine 8 [73],
published under CC-BY 4.0.

2.2.7 Implementation specification

All images were zero-padded to a uniform size of 384 x 384 pixels and intensities were
pre-processed with quantile normalisation to ensure generalisability [93]. The multi-
scale loss was computed as the average mean square errors of the predicted DVF's
at each scale and resolution. The neural network was optimised using the Adam
method [94] with an initial learning rate of 0.001, adjusted via a scheduler during
training, and a mini-batch size of 4. Training continued until the validation loss did

not decrease for 50 epochs, totalling approximately 48 hours until convergence with
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low bias and variance. The network was trained using a NVIDIA TITAN XP GPU
and implemented in TensorFlow [95]. After training, motion correction for each set of
7 IRW images took under one second on a GPU or modern CPU. Additional details
of the architecture are described in Appendix

2.2.8 Validation

The proposed method was compared to a validated multi-modal image registration
algorithm [96], used as the baseline method. This algorithm mitigates artificial motion
discontinuities by combining a bilateral filter, a deformation field-based filter, and
a diffusion regularisation algorithm. It serves as an effective registration approach
without needing prior image segmentation. The baseline method, implemented in C,
used the first IRW image as a reference for subsequent pairwise registrations, taking
around 30 seconds per T1 map on a modern CPU.

A multi-observer experiment was devised to assess the effectiveness and robustness
of motion correction and potential noise introduction in cases originally without mo-
tion. A test set of 200 T1 maps with varying degrees of motion artefacts was selected
from the UK Biobank based on existing quality scores. Specifically, 50 samples had
severe motion artefacts affecting all myocardial segments, 100 had moderate motion
affecting individual segments, and 50 had mild to no motion.

Motion extent in the test set was assessed on a five-point scale: ‘no motion’,
‘mild motion’, ‘moderate motion’, ‘severe motion’, and ‘very severe motion’, with a
numerical scale from 0 to 100% for practicality and intuitive use by human operators.
Both the baseline and proposed methods were applied to all samples, creating a
total of 400 motion-corrected samples. From the mixed 600 samples, 120 (20%) were
randomly duplicated to evaluate intra-observer variability. 3 trained human observers
scored the 720 samples for motion extent, blinded to original artefact scores and

correction methods. To reduce score variance (X;), the weighted average score (X) of
the three observers was calculated as X = > W;X;/>" W;, with weights (W;) derived
from the inverse of intra-observer variance (o;) [97, O8] based on duplicated cases,
i.e., W; = 1/0?. The expected standard error of the weighted average scores was

SE(X) = /> VVfl. Quality scores were reported as mean + standard deviation.
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The non-parametric Wilcoxon signed-rank test assessed statistical differences between
data with and without motion correction by the baseline and proposed methods.
Given the modest number of repeated comparisons, the significance threshold was set

at standard p < 0.05 [99]. Statistical analyses were conducted using Python.

2.3 Results

The human observer validation results for the 200 cases from the UK Biobank material
are summarised in Table 2.1} The intra-observer variability for the three observers on
the 20% duplicated cases were 10.6, 17.3, and 21.9, respectively. The standard error of
the final weighted-average scores, used to compare the motion correction methods, was
8.3 on a scale from 0 to 100%. Both the baseline method and MOCOnet significantly
reduced motion artefacts, with average motion scores decreasing from 37.1 £+ 21.5 to
15.8 £ 15.6 using the baseline method, and to 13.3 £ 10.5 using MOCOnet (both p <
0.001). MOCOnet demonstrated a significantly greater reduction in motion artefacts
compared to the baseline method in the subgroups with severe motion (n = 50, p =
0.006) and moderate motion (n = 100, p = 0.04). For the subgroup with mild to no
motion (n = 50), both methods significantly reduced motion artefacts further (both p
< 0.001), and neither introduced additional noise, nor showed significant differences
from each other (p = 0.2). Overall, MOCOnet provided a higher and more consistent
suppression of motion artefacts than the baseline method, as indicated by its lower
maximum score and variability (n = 200, p = 0.007). The boxplot of motion scores
(Figure illustrates these differences, showing that MOCOnet achieved a narrower
range of perceived motion estimates and better robustness to outliers.

MOCOnet learnt from synthetic random motion to predict the necessary DVFs
for correcting motion in IRW images, producing motion-corrected T1 maps in real-
world data. Figure demonstrates the method’s robustness, with one training
sample mistakenly classified as having no motion artefacts, as indicated by overlaid
myocardium and stomach contours. However, this did not lead to overfitting or
affect final outcomes, as the data-driven process facilitated learning general principles,

allowing MOCOnet to correct the error in such sample rather than replicating it.
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Table 2.1: Human observer assessment of motion extent (%) on 200 T1 maps before
motion correction, and after the baseline and proposed method for motion correction

All Group 1 Group 2 Group 3
data Severe Moderate Mild to no
(n=200) motion motion motion
(n=50) (n=100) (n=50)
Before 37.1 £ 21.5 55.8 £+ 18.7 35.5 £ 18.9 21.7 £ 13.8
MOCO (99.3) (99.3) (80.5) (62.1)
Baseline 15.8 £ 15.6 25.8 £ 19.8 14.7 + 13.9 8.1+ 6.5
method (93.4) (93.4) (65.7) (34.2)
MOCOnet 13.3 + 10.5 18.6 + 14.3 12.7+ 9.2 94+ 6.4
(86.9) (86.9) (46.4) (19.8)

The quality scores are inverse variance-weighted scores of three human observers and
reported in mean + SD (maximum value). The best results are highlighted in bold.
Reproduced from Gonzales et al (2021) Frontiers in Cardiovascular Medicine 8 73],
published under CC-BY 4.0.

2.4 Discussion

In this study, MOCOnet, an innovative end-to-end neural network, was designed to
correct motion in CMR T1 maps, leveraging a large-scale dataset and validated by
expert human analysts. MOCOnet can automatically predict the necessary deforma-
tions to correct actual motion artefact cases. The method offers a rapid processing
speed of under 1 second per T1 map, without needing modifications to image acqui-
sition protocols, external hardware, or user input, making it suitable for immediate
clinical application.

While the approach of estimating the necessary DVF's to align images was tested
on myocardial ShAMOLLI T1 maps, the underlying problem formulation and solution
are broadly applicable. The deformation estimation relies on a data-driven approach
[71] that treats the images ‘as is’ without depending heavily on variations in contrast,
specific inversion recovery times, or prior user input. This methodology can be ex-
tended to other T1 mapping techniques requiring alignment of multiple T'1-weighted
images for accurate exponential recovery curve fitting [24], as well as to parametric
mapping in other organs such as the brain [100] and liver [I01], and other imaging

modalities with different image contrasts [102].

22



sk I Before MOCO

—
Hokk [ Baseline method
—
ok I MOCOnet
—
skekesk
100 4 1
skeksk
’ *
¢ | ——— sk
—
80 A sk
S
% 60
(]
3
2
g
‘2 40 A
=
20 A
0 -

Severe motion (N=50) Moderate motion (N=100) Mild to no motion (N=50)

Figure 2.4: Motion correction (MOCO) performance of the baseline and the proposed
deep learning-based motion correction (MOCOnet) methods. Box and whisker plot of
motion scores in non-parametric terms of three data groups, before (blue) and after
motion correction by the baseline (orange) and proposed MOCOnet (green) meth-
ods. Reported values are inverse variance-weighted scores of three human observers.
MOCOnet achieved the best results and significantly reduced the motion artefacts. *
p=0.04; ** p<0.01; *** p<0.001; ns = not significant. Reproduced from Gonzales et
al (2021) Frontiers in Cardiovascular Medicine 8 [13], published under CC-BY 4.0.

The clinical implications of this method are promising. A substantial portion of
the UK Biobank T1 mapping data analysed showed mild to severe motion, affecting
the diagnostic value of T1 mapping. Although advancements in automated motion
artefact detection could help with quality monitoring [103], rescheduling scans to ob-
tain motion-free T1 maps would prolong scan times and reduce patient throughput.
MOCOnet offers a compelling solution by retrospectively correcting motion in most of
the acquired data, enhancing T'1 map quality, potentially salvaging data compromised
by motion, reducing the need for rescan, and improving diagnostic accuracy. MO-
COnet also shows potential for stress T1 mapping applications [24], 30, [34], [104], which

may be more prone to motion artefacts. As deep learning continues to evolve, further
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(a) Defective ground truth

Figure 2.5: Robustness of the proposed motion correction convolutional neural net-
work (MOCOnet) for myocardial SAMOLLI T1 mapping from a noisy training sam-
ple. (a) Training sample falsely considered free of motion (1 in 1536) as manually
depicted with unaligned myocardium (orange) and stomach (blue) with yellow arrows
throughout the inversion recovery-weighted images. (b) Applied deformation to the
training sample used for training. (c) Sample corrected by MOCOnet after training
demonstrating the successful learning of the general rule without replicating the data.
Reproduced from Gonzales et al (2021) Frontiers in Cardiovascular Medicine 8 [73],
published under CC-BY 4.0.

studies could explore integrating a wider range of learning-based registration methods
[85, [T05] into a quality-control-driven pipeline [106], 107] to verify registration accu-
racy on-the-fly, including the R2 maps. With additional development, MOCOnet,
combined with T1 protocol quality assurance [108, 109] and automated myocardial
segmentation [106], could establish a robust framework for clinical T1 mapping.
The architectural design and methodological choices for the motion correction
framework are informed by established techniques validated through prior studies,
particularly the original ablation study of PWC-Net [90]. Each component of the

model, including the hierarchical feature extraction in the encoder, the warping lay-
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ers, and the multi-scale supervision loss, was integrated based on their demonstrated
effectiveness in improving performance. The encoder-decoder structure with skip con-
nections was selected to enable efficient integration of low- and high-resolution fea-
tures, as studies have shown that the absence of skip connections can reduce spatial
detail retention and impair the alignment of input images [89 110]. Warping layers
were incorporated to explicitly handle spatial transformations between feature maps,
ensuring progressive alignment across scales, which is critical for complex motion
correction tasks; ablation experiments from PWC-Net and similar works [IT1] have
highlighted significant performance degradation when this component is removed.
Additionally, the multi-scale loss function, which supervises predictions at each res-
olution, was designed to encourage coarse-to-fine refinement, a strategy proven to
enhance accuracy, particularly in cases involving varying motion magnitudes [112].
The inclusion of smoothness regularisation further ensures physiologically plausible
deformations, addressing abrupt and unrealistic predictions, which has been exten-
sively validated in the context of image registration [I13]. While the model evaluation
in this chapter relies on qualitative scoring by observers, the design choices align with
configurations shown to perform robustly in the literature.

Despite MOCOnet’s strong performance in correcting motion artefacts, as evi-
denced by significant improvements in motion scores, human observer experiments
indicated that it might not fully correct images with severe motion. This limita-
tion is partly due to the complexity of correcting severe motion and the challenge of
through-plane motion, which can cause T1 values to be derived from signals at dif-
ferent tissue locations. Therefore, maintaining breath-hold is essential for acquiring
high-quality T1 maps. Future work will involve validating MOCOnet across multi-
vendor, multi-centre datasets, extending its application to other anatomical regions,
and implementing the solution directly on scanners for robust real-time motion arte-

fact correction, ensuring high-quality, reliable images for immediate clinical use.
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2.5 Conclusion

MOCOnet proves to be an effective and reliable convolutional neural network for cor-
recting myocardial motion artefacts. This technique is well-suited for post-processing
T1 mapping, enabling the restoration of T'1 values in images compromised by motion
artefacts. Furthermore, this non-rigid registration solution can be adapted to other
mapping methods, facilitating the production of high-quality, reliable images ready
for immediate clinical interpretation. By enhancing parametric mapping methods,
MOCOnet has the potential to improve the reliability of quantitative CMR medical
imaging. The substantial improvements in accuracy and reliability of myocardial T1
maps provide a stable foundation for the detailed evaluations that follow in subse-
quent Chapters. Enhanced T1 maps ensure higher diagnostic confidence, crucial for
the effective application of further inter-sequence registration, segmentation and land-
mark annotation techniques. This foundational improvement in image quality sets
the stage for robust and comprehensive cardiac assessments, integrating seamlessly

into the broader analysis framework discussed throughout the thesis.
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Chapter 3

Advanced visualisation: derivation
of stress T1 reactivity maps using
vision transformers
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Chapter [2| addressed the issue of motion artefacts in T1 maps, enhancing image
quality by correcting intra-acquisition motion. Building on this, the current Chapter
tackles the challenge of inter-acquisition motion correction between rest and stress
T1 maps, a process that could benefit from the intra-acquisition corrections discussed
previously. In addition to the technical advancements, this Chapter introduces the
novel concept of stress T1 reactivity maps, or delta T1 (dT1) maps, which offer a
new dimension in myocardial tissue evaluation by capturing dynamic changes between
rest and stress conditions. These maps may provide critical insights into myocardial
health, enabling more precise assessment of stress-induced variations in T1 values
[114]. The Chapter details the development and implementation of a robust image
registration process that aligns rest and stress T'1 maps for accurate dT'1 computation.
The ability to conduct subsequent analyses on these images, including standardised
segmentation, is facilitated by the methods discussed in Chapter [5] which ensures
that the enhanced data quality and alignment achieved here can be effectively used

in downstream tasks.
The work in this Chapter has been presented [115] in:

115. Gonzales RA, Burrage MK, Menacho D, Altun I, Raman B, Ariga R, Wi-
jesurendra RS, Mahmod M, Levelt E, Huang W-M, Yun C-H, Ferreira VM,
Zhang Q, Piechnik SK. dT1 maps: a novel approach for visualising myocar-
dial stress without gadolinium-based contrast agents. In: SCMR 28th An-

nual Scientific Sessions. Society for Cardiovascular Magnetic Resonance; 2025.
do0ii10.1016/j.jocmr.2024.101483.
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3.1 Background

CMR stress perfusion imaging is a crucial technique for evaluating myocardial is-
chemia [20], 116, 117, 118 and obstructive CAD. Recent developments in automated
pixel-wise myocardial perfusion maps [I19] and the quantification of myocardial blood
flow have enhanced clinical capabilities and understanding of various cardiovascular
diseases [120] [121], 122, [123| [124], 125, 126, [127]. Despite these advancements, the
use of GBCA is still required, which adds to the cost and duration of scans, poses
potential risks for certain patients, and may accumulate in body tissues [128].

Stress T1 mapping [24] offers a further advancement in CMR technology, capable
of assessing microvascular dysfunction [35] [114], obstructive CAD [30] 32, 33}, 134 [104],
and reduced coronary vasodilatory reserve in valvular heart disease [28], without the
use of GBCAs. This method evaluates changes in myocardial blood volume properties
during vasodilatory stress, potentially providing a more comprehensive indicator of
ischaemia than traditional GBCA-based myocardial blood flow assessments [27]. The
measure of stress T'1 reactivity involves calculating the percentage change between rest
and stress T1 values on a per-slice and per-segment basis [24]. However, deriving these
values currently requires multiple manual measurements using ROIs and offline post-
processing, making it a labour-intensive, subjective, and time-consuming process.
Additionally, current stress T1 results lack a visual component, unlike standard pixel-
wise CMR perfusion maps, which complicates visual diagnosis. Consequently, there
is a pressing need for a pixel-wise map display for stress T1 reactivity, or a ‘stress
T1 perfusion map,” that can assess myocardial perfusion and blood flow responses
without using GBCAs. Such a tool would facilitate the immediate visual diagnosis of
myocardial changes, delineating their spatial extent and severity within anatomical
borders, thereby streamlining routine clinical workflows.

This Chapter introduces an innovative pixel-wise dT1 mapping concept and method
to visualise and quantify stress T1 reactivity. The proposed model uses a deep-
learning transformer-based approach to register rest and stress T1 maps and quantify
the percentage changes in myocardial T1 values. The model’s accuracy and practical-
ity are validated across standard clinical magnetic field strengths, multiple centres,

a broad spectrum of pharmacological agents, and a diverse range of cardiovascular
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conditions, encompassing both sexes. This research marks a pioneering step in us-
ing transformer-based models for CMR image registration, aiming to deliver a more

precise, efficient, and GBCA-free solution for assessing myocardial ischaemia.

3.2 Methods

3.2.1 Imaging data

The study retrospectively included subjects who underwent stress CMR scans at
the University of Oxford Centre for Clinical Magnetic Resonance Research (OCMR),
John Radcliffe Hospital (Oxford, UK) [28| [34], 35], 129] 130}, 131], and Mackay Memo-
rial Hospital (MMH; Taipei, Taiwan). Informed written consent was obtained from
all participants, following local ethical approvals at each centre. The CMR scans
were performed using Siemens magnetic resonance scanners: Avanto, Avanto Fit,
and Tim Trio (1.5T and 3T) at OCMR, and the Aera scanner (1.5T) at MMH.
The pharmacological agents used were adenosine, regadenoson, and dobutamine at
OCMR, and dipyridamole at MMH. Rest and stress T1 maps were acquired using the
ShMOLLI sequence prototype [76, 108], ranging from 1 to 3 short-axis slices (basal,
mid-ventricular, and apical). The stress T1 maps were primarily obtained during
vasodilator stress, following standard clinical protocols for stress perfusion [15], with
some research protocols using increasing doses of the pharmacologic stress agents to

account for variations in stress response.

3.2.2 Data preparation

Each rest and stress T1 map was automatically matched by slice position. Data
partitioning was stratified and randomised, ensuring balanced representation across
the study, magnetic field strength, pharmacological agents, biological sex, and slice
positions. Manual inspection excluded pairs with imaging artefacts and out-of-plane
motion. For training, all possible combinations of matched rest and stress T1 maps,
including within-group permutations, were used to enhance T1 change diversity. For

testing, only standard pairs (rest with stress) collected at identical trigger times were
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included. These pairs were manually segmented and labelled by two experienced

observers using specialised in-house software, blinded to the study’s results.

3.2.3 Deep learning model design

The proposed method (Figure involved non-rigid registration of a stress T1 map
(moving image) to its corresponding rest T1 map (fixed image). This was achieved
using the VoxelMorph registration framework [I32], which was modified to incorporate
a Swin transformer architecture, Swin U-Net [133], replacing the traditional U-Net
backbone [89]. This architectural upgrade improved the model’s capacity to capture
long-distance dependencies within the images, facilitating the registration of a broader
range of displacements. The input images were divided into non-overlapping patches,
treated as embedded tokens. These tokens were processed by a hierarchical encoder
with Swin transformer blocks for effective context feature extraction, allowing for
both local and global semantic feature learning. The decoder, mirroring the encoder,
included an attention mechanism during the up-sampling process, ensuring accurate
alignment of critical anatomical features between the stress and rest T1 maps for
precise non-rigid registration. The dT1 map, representing the pixel-wise percentage

change, was then calculated as: dT1 = (Tlgtress — Tlrest)/T liess X 100%.

3.2.4 Deep learning model training

During training, the model learnt to align a given stress T1 map with its correspond-
ing rest T'1 map by minimising the image-based loss between them, regularised by
the smoothness loss [I32], in an unsupervised manner. Each T1 map’s intensity was
scaled from 0 to 1, centred on the myocardium, and cropped to 192 x 192 pixels. Ad-
ditional data augmentation techniques included flipping, rotation, and mild synthetic
deformation [9I]. The neural network was optimised using the Adam method [94]
for 200 epochs, implemented in TensorFlow [95] with an NVIDIA GeForce RTX 3090
GPU, taking approximately 59 hours. Additional technical details are described in

Appendix
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Figure 3.1: Deep learning approach for deriving delta T1 (dT1) maps using a
transformers-based model. The process begins by stacking the rest and stress T1
maps, followed by patch partitioning and linear embedding. This prepares the maps
for the Swin U-Net registration model, which computes a registration vector field.
The field is then used to align the stress T1 map with the rest T1 map. After align-
ment, a pixel-wise comparison between the rest and the registered stress T1 maps
calculates the percentage difference, resulting in the dT1 map, which indicates T1
reactivity due to stress.

3.2.5 Performance evaluation and statistical analysis

The model’s registration capability was evaluated by comparing the derived myocar-
dial stress T1 reactivity from the dT1 map with manually derived stress T1 reactivity
values from the separate rest and stress T1 maps. This comparison involved over-
laying manual contours from the rest T1 maps onto the model-generated dT1 maps
and calculating the mean dT1 values within these contours. The correlation between
the manually derived and model-generated dT1 values was assessed using the intra-
class correlation (ICC) coefficient and Bland-Altman analysis. The evaluation also
considered reversed dataset order (to simulate negative stress responses [134]), differ-
ent AHA segments, pharmacological agents, magnetic field strengths, and biological

sexes. A mixed-model ANOVA was performed to assess the effects of these categories
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on discrepancies in myocardial measurements. Patient ID was treated as a random
effect to account for intra-subject variability, while the aforementioned factors were
treated as fixed effects. Statistical analyses were conducted using Python, with sig-
nificance set at p < 0.05. For benchmarking, a U-Net-based VoxelMorph model [132],
trained similarly, was compared to the proposed model using myocardial alignment,
measured with the Dice similarity coefficient (DSC) [135], and paired t-test analyses

across each condition, evaluating the benefits of the transformer-based architecture.

3.2.6 Evaluation of data-centric training strategies

To investigate the impact of training configurations on the performance of the Swin
U-Net model, an evaluation of data-centric strategies was conducted. The study ex-
amined three data augmentation approaches: (i) no augmentation, (ii) rotation and
flipping, and (iii) rotation, flipping, and synthetic deformation vector fields (DVFs),
designed to simulate non-rigid deformations. These augmentations were applied in
conjunction with two pairing mechanisms: regular pairing, where rest and stress T1
maps were presented in their standard order, and permuted pairing, which intro-
duced within-group combinations of rest and stress maps to increase variability in T1
changes. The pairing strategies ensured diverse representations of myocardial stress
responses, while the augmentations aimed to improve the model’s robustness to vari-
ations in myocardial anatomy and imaging conditions. Training configurations were
tested by varying augmentation and pairing methods, and the model’s outputs were

evaluated in terms of slice-level and segmental agreement with manual reference.

3.3 Results

3.3.1 Imaging data

The study included 5,001 native T1 maps, forming 4,491 regular pairs, collected from
563 subjects (average age 55+16 years, 29% female) prior to quality control. Specif-
ically, data from 549 subjects at OCMR provided 3,798 pairs, while 14 subjects at
MMH contributed 693 pairs. Post-quality control (Figure , 500 subjects (average
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age b4+16 years, 29% female) were included in the training dataset, and 61 subjects
(average age 62416 years, 31% female) in the test dataset. During training, 41 T1
maps (1%) were excluded due to severe imaging artefacts, and 525 regular pairs (16%)
were discarded due to significant out-of-plane displacement. This process resulted in
22,018 permuted pairs after filtering. For testing, 91 T1 maps (12%) were initially
excluded for artefacts, and 20 regular pairs (3%) were removed due to out-of-plane
motion, leaving 701 regular pairs. The stratified partitioning ensured a balanced rep-
resentation across magnetic field strengths, pharmacological agents, biological sex,
and slice positions, between training and testing sets, as detailed in Table [3.1. The
dataset comprised healthy volunteers (n=103) and patients (n=458) with various
conditions, including coronary artery disease (n=146), hypertrophic cardiomyopathy
(n=128), atrial fibrillation (n=93), aortic stenosis (n=37), type 2 diabetes (n=26),

hypertension (n=21), and breast cancer (n=7).

3.3.2 Stress T1 reactivity derivation

The transformer-based model demonstrated high accuracy in replicating manual stress
responses directly from co-registered rest-stress T1 maps (Figure , with process-
ing times of less than 1.5 seconds per sample on a standard computer. At the pair
level, the agreement between model-generated myocardial dT1 values (3.63 £ 3.27%)
and manually derived values (3.69 + 3.23%) was strong, with a low mean difference
of -0.06 + 0.74% and an excellent ICC of 0.97. In a simulated reversed response
scenario—registering a rest T1 map to its stress T1 map—the mean difference re-
mained low (0.60 + 0.88%), with a high ICC of 0.93. At a segmental level, where
small changes in the segmental mask can affect stress response, the bias was still low
(0.06%) but had a wider spread (1.72%), with a high ICC of 0.91. The stratified anal-
ysis showed consistently high performance across different magnetic field strengths,
pharmacological agents, biological sexes, and slice positions (Table . No statis-
tically significant differences were found for any fixed effects (p > 0.1), indicating
near-perfect agreement across all subdivisions (ICC > 0.97). The lowest agreement
levels were observed with regadenoson-induced stress responses (ICC = 0.90) and in

apical slices (ICC = 0.94).
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Clinical data sets
e Oxford: 2,556 rest, 2,168 stress T1 maps (549 subjects)
* Taipei: 42 rest, 235 stress T1 maps (14 subjects)

Total: 2,598 rest, 2,403 stress T1 maps (563 subjects)

Y

Randomised to training and test sets

Training and validation set Test set
2,407 rest, 1,843 stress T1 maps 191 rest, 560 stress T1 maps
(500 subjects) (63 subjects)

Quality control
41 T1-maps were excluded due to —
severe imaging artifacts

Quality control
91 T1-maps were excluded due to
imaging artifacts

2,387 rest, 1,822 stress T1 maps
(500 subjects)

169 rest, 491 stress T1 maps
(63 subjects)

Regular pairing Regular pairing

3,256 regular pairs of T1 maps
(500 subjects)

721 regular pairs of T1 maps
(63 subjects)

Quality control
524 regular pairs of T1-maps were e

Quality control
20 regular pairs of T1 maps were

excluded due to out-of-plane motion

2,732 regular pairs of T1 maps
(500 subjects)

excluded due to out-of-plane motion

701 regular pairs of T1 maps
(61 subjects)

Permuted pairing

22,018 permuted pairs of T1 maps
(500 subjects)

Figure 3.2: Data flow for the material selection for developing and testing the dT1 map
registration model. It includes the number of rest and stress T1 maps, the number of
subjects from both cohorts, and the subsequent steps taken to form the training and
validation set, as well as the test set. Quality control steps involved the exclusion of
T1 maps with imaging artifacts and regular pairs with out-of-plane motion. The final
numbers of T1 maps and regular pairs included in the training/validation and test
datasets are shown, along with the number of permuted pairs created for the study.
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Table 3.1: Composition of the included clinical data

Parameter All data Training Test Ratio
All data 561 (4,840) 500 (4,209) 61 (631) 11% (13%)
Magnetic field strength

15T 286 (3,380) 242 (2,819) 44 (561) 15% (17%)

3T 275 (1,460) 258 (1,390) 17 (70) 6% (5%)
Stress agent

Rest (no stress agent) 561 (2,538) 500 (2,387) 61 (151) 11% (6%)

Adenosine 474 (1,387) 433 (1,273) 41 (114) 9% (8%)

Regadenoson 63 (159) 55 (145) 8 (14) 13% (9%)

Dobutamine 10 (544) 5 (303) 5 (241) 50% (44%)

Dipyridamole 14 (212) 7 (101) 7 (111) 50% (52%)
Biological sex

Female 163 (1,445) 144 (1,166) 19 (279) 12% (19%)

Male 398 (3,395) 356 (3,043) 42 (352) 11% (10%)
Slice position

Basal 517 (1,406) 481 (1,305) 36 (101) 7% (%)

Mid-ventricular 541 (2,408) 498 (1,946) 43 (462) 8% (19%)

Apical 493 (1,026) 463 (958) 30 (68) 6% (7%)

Count represents the number of patients (number of T1 maps).

3.3.3 Case studies

Figure [3.4] showcases two contrasting examples from the test set. The first exam-
ple (Figure [3.4h) features a healthy volunteer who showed a uniform stress response
across all myocardial segments. The second example (Figure ) involves a patient
with coronary artery disease, characterised by a lack of stress response in a specific
territory, indicating localised impairment due to the disease. The illustrations include
corresponding rest and registered stress T'1 maps, alongside derived dT1 maps. Addi-
tionally, dT'1 maps are overlaid on grayscale rest T1 maps to highlight specific areas
of myocardial stress response. The accompanying bull’s eye plots provide a detailed
representation of myocardial stress reactivity distribution, emphasising the difference

in myocardial perfusion between the healthy volunteer and the patient with CAD.
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3.3.4 Comparison with baseline model

The proposed model outperformed the baseline model. Despite the baseline U-Net
model achieving high performance at the pair level (ICC=0.96), it performed worse
in reversed response scenarios and had lower agreement at the segmental level (p <
0.0001), with an ICC of 0.88 and 0.86, respectively. Regarding myocardial alignment,
the T1 map pairs were initially misaligned with a mean DSC of 0.56 4+ 0.22. After
registration, alignment improved to a DSC of 0.85 £ 0.06 with the baseline model
and further improved (p < 0.0001) to a DSC of 0.86 £ 0.04 with the proposed model.

Table 3.2: Performance of myocardial dT1 mapping in the test data set across various
conditions, with the proposed model

Results # # Error I1CC
patients dT1 maps (mean + SD)
Overall
Slice 61 701 -0.06 £ 0.74 0.97
Slice — reversed 61 701 0.60 + 0.88 0.93
Segments 61 4,110 0.06 £ 1.72 0.91
Magnetic field strength
1.5T 44 651 -0.08 £ 0.75 0.97
3T 17 50 0.20 £+ 0.57 0.99
Stress agent
Adenosine 41 146 0.08 £ 0.68 0.97
Regadenoson 8 16 0.33 £ 1.21 0.90
Dobutamine 5 241 -0.29 + 0.85 0.97
Dipyridamole 7 298 0.05 + 0.58 0.98
Biological sex
Female 19 375 -0.03 £ 0.83 0.97
Male 42 326 -0.09 £ 0.63 0.98
Slice position
Basal 36 70 0.05 £ 0.41 0.99
Mid-ventricular 43 293 -0.09 + 0.73 0.97
Apical 30 38 0.19 £ 1.15 0.94

* Count represents the total amount of segments from the test set of 701 dT1 maps.
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20 T 9
+¥y=0.99x-0.001 Bias =-0.06
1 ICC=0.97 6 1.96 SD = 145
= ] : 3@9 ?easrilents
-3 —
E 2 “6 ° ET g
cR= - o g
58 107 =i}
5 3 S 2 o Mid-ventricular
8= g5 segments
° g s X
3 E 23
i) Apical
5 04
& 0 -6 ® segments
n="701
-5 -9 T T T T
- -5 0 5 10 15 20
Myocardial dT1 Myocardial dT1
manually derived [%] average [%]

Figure 3.3: Evaluation of the proposed transformer-based model for myocardial dT1
mapping. (a) Linear regression plot showing the relationship between myocardial dT1
values derived automatically by the model versus those obtained manually, with each
dot representing a regular pair. The regression line, intra-class correlation coefficient
(ICC), and equation are indicated. (b) Bland-Altman plot illustrating the agreement
confidence range between the model-generated and manually derived myocardial dT1
values.

3.3.5 Effects of data-centric training strategies

The results demonstrated that both data augmentation and pairing mechanisms
played a significant role in enhancing the accuracy of the model’s dT1 maps (Ta-
ble [3.3). When evaluating regular pairing configurations (n=2,732 pairs), segmental
analysis, which is more sensitive to variability, showed an ICC of 0.87 without data
augmentation. Introducing rotation and flipping slightly reduced this to 0.86, while
adding DVFs resulted in a notable improvement, increasing ICC to 0.89 for seg-
mental analysis and maintaining high slice-level accuracy at 0.96. Permuted pairing
(n=22,018 pairs) demonstrated considerable improvements even without data aug-
mentation, achieving ICC values of 0.97 and 0.91 for slice-level and segmental anal-
ysis, respectively. Incorporating data augmentation into permuted pairing provided
marginal gains, with reduced error spread (lower standard deviations) while main-
taining the same high ICC values. This indicates that permuted pairing inherently
provides the diversity required for robust model performance, with data augmentation

offering incremental refinements rather than substantial changes in ICC.
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(b) Patient with coronary artery disease and blocked left anterior descending artery
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Figure 3.4: Case studies of myocardial dT'1 mapping. (a) A healthy volunteer; and (b)
a patient with coronary artery disease and obstructed left anterior descending artery.
From left to right, the columns display: rest T1 maps, stress T1 maps registered
via our model, dT1 maps, and grayscale rest T1 maps overlaid with myocardium
dT1 maps to highlight areas of stress reactivity. The last column features simplified
bull’s eye plots of dT1 values, visually illustrating the myocardial stress response
distribution across basal, mid-ventricular, and apical slices.
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Table 3.3: Effects of data augmentation and pairing mechanisms on model perfor-
mance for dT1 mapping

Training data Slice Segments
Data augmentation  Pairing Error ICC Error ICC
none regular 0.23 + 091 096 037215 087
rot + flip regular 0.09 £ 1.05 0.95 0.24 £+ 2.31 0.86
rot + flip + DVF regular -028+ 085 096 -0.13 +£1.99 0.89
none permuted 0.01 £ 0.75 0.97 0.13 £ 1.75 0.91
rot + flip permuted -0.11 +0.75 097 0.01 +£1.78 0091

rot + flip + DVF permuted -0.06 £ 0.74 097 0.06 £1.72 091

Comparison of the Swin U-Net model’s performance under different training config-
urations, evaluating the effects of data augmentation techniques (none, rotation and
flipping, rotation, flipping, and deformation vector fields [DVF]) and pairing mech-
anisms (regular and permuted). Slice-level and segmental analyses are presented in
terms of error (mean =+ standard deviation) and intra-class correlation coefficient
(ICC). Regular pairing included 2,732 pairs for training, while permuted pairing uti-
lized 22,018 pairs.

3.4 Discussion

This work presents an automated approach for generating pixel-wise stress T1 reac-
tivity maps in CMR imaging, employing a transformer-based model. The method was
validated retrospectively using imaging data from subjects who underwent vasodilator
stress CMR scans, comparing the model’s outputs against manually derived stress T'1
reactivity measurements. The approach uses the VoxelMorph registration framework
enhanced with a Swin transformer architecture to improve the accuracy and robust-
ness of non-rigid registration between stress and rest T1 maps. The model showed
a high level of agreement with manual measurements (ICC = 0.97) across various
conditions, including different pharmacological stress agents and patient demograph-
ics. This innovation offers a novel tool for detailed visualisation and quantification of
myocardial stress responses, eliminating the need for GBCAs.

Automating the derivation of pixel-wise stress T1 reactivity maps offers notable
clinical advantages over traditional perfusion imaging methods. This technique elim-

inates the need for GBCAs, reducing the risk of nephrogenic systemic fibrosis in
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patients with advanced renal failure [I36] and avoiding GBCA accumulation in body
tissues [128]. By enabling precise quantification and visualisation of myocardial stress
responses, this method can facilitate early detection of ischaemic conditions and as-
sessment of myocardial viability with high spatial resolution [34]. Moreover, the rapid,
automated nature of this approach (<1.5s per sample) standardises the analysis pro-
cess, potentially reducing variability and increasing throughput in clinical settings.

This mapping technique supports structured analysis of stress T1 reactivity, al-
lowing exploration of age- and sex-specific normal ranges [137] and the effects of
variables such as pharmacological agents, response timing, and organ-specific differ-
ences. These insights can refine dT1 maps, providing a more nuanced visualisation of
these variations. Improved evidence on appropriate thresholds for the bull’s eye plot,
proposed here at around 3, 6, and 9%, guided by existing literature [24], will enhance
diagnostic accuracy.

This research marks the first application of transformer-based models for CMR
image registration, tailored to rest and stress T1 maps, and applicable to other imag-
ing sequences. Transformers’ ability to capture long-term spatial dependencies and
displacements offers a significant advantage over conventional convolutional neural
networks in non-rigid image registration. By integrating a Swin transformer archi-
tecture [I33] into the VoxelMorph framework [132], the model achieved significant
improvements in mapping accuracy and detail orientation. Additionally, the evalu-
ation of data-centric strategies, including diverse pairing mechanisms and advanced
augmentation techniques, revealed their critical role in optimizing model performance.
Permuted pairing, in particular, significantly enhanced the robustness of the model by
introducing a broader range of myocardial T'1 changes during training, while synthetic
deformation vector fields further improved the model’s ability to handle complex
anatomical mismatches. These findings demonstrate that combining advanced archi-
tectural designs with comprehensive training configurations is essential for achieving
the high accuracy and consistency required in clinical applications. This methodolog-
ical innovation aligns with the broader trend in medical image analysis, increasingly
favouring transformers over convolutional neural networks for their superior perfor-

mance in handling complex spatial relationships [70].
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The dataset used in this study includes 4,840 native T1 maps from 561 subjects
across two centres, employing four distinct pharmacological agents (adenosine, re-
gadenoson, dobutamine, and dipyridamole) and capturing different stress timings and
magnetic field strengths. This diversity allowed the model to learn from a wide range
of conditions, ensuring no significant differences arose from this variety. The images,
acquired using the ShAMOLLI sequence [76], known for reduced intra-individual vari-
ability [104], are crucial in stress T1 mapping to detect minute changes in myocardial
blood volume and perfusion under stress conditions. This comprehensive dataset sup-
ports the development of a model with potentially more generalisable performance
across various clinical scenarios, though further testing is needed to confirm this.

The study has several limitations. Firstly, the analysis was limited to short-
axis images, though the training framework and model could potentially apply to a
broader range of image orientations. Secondly, like any motion correction method, this
model addresses in-plane motion and may be sensitive to through-plane spin history
and three-dimensional misregistration of anatomically divergent tissue samples. Care
during data acquisition is advised, and further research is needed to address these
issues. Thirdly, the registration process applies to reconstructed T1 maps rather
than T1-weighted images, suggesting a potential extension to address both within-
and between-dataset motion. Future work includes on-the-scanner implementation
and direct validation against pathological findings, initially relying on ROI-based

processing.

3.5 Conclusion

The transformer-based model introduced in this study has effectively automated the
creation of pixel-wise stress T1 reactivity maps (dT1 maps), showcasing high accu-
racy and reliability across a broad spectrum of conditions and patient demographics.
This innovative approach enables detailed visualisation and precise measurement of
myocardial stress responses, closely resembling traditional perfusion mapping but
without the necessity for GBCAs. By integrating these capabilities into a pipeline
that could potentially include the motion-corrected T1 maps from Chapter [2, and
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posterior automated analysis outlined in Chapter [5] the precision and practicality
of inter-sequence registration could be enhanced further. Such advancements hold
promise for refining diagnostic processes and treatment planning for myocardial is-
chaemia and other cardiac disorders, providing clinicians with safer, more accessible,
and efficient tools for cardiac evaluation. This progression toward integrated diag-
nostic solutions underscores the thesis’s overarching goal of enhancing the coherence
and effectiveness of CMR T1 mapping analysis through advanced post-processing

technologies.
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Chapter 4

Automated post-processing I:
accountable myocardial
segmentation via quality
control-driven deep ensemble
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Chapters 2] and [3] addressed key challenges in CMR imaging by improving T1
mapping, first through motion correction and then by introducing stress T1 reactivity
maps. Building on these advancements, this Chapter shifts focus to the segmenta-
tion of virtual native enhancement (VNE) images, derived from T1 maps and cine
sequences. While previous work by our research group has automated the segmenta-
tion of T1 maps [106], VNE images have a different LGE-like appearance and contrast
ranges. These VNE images also require a separate myocardial contour for accurate
analysis. The techniques discussed here may leverage the motion-corrected T1 maps
from Chapter|2|to enhance the quality of VNE image derivation by avoiding artefacts.
Furthermore, this method is directly applicable to the segmentation of LGE images,
ensuring consistency across different CMR modalities. A quality control-driven deep
ensemble is introduced to guarantee reliable segmentations, addressing critical needs
in clinical practice. The imaging modalities discussed here could ultimately benefit
from the annotation techniques covered in Chapter [5], building towards a cohesive

approach to CMR analysis.
The work in this Chapter has been published [I38] and presented [139, 140] in:
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4.1 Background

LGE has long been regarded as the gold standard in CMR imaging for non-invasive
myocardial tissue characterisation. LGE provides vital information regarding the
extent and location of myocardial damage, enabling clinicians to make accurate di-
agnoses and informed treatment decisions [I7]. It is particularly useful in identifying
areas of scar tissue or fibrosis [141], which are commonly associated with conditions
such as MI [142] and HCM [143]. Quantifying these areas can offer insights into
scar burden, which is predictive of adverse clinical outcomes like heart failure and
sudden death, and can guide risk-modification strategies, such as the implantation of
cardioverter-defibrillator devices [144].

To determine the extent and location of myocardial pathology in LGE images, pre-
cise segmentation of the LV myocardium is required. Traditionally, this segmentation
has been performed manually by experts, a method that is both time-consuming and
subjective. Recent advancements have seen the development of automated segmen-
tation techniques to enhance efficiency and reduce inter-observer variability. These
techniques can be broadly classified as either model-driven [145] or data-driven [146].
Model-driven methods employ prior knowledge about the LV myocardium’s structure
to guide segmentation, whereas data-driven methods involve machine learning algo-
rithms to learn from examples in a training dataset, often yielding superior results
[147]. Despite these advancements, two significant challenges remain for clinical appli-
cation: the need for large amounts of high-quality training data [71], particularly for
rare or heterogeneous diseases, and the occurrence of unflagged segmentation errors
[148], which can lead to inaccurate scar quantification and potentially impact clinical
decision-making. Consequently, there is a pressing need for a validated, automated
quality control (QQC) mechanism to reliably detect and flag segmentation errors [149).

Various approaches have been proposed to address the challenge of data scarcity in
medical applications, including transfer learning, domain adaptation, and data aug-
mentation [I50]. Transfer learning and domain adaptation leverage knowledge from
pre-existing datasets, while data augmentation creates new data by applying trans-
formations to existing datasets. Among these, data augmentation using Generative

Adversarial Networks (GANs) has gained popularity for its ability to generate large
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amounts of diverse and realistic data, which is especially useful for limited datasets
[151, 152]. However, the application of synthetic data in medical contexts poses a
validation challenge, as the generated data may not accurately reflect the true bio-
logical and pathological variations seen in real-world scenarios [I53]. Thus, clinical
validation of synthetic data is essential before its use in medical applications.

Recently, automated methods for detecting inaccuracies in automatic segmenta-
tion have gained traction [149]. Post-analysis QC tools have been developed to assess
the reliability of segmentation outputs, serving as the final performance indicator for
models. These methods typically function as binary classifiers [I54], [I55], assigning
correct /incorrect labels to segmentations, or as regressors [156] [157], which aim to
infer well-known validation metrics or uncertainty estimates. While these QC ap-
proaches have been successfully applied to CMR T1 mapping [106] and short-axis
cines [I58], a QC pipeline for LGE segmentation remains absent.

In this Chapter, we introduce a novel approach for segmentation that not only
addresses the challenges of limited training data and quality control but also leverages
the emerging VNE imaging technique. VNE is gaining traction as it can derive LGE-
like images using native signals from T1 mapping and cine sequences, eliminating
the need for GBCA [25], 37]. This contrast-agent-free modality significantly expands
the training dataset with clinically-validated data, enhancing the utility of CMR.
Furthermore, we extend an automated quality control mechanism to flag problematic
cases for focused inspection prior to clinical use. Our approach builds upon the
quality control-driven (QCD) framework [I57], which can predict a confidence metric
in the absence of ground truth, thereby ensuring robust and reliable segmentation for

clinical applications.

4.2 Methods

4.2.1 Imaging data

The development dataset comprised 4,716 LGE images from 1,363 patients, sourced
from: (1) the multi-centre Hypertrophic Cardiomyopathy Registry (HCMR) study
[159], which included 3,286 images from 1,129 patients across 24 centres; (2) the clin-
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ical service at the Oxford Centre for Clinical Magnetic Resonance Research (OCMR),
providing 712 images from 109 patients; and (3) the Oxford Acute Myocardial In-
farction (OxAMI) study [160], which contributed 718 images from 125 patients. In-
stitutional review committee and ethics approvals were obtained for these studies.
The dataset included 3,286 LGE images from 1,129 patients with hypertrophic car-
diomyopathy, and 1,430 LGE images from 234 patients with MI (255 images from
65 patients with chronic MI and 1,175 images from 169 patients with acute MI).
CMR scanning was performed on Siemens magnetic resonance scanners (Siemens
Healthcare, Germany) with 1.5T (71% of data) and 3T (29% of data) magnetic field
strengths. The CMR protocols encompassed cine steady-state free precession imag-
ing, native and post-contrast T1 mapping using the SAMOLLI sequence [76, [108§],
and LGE imaging conducted approximately 10 minutes post-intravenous administra-
tion of 0.1 to 0.2 mmol/kg of gadolinium-based contrast agent, typically using the
phase-sensitive inversion recovery (PSIR) sequence [159]. Manual quality control in-
cluded selecting uncorrupted, paired cines, T1 maps, and LGE images, which were

segmented manually by three trained observers in previous studies [25], 37, [161].

4.2.2 Data augmentation using a generative adversarial net-

work

A conditional GAN approach was employed to augment the data by generating VNE
images [25, B7] from paired short-axis cine and T1 maps. These VNE images lever-
aged native components, including native T1 mapping and pre-contrast cine frames
throughout the cardiac cycle. These inputs provided image contrast, alterations in
myocardial tissue properties, myocardial structure (such as wall thickness), motion
data of the cardiac wall, and more distinct myocardial borders. The deep learning
generator used these inputs to produce VNE images that closely resembled LGE im-
ages in terms of structure and contrast. The clinical benefit of VNE lies in its ability
to create ‘virtual’ LGE images without the need for GBCA, allowing for quicker, more
cost-effective, and contrast-free CMR scans.

The VNE generator (Figure consisted of parallel convolutional neural network

streams that processed cine frames and T1 maps separately. Each stream used a six-
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Generator

Discriminators

Figure 4.1: Data augmentation framework. A late gadolinium enhancement (LGE)
image is augmented by using its paired short-axis cine and T1 map, producing a
virtual native enhancement (VNE) image, using a modified conditional generative
adversarial network approach. Parallel deep encoder-decoders extract features from
native signals, which are fused through a shallow encoder-decoder to derive a VNE
image. The discriminators, D1 and D2, during training, are used to enhance the
D1 image ‘clarity’ and the image ‘realness’ with perceptual similarity, respectively.
Reproduced from Gonzales et al (2023) Frontiers in Cardiovascular Medicine 10 [138],
published under CC-BY 4.0.

level encoder-decoder U-Net structure [89]. The encoder extracted image features
at various scales, employing successive convolutional layers for feature extraction
and downsampling at each level, providing a multiscale feature representation. The
corresponding decoder fused these multiscale features to generate the final feature
maps, using symmetrical upsampling layers and convolutions to sequentially combine
the multiscale features. These feature maps from the streams were then concatenated
and passed through an additional two-level encoder-decoder block, which integrated
information from the different modalities to produce the final VNE image using a late
fusion approach. Each encoder-decoder block concluded with a hyperbolic tangent
activation function.

In the customised conditional GAN setup [162], the architecture featured two
discriminators, D1 and D2, modelled after the VGG16 model [163]. Discriminator

D1, designed to verify the ‘clarity’” of larger images, utilised an expanded architec-
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ture with an input layer accommodating the resultant VNE and the input cine stack,
ensuring sharper, clearer images. This involved a series of convolutional layers alter-
nating between feature extraction and downsampling, each followed by leaky rectified
linear unit activation functions. Discriminator D2, aimed at assessing the ‘realness’
in single-channel images, had a similar yet more compact structure, processing both
the resultant VNE and the paired LGE. The generator’s goal was to create VNE
images that exhibited high perceptual similarity [164] to LGE images, making them
indistinguishable from LGE contrast images. The discriminators’ role was to differ-
entiate between VNE and LGE images. Following adversarial training of the neural
networks, the trained generator could translate native CMR signals into LGE-like
representations.

With the previously trained VNE generator [25], 37], the LGE images in the de-
velopment data were expanded by producing corresponding VNE images (Figure
in independent datasets. Data augmentation was successfully achieved for all cases,
except for the subset related to acute myocardial infarction, which is awaiting fur-
ther validation before inclusion. All augmented data were also manually segmented.
The VNE images closely matched the position-matched LGE images, despite minor
differences in slice position between the paired T1/cine and the final LGE, which
were occasionally due to patient movement between image acquisitions (Figure ,
cases 5 and 6). This serendipitously introduced greater diversity and realism into the

training data, thereby enhancing the model’s robustness.

4.2.3 Quality control-driven ensemble framework

A QCD ensemble framework [I57] (Figure 4.3 was designed to enhance the accuracy
and reliability of segmentation by exploiting the strengths of multiple CNNs. This
framework employed various U-Nets [89] with different depths, creating a diverse set
of candidate segmentations. These segmentations were combined using statistical
rank filters on a pixel-wise basis [165], increasing the pool of segmentation options
and improving robustness.

The ensemble framework consisted of six U-Nets [89], ranging in depth from 1 to

6 levels. Each U-Net included an encoder and a decoder. The encoder featured con-
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Figure 4.2: Cases with their T1 maps, cines, late gadolinium enhancement (LGE)
and virtual native enhancement (VNE) images. The resultant database includes the
LGE data and VNE data, as ways of data augmentation and additional validation.
Reproduced from Gonzales et al (2023) Frontiers in Cardiovascular Medicine 10 [138],
published under CC-BY 4.0.

volutional layers followed by dropout layers [166] for regularisation, with the dropout
rate increasing with each layer to prevent overfitting. After convolution and dropout,
a max pooling operation was applied. The decoder mirrored the encoder but used
transposed convolutional layers for upscaling. It also used skip connections, link-
ing outputs from the decoder with corresponding encoder layers. The final layer
underwent additional convolutions and a softmax activation to generate the final seg-
mentation. This process, repeated for each depth, allowed for the creation of diverse
candidate segmentations, enhancing the ensemble’s performance.

At the core of the framework was an automatic quality scoring mechanism that
predicted the DSC for each candidate segmentation by leveraging their differences.
It calculated the pairwise agreement, or inter-segmentation DSC matrix, between

segmentations, capturing the overlap and differences among candidates. These DSC
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Figure 4.3: Illustration of quality control-driven ensemble framework concepts; de-
picted here with 3 (out of 6) U-Nets. (A) A late gadolinium enhancement (LGE)
image is processed by (B) an ensemble of independent U-Net segmentation models
to produce (C) single candidate segmentations (SCSs). (D) The SCSs are then com-
bined via a pixel-wise label voting scheme to derive combined candidate segmentations
(CCSs). (E) An association matrix of Dice similarity coefficients (DSC) is generated
upon the agreement between SCSs and CCSs. The inter-candidate DSCs are supplied
to the (F) linear regressors (LR), and (G) each model outputs the predicted the DSC,
in absence of ground truth (GT); finally, (H) the model with the highest predicted
DSC and its corresponding automated segmentation output are selected on-the-fly.
Reproduced from Gonzales et al (2023) Frontiers in Cardiovascular Medicine 10 [138],
published under CC-BY 4.0.

matrices were then input into separate linear regression models for each candidate,
with the target being the DSC between the candidate and the ground truth.

For each input image, the framework assigned a predicted DSC for every can-
didate segmentation, both individually and combined, relative to the ground truth
segmentation. The final segmentation was selected by identifying the candidate with
the highest predicted DSC, indicating the most accurate and reliable result. This
selection process was entirely automated, with no manual intervention required. This

approach effectively mimicked a multidisciplinary clinical team, where consistency
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among multiple expert opinions served as an indicator for the best approach to man-
aging complex cases. By incorporating this quality control-driven strategy, the en-
semble framework aimed to enhance overall segmentation performance and provide

confidence metrics, particularly valuable in clinical settings.

4.2.4 Implementation

The dataset was expanded using VNE technology, which used co-located short-axis
cines and ShMOLLI T1 maps, resulting in 3,541 VNE images. The development
dataset was randomly divided into: (1) 85% for training (4,092 LGE images and 2,917
VNE images from 1,158 patients); (2) 7.5% for validation (309 LGE/VNE images from
102 patients); and (3) 7.5% for testing (309 LGE/VNE images from 103 patients),
following recommended guidelines [167]. Image pixel values were normalised from 0 to
1 and zero-padded to 256 x 256. For the segmentation models, the Adam optimiser
[94] was used to minimise the categorical cross-entropy loss, with a learning rate of
0.00005 for 200 epochs; an automated early stopping mechanism was employed to
prevent overfitting, using the validation set. For the quality prediction models, a
linear regressor was fit for each candidate segmentation based on the inter-agreement
between its corresponding candidate segmentation and the others. These regressors
were trained on the validation set to avoid autocorrelation with the training set.
Specific details for the architectures and training procedures are further explained
in Appendix [A.3] The models were trained and tested on TensorFlow [95] with an
NVIDIA GeForce RTX 3090 GPU, taking approximately 11.5 hours.

4.2.5 FEvaluation

The QCD ensemble framework’s performance was evaluated for myocardial contours
on both LGE and VNE test datasets, and across the main pathologies. Segmentation
accuracy was measured using the DSC, comparing the agreement between the selected
optimal mask and the ground truth mask. The predicted segmentation accuracy was
evaluated in terms of the mean absolute error (MAE) and binary classification accu-
racy, with a DSC threshold of 0.7 [I68]. The MAE measured the difference between
the predicted DSC and the observed ground truth DSC from manual segmentation.
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Binary classification accuracy determined whether segmentations were classified as
good (>0.7) or poor quality (<0.7) to illustrate the practical application of DSC pre-
diction. In the evaluation, false positives occurred when the predicted DSC was >
0.7 but the actual accuracy was <0.7, and false negatives when the predicted DSC
was <0.7 despite the actual accuracy being > 0.7. The 0.7 threshold ensured a bal-
ance between sensitivity and specificity in classifying segmentations. A Wilcoxon
signed-rank test was conducted using Python to determine if there was a statistically
significant difference between segmentation results on LGE and VNE data, paired
where possible, and within pathology groups. A p-value of < 0.05 was considered
significant. This analysis helped assess the model’s robustness in segmenting both
image types and the potential benefits of incorporating VNE data into the training
process.

A comparative analysis was conducted to examine the performance of the pipeline’s
key components and the impact of integrating VNE data. First, the performance of
the deepest U-Net (depth of 6 levels) and the QCD segmentation framework was
assessed to highlight the advantage of achieving higher segmentation accuracy with
a quality prediction capability. Second, experiments were conducted using training
data comprising LGE, VNE, and both types combined to thoroughly evaluate the
data augmentation capability of GAN-generated VNE data. Each experiment was
also tested on LGE data, VNE data, and both combined, to demonstrate the ro-
bustness of the proposed method. The segmentation accuracy and quality prediction

accuracy were assessed in all experiments to compare differences.

4.3 Results

4.3.1 Segmentation and prediction accuracy

The scatter plots (Figure illustrate the correlation between the ground-truth DSC
and the predicted DSC for the outputs of the framework and each candidate model
in the test set, showing accurate predictions across a range from underperforming
to high-performing models. The QCD framework efficiently segmented the LV my-

ocardium in both LGE and VNE images. It demonstrated consistent segmentation
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Figure 4.4: Performance evaluation of the quality control-drive segmentation frame-
work for late gadolinium enhancement (LGE) and virtual native enhancement (VNE)
images. Scatter plots of the observed ground-truth Dice similarity coefficient (DSC)
(x-axis) versus the predicted DSC (y-axis) for myocardial contours in (A,B) LGE
and (C,D) VNE images for the optimal candidates (A,C) and for all single (SCS)
and combined segmentation (CCS) models (B,D). The shown overall binary classifi-
cation accuracy is measured as the proportion of true results (true positive (TP) or
true negative (TN)—Ilight blue background), in a population of both true and neg-
ative results (false positive (FP) or false negative (FN)—grey background), with a
binary threshold of DSC > 0.7. Reproduced from Gonzales et al (2023) Frontiers in
Cardiovascular Medicine 10 [138], published under CC-BY 4.0.

performance on both the LGE and VNE test datasets, with comparable mean DSC
values (LGE: 0.845 + 0.075; VNE: 0.845 + 0.071; p = not significant). The frame-
work also showed robust performance across key pathologies, including hypertrophic

cardiomyopathy (0.845 + 0.069) and myocardial infarction (0.844 + 0.085; p = not
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significant). The MAE for the predicted DSC was low at 0.043 + 0.043, highlighting
the accuracy of the quality control-driven approach in predicting segmentation qual-
ity. Furthermore, using a DSC threshold of 0.7, the binary classification accuracy was
high at 0.951, underscoring the practical utility of the proposed ensemble framework
in clinical environments. Figures 4.5/ and provide representative test cases of the
QCD framework on LGE and VNE images, illustrating true positive, true negative,

false positive, and false negative instances.

True Positive False Positive False Negative

~~

LGE image

Manual segmentation

DSC GT: 0.671 DSC GT: 0.818
DSC pred: 0.876 DSC pred: 0.640 DSC pred: 0.844 DSC pred: 0.671

Automated QC segmentation

Figure 4.5: Examples of true positive (93.9%), true negative (1.9%), false positive
(2.3%) and false negative (1.9%) for predicted quality-controlled (QC) segmentations
in late gadolinium enhanced (LGE) images. The left ventricular myocardium is man-
ually segmented in red and automatically segmented in green, from different single
(SCS) and combined candidate segmentation (CCS) models. The corresponding ob-
served ground-truth (GT) Dice similarity coefficient (DSC) and predicted DSC are
provided at the bottom. Reproduced from Gonzales et al (2023) Frontiers in Cardio-
vascular Medicine 10 [138], published under CC-BY 4.0.
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VNE image

Manual segmentation

Y

Automated QC segmentation

: J.‘: >
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DSC GT: 0.828 DSC GT: 0.777 DSC GT: 0.726
DSC pred: 0.856 DSC pred: 0.633 DSC pred: 0.848 DSC pred: 0.631

Figure 4.6: Examples of true positive (94.2%), true negative (0.3%), false positive
(5.2%) and false negative (0.3%) for predicted quality-controlled (QC) segmentations
in virtual native enhancement (VNE) images. The left ventricular myocardium is
manually segmented in red and automatically segmented in green, from different
single (SCS) and combined candidate segmentation (CCS) models. The corresponding
observed ground-truth (GT) Dice similarity coefficient (DSC) and predicted DSC
are provided at the bottom. Reproduced from Gonzales et al (2023) Frontiers in
Cardiovascular Medicine 10 [138], published under CC-BY 4.0.

4.3.2 Comparative analysis

The comparative analysis (Table underscores the contributions of GAN-generated
VNE data as a form of data augmentation and the QCD segmentation framework
as an automated quality control mechanism. Firstly, the individual performance
of the deepest U-Net matched the ensemble performance of the QCD segmentation
framework, which also assessed the quality of the resulting segmentation. When

evaluating the results across all datasets for both training and testing, the deepest
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Table 4.1: Comparative analysis of individual models (U-Net with depth of 6 levels)
and quality control-driven (QCD) segmentation framework

Models and Test data
traning data LGE (n = 309) VNE (n = 309) both (n = 618)

Model Set DSC MAE Acc. DSC MAE Acc. DSC MAE Acc.

U-Net LGE 0.836 - - 0.838 - - 0.837 - -
U-Net VNE 0.791 - - 0.824 - - 0.807 - -
U-Net both 0.844 - - 0.846 - - 0.845 - -

QCD LGE 0.835 0.042 0.971 0.838 0.046 0.922 0.837 0.044 0.947
QCD VNE 0.799 0.057 0.922 0.833 0.041 0.958 0.816 0.049 0.940
QCD both 0.845 0.042 0.958 0.845 0.043 0.945 0.845 0.043 0.951

The models were trained on late gadolinium enhancement (LGE; n = 4,092) and /
or virtual native enhancement (VNE; n = 2,917) data and tested on LGE (n = 309)
and / or VNE (n = 309) data, evaluated by their segmentation performance with the
mean Dice similarity coefficient (DSC) and the quality predictive capacity with the
mean absolute error (MAE) and the binary classification accuracy (Acc.). The best
results are highlighted in bold. Reproduced from Gonzales et al (2023) Frontiers in
Cardiovascular Medicine 10 [138], published under CC-BY 4.0.

U-Net achieved a segmentation accuracy of 0.845 + 0.070, which was similar to the
segmentation accuracy of the QCD framework. Secondly, the deepest U-Net trained
solely on LGE data fully generalised to the VNE test set, achieving DSC values of
0.836 + 0.082 for LGE and 0.838 + 0.075 for VNE. Likewise, the deepest U-Net
trained only on VNE data, with 30% less data, also generalised well to the LGE test
set, showing DSC values of 0.791 4+ 0.119 for LGE and 0.824 £ 0.084 for VNE. These
results, consistent with the findings for the ensemble framework, support the similarity
between VNE and LGE images and validate the data augmentation approach as
yielding comparable performance to traditional methods.

Thirdly, the inclusion of GAN-generated data consistently improved performance
in all experiments for both the individual model and the QCD segmentation frame-
work. For example, the QCD framework trained exclusively on LGE data achieved a
mean DSC of 0.835 £ 0.082 for LGE and 0.838 + 0.080 for VNE test sets. In contrast,
the framework trained on both LGE and VNE data showed improved segmentation
accuracy, with mean DSC values of 0.845 + 0.075 for LGE and 0.845 + 0.071 for
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VNE. This highlights the benefits of incorporating VNE data into the training pro-
cess. The quality prediction capability also improved when training and testing were
conducted on both datasets. Overall, there were no significant differences observed

between the LGE and VNE test sets across the experiments.

4.4 Discussion

This Chapter demonstrated that the proposed framework, which integrates GAN-
generated VNE data and an automated quality control mechanism, significantly en-
hances the accuracy and reliability of LGE and VNE segmentation under most sce-
narios. The comparative analysis highlighted the benefits of incorporating VNE data,
which generally offers better image quality and consistency [25, 37], into the train-
ing process. This, in turn, improved the effectiveness of the ensemble framework in
segmentation tasks. The framework proved robust when applied to both LGE and
VNE data, establishing a reliable pipeline for automated segmentation in both the
established and emerging contrast-agent-free imaging modalities. This development
paves the way for faster and more accurate diagnoses of myocardial damage.

One of the persistent challenges in developing robust and reliable deep learn-
ing models for medical image segmentation, particularly in LGE segmentation, is
data scarcity or limited access. The high costs and ethical considerations involved
in acquiring, labelling, and sharing large-scale annotated datasets often lead to an
insufficient representation of diverse and rare pathological cases [71]. As a result,
models may underperform or fail to generalise well to unseen cases [14§], limiting
their clinical utility. The generation of VNE images [25, B7] provides a data aug-
mentation technique with more reliable image contrast, significantly improving over
previous methods using synthetic LGE images [169] [170], which were not clinically
validated and not specifically designed to display LGE lesion signals. Addressing data
scarcity by generating VNE images, as demonstrated in this study, can augment or
potentially replace existing LGE data, leading to more robust and reliable models
that can better manage the complexity of clinical cases, ultimately enhancing patient

care.
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The study emphasised the integration of an automated quality assurance frame-
work, developed using a traditional encoder-decoder U-Net architecture [89] with
varying depths. This quality control-driven strategy delivered reliable quality pre-
dictions, which are crucial for clinical decision-making. The regression-based quality
prediction approach allows for further exploitation of the diversity among different
candidate models, providing a deterministic way to assess the agreement between
candidates, which has proven more effective than emerging Monte Carlo-based qual-
ity assurance methods [107]. Future work may involve incorporating newer network
architectures and advanced pre-processing techniques to further increase diversity,
from existing LGE segmentation methods [I71] to spatial transformation-based pre-
processing [67, [172]. Future research will explore extending the dataset, evaluating
different candidate models, and assessing scar burden.

The clinical implications of the proposed QCD ensemble framework are significant,
introducing an automated quality control mechanism for the first time in automated
LGE segmentation, thereby improving both accuracy and reliability. The quality
control-driven strategy facilitates the identification and refinement of suboptimal seg-
mentations, enhancing the system’s efficiency and reliability, and supporting broader
adoption in clinical workflows. This improvement streamlines the diagnostic process,
reduces variability in contouring, and increases clinician confidence in automated seg-
mentation results. It potentially simplifies routine scar burden quantification, informs
better treatment decisions, and improves patient outcomes.

However, this work has some limitations. The primary focus has been on the fun-
damental task of myocardial delineation, without delving into the complexities of scar
tissue quantification [I73]. In particular, diffuse, less structured, and scattered lesions
require lower segmentation thresholds and are subject to numerous methodological
choices and biases in ground truth data [I74] 175]. While our model was evaluated
on a comprehensive international database, allowing for potential generalisation to
various conditions requiring LGEs, the findings were mainly concentrated on patients
with hypertrophic cardiomyopathy and MI, suggesting a need for future validation
across a broader range of pathologies. Lastly, the choice of a DSC threshold of 0.7 for

distinguishing between acceptable and unacceptable segmentations, although effec-
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tive in our prior work [106, 107, 157], may not encompass all geometric properties of
cardiac structures [148]. We anticipate that the proposed methods will generalise well
across various thresholds and applications, but further research is needed to explore

the available options for routine clinical use beyond the scope of this study.

4.5 Conclusion

This study introduces a novel method for automated LGE and VNE segmentation
that addresses the issues of limited training data and the absence of quality control
in clinical applications. By utilising GAN-generated VNE images and integrating
an automated quality control mechanism, we have demonstrated the potential for
enhanced segmentation performance and reliability. This framework can be effort-
lessly incorporated into clinical workflows, offering an efficient, quality-controlled,
and dependable tool for clinicians in the diagnosis and management of patients with
myocardial damage. The utilisation of motion-corrected T1 maps from Chapter
could further enhance the quality of VNE images derived from T1 maps and cines,
potentially increasing the accuracy of this segmentation method. Moreover, the de-
tailed landmark annotation described in Chapter |5 can enable its segmental analysis,

thus broadening the clinical utility of this approach.
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Chapter 5

Automated post-processing II:
landmark annotation for
standardised segmentation through
residual neural networks
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Chapters [2] 3, and [4 have progressively enhanced the clinical applicability of T1
mapping-based modalities, by correcting motion artefacts, introducing a new visual-
isation concept, and establishing robust automatic segmentation methods for virtual
native enhancement (VNE) images. This Chapter focuses on one further necessary
stage for a fully-automated T1 mapping image post-processing framework: the anno-
tation of anatomical landmarks, such as the anterior RV insertion point and the LV
centre point in ventricular short-axis images, which are critical for standardised AHA
segmentation of the LV myocardium [I76]. For this purpose, a residual neural net-
work framework is employed to accurately track these key landmarks across various
CMR modalities: across all T1 map-based data (native, rest, stress, and VNE), and
also applicable to LGE images in both magnitude phase-sensitive inversion recovery
(PSIR) formats. The methods developed in this Chapter illustrate the possibility for
integrating multiple CMR imaging modalities for a unified approach to comprehensive

CMR image analysis.
The work in this Chapter has been presented [177, [178] in:

177. Gonzales RA, Manrique AL, Burrage MK, Thomas KE, Altun I, Huang W-H,
Yun C-H, Zhang Q, Ferreira VM, Piechnik SK. Deep learning for automated
insertion point annotation of CMR T1 maps. In: 202/ IEEE 21st International
Symposium on Biomedical Imaging (ISBI). IEEE; 2024. ORA

178. Gonzales RA, Zhang Q, Burrage MK, Altun I, Heiberg E, Peters DC, Neu-

bauer S, Ferreira VM, Piechnik SK. Deep learning for automated insertion point

annotation of CMR late gadolinium enhancement and virtual native enhance-
ment images. In: SCMR 26th Annual Scientific Sessions. Society for Cardio-
vascular Magnetic Resonance; 2023. ORA
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5.1 Background

As discussed earlier in this thesis, CMR imaging has become a cornerstone in the
assessment and diagnosis of various cardiac conditions, offering detailed insights into
myocardial tissue characteristics and function [I79]. Among the various CMR tech-
niques, quantitative T1 mapping, LGE, and VNE can provide comprehensive my-
ocardial tissue characterisation. T1 mapping aids in characterising myocardial tissue
properties [19], LGE identifies and quantifies focal myocardial scar tissue [17], and
VNE offers a contrast-agent-free alternative that mimics LGE appearances using na-
tive signals from cines and T1 maps [25]. Accurate segmentation of the myocardium,
adhering to the AHA 16-segment model [I76], is essential for accurate assessment
of the spatial information in myocardial tissue characterisation, such as correspon-
dence to coronary artery territories in ischaemic heart disease, and spatial description
in non-ischaemic pathologies. However, this requires precise annotation of anatom-
ical landmarks such as the anterior RV insertion point and the LV centre point in
short-axis images, which are critical for segmental quantification.

Despite advancements in automated myocardial segmentation [65], annotating
the anterior RV insertion point and the LV centre point remains a challenging and
time-consuming task, typically taking approximately 20 seconds per sample [I80)].
When applied to large datasets, this cumulative time significantly increases the overall
workload. Manual annotation is not only time-consuming but also prone to inter-
and intra-observer variability [I81], leading to inconsistencies in segmental analysis.
Previous studies have attempted to address this issue using machine learning [182)
183] and deep learning [180, [184) [185 [186), [187] approaches, demonstrating promising
results in specific CMR modalities such as cines [182, [184], [185] [187], LGE images [180]
and specialised sequences [I80, [183]. However, these models were typically trained
and validated on modality-specific datasets, or without including SAMOLLI T1 maps
or VNE images, limiting their generalisability and utility in clinical practice, where
multiple CMR modalities are often used in combination, or where these methods are
used, for a comprehensive cardiac assessment.

In this Chapter, we aim to overcome these limitations by developing a single,

robust residual neural framework that can accurately regress the Cartesian coordi-
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nates of the anterior RV insertion point and the LV centre point across various CMR
modalities (rather than just a single modality), including T1 maps (rest, stress, and
post-contrast), LGE (magnitude and PSIR), and VNE. By leveraging a diverse, mul-
timodal dataset for training, we hypothesised that a generalist model can achieve
superior performance compared to modality-specific models, providing a unified so-
lution for automated myocardial segmentation. This approach not only enhances
the accuracy and consistency of segmental quantification but can also streamline the
workflow in clinical and research settings, facilitating the broader adoption of ad-

vanced CMR techniques.

5.2 Methods

5.2.1 Imaging data

The imaging dataset (Table consisted of 16,160 short-axis CMR images ob-
tained from 1,299 human participants, sourced from the Hypertrophic Cardiomyopa-
thy Registry (HCMR) [159], Oxford Centre for Clinical Magnetic Resonance Research
(OCMR) [34], and Mackay Memorial Hospital (MMH), all using Siemens magnetic
resonance scanners. The modalities used in this study were ShMOLLI native and
post-contrast T1 maps [76], LGE images in both magnitude and PSIR formats, and
VNE images [25]. The native T1 maps were acquired at rest (5,159 T1 maps from
1,291 human participants) and stress (1,592 T1 maps from 186 human participants).
Each scan included up to three short-axis slices, and the images were manually an-
notated by four trained observers to identify the LV centre point and the anterior
RV insertion point, using MC-ROI (dedicated inhouse software developed by SKP in
Interactive Data Language v6.1, Exelis Visual Information Solutions, Boulder, Col-
orado, USA). The dataset comprised 43 healthy human volunteers and 1,256 human
patients with conditions including HCM (n=1,111), CAD (n=94), end-stage renal
disease (n=33), breast cancer (n=14), and aortic stenosis (n=4). The median (IQR:
interquartile range) interpolated spatial resolution for each modality was 0.94 (0.94-
1.04) mm for native T1 maps, 0.9 (0.94-0.94) mm for post-contrast T1 maps, 1.41
(1.37-1.46) mm for LGE magnitude and PSIR images, and 0.94 (0.94-1.04) mm for
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Table 5.1: Composition of the data used in this Chapter

Modality HCMR OCMR MMH Training Test

Tlhative 1,104 (3,076) 155 (3,163) 33 (512) 1,035 (5,201) 257 (1,550)
T1p0st - 20 (464) 9 (378) 26 (762) 3 (80)

LGEp.g 987 (2,621) - - 778 (1,975) 209 (646)
LGEpsir 999 (2,741) - - 790 (2,095) 209 (646)
VNE 1,107 (3,205) - - 898 (2,559) 209 (646)
All 1,111 (11,643) 155 (3,627) 33 (890) 1,042 (12,592) 257 (3,568)

Count represents the number of human participants (number of images).

VNE images. The field of view for the VNE data was notably smaller than the other
modalities, as the images were generated with a fixed, centre-cropped view of the
heart in line with previously published work [25]. The dataset was randomly divided
into training and testing sets, with approximately 80% of each modality allocated for
training and the remaining 20% for testing, avoiding data leakage. In total, 1,042
subjects (12,592 images) were used for training, and separate 257 subjects (3,568

images) were reserved for testing.

5.2.2 Data preprocessing

The entire field of view was retained for all images (Figure ) The pixel spacing for
each image was interpolated to a uniform 1 mm to standardise spatial resolution. To
ensure consistent input dimensions, all images were zero-padded, and centre-cropped
if needed, to a fixed size of 384 x 384 pixels. Each image underwent standardisation
based on mean and standard deviation of the non-zero pixel intensities to enhance
training stability [93]. Additionally, the anterior RV insertion point annotation was
automatically refined to align with the intersection between the RV entry line—formed
by the line connecting the LV centre point and the anterior RV insertion point—and
the LV epicardial contour. For ease of training and to improve gradient flow during
the learning process, the coordinates of all annotations were normalised to a 0-1 range,

dividing each Cartesian coordinate by the image length [188].
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(a) Input raw image (b) Pre-processing (c) Coarse annotation

ResNet50-v2

384 x 384

---’---’

ResNet50-v2

384 x 384

288 x 364

(d) Spatial standardisation (e) Precise annotation (f) Output annotated image

Figure 5.1: Dual-stage tracking framework for automated annotation of the anterior
right ventricular insertion point and left ventricular centre point. The process begins
with (a) the input of the raw image, followed by (b) pre-processing where the image
is zero-padded to standard dimensions (384 x 384 pixels) and the pixel spacing is
adjusted to 1 mm. (c) In Stage 1, a coarse annotation (in yellow) is generated. (d)
The image is then spatially standardised, rotating and cropping it to 128 x 128 pixels,
ensuring the RV entry line is oriented horizontally towards 9 o’clock. (e) In Stage
2, the model refines the annotation (in red), producing a precise output that is then
(f) mapped back onto the original image dimensions. Image brightness and contrast
were increased by 40% and 20%, respectively, for visualisation purposes.

5.2.3 Deep learning framework

The deep learning framework employs a dual-stage residual neural network approach
[47], using ResNet-50 models [I89] in both stages for precise landmark annotation
(Figure 5.1). In Stage 1, a ResNet-50v2 model [190], pre-trained on ImageNet [191]
and fine-tuned on the CMR dataset, is re-trained on pre-processed images (Figure
5.1p) to predict the Cartesian coordinates of the anterior RV insertion point and the
LV centre point. This stage provides a coarse annotation that serves as the initial
localisation of these landmarks (Figure [.1¢). The output coordinates are then used
in Stage 2, where images undergo spatial standardisation: they are rotated so that

the RV entry line is flattened with the RV anterior point on the left and the LV centre
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point on the right, with the RV positioned in the lower left part of the LV. The image
is then cropped around the midpoint between these points to a size of 128 x 128
pixels (Figure [5.1d). The second ResNet-50v2 model, trained on these standardised
images, refines the prediction with higher accuracy (Figure —f). This two-stage
approach has been previously proposed to progressively enhances the model’s ability
to accurately annotate landmarks by leveraging both the initial coarse localisation

and subsequent image standardisation [47].

5.2.4 Model training

Model training was initiated using transfer learning from ImageNet [I91], where the
pre-trained weights were employed for initialisation, but the layers were not kept
frozen during training. To enhance the model’s generalisation capability, extensive
data augmentation techniques were applied [192]. These augmentations included
random rotations, scaling, Gaussian noise addition, Gaussian blur, brightness adjust-
ment, contrast adjustment, simulation of low resolution, gamma augmentation, and,
only for the first stage, random horizontal and vertical flipping of the images. The
training process employed mean squared error as the loss function and the Adam opti-
miser [94], with a learning rate of 0.0001 for optimal convergence. Training continued
for up to 1,000 epochs, with early stopping implemented when no further improve-
ment was observed between training and validation loss. To monitor the model’s
performance throughout the training process, 10% of the training data was inter-
nally allocated for validation purposes. Further technical specifications are detailed
in Appendix [A.4 The entire training pipeline was executed within the TensorFlow
framework [95], with an NVIDIA GeForce RTX 3090 GPU.

5.2.5 Specialist model evaluation

The specialist models were trained on the specified individual CMR modalities, in-
cluding native T1 maps, post-contrast T1 maps, LGE magnitude images, LGE PSIR
images, and VNE images (Table 5.1)). The models were then tested on both the same
modality they were trained on and all other modalities to assess statistically their

generalisation capabilities. Performance was evaluated using two primary metrics:

68



FEuclidean distance, measured as the distance between the predicted and actual co-
ordinates of the LV centre and anterior RV insertion points, and angular distance,
calculated by comparing the angle formed by the predicted RV entry line to the actual
RV entry line. The overall generalisation error rate (GER) was expressed as the me-
dian (IQR) of the ratios of the specialist model’s errors deployed to other modalities

(out-of-distribution error) over its error on the same modality (in-distribution error).

5.2.6 Generalist model evaluation

The generalist model was trained on the whole dataset that consisted of all CMR
modalities for specialist models mixed together (Table [5.1). It was tested both on
individual modalities and the entire dataset to statistically evaluate its ability to
generalise across different CMR modalities. The same performance metrics used for
the specialist models—Euclidean distance and angular distance—were applied to the
generalist model. The GER was expressed as the median (IQR) of the ratios of the
generalist model’s errors deployed to each modality over its error when individually
deployed to all the modalities. The improvement from the specialist models was
expressed as the median (IQR) of the ratios of the specialist models’ in-distribution

errors over the generalist model error deployed to all modalities.

5.2.7 Human observer variability analysis

To provide a benchmark for the model performance we used preexisting data from
training of 11 human observers manually annotating a separate set of 42 native T1
maps and up to five sessions each [I61]. Annotations from the first session were
excluded from the analysis. Inter-observer variability was assessed by comparing
the average annotations of each observer against the averages of the others, while
intra-observer variability, available for 7 observers, was calculated by comparing the
annotations (Cartesian coordinates of both points) made by the same observer across
the repeated sessions. The specialist native T1 and generalist 2-stage models, trained
with data augmentation, were deployed on the same 42 native T1 maps and com-
pared against the average annotations of the available observers. The variability was

evaluated using the same metrics as the main analysis.
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5.2.8 Statistical analysis

Model performance was compared across three configurations: (1) a baseline con-
figuration with no data augmentation, (2) a configuration with data augmentation,
and (3) a two-stage configuration with data augmentation. These configurations were
used for both specialist and generalist models to evaluate improvements in accuracy
and generalisation. Non-parametric descriptors were used as the metrics’ distribution
did not pass the Shapiro-Wilk test. For statistical comparisons involving paired (for
model evaluation) and non-paired data (for human variability analysis), the Wilcoxon
and Mann-Whitney U Test tests were conducted to assess statistical significance, re-

spectively. A p-value threshold of <0.05 was set for statistical significance.

5.3 Results

5.3.1 Specialist model performance

In the baseline configuration (Table [5.2h), the specialist models showed modest per-
formance on their respective modalities and substantially worsened when applied
to other modalities. The overall GER in this configuration was 2.4 (1.7-3.0), i.e.,
the out-of-distribution errors were typically 2.4 times significantly higher than the
in-distribution errors (all p<0.001). For instance, the VNE specialist model had a
median Euclidean distance error of 7.1 (4.6-10.9) mm on its own data, but this error
significantly increased when tested on other modalities (all p<0.001), with a GER
of 2.9 (2.8-3.0), due to the inherent image variability. This is particularly noticeable
for the combinations with VNE data where there were substantial differences in the
fields of view.

Performance improved as more advanced configurations were applied. With data
augmentation (Table[5.2b), the VNE model’s error dropped from 7.1 to 3.4 (2.1-4.8)
mm on its own data, though cross-modality performance remained suboptimal, with
a GER of 6.4 (5.9-7.1). Overall, compared to the baseline configuration, every spe-
cialist model significantly improved 1.9 (1.5-2.1) times (all p<0.001), but the overall
GER was 3.4 (2.3-6.2). The best performance was observed in the final configuration,
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with two stages and data augmentation (Table ) In this configuration, special-
ist models showed an improvement on their own data and across modalities: every
specialist model significantly improved 2.6 (1.5-2.8) times compared to the baseline
configuration (all p<0.001), and the overall GER was 2.6 (1.4-3.6).

The same evaluation in angular distance exhibited similar trends but at a lower
magnitude (Table . Every specialist model yielded a better performance within in-
distribution data compared to its out-of-distribution data testing. The GERs were 1.8
(1.6-2.6), 2.0 (1.2-4.3), and 2.0 (1.3-4.4) for the first, second and third configurations,
respectively. The improvements from the baseline configuration were 1.1 (1.0-1.2)
and 1.1 (1.0-1.1) for the second and third configurations, respectively. All these
improvements were significant (all p<0.05), except for the specialist native and post-

contrast T1 models with no significant difference in both configurations (all p~0.2).

5.3.2 Generalist model performance

The generalist model performed significantly better than almost all specialist models,
across all configurations in both Euclidean and angular distance. For the Fuclidean
distance error assessment, in the first configuration (Table[5.2h), the generalist model
significantly improved the specialist models’ in-distribution errors 2.19 (1.45-2.28)
times (all p<0.001). In the advanced configurations, this improvement was also sig-
nificant but marginal with a rate of 1.04 (1.04-1.34) for the second configuration
(Table [5.2b, all p<0.01) and 1.03 (1.01-1.04) for the third configuration (Table [5.2,
all p<0.05, except VNE with p=0.11). In both configurations, the specialist native
T1 models were significantly better than the generalist models (both p<0.001).

For the angular distance error assessment, almost all improvements were signifi-
cant. Specifically, these improvements were 1.15 (1.02-1.27) for the first configuration
(Table [p.3p, all p<0.05), 1.03 (1.03-1.09) for the second configuration (Table [5.3p,
all p<0.05, except for LGE PSIR and VNE with p=0.09 and p=0.23); and 1.08
(1.04-1.16) for the third configuration (Table [5.3¢, all p<0.05, except for LGE PSIR
with p=0.08). The specialist models that were significantly better (p<0.05) than
the generalist models were the ones trained on post-contrast T1 maps in the first

configuration, and on native T1 maps in the second and third configurations.
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Table 5.2: Model performance in tracking the right ventricular entry line across short-
axis CMR modalities and configurations, measured in median (IQR) Euclidean dis-
tance (mm) against manually annotated landmarks

(a) Performance with 1 stage and without data augmentation

Test

Tlpative Tlpost LGEmag LGEpsir  VNE All GER

12.3 13.7 9.5

Tlnative (7.3-19.7)  (8.3-21.4)  (4.2-16.0)

T]-post

9.5 7.5 8.9 .
(5.4-15.4)  (4.7-11.4)  (4.7-15.6) (2.0-3.2)

9.5 7.4 11.2 10.7
(5.7-14.5)  (4.5-11.6)  (8.2-14.9)  (6.5-16.5)

LGEmag (6.4-19.9)

2.9
(2.8-3.0)

1.09F
(1.03-1.10)

VNE

All

(b) Performance with 1 stage and data augmentation

Tlhative Tlpost LGEmae LGEpsir VNE All

T ]-native

(¢) Performance with 2 stages and data augmentation

T1lhative Tlpost LGEmag LGEpsir VNE All

T ]—native

12.2 9.0 8.3
(6.3-21.7)  (4.8-16.3)  (4.9-14.9)

9.3
(5.5-28.1)
12.3
(8.2-16.8)

1.07f
(0.88-1.16)

Colours represent a gradient of error magnitude from green (<2 mm) through yellow (11 mm) to
red (>20 mm). Bold values indicate the lowest median error for each test modality (column), or
generalisation error rate (GER), per configuration. Values marked with * represent the overall lowest
error in each column across all configurations, while T indicates statistical similarity to the * value
(Wilcoxon test).
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Table 5.3: Model performance in tracking the right ventricular entry line across short-
axis CMR modalities and configurations, measured in median (IQR) angular distance
(°) against manually annotated landmarks

(a) Performance with 1 stage and without data augmentation

T1lhative Tlpost LGEmag LGEpsir VNE All GER

T1o... 14.6 13.7 10.3 11.0 8.6 2.0
native (8.8-18.6)  (6.6-22.4)  (4.9-18.1)  (5.3-17.9)  (3.8-15.9) (1.8-2.3)

T1 15.6 145 15.6 1.9
post (6.9-25.5)  (7.1-27.7) (1.8-2.1)

10.8 2.0

LGEmag (4.6-22.3) (1.0-3.9)
94 14
LGEpsir (4.3-17.8) (1.0-3.1)
9.0 11.0 11.4
VNE (4.2-15.0)  (4.6-20.1) (5.1-21.6)

(b) Performance with 1 stage and data augmentation

T1nhative T1post LGEna.e LGEpsir VNE All GER

T1ons: 12.3 11.3 9.0 2.1
native (4.8-23.2) (4.9-19.6) (3.8-19.0) (1.8-2.7)
T1 11.8 11.0 13.1 12.7 16.1 12.7 1.2
post (5.2-21.3)  (7.3-15.7)  (6.3-23.3)  (5.9-21.8) = (7.8-28.7)  (6.0-22.9) (1.1-1.3)
12.0 13.8 3.1
LGEmag (5.7-21.6)  (6.0-29.3) (1.8-4.6)
13.5 8.6 1.7
LGEpsir (6.6-23.7) (3.9-16.8) (1.1-3.0)
8.8 10.4 14.7
VNE (4.2-15.5)  (4.2-19.2) (5.6-38.5)

(¢) Performance with 2 stages and data augmentation

T1lhative Tlpost LGEmag LGEpsir VNE All GER

— 11.4 11.4 9.0 2.0
native (5.0-21.5)  (5.0-19.5) (3.7-19.0) (1.8-2.6)
T1 10.1 10.2 14.4 12.0 12.6 11.6 1.2
post (48-17.9)  (7.7-16.1)  (6.9-25.5)  (5.6-20.9)  (5.8-22.4)  (5.4-20.9) (1.1-1.3)
14.0 14.9 3.5
LGEmag (6.5-22.3)  (6.3-30.4) (2.0-5.4)
10.7 9.7 2.2

LGEpsir 13.8

(6.8-24.0) (4.5-22.5)  (4.2-19.3) (1.7-3.1)
10.8 11.0 14.9 3.6
VNE (4.9-18.3)  (5.0-20.1) (6.1-34.1) 9-5.

Colours represent a gradient of error magnitude from green (<5°) through yellow (7.5°) to red (>20°).
Bold values indicate the lowest median error for each test modality (column), or generalisation error
rate (GER), per configuration. Values marked with * represent the overall lowest error in each
column across all configurations, while T indicates statistical similarity to the * value (Wilcoxon
test).
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When escalating to the second and third configurations, the performance was over-
all improved. In the Euclidean distance error assessment, the best performing models
from the third configuration (Table 5.2k, marked with *) were significantly better
than their counterparts (all p<0.001), except for the specialist native T1 model and
the generalist model, tested on LGE magnitude and PSIR data, from the second con-
figuration (Table[5.2b, marked with ) that had no significant difference (all p>0.05).
For the angular distance error assessment, the best performing models from the third
configuration (Table [5.3c, marked with * and ') had no significant difference with
their counterparts in the other configurations (all p>0.1), except with the specialist
post-contrast T1 model that had significantly higher error (p<0.001). The GERs,
for both assessments, were near 1.0, indicating that the generalist model maintained
strong performance across all modalities without performance loss when compared to

any single one.

5.3.3 Human observer variability analysis

The observer variability analysis (Table [5.4) revealed distinct differences between
intra-observer and inter-observer variability, as well as when these were compared
to the native T1 specialist and generalist models’ performance on native T1 maps.
For Euclidean distance, inter-observer variability was 33% higher than intra-observer
variability (p<0.001). The variability of both specialist and generalist models were
32% and 34% significantly higher than the human inter-observer variability (both
p<0.001), respectively. In terms of angular distance, inter-observer variability was
31% significantly higher than intra-observer variability (p<0.001). The inter-observer
variability was numerically higher, but without significant difference, than the special-
ist (p=0.74) and the generalist (p=0.35) model. There were no significant differences
between the specialist and generalist models in both Euclidean (p=0.50) and angu-
lar (p=0.60) distances. The IQRs of the generalist model were lower than specialist
model’s. At batch-processing inference with GPU, each sample took approximately

60 ms for the model with 1 stage and 165 ms for the model with 2 stages.
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Table 5.4: Intra- and inter-observer human variability compared against the specialist
native T1 and generalist 2-stage models with data augmentation tested on a separate
set of 42 native T1 maps

Error metric Intra-observer Inter-observer Specialist Generalist
variability variability T1,.¢ve model model
(n=825) (n=1,838) (n=414) (n=414)
Euclidean 0.9 1.3 1.7 1.7
Angular 3.7 4.9 4.8 4.8
distance (°) (1.7-7.2) (2.4-9.3) (2.4-9.2) (2.1-8.4)

Error reported in median (IQR). Count (n) represents the number of evaluations of
available samples and sessions from all the 11 observers.

5.4 Discussion

The results of this study demonstrate that the generalist model performed well (Figure
and significantly outperformed the specialist models across nearly all configura-
tions and modalities, highlighting the value of a unified approach in automated CMR
image analysis. The generalist model regularly achieved lower median errors in both
Euclidean and angular distances compared to the specialist models, regardless of the
modality on which it was tested. This suggests that training on a larger, diverse, and
multi-modal datasets enables the model to generalise more effectively across differ-
ent CMR modalities, reducing the necessity for individually trained modality-specific
models. The addition of data augmentation and the two-stage processing approach
usually aided further refinements, particularly in reducing the Euclidean distance er-
ror, although these enhancements were secondary to the broader advantage conferred
by the generalist model. These findings support the potential for a generalised ap-
proach to improve the efficiency and accuracy of automated myocardial segmentation
in diverse clinical contexts.

The specialist models, while effective within their respective modalities, showed
limitations in generalisation when tested on different modalities. This generalisation
gap underscores the overfitting risks that arise when models are trained in narrow
domains. This finding also highlights the inherent trade-offs in developing models

tailored to specific imaging types, where their specialised focus restricts their appli-
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Figure 5.2: Representative examples of manual (green) and predicted (red) right ven-
tricular entry lines in the test imaging data, by the final generalist model. CMR im-
ages from 6 different human subjects are displayed with their paired native T1 maps,
late gadolinium enhancement (LGE) magnitude and phase-sensitive inversion recov-
ery (PSIR) images, and virtual native enhancement (VNE) images, ranging from basal
to apical slices. For the post-contrast T1 maps, given these do not have paired LGE
or VNE data, 2 mid-ventricular samples for each of the 3 human subjects from the
test set are consecutively displayed. Each sample was automatically centre-cropped
to 128 mm x 128 mm for visualisation purposes.

cability in more diverse clinical scenarios. The increase in error (GER) when these
models were tested outside their trained modality highlights the risks of overfitting
and the potential inefficiencies in requiring multiple models to handle different CMR
modalities. The generalist model’s superior performance across all tested modalities
thus represents a more versatile and scalable solution for comprehensive cardiac as-

sessments, especially in cases where the is little training data [107]. The generalist
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approach is better or not much worse than any specialist in all tested scenarios, which
potentially simplifies the deployment of automated systems in clinical settings by re-
ducing the computational and operational burden associated with deploying multiple
specialist models one at a time to any specific sequence separately.

This potential of generalist models arises from their adaptability, making them
particularly suited for handling the diverse and multimodal nature of clinical imaging.
Although this study focuses on the single task of regressing coordinates, the generalist
model concept is rooted in leveraging diverse data, enabling the model to perform the
same task across different modalities. This aligns with the broader trend in current
research toward developing foundation models in the medical field [193], which aim
to handle multiple tasks across various modalities using a top-down approach. While
foundation models theoretically promise superior performance [194], they currently
face challenges, particularly in achieving the same level of accuracy as single-task,
single-modality models in specific medical applications [195]. The approach in this
study represents a bottom-up effort, demonstrating that a less specific, more general
model can achieve performance comparable to or even exceeding that of specialist
models. This work exemplifies that to build accountable foundation models, the
development process should begin with specific tasks and gradually expand to general
tasks, ensuring that performance in each task and modality matches or surpasses
that of specialist models and ideally reaches expert-level accuracy. For context, the
Segment Anything Model [196], a foundation model trained on an extensive dataset
of photographs, performs well in tasks that do not demand extremely high accuracy,
such as object identification in self-driving cars. However, its performance declines
significantly when applied to medical images [197]. Conversely, TotalSegmentator
[198], a generalist model tailored for segmentation using CT datasets, shows much
better performance in that domain, although it still may not match the accuracy
of state-of-the-art specialist models [199]. The development of generalist models is
ongoing, and future advancements are likely to bring even more impressive results
especially if the training and deployment reliability are as rigorously documented as

outlined in this work.
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When comparing the performance of the trained models to that of human ob-
servers, the model exhibited numerically higher errors in Euclidean distance and no
significant difference in angular distance. This suggests that the generalist model per-
forms at a level comparable to trained human observers, at least in one T1 mapping
modality. These errors, approximately equivalent to a single pixel’s resolution in the
CMR images, remain within an acceptable range for clinical application and highly
practical for the automated component. The model’s ability to produce consistent
and reliable annotations across various modalities is a notable achievement given the

inherent variability in manual annotations.

5.5 Conclusion

This work underscores the effectiveness of generalist deep learning models in enhanc-
ing the precision and efficiency of anatomical landmark annotation within the CMR
imaging modalities tested, serving as the capstone in the fully automated T1 mapping
image post-processing framework described in this thesis. It was found that augmen-
tation and two stage processing improve the accuracy substantially. By leveraging
a dual-stage ResNetb0v2 framework and applying extensive data augmentation, the
generalist approach demonstrated superior accuracy over nearly all modality-specific
models, save only for T1 mapping. The generalist approach showed most prominent
benefits in modalities with lower training dataset sizes. Such integration of land-
mark annotation is pivotal for streamlining standardised myocardial segmentation,
following the AHA guidelines. This holistic method not only meets clinical needs
by significantly reducing the variability and time involved in manual annotation but
also paves the way for future advancements in automated CMR analysis, aiming to
standardise and refine diagnostic processes across varied imaging settings directly

building upon the enhancements introduced in earlier Chapters, [2] [3] and
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Chapter 6

Summary and future work
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6.1 Summary

CMR stands as an imaging gold standard to assess cardiac structure and function,
additionally offering unparalleled insights into myocardial tissue characteristics, such
as inflammation, infiltration and fibrosis. Among the various CMR techniques, T1
mapping has gained prominence due to its ability to provide quantitative assess-
ments of myocardial tissue properties beyond what LGE can offer, enabling precise
diagnosis and management of a wide array of cardiac conditions. However, despite
its potential, the implementation of T1 mapping in routine clinical practice is ham-
pered by several challenges. These include the susceptibility of T1 maps to motion
artefacts, which can severely degrade image quality, the limited tools available for
visualising T1-maps for immediate diagnostics (including stress-induced myocardial
changes), the need for consistent and accurate segmentation of the LV myocardium
across different modalities, and the lack of reliable, automated methods for annotat-
ing key anatomical landmarks essential for segmental analysis. In response to these
challenges, this thesis sets forth four primary goals targeting selected aspects of CMR
T1 mapping to enhance its clinical applicability, which may have generalisability for
machine-learning-based automated imaging analysis for other similar cardiac imaging,
and beyond.

The first goal (Chapter [2)) addressed the pervasive issue of motion artefacts in
pixel-wise T'1 mapping, which can lead to significant inaccuracies in the quantification
of myocardial properties. To mitigate this, the thesis proposed a CNN-based method
for motion correction, specifically designed to correct such artefacts in a selected
T1 mapping sequence. The CNN architecture was tailored to handle the unique
challenges of CMR images, including the variability in image quality and the presence
of subtle artefacts that may not be easily identifiable through traditional correction
methods. The proposed method was rigorously evaluated and demonstrated superior
performance to pre-existing motion correction technique.

The second goal (Chapter |3) introduced an advanced visualisation technique for
assessing myocardial stress responses in rest and stress T1-maps, which are relevant
in diagnosing conditions such as ischaemia, microvascular dysfunction and other con-

ditions associated with depletion of coronary vasodilatory reserve. The traditional
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approach to evaluating myocardial stress involves dual manual segmentations of im-
ages acquired at rest and during stress - an approach that can be subjective and
prone to variability. To overcome these limitations, vision transformers were used
to generate stress T1 reactivity maps, a novel form of visualisation that provides a
pixel-wise representation of stress-induced changes in myocardial tissue properties -
the delta T1 (dT1) map. This method allows for a more detailed and quantitative as-
sessment of myocardial changes during stress compared to rest, enabling clinicians to
identify subtle changes that may be indicative of underlying pathology. The resultant
stress T'1 reactivity maps were validated through extensive testing, showing a high
level of consistency and reliability across different pharmacological stress conditions
in different magnetic resonance scanners.

The third goal (Chapter [4]) tackled the challenge of automating the segmentation
of the LV myocardium in short-axis CMR images, with a particular focus on the
T1 mapping-based virtual native enhancement (VNE) images, but also applicable to
LGE images. LV segmentation is a critical step in the analysis of CMR images, as it
delineates the boundaries of myocardial tissues, allowing for accurate quantification of
tissue characteristics. However, manual segmentation is time-consuming and subject
to inter-observer variability. To address this, a quality control-driven deep ensemble
method was deployed that combines the outputs of multiple CNN models to produce
robust and accurate LV myocardium segmentations. The ensemble approach leverages
the strengths of different models, while the integrated quality control mechanism au-
tomatically identifies and flags potentially erroneous segmentations for review. This
method was extensively validated on large, diverse CMR datasets, demonstrating sig-
nificant improvements in time and segmentation accuracy and consistency compared
to traditional methods. By automating the segmentation process, this work paves
the way to reducing the burden on clinicians while improving the reproducibility of
CMR analyses.

The fourth goal (Chapter [5)) focused on the development of a generalist deep learn-
ing model for the automated annotation of key anatomical landmarks, specifically the
anterior RV insertion point and the LV centre point for LV segmental analysis. These

landmarks are crucial for standardised LV segmental analysis according to the AHA-
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16 segment model, which are widely used in clinical practice for assigning coronary
artery territory and providing spatial information in myocardial abnormalities de-
tected in CMR images. The proposed best solution employs a dual-stage residual
neural network framework, with the first stage providing a coarse localisation of the
landmarks, and the second stage refining these predictions through spatial standard-
isation. With additional data augmentation, a single generalist two-stage model was
shown to be sufficient to ensure high precision in landmark annotation across a wide
selection of CMR modalities, including native and post-contrast T1 maps, LGE, and
VNE images. The implementation of this model moves the field closer to standardised

myocardial segmentation.

6.2 Future directions

The advancements presented in this thesis have laid a strong foundation in machine-
learning-based methods for automated image analysis for CMR T1 mapping, improv-
ing their accuracy, reliability, and potential clinical applicability. This opens several
avenues for further exploration and development in this dynamically evolving field.
The following future directions outline potential enhancements and expansions of the
methods introduced herein, aiming to address current limitations and to push the

boundaries of what is achievable in the domain of cardiac imaging.

1. The motion correction method developed in Chapter [2|effectively addresses intra-
acquisition artefacts in T1 mapping. However, expanding this technique to han-
dle both intra- and inter-acquisition motion at the inversion recovery-weighted
(IRW) image level could potentially further enhance its image quality. By adapt-
ing the model to correct motion not only within individual T1 maps but also
across different acquisitions, a unified framework could be established to sup-
press motion artefacts more comprehensively. Incorporating the framework from
Chapter [3, where a T1 IRW image with the highest contrast serves as a fixed
reference, this may enable the alignment of all T1 IRW images, whether from
the same or different acquisitions, or perhaps from even different sequences if

generalised properly (Chapter . This approach could result in motion-free T1
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maps, ready for further quantitative analysis, such as assessing stress response
using stress T'1 maps, calculating the extracellular volume with post-contrast T1

maps and even inter-modality image co-registration.

. The introduction of the dT1 map concept (Chapter |3)) opens new opportunities
for visualising changes in T1 maps, beyond using just the numerical segmental
T1 values. Future studies should investigate whether the dT1 map itself, as
a visual diagnostic tool, offers additional clinical value. This map could be
particularly useful for studying the stress response along the subendocardial
and subepicardial myocardium, leveraging the pixel-wise spatial resolution of
the technique. The improved processing and visualisation move the field towards
further studies needed to validate the added utility of dT1 mapping in clinical

practice.

. The quality control-driven (QCD) ensemble framework developed for automated
segmentation in Chapter {4| could be further refined by incorporating diverse
architectures, such as CNNs, transformers (Chapter [3)), or hybrid and inter-
modality models (Chapter [5). These enhancements may improve the robustness
and accuracy of the LV segmentation process. Additionally, the framework could
be adapted to directly segment specific pathological features, such as myocar-
dial scar tissue and microvascular obstruction. The QCD concept may also be
extended to federated learning environments, where data privacy concerns limit
the sharing of imaging data between centres. In this scenario, individual models
could be trained at each corresponding centre, and only the trained segmenta-
tion models and their associated metrics (such as Dice similarity coefficients)
would be shared. This approach might allow for collaborative model develop-
ment, without compromising data protection and information governance, while
still enabling the exchange of valuable information for training regression mod-
els that predict segmentation confidence and exploit the learning from different

centres.
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4. The RV entry line annotation, introduced in Chapter [5 has several potentially
wider applications in CMR imaging. Many deep learning methods for CMR
begin by cropping the image to focus on the region of interest, rather than pro-
cessing the entire field of view. The proposed technique can potentially be used
to robustly identify the centre of the LV, facilitating more precise cropping and
standardisation. This capability may enhance a variety of computer vision tasks,
including segmentation, registration, and image generation. Future research
should explore the generalisability of the trained generalist model, applying it to
other CMR imaging modalities, such as T2 mapping, cine sequences, and perfu-
sion maps. Further work is needed to explore generalised model applications in
pre-processing (e.g., motion correction) and post-processing (segmentation and

quantification) trained on vast datasets, including mixed sequences.

5. An important future direction is the integration of these AI methods (Figure
directly into MRI scanner software. By incorporating the motion correction algo-
rithm from Chapter [2] the stress T1 reactivity mapping technique from Chapter
Bl the QCD ensemble segmentation framework from Chapter [} the automated
landmark annotation model from Chapter [5 as well as our group’s automated
myocardial segmentation of T1 maps [106] and generation of VNE images us-
ing T1 maps and cines [25] [37] directly into the scanner’s processing pipeline,
clinicians could receive immediate image correction and quality-benchmarked
analysis results during scanning sessions. This comprehensive integration would
streamline the imaging workflow, providing rapid access to high-quality images
and quantitative data, potentially enhancing diagnostic efficiency and patient
care. Future work should focus on adapting these algorithms for compatibil-
ity with scanner hardware and software, and conducting clinical evaluations to

assess their impact on routine practice.
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6.3 Conclusion

This thesis presents a cohesive framework for enhancing CMR T1 mapping process-
ing through a series of deep learning innovations, each addressing selected limitations
in current clinical and research practices. By developing novel methods for motion
correction, artefacts that compromise image quality can be mitigated, ensuring that
T1 maps used for diagnosis are accurate and reliable. The introduction of stress T1
reactivity maps provides a precise tool for visualising myocardial stress responses,
refining diagnostic capabilities. The QCD deep ensemble method for automated seg-
mentation and the generalist deep learning model for landmark annotation contribute
towards accountable segmentation accuracy and consistency improvements across var-
ious modalities. Together, these advancements pave the way for broader adoption of
standardised, automated methods in clinical workflows, potentially enabling more
accurate diagnoses and better patient outcomes. Future efforts should focus on in-
tegrating these techniques into a unified pathway that can be implemented directly
onto clinical scanner systems, streamlining image processing and analysis for efficient

diagnostic workflows in routine practice.
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Appendix A

Technical implementation detalils

The appendix provides detailed methodological information supporting the compu-
tational advancements presented in this thesis. Each section corresponds to a results
chapter (Chapters , , , and , focusing on the technical aspects of the developed
frameworks to ensure reproducibility. These descriptions offer an in-depth view of the
deep learning architectures and training configurations. The goal is to bridge the gap
between high-level descriptions in the main text and the technical details required for

implementation.
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A.1 Goal 1: image quality

This section outlines the technical implementation of the convolutional neural network-
based framework developed for motion correction in T1 maps (Chapter . The
methodology addresses the challenge of motion artefacts that degrade the quality
of myocardial tissue characterisation. By co-registering inversion recovery-weighted
(IRW) images within T'1 mapping sequences, the proposed framework enhances the

precision of reconstructed T1 maps.

Neural network architecture

Input and Output Specifications

e Input: A stack of 7 IRW images with spatial dimensions of 384 x 384. The
input shape is defined as (384, 384, 7).

e Output: The network outputs inverse displacement vector fields (DVFs) for
motion correction, with shape (384, 384, 14). The 14 channels represent the x

and y displacement components for each of the 7 IRW images.

Core architecture

The network employs a multi-scale encoder-decoder architecture with skip connec-
tions and intermediate warping layers for motion refinement. This design ensures

coarse-to-fine registration, progressively correcting motion artifacts at multiple scales.

Encoder The encoder path extracts hierarchical features from the input image
stack by progressively reducing spatial resolution while increasing feature depth. Each
encoder block consists of three convolutional layers (kernel size 3 x 3, stride 1, same
padding), followed by batch normalisation to stabilise training, Leaky ReLU activa-

tion with a negative slope of 0.1, and a max pooling layer for downsampling.

e Block 1: Initial input shape: (384, 384, 7). 16 convolutional filters. Max
pooling with 2 x 2 kernel and stride 2. Output shape: (192, 192, 16).

e Block 2: Encoder input shape: (192, 192, 16). 32 convolutional filters. Max
pooling with 3 x 3 kernel and stride 3. Output shape: (64, 64, 32).

e Block 3: Encoder input shape: (64, 64, 32). 64 convolutional filters. Max
pooling with 4 x 4 kernel and stride 4/3. Output shape: (48, 48, 64).

e Block 4: Encoder input shape: (48, 48, 64). 128 convolutional filters. Max
pooling with 2 x 2 kernel and stride 2. Output shape: (24, 24, 128).
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e Bottleneck: Encoder input shape (24, 24, 128). 256 convolutional filters.
Output shape: (24, 24, 256).

Warping Layers The warping layers spatially align feature maps using the pre-
dicted displacement vector fields (DVFs). These layers integrate encoder and decoder
features at each scale and ensure multi-scale, coarse-to-fine motion correction. The
DVFs are progressively refined at each scale, beginning with a coarse estimate and

adding finer details at higher resolutions.
e Inputs:
— Encoder feature map before max pooling (H, W, Cepeoder), Where H, W,
and C represent the height, width, and channels of the respective levels.
— Decoder feature map from the previous decoder block (H, W, Caecoder )-
— Predicted DVFs (H, W, 14), representing x and y displacements for each
of the 7 IRW images, refined at the previous decoder step.
e DVF prediction:
— At each scale, the decoder predicts the DVFs through a convolutional layer
(kernel size 3 x 3, stride 1, 14 filters) applied to the decoder feature map.
— These predicted DVFs are used to warp the decoder feature map via bi-
linear interpolation.
e Operations:
— The decoder feature map is warped using bilinear interpolation, guided by
the DVF's predicted at the same scale.
— The warped decoder feature map is concatenated with the encoder feature

map to integrate multi-scale context.

e Output: Warped feature map (H, W, Cencoder + Caecoder), Passed to the next
decoder block.

Decoder The decoder reconstructs the spatial resolution and refines the DVFs.
Each decoder block comprises: a transposed convolutional layer for upsampling; skip
connections concatenating corresponding warped features; and a convolutional layer

(kernel size 3 x 3) for feature refinement.

e Block 1: Decoder input shape: (24, 24, 256). Transposed convolution (kernel
size 2 x 2, stride 2, 128 filters). Refined output shape: (48, 48, 128).
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e Block 2: Decoder input shape: (48, 48, 128). Transposed convolution (kernel
size 4 x 4, stride 3, 64 filters). Concatenated warped feature map shape: (64,
64, 192). Refined output shape: (64, 64, 64).

e Block 3: Input shape (64, 64, 64). Transposed convolution (kernel size 3 x 3,
stride 3, 32 filters). Concatenated warped feature map shape: (192, 192, 96).
Refined output shape: (192, 192, 32).

e Block 4: Input shape (192, 192, 32). Transposed convolution (kernel size 2 x 2,
stride 2, 16 filters). Concatenated warped feature map shape: (384, 384, 64).
Refined output shape: (384, 384, 14).

Training procedure

Loss function

The network is trained using a multi-scale loss function that combines displacement
accuracy and spatial smoothness. The loss operates at each resolution level of the
decoder, ensuring coarse-to-fine supervision for the predicted displacement vector
fields (DVFs). The total loss is formulated as:

N
['total = Z wy - ‘Cl(\i[)SE + A Esmooth
i=1
where:
e N = 4: Number of scales in the decoder.

e w;: Scale-specific weights assigned to the MSE loss at scale ¢, with values w; =
0.08, wy = 0.02, wy = 0.01, and wy = 0.005.

e )\ = 0.1: Regularisation weight for the smoothness term.

Mean Squared Error (MSE) loss At each scale i, the MSE loss measures the
squared difference between the predicted DVF u”*® and the ground truth DVF u®":

1 H;, W;
T, 2 2

where H; and W; are the height and width of the feature map at scale 1.

‘Cl(\jl)SE =

pred gt 2
W @, y) - uf'(z,y)|
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Smoothness regularisation To enforce spatial consistency, a smoothness term

penalises large gradients in the DVF's:

1 H W
Lsmooth — _WZ Hv u z,y || + ||V 11(1’ y)” )

rz=1 y=1

where V, and V, denote gradients of the DVF along the x and y axes.

Optimisation and training parameters

e Optimiser: Adam method with first and second moment decay rates of 5, =
0.9 and B, = 0.999, and € = 1078,

e Initial learning rate: 0.001.

e Learning rate scheduler: The learning rate was reduced by a factor of /0.1

when the validation loss plateaued, with a minimum learning rate of 0.00005.
e Batch size: 4.

e Epochs: 200.
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A.2 Goal 2: advanced visualisation

This section details the computational framework leveraging a vision transformer-
based model to derive stress T1 reactivity maps (dT1 maps, Chapter. The method-
ology facilitates pixel-wise visualisations of myocardial blood volume changes during
stress compared to rest, addressing variability in manual measurements and improving
diagnostic accuracy. The automated approach enhances the feasibility and adoption

of stress T1 mapping in clinical workflows.

Neural network architecture

Input and output specifications

e Input: Paired rest and stress T1 maps are provided as two-dimensional images

of size 192 x 192 pixels.

e Output: The model outputs a displacement vector field (DVF) of size 192 x
192 x 2, representing the pixel-wise transformation needed to align the stress

T1 map to the rest T1 map.

Core architecture

The network is a hierarchical encoder-decoder architecture based on Swin transform-

ers, designed for high-resolution image registration.

Encoder
e Patch partitioning:

— Input images of size 192 x 192 x 1 (single channel for grayscale T1 maps)

are divided into non-overlapping patches of size 4 x 4.

— Each patch is flattened into a vector of length 16 (i.e., 4 x 4).
e Patch embedding:

— Flattened patches are projected into a high-dimensional space (128 dimen-

sions) using a dense layer.

— Positional embeddings of size 128 are added to retain spatial context.
e Swin transformer blocks: Each block consists of:

— Window-based Multi-head Self-Attention (W-MSA):
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* Windows of size 7 x 7 patches (or 28 x 28 pixels) are formed within

the feature map.

* Attention operates independently within each window, splitting the
feature map into multiple heads (4, 8,8,8 heads for each hierarchical

level).

% Attention is scaled by the square root of the embedding dimension per

head to normalise values.
— Shifted window mechanism:

* Alternate layers apply a cyclic shift of —3, —3 pixels to each window,

ensuring overlap and promoting cross-window communication.
— Feedforward network:

* Two fully connected layers:

- The first layer expands the embedding dimension by a factor of 4
(e.g., 128 — 512).

- The second layer reduces the dimension back to the original size
(e.g., 512 — 128).

x GELU activation is applied after the first dense layer.
« Dropout (probability = 0.1) is applied after each dense layer for reg-

ularisation.
— Residual connections:

x Outputs of W-MSA and feedforward sub-layers are added to their

respective inputs, enabling gradient flow across layers.
— Layer normalisation:

x Applied before W-MSA and feedforward sub-layers.
e Patch merging:

— Input patches are grouped into 2 x 2 blocks.

— Each block is concatenated, doubling the embedding dimension while halv-

ing the spatial resolution.

Decoder
e Patch expanding:

— Reverses the effects of patch merging by splitting patches into 2 x 2 sub-
patches.
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— Reduces embedding dimensions to match the encoder’s spatial resolution.
e Swin transformer blocks:

— Mirrors the encoder with identical configurations for attention heads, feed-

forward layers, and residual connections.

— Window-based attention ensures consistency between encoder and decoder

operations.
e Skip connections:

— Outputs from the encoder layers are concatenated with their corresponding

decoder layers.

— Channel dimensions are aligned using dense layers where necessary.
e Final layer:

— A dense convolutional layer with a 3 x 3 kernel maps the decoder output
to the DVF of size 192 x 192 x 2.

— The DVF represents horizontal and vertical displacements for pixel align-

ment.

Architectural parameters

e Attention heads: Scaled proportionally to feature dimensions: 4, 8, 8, 8.

e Embedding dimensions: Start at 128 and double at each downsampling

stage.
e Window size: Fixed at 7 x 7 for local self-attention.

e Depth: Four hierarchical levels, each with two Swin transformer blocks.

Training procedure

Loss Function

The network is trained using a composite loss function that combines image similarity
and smoothness regularisation. The loss ensures alignment between the registered
stress T1 map and the fixed rest T1 map while enforcing spatial consistency in the
DVFs. The total loss is formulated as:

ﬁtotal - EMSE + A Esmooth

where:
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e Lysg: Mean Squared Error (MSE) loss, measuring pixel-wise similarity between

the registered stress T1 map and the fixed rest T1 map.

o Lonooth: Smoothness regularisation loss, penalising large gradients in the pre-
dicted DVF.

e )\ = 0.02: Weight assigned to the smoothness term, balancing alignment accu-

racy and spatial regularisation.

Mean Squared Error (MSE) loss The MSE loss measures the squared difference
between the pixel intensities of the registered stress T1 map (/**¢) and the fixed rest
T1 map (Ifxed):

1 W& 2
Lse = _WZZ (I8 (x, y) — 1™z, y))

z=1 y=1

where H and W are the height and width of the input image, respectively.

Smoothness regularisation The smoothness loss penalises large spatial gradients

in the DVF to ensure realistic deformations. It is computed as:

1 H W
‘Csmooth —WZZ ‘V u T y ’ + HV U(J} y)” )

where:
e u(x,y): Displacement vector at pixel location (z,y).
e V, and V,: Gradients of the DVF along the z- and y-axes.

Optimisation and training parameters

e Optimiser: Adam method with first and second moment decay rates of 5, =
0.9 and (B, = 0.999, and € = 1078,

Learning rate: 0.0001.

Batch size: 32.

Epochs: 200.

Gradient clipping: Gradients were clipped to a maximum magnitude of 0.5

to stabilise training and prevent exploding gradients.
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A.3 Goal 3: automated post-processing I

This section describes the development of a quality control-driven (QCD) deep en-
semble framework for myocardial segmentation in T'1 map-derived virtual native en-
hancement and late gadolinium enhancement images (Chapter . The method en-
sures robust and consistent segmentation by integrating outputs from multiple models
with a confidence metric, addressing efficiency and variability challenges in manual
analysis. The technical details for the generation of virtual native enhancement im-
ages can be found in the Supplemental Material from Zhang et al. Circulation 146
[37].

1. Ensemble of U-Net models

Input and output specifications

e Input: Single-channel grayscale images of size 256 x 256 x 1, zero-padded.

e Output: Multi-class segmentation masks of size 256 x 256 x 3, where each

channel corresponds to myocardial tissue, blood pool, and background.

Core architecture

The U-Net ensemble consists of six models, each based on an encoder-decoder frame-

work with depth d varying from 1 to 6.

Encoder
e Each depth level 7 includes:

— Two consecutive convolutional layers (kernel size 3 x 3, stride 1, 2(4+?)

filters) with ReLLU activation.
— A dropout layer with rate 0.2+ (14 0.25- (i — 1)).

— A max pooling operation (2 x 2) that halves the spatial dimensions.

e The encoder depth d determines the total number of levels.

Decoder
e Symmetrical to the encoder, featuring:

— Transposed convolutions (2 x 2) for upsampling.

— Concatenation with encoder feature maps for skip connections.
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— Two 3 x 3 convolutional layers with ReLLU activation for refinement.

— A dropout layer applied using the same rate as its corresponding encoder

level.

Output layer
e A final 1 x 1 convolution maps the output to three channels.

e Softmax activation generates per-pixel class probabilities.

Training procedure

Loss functions The categorical cross-entropy loss is used for multi-class segmen-

tation, defined as:

L N.cC
Lece=—+ SN ynslog(pn)

n=1 k=1
where N is the total number of pixels in the image, C' is the number of classes
(myocardium, blood pool, background), y,  is the fround truth label for pixel n and
class k, and p,,; is the predicted probability for pixel n and class k.

Optimisation and training parameters

e Optimiser: Adam method with first and second moment decay rates of 31 =
0.9 and B, = 0.999, and € = 1078,

e Learning rate: 0.001.
e Batch size: 16.

e Epochs: Maximum of 300, with early stopping triggered by 20 epochs without

validation improvement.

2. QCD framework

Input and output specifications

e Input: A matrix of Dice Similarity Coefficient (DSC) scores for both single can-
didate segmentations (SCSs) and combined candidate segmentations (CCSs).

e Output: Predicted DSC scores for each candidate mask, indicating the ex-

pected quality of segmentation.
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Core architecture

The QCD framework employs a set of linear regression models to evaluate and predict

the quality of segmentation candidates.

e Candidate masks:
— Generated by the ensemble of U-Nets (SCSs) and via pixel-wise label voting
scheme (CCSs).
— Let there be M U-Net models. For each input image, 2M segmentation
candidates are created: M SCSs and M CCSs.
e DSC matrix:
— A pairwise DSC matrix D is constructed, where each entry D;; represents
the DSC between candidate ¢+ and candidate j.

— For N observations and 2M candidates per observation, D € RV*(@Mx2M)
e Linear regression model:

— For each candidate ¢, a linear regression model predicts its DSC score

relative to the ground truth:

gi=w'x;+b

where:

x x; € R*M is the vector of pairwise DSC scores for candidate i.
* w € R?M is the weight vector.
x b € R is the bias term.

% 7; is the predicted DSC score for candidate .
e Candidate selection:

— The trained regression models evaluate all candidates for a given input.

— The candidate with the highest predicted DSC score is selected as the final
segmentation:

Final candidate = arg max g;.
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Training procedure

Loss function Linear regression models are trained using the mean squared error
(MSE) loss function:

XN
Lyse = N Z(Qz —y;)?
i=1
where:
e N: Total number of training candidates.

e ;- Ground truth DSC score for candidate i, computed by comparing its seg-

mentation mask to the ground truth mask.

e §;: Predicted DSC score for candidate i.

Optimisation
e Solver: Ordinary least squares (OLS), using the closed-form solution:
w=X"X)"'X"y
where:

— X € RV*2M g the matrix of input features (DSC values).

— y € R¥ is the vector of ground truth DSC scores.

e Convergence is typically achieved within 100-200 iterations, as each regression

model solves a low-dimensional optimisation problem.
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A.4 Goal 4: automated post-processing 11

This section introduces the technical details of a dual-stage residual neural network
designed for automated landmark annotation in cardiovascular magnetic resonance
imaging (Chapter . The framework standardises segmentation across multiple
modalities, including native, stress, and post-contrast T1 mapping, as well as vir-
tual native enhancement and late gadolinium enhancement images. By automating
the detection of key anatomical landmarks, the method enhances consistency and

reduces variability in segmental myocardial analysis.

Neural network architecture

Input and output specifications
e Input:

— Stage 1: 384 x 384 x 1 grayscale images.

— Stage 2: 128 x 128 x 1 grayscale images, cropped and centred on regions

of interest.
e Output:

— A vector of four floating-point values representing normalised landmark
coordinates in [0, 1], which are then rescaled to the original input dimen-

sions.

Core architecture

The architecture utilises a modified ResNet50V2 backbone pre-trained on ImageNet,

with the following components:

Input preprocessing layer

e Single convolutional layer with 3 filters, kernel size 3 x 3, ReLU activation, and

same padding.

Feature extraction backbone The ResNetb0V2 backbone comprises convolu-
tional and residual blocks. Each bottleneck block includes: a 1 x 1 convolution
for dimensionality reduction or expansion, a 3 x 3 convolution for spatial feature ex-
traction, a second 1 x 1 convolution to restore dimensions, and shortcut (identity)

connections for efficient gradient flow.

99



Convolutional block 1:

— 64 filters, kernel size 7 x 7, stride 2, batch normalisation, and ReLU acti-

vation.

— 3 x 3 max pooling, stride 2.

Residual block stack 1: Three residual blocks, each with:

— Bottleneck: 1 x 1 convolution with 64 filters, 3 x 3 convolution with 64
filters, 1 x 1 convolution with 256 filters.

Residual block stack 2: Four residual blocks, each with:

— Bottleneck: 1 x 1 convolution with 128 filters, 3 x 3 convolution with 128
filters, 1 x 1 convolution with 512 filters.

Residual block stack 3: Six residual blocks, each with:

— Bottleneck: 1 x 1 convolution with 256 filters, 3 x 3 convolution with 256
filters, 1 x 1 convolution with 1024 filters.

Residual block stack 4: Three residual blocks, each with:

— Bottleneck: 1 x 1 convolution with 512 filters, 3 x 3 convolution with 512
filters, 1 x 1 convolution with 2048 filters.

Global average pooling layer

e Reduces the spatial dimensions to a 1 x 1 feature vector with 2048 channels.

Fully connected layers
e Dense layer with 1000 units, ReLU activation, and dropout rate of 0.35.

e Output layer with 4 units and sigmoid activation.

Training procedure
Loss function
The model minimises the mean squared error (MSE) loss function, which measures

the squared differences between the predicted and true landmark coordinates. The

landmarks are represented as two pairs of normalised x and y coordinates: (x1,y;)

and (22, y2).
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The MSE loss is calculated as:

2

1
MSE = 4 Z [(xi,true — xi,pred)Q + (Yi,prue — yi,pred)z}

i=1
® T true a0d Y true: True coordinates of the i-th landmark, normalised to [0, 1].

® Z;pred a0d Y prea: Predicted coordinates of the i-th landmark, also normalised
to [0, 1].

e The factor i ensures that the loss accounts for all four coordinate components

(two x and two y values).

This formulation penalises discrepancies between the predicted and true coordi-

nates equally, ensuring precise localisation of landmarks.

Optimisation and training parameters

e Optimiser: Adam method with first and second moment decay rates of 3, =
0.9 and B, = 0.999, and € = 1078,

e Learning rate: 1 x 1074,

Weight initialisation: Pre-trained ResNet weights for the backbone and ran-

dom initialisation for custom layers.

Batch size: .

e Number of epochs: 1000.
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