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Abstract

Cardiovascular magnetic resonance (CMR) imaging is a powerful tool for research and

clinical applications. To extract useful clinical information from the acquired CMR

images, time-consuming and laborious manual delineation of cardiovascular structures

is currently required. Despite promising overall performance across medical imaging

applications, the current state-of-the-art automated image segmentation methods still

fail in some cases, potentially jeopardising the reliability of clinical diagnosis. Thus, it

is important to develop not only automation of image segmentation but also quality

control of segmentation, to empower efficient and reliable CMR image data analysis.

To address both segmentation and quality control problems, I have developed a

novel quality control-driven (QCD) framework in this thesis. Extending upon deep en-

semble learning, the framework utilises multiple convolutional neural network-based

models to generate segmentation candidates, the agreement of which is exploited

via additional regression models to predict segmentation quality measured by Dice

similarity coefficient (DSC). The DSC prediction not only provides a quality esti-

mate but also enables a novel approach to select a final, most optimal segmentation

on-the-fly from multiple candidates, improving segmentation robustness. Following

the DSC prediction, a segmentation quality classification scheme is implemented to

alert human operators only when manual intervention is recommended, intended for

more efficient allocation of time and labour resources for large-scale image processing

pipelines.

Through both quantitative and qualitative evaluation, the QCD framework has

demonstrated excellent performance in both segmentation and quality control. More

importantly, the framework has been successfully applied across CMR imaging tech-
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niques, anatomical structures, and large-scale datasets acquired at different sites,

with high adaptability and generalisability. The QCD framework could pave the way

towards large-scale automated imaging data analysis pipelines, with both efficiency

and reliability, in real-world clinical applications.

iv



List of Publications

Full Papers

1. Hann, E., Popescu, I.A., Zhang, Q., Gonzales, R.A., Barutçu, A., Neubauer,
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Chapter 1

Introduction
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1.1 Cardiovascular Magnetic Resonance Imaging

Cardiovascular diseases (CVDs) are among the leading causes of death worldwide,

killing more than 15 million people in 2016 alone [1]. Approximately 10% (7 million)

of the UK population have been diagnosed as having some form of CVD [2]. The

high risk of mortality signifies the enormous value of investigating these diseases.

Cardiovascular magnetic resonance (CMR) is one of the major non-invasive imag-

ing modalities for comprehensive investigation of the heart in current clinical practice.

While CMR scanning can be expensive and may require breath-holds, CMR offers

multiple practical advantages compared to other major cardiovascular imaging modal-

ities. Compared to cardiovascular computed tomography, CMR does not use ionising

radiation [3]. Moreover, CMR has better reproducibility, and likely better quality con-

trol than echocardiography, even without the use of contrast agents [3]. Furthermore,

CMR offers non-invasive tissue characterisation for different clinical needs, including

T1/T2 weighted imaging, tagging, perfusion, and quantitative T1/T2 mapping etc

[4].

CMR is increasingly used in large-scale clinical studies to study various cardiac

diseases [3, 5]. For instance, the UK Biobank is a prospective cohort study aiming to

recruit 500,000 participants, 100,000 of which will be scanned for the Imaging Com-

ponent by 2021 [3], with more than 48,000 datasets acquired already. Acquisition of

a large number of datasets is necessary to allow reliable studies of particular diseases,

as only a relatively small number of cases will match particular conditions [3]. To

study cardiovascular diseases, CMR scans are included in the Imaging Component

alongside brain MRI, abdomen MRI, and carotid ultrasound and Dual-energy X-ray

absorptiometry, with follow-up scans after 5, 10, and 15 years [3]. A UKBB CMR

dataset includes but is not limited to long-axis and short-axis cines , aortic disten-

sibility cine, and native T1 mapping [4]. These will contribute to the multi-organ

multi-modality imaging resources in the UK Biobank to investigate the mechanism

of cardiovascular diseases and beyond [3, 4].
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1.2 Automated Medical Image Segmentation

1.2.1 Background

After acquisition of a CMR dataset, segmentation of relevant anatomical structures

of interest is usually required to calculate useful clinical parameters, such as ejection

fraction, scar burden, and global or regional myocardial T1 values. In the case of

CMR imaging, segmentation is also known as contouring, particularly when referring

to the delineation of specific anatomic boundaries, such as the endocardial or the

epicardial surfaces of the heart.

In current clinical practice, manual segmentation is still the gold standard. This

is a tedious, time-consuming and subjective process. In the case of the UK Biobank

Imaging component [3], this could potentially require years of manual contouring for

a single analyst. While sharing work between multiple analysts can speed up the pro-

cess, it introduces inter-observer variability, reducing consistency, which may increase

the sample size required to detect primary endpoints [6]. Hence, there is a pressing

need for processing large-scale CMR datasets consistently and efficiently. To address

this need, it is desirable to develop robust, fully-automatic accurate segmentation

algorithms for advanced imaging techniques with reliable quality control.

1.2.2 Related Work

There has been extensive research on automating CMR image segmentation since the

early 1990s, attempting to address various technical challenges, including anatomical

shape variability, suboptimal image quality, presence of papillary muscles, patholo-

gies, partial volume effects, and image artefacts [7, 8]. It has been found that vast

majority of the CMR image segmentation methods published from 2000 to 2016 were

based on 7 popular techniques: thresholding, region-growing, pixel or voxel classi-

fication, active contour, direct estimation, atlas-based segmentation, and statistical

shape modelling [8]. Of all the CMR image analysis publications reviewed by [8], only

one study reported using deep learning in the methodology, applied to the estimation

of bi-ventricular volumes [9].
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Figure 1.1: Simplified examples of (A) a fully-connected neural network and (B)
a convolutional neural network. (A) This is a generic architecture of vanilla fully
connected neural network, in which all nodes between layers are connected one-to-
one. Each connection carries an individually learnable weight, which can be optimised
by training the neural network. (B) This is a generic convolutional neural network,
in which connections with shared weights are introduced. This reduces the number
of parameters to train, compared with a fully-connected neural network of similar
depth.

Over the past few years, deep learning has quickly gained popularity in medical

image analysis research, including CMR image segmentation. In 2016, more than

200 deep learning-based research articles were published by the wider medical im-

age analysis community [10]. A similar trend has been observed for CMR image

segmentation research with more than 130 papers published on deep learning-based

methods since 2016 [11]. The gain in popularity of deep learning in CMR segmenta-

tion research can be attributed to the advancement of computing hardware and the

increased availability of public datasets [11].

Among deep learning models, convolutional neural networks (CNNs) have been

the most successful for image analysis [10]. Figures 1.1A and B, respectively, illus-

trate a simplified fully-connected neural network and a simplified convolutional neural

network. Compared to a standard feed-forward neural network of similar depth, a
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CNN has fewer parameters, which are shared among connections at the same level, so

that the training is more efficient [12]. This improvement is beneficial for processing

large multi-dimensional data, such as images. Note that the last layer of the CNN in

Figure 1.1B is fully connected to perform image classification [12].

The medical image analysis research community has drawn inspiration from suc-

cesses of deep learning in computer vision, such as AlexNet [12], outperforming pre-

vious state-of-the-art by a large margin for a large-scale visual recognition challenge

[13, 10]. Besides the exceptional performance, another prominent advantage of deep

learning CNN models is the ability to learn intricate features for visual recognition

tasks solely from data [13, 10, 11]. This relieves the burden of manual feature engineer-

ing, which requires handcrafting features for computers to recognise specific structures

under various challenging conditions present in the imaging data [7, 8, 13, 10, 11].

Thus, this advantage of deep learning can facilitate translation to various CMR image

analysis tasks [11].

For the specific task of CMR image segmentation, one of the early uses of CNNs

was implemented in a hybrid approach [14]. A CNN was employed to detect the

location of the left ventricular (LV) chamber for short-axis (SAX) cine CMR, prior

to a shape initialisation by another neural network, and then segmentation using a

deformable model [14]. The output size of the CNN used in [14] was limited to 32 by

32 pixels (versus 256 by 256 pixels for a CMR image), thus more suitable for object

localisation than for segmentation.

After that, CMR image segmentation research has progressed towards using fully

convolutional neural networks (FCNs) [16], to mitigate the limited resolution problem

encountered in [14]. An FCN was implemented to learn end-to-end from input image

to ground truth for segmentation of the LV and the right ventricle (RV) in SAX cine

CMR, outperforming the previous state-of-the-art [15]. The advantage of the FCN,

shown in Figure 1.2, is the introduction of an upsampling layer to provide full reso-

lution segmentation output, without the need to use other segmentation techniques

such as deformable models.
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Figure 1.2: A fully convolutional neural network architecture, in which an upsampling
layer is introduced to enable segmentation output, with full resolution as the input
image. This figure is adapted from [15].

An important development of FCN for biomedical image segmentation is the U-

net, originally designed for neuronal structures in electron microscopy stacks [17].

Building upon FCN [16], the U-net (illustrated in Figure 1.3) also employed up-

sampling layers in addition to convolutional layers for full-resolution segmentation

[17]. Skip connections were added to concatenate features from lower layers to higher

layers, allowing utilising features of different resolutions to obtain more precise seg-

mentation [17]. U-nets have been used for CMR image segmentation with promising

performance [11]. For example, a U-net was deployed to segment the LV myocardium

in the T1-weighted images, with over 90% success rate [18].

It has been proposed that overall performance can be improved by employing more

than one independently-trained neural network for the same segmentation task. An

ensemble of a 2D U-net and a 3D U-net was proposed to segment CMR cine with

pathologies [19]. This work demonstrated that averaging the segmentations gener-

ated by the ensemble could yield better accuracy than that achieved by either of the

individual U-net alone [19]. Another work also achieved good segmentation perfor-

mance using a similar ensemble of three 2D CNNs and a 3D CNN to perform CMR

segmentation, cascaded with another 3D CNN to generate the final segmentation [20].

Thus, using U-nets with ensemble learning is a promising approach for CMR image
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Figure 1.3: A U-net architecture is shown with skip connections (copy and concate-
nation) from lower layers in the extracting path (left half) to higher layers in the
symmetric expanding path (right half), for more precise segmentation. This figure is
adapted from [11].

segmentation. Further, [21] used an ensemble of 50 U-nets to estimate uncertainty of

the prediction, in addition to the segmentation tasks for brain, heart, and prostate.

This has demonstrated a new perspective of segmentation and uncertainty estimation

to applying ensemble learning of deep neural networks for CMR image segmentation

and inherent quality control.

1.2.3 Summary

In summary, deep learning, particularly convolutional neural networks such as U-net,

has recently evolved into a method of choice for image segmentation in medical imag-

ing including CMR imaging. Additionally, the recent development and introduction

of ensemble learning show further potential to improve segmentation performance.

Ensemble learning of neural networks has shown to estimate uncertainty in addition

to image segmentation. This can be further explored for quality control of segmenta-

tion results, which is a crucial step especially for clinical applications.
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1.3 Quality Control for Medical Image Segmenta-

tion

1.3.1 Background

Figure 1.4: Example of a basal short-axis CMR image (left), the ground truth seg-
mentation (middle), and incorrect segmentation by a deep learning-based automation
(right). This figure is adapted from [22].

Quality control for medical image segmentation aims to ensure that the segmen-

tation results meet the standard required for research or clinical use. As mentioned

in the previous section, medical image segmentation is an essential step to estimate

clinical parameters in CMR. Even for manual segmentation, inaccuracy and variabil-

ity can affect clinical parameter estimation [23, 24]. The same issue is also applicable

to automatic segmentation (Figure 1.4). If inaccurate segmentations go undetected,

this can lead to incorrect diagnostic or research conclusions, potentially harming the

affected patients. Thus, quality control of segmentation is crucial to prevent such

undesirable consequences.

Conventionally, segmentation algorithms are evaluated against the ground truth

available in a testing dataset to aggregate overall segmentation performance. [22]

evaluated the state-of-the-art deep learning-based CMR segmentation methods to

measure segmentation performance metrics such as Dice similarity coefficient (DSC).

As illustrated in Figure 1.5, DSC is calculated between automated and manual seg-

mentation masks, yielding a score between 0 (no agreement with the manual ground

truth) and 1 (perfect agreement with the manual ground truth). However, an aver-
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Figure 1.5: Dice similarity coefficient (DSC) is calculated between automated (A)
and manual (B) segmentation masks. In essence, DSC measures how much the two
segmentation masks overlap, compared to the sum of the areas of the two masks.
The score is between 0 (no agreement with the manual ground truth) and 1 (perfect
agreement with the manual ground truth).

age DSC does not inform the per-case segmentation correctness to detect individual

failures. For example, despite having achieved a high average DSC of over 0.9, the

deep learning-based segmentation still failed for some individual cases [22], as shown

in Figure 1.4. These failures can potentially affect clinical diagnosis of individual

patients, thus it is important to predict the quality of segmentation on a per-case

basis, especially for clinical deployment, in which the ground truth segmentation may

not be available.

Visual assessment can be performed manually to ensure segmentation quality on

a per-case basis. For [25], 2 image analysts performed visual assessment by com-

paring the automatic CMR cine segmentations to the manual ground truth on a

small subset of 250 subjects. Similarly for [26], 13 image analysts, across 2 imaging

laboratories, validated automatic localisations of 5100 CMR cine datasets of aortic

sections. Scaling up such manual quality control for large databases, such as the

complete UK Biobank material, can come with a hefty cost of human labour and
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time. Moreover, like manual segmentation, visual assessment is subject to intra-and

interobserver variability. Thus, developing automated quality control is important for

efficient and reliable deployment of medical image segmentation in large-scale data

analysis pipelines and clinical applications.

1.3.2 Related Work

An intuitive approach to automate segmentation quality control is by formulating

domain knowledge, such as shape and appearance characteristics, to assess the mor-

phology of image segmentation. Two numeric quality scores were proposed for quality

control of myocardial perfusion single-photon emission computed tomography seg-

mentation [27]. The quality scores were formulated based on orientation, area, vol-

ume, eccentricity, and intensity of the medical image and the segmentation [27]. Seg-

mentation failures were detected with thresholding on the quality scores. In another

study, a similar method was implemented to predict segmentation quality metrics,

such as overlap error and DSC, based on 42 shape and appearance features [28]. Sim-

ilar to [27], segmentation failures were detected with thresholding on the predicted

metrics. These methods were limited by whether the shape and appearance features

cover a wide enough spectrum to generalise to other datasets.

By modelling appearance features of a test segmentation, an unsupervised ap-

proach was proposed to generate an estimated reference segmentation for quality

control purpose [29]. DSC was measured between such estimated reference and the

test segmentation, in an attempt to correlate with the ground truth DSC, which was

measured between the test segmentation and the manual ground truth. The assump-

tion was that the more clearly visible a structure is, the more the estimated reference

and the test segmentation resemble each other; otherwise they diverge from each

other [29]. However, this method may not be suitable for more challenging tasks,

such as segmentation of myocardial scar tissue or apical short-axis slices, in which

the structures of interest may not always have clear boundaries.

Alternative to using appearance model [29], estimated reference segmentations can

be generated by using an autoencoder, trained with good quality image-segmentation
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Figure 1.6: A generic autoencoder architecture, comprised of an encoder (left half), a
latent representation (middle), and a decoder (right half). Unsupervised autoencoders
can learn to encode the input into a low dimensional latent representation, then
decode it to a reconstructed input. This is similar to lossy compression of images.
This figure is adapted from [11].

pairs [30]. As illustrated in Figure 1.6, an autoencoder can learn to reconstruct

its input, by encoding the input to a latent representation and then decoding the

latent representation to a reconstructed input. Once trained, an estimated reference

segmentation can be generated by the decoder for a given image-segmentation pair.

The quality metrics (e.g. DSC) measured between the estimated reference and the

test segmentation is output as the predicted quality metrics.

Reverse accuracy classification (RCA) is another approach for segmentation qual-

ity control by predicting segmentation quality metrics with estimated segmentation

reference [31, 32, 33]. A diverse set of medical images, paired with segmentations,

were stored in a reference database. 100 reference medical images were registered

to a test image to obtain deformation fields [33]. Based on these deformation fields,

100 corresponding reference segmentations were warped and compared to the test

segmentation to calculate 100 DSC values, the maximum of which was output as the

predicted DSC for the test segmentation [33]. This approach has been successfully

applied to 4800 CMR cine scans available from the UKBB [33]. However, the RCA

approach required long computation time (up to 40 minutes per image [33]), making

it unsuitable for real-time clinical application.
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For real-time application, a convolutional neural network (CNN) was implemented

to predict DSC for random forest-based segmentation of CMR cine [34, 35]. The

CNN was trained by mapping automatic segmentation masks to ground truth DSCs,

generated with corresponding manual segmentations [34, 35]. Once trained, the CNN

can make a prediction in a split second (on average 40 ms per image), in the absence

of the manual ground truth [34].

Similarly, a CNN was implemented for segmentation of skin lesion images and

quality control [36]. The CNN takes an image paired with automatic segmentation

and an uncertainty map as input. The uncertainty map served to capture pixel-wise

segmentation uncertainty, and could be generated via different techniques such as

maximum softmax probability, Monte Carlo dropout, heteroscedastic classifier neural

network, and learned confidence estimates [36]. It was demonstrated that incorpora-

tion of uncertainty maps could improve segmentation quality prediction [36].

It is also possible to utilise uncertainty information, estimated with the Monte

Carlo dropout approach, to predict segmentation quality metrics [37, 38]. Multiple

segmentation samples are generated by a U-net incorporated with dropout units,

which can randomly null the internal states of the U-net. These segmentation sam-

ples would likely differ from one another due to the randomness introduced internally

in the U-net by the dropout. Segmentation uncertainty, estimated by measuring

the variability among these segmentation samples, was utilised to predict segmenta-

tion quality metrics such as DSC [37, 38]. Similarly, [39] used a U-net with Monte

Carlo dropout to segment and estimate uncertainty for CMR myocardial arterial

spin labelling. [40] compared the Monte Carlo approach with the Bayes by Back-

prop approach, and obtained similarly good performance from both for cardiac MRI

segmentation.

Uncertainty estimation can also be performed with other architectures, such as a

probabilistic U-net [41]. Unlike a conventional U-net, the probabilistic U-net aimed

to learn and embed distribution of segmentation variants, instead of learning fixed

parameters for deterministic segmentation output. Similar to the Monte Carlo ap-

proach, the probabilistic U-net could generate a diverse set of segmentation samples to
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estimate segmentation uncertainty. Empirically, the probabilistic U-net outperformed

other techniques, such as Monte Carlo dropout, for lung abnormalities segmentation

and cityscapes segmentation [41].

Similarly, a hierarchical probabilistic model (PHiSeg) could also learn the dis-

tribution of segmentation variants with multiple resolution levels [42]. The PHiSeg

generated 100 samples for segmentation as well as uncertainty estimation for thoracic

tomography (CT) and prostate MRI, with promising results [42].

For CMR native T1 mapping, a CNN was implemented in addition to a PHiSeg [42]

to classify segmentation correctness for CMR native T1 mapping [43]. Given an input

image, the PHiSeg generated a segmentation and an uncertainty map. Similar to [36],

the CNN took the input image, paired with the segmentation and the uncertainty

map, and then output a binary classification of segmentation correctness. To train the

CNN, 1500 segmentations were annotated manually by an expert for correctness [43].

Like manual segmentation, this manual process to annotate segmentation quality can

be time consuming and laborious.

Unlike other Bayesian approaches with segmentation sampling, [44] proposed a

calibrated Bayesian network for segmentation with inherent uncertainty estimation,

without the need to generate multiple segmentation samples. The authors observed

that deep neural networks suffered from miscalibration (overestimation or underesti-

mation) in predicting class probabilities, compared to observed class probability. This

problem was mitigated with calibration by introducing an additional utility function

[44]. It was demonstrated with application in segmenting brain tumours and thoracic

anatomies [44].

Following the success of deep ensembles [45] for image classification tasks, [21]

further demonstrated the potential of using deep ensembles for medical image seg-

mentation quality control. [21] used an ensemble of 50 independently-trained U-nets

to generate an average segmentation, with calibrated class probabilities, and then to

detect out-of-distribution cases. Furthermore, recent research found that ensemble

deep neural networks can generate highly diverse predictions, compared to Bayesian

neural networks, such as Monte Carlo dropout [46]. High diversity among prediction
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samples could be important in capturing uncertainty information [47]. Thus, it is a

promising approach for medical image segmentation quality control.

1.3.3 Summary

Proof-of-principle utility of various automatic quality control approaches have been

successfully demonstrated for different medical image segmentation tasks. In particu-

lar, deep ensembles [45] have shown promise for uncertainty estimation, outperforming

other approaches [46]. However, there has been limited exploration of adapting deep

ensembles for CMR segmentation quality control. Furthermore, the current state-of-

the-art methods have not explored the use of the predicted quality scores as feedback

to further improve segmentation accuracy and robustness.
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1.4 Overview of Thesis Chapters

The main objective of this thesis is to investigate the use of a novel deep ensemble-

based quality control-driven (QCD) framework for segmentation and quality control

of CMR imaging data, such as cine and T1 mapping. The thesis is organised as

follows:

Chapter 2 introduces the proposed deep ensemble-based QCD segmentation frame-

work. The QCD framework uses multiple U-nets to perform segmentation and quality

control of about 5000 CMR aortic cross-section cine datasets from the UKBB. The

framework is trained to exploit segmentation agreement among multiple U-nets for

DSC prediction for quality control. Once trained, both segmentation and DSC pre-

diction can be executed automatically, in the absence of manual ground truth. The

potential of the QCD segmentation framework is shown for future deployment to re-

liably process large-scale CMR datasets. The content for this chapter follows closely

what has been published in [48] and the patent (PCT/GB2020/050249).

In Chapter 3, the QCD framework and two additional variants of the frame-

work were trained and applied to perform segmentation of the LV myocardium in

T1 mapping images, available internally from the Oxford Centre for Clinical Mag-

netic Resonance Research (OCMR). The QCD framework can be successfully applied

to different CMR modalities beyond simple aortic cross-sections, e.g, more complex

anatomical structures such as the LV myocardium in T1 mapping. Further, the DSC

prediction is extended to perform binary segmentation quality classification by using

a straightforward thresholding scheme, with excellent accuracy. The content for this

chapter follows closely the manuscript content published in [49].

Chapter 4 presents a quantitative evaluation of the QCD framework. The QCD

framework trained in Chapter 3 is evaluated with a large-scale external dataset of

over 2000 T1 mapping images, available from the UKBB, which have been manually

contoured and validated for good to excellent image quality. The QCD framework is

shown to be robust when deployed to the external, previously unseen UKBB datasets
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for segmentation and quality control. The segmentation quality classification is opti-

mised for the UKBB data by finding an optimal threshold for the DSC prediction.

In Chapter 5, the trained QCD framework performance is evaluated in another

unseen set of data from the UKBB – T1-maps with suboptimal image quality that

have not been manually contoured. Without manual contours to serve as the ground

truth, the QCD automatic segmentation is evaluated qualitatively by visual assess-

ment on a per-case basis. The segmentations generated by the QCD framework are

scored by an expert human observer for segmentation quality using a graphical user

interface developed in-house. This complements the quantitative evaluation in Chap-

ter 4 by comparing the quality control component of the QCD framework and the

opinion of a human expert on a per-case basis. This helps explore limitations of the

QCD framework.

Chapter 6 provides a summary and discussion of the future directions to further

develop the QCD framework, paving the way towards practical, real-world implemen-

tations.
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Chapter 2

Quality Control-Driven Framework
Towards Reliable Large-Scale
Image Segmentation of Aortic
Sections in CMR Cine
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2.1 Introduction

2.1.1 Aortic Distensibility

Arterial stiffening due to aging can lead to cardiac and vascular diseases affecting the

heart as well as the brain and kidneys, which can result in disability or even death

[50]. Aortic distensibility (AoD) is a sensitive and specific subclinical biomarker for

early detection of arterial stiffening, even in asymptomatic cases, by measuring the

bio-elastic function of the aorta using MRI [51]. Furthermore, a study has found that

reduced AoD can serve as an independent prognostic predictor for cardiovascular mor-

bidity and mortality among individuals without symptoms of cardiovascular diseases

[52]. Hence, AoD can potentially be a useful clinical tool for early identification of

asymptomatic individuals who would benefit from appropriate measures to prevent or

delay age-related arterial stiffening, reducing risk for potentially lethal consequences

[51]. Further studies on AoD have been on-going to investigate cardiovascular risk

factors [53] and genome-wide association [54] with the large-scale UK Biobank data

[3].

In current clinical practice, measuring AoD requires CMR trans-axial cine images

at the level of the pulmonary artery, with manual contouring of the cross-sectional

lumen area of the ascending aorta (AA) and the proximal descending aorta (PDA)

over a cardiac cycle, from diastole to systole. Manual segmentation is time-consuming,

labor-intensive, and subject to inter and intra-observer variability. Large-scale studies

can benefit from automated image segmentation, which can provide not only efficient

image segmentation, but also improved consistency and objectivity for diagnosis.

However, as discussed, the issue of quality control needs to be addressed before

deployment of automated segmentation to large-scale imaging studies and clinical

applications. The current state-of-the-art segmentation methods can still fail [22],

especially in cases affected by poor image quality or pathologies. It is important to

detect any critical inaccuracies, which can lead to misdiagnosis or incorrect research

conclusion. Current clinical practice of quality control of automatic segmentations
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still requires visual inspection, which diminishes the benefits of efficiency of auto-

mated segmentation. It would be desirable to integrate automated quality control

into fully-automated image analysis pipelines, to efficiently and reliably extract clin-

ical parameters.

2.1.2 Related Work

Fully-automatic aortic image segmentation methods without quality control have been

proposed [25, 26]. A recurrent neural network (RNN) in [25] was trained on 400 scans

with label propagation and weighted loss technique to mitigate the sparse annotation

problem, as only systolic and diastolic frames were manually annotated in each image

sequence. Subsequently, the trained RNN was evaluated in a small-scale dataset of 100

scans. Another approach was proposed in [26] using random forest (RF) localisation

of the aorta, with a large-scale (3900 subjects) evaluation. First, potential locations

of AA and PDA were detected using Circular Hough Transform (CHT), followed by

RF classifications based on 18 spatial, intensity, and shape features to select the most

probable locations of AA and PDA. This fully-automatic localisation method can

initialise semi-automatic segmentation methods scuh as active contour models [55].

It was tested in the UKBB imaging study to achieve detection accuracy over 99% for

both AA and PDA. However, neither approach included a quality control mechanism

to predict the accuracy of segmentations.

Automatic methods to predict Dice similarity coefficient (DSC) have been pro-

posed to address the segmentation quality control in the absence of manual segmen-

tation. [28] proposed an automated quality scoring of segmentation using machine

learning with 42 hand-crafted features evaluated against DSC. More recently, a frame-

work based on Reverse Classification Accuracy (RCA) [32, 33] was proposed to predict

DSC and other metrics for CMR image segmentation. The RCA framework requires

registration of the input image and the corresponding segmentation to a database of

reference images, with available ground truth segmentations. [35] proposed a sim-

ple CNN-based method trained to predict the DSC of segmentations generated by

RF-based algorithms. Another CNN-based framework [37] was proposed to predict
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segmentation DSC using Monte Carlo sampling. With the use of random dropout

unit at test time, the CNN generates several different segmentations for the same in-

put to predict segmentation quality. However, in these prior works, DSC predictions

have not been used to optimise segmentation performance.

2.1.3 Contributions

In this work, a novel quality control-driven (QCD) image analysis framework is pre-

sented. The QCD framework uses multiple neural networks to integrate segmentation

and quality scoring on a per-case basis. The best final segmentation is automatically

selected on-the-fly from multiple candidate models, based on accurate DSC predic-

tions, rather than only passive reporting as in [28, 32, 35, 33, 37]. The effectiveness of

this QCD approach has been evaluated on a large-scale dataset of aortic cine images

from the UKBB imaging study.
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2.2 Methods and Material

Figure 2.1: The overview of the quality control-driven (QCD) framework, which feeds
the same aortic CMR image frame (A) to multiple convolutional neural networks (U-
net 7 to U-net 27) (B). Multiple segmentations (C) generated by the U-nets are
summed up and thresholded to form additional combined segmentations (D). The
inter-segmentation DSCs (E) are calculated among all segmentation candidates, and
fed into a previously established regression model (F) to obtain individual DSC pre-
diction (G) for each candidate. The segmentation with the highest predicted DSC
(H) among the candidates is selected on-the-fly as the final segmentation (I).

2.2.1 Candidate Segmentation Models

Multiple Convolutional Neural Networks: 6 U-nets [17] with different depths

are included as candidate models, for image segmentations of AA and PDA. The 6

U-nets have different numbers of skip connections from 1 to 6 (U-net 7 to U-net 27

in Figure 2.1B). Such differences in the hyperparameters are intended to introduce

variation in segmentation performance, which is exploited for segmentation quality

control.

Combined Segmentations: A pixel-wise label voting scheme [56] is used to combine

multiple U-net segmentations to generate 6 additional segmentations (Figure 2.1D)

for improved robustness at a small additional computation cost, such that:
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Ct(i, j) =

{
1, if

∑
U∈U U(i, j) ≥ t

0, otherwise,
(2.1)

where Ct is a combined segmentation with thresholding parameter t, U ∈ U is the

segmentation output by a U-net, and (i, j) is a pixel in the segmentation. Hence, for

each input of aortic image, there are in total 12 candidate segmentations including

U-nets and combined segmentations for each aortic section.

2.2.2 Quality Scoring and Quality Control-Driven Segmen-
tation

Automatic quality scoring predicts DSC(Sm, SGT ) for a test segmentation Sm, which

is generated by a segmentation model m ∈M , by comparing with all available candi-

date segmentations (Figure 2.1C and D) in the absence of the manual ground truth

(GT) segmentation SGT . For each segmentation Sm, inter-segmentation DSCs (Figure

2.1E) are calculated with other candidates Sn, generated by another model n ∈ M

and n 6= m, of the same input, and then used to predict DSC(Sm, SGT ) through

multiple linear regression ̂DSC(Sm, SGT ) = αm +
∑

n∈M βm,nDSC(Sm, Sn) (Figure

2.1F), where regression parameters αm and βm,n are optimised for each segmentation

model m using the training data.

The DSC prediction exploits differences among candidate segmentations. A low

DSC is predicted when a test segmentation has low agreement with other candidate

segmentations. This could be due to poor image quality of the cine image, caus-

ing high uncertainty in segmentation. Thus, it is anticipated that the segmentation

may be poor quality. In contrast, a high predicted DSC is expected when there is

high agreement among candidates, indicating low segmentation uncertainty. Diver-

sity among candidate models is important to ensure that agreement among candidates

can correctly reflect the expected segmentation quality, such that candidates would

not produce highly similar erroneous segmentations, which would give a false sense

of low uncertainty. It has been found to deep ensemble methods have high predic-

tive diversity among candidate models, thus suitable for uncertainty estimation and

quality control [46].
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Quality control-driven segmentation uses the DSC prediction to select the best

final segmentation (Figure 2.1I). For each aorta section in an aortic image frame,

12 candidate segmentations are generated. Each of these candidates is assigned a

predicted DSC through the automatic quality scoring. Then, the framework selects

the final segmentation with the highest predicted DSC from all candidates on-the-fly:

argmaxm∈M ̂DSC(Sm, SGT ) (Figure 2.1H). This is to further improve accuracy and

robustness of segmentation by choosing the predicted best on a per-case basis.

2.2.3 Data and Annotations

The dataset comprised of 5028 CMR aortic cine (transverse balanced Steady State

Free Precession, with TE = 1.17 ms, TR = 2.8 ms, flip angle = 60 degrees, Grappa fac-

tor = 2) image sequences from 4996 subjects (repeated scans were included) acquired

under retrospective ECG-gating on a 1.5 Tesla MRI scanner (Model: Siemens Aera,

Syngo Platform VD13A) in a single centre (in Cheadle, UK) for the UKBB Imaging

Component [4, 26]. In each image sequence, 100 frames across a cardiac cycle were

interpolated from the actual temporal resolution of 28 ms, with pixel dimension of

240× 196 and resolution of 1.58× 1.58mm2 [26].

The manually-validated segmentations of AA and PDA were generated prior to

this work using both random forest (RF) localisation [26] and 2D active contour [55].

The RF method selected the most probable AA and PDA locations to initialise the

active contour models. The segmentations generated by the active contours were then

visually validated and manually corrected by 13 image analysts.

Due to the large volume of the dataset (502,800 image frames in total), only

frames at systole and diastole (about 15 out of 100 frames) were manually validated

and corrected to reduce the workload on the image analysts. This presented a sparse

annotation problem, similar to that reported in [25]. To mitigate this, all generated

segmentations were used to train the QCD framework, but only manually-validated

segmentations were used for evaluation.

As a standard procedure in machine learning, the manually validated material was

randomly split into training data, validation data, and testing data. The training
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data were used in the independent learning processes of the candidate U-nets and

the DSC regression models. Once trained, all candidate models for segmentation

and DSC prediction were evaluated on the unseen validation data. The validation

data were used for selecting the best performing segmentation model to proceed to the

next step, which involved further evaluation on unseen testing data. This simulated a

real-world scenario, in which the validation data used for model selection are different

from the target data at deployment. The use of unseen independent testing data for

the final evaluation can better reflect the actual performance of the selected model

at deployment.

2.2.4 Evaluation

The objectives of the evaluation were 3-fold: (1) to evaluate and compare the segmen-

tation accuracy of all segmentation models, including the QCD segmentation, using

DSC; (2) to evaluate and compare the accuracy of quality scoring on all candidate

segmentations, with varying quality, using mean absolute error (MAE) and Pearson

correlation (r) between the ground truth DSC and the predicted DSC; (3) to evalu-

ate the accuracy of segmentation, quality scoring, and clinical parameter estimation

using a large-scale testing dataset, 10 times larger than the training dataset, which

was used to train the U-nets and the DSC regression models. Agreement in aortic

lumen area (number of pixels in segmentation scaled by pixel spacing) estimated with

automated and manual annotations is evaluated in terms of MAE. The evaluation is

performed in the validation dataset (400 image sequences) for objectives 1 and 2, and

the testing dataset (4228 image sequences) for objective 3.
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2.3 Results

2.3.1 Implementation

The framework was implemented in Python, with TensorFlow. Similar to [25], 400

CMR image sequences were used to train the framework. Each of the 6 U-nets was

independently trained in a batch size of 50 frames for 201,200 iterations. The training

took 71 hours in total on a desktop computer with a Nvidia Titan X GPU. On average,

the framework took 67 seconds to segment and quality score 100 cine frames.

2.3.2 Performance of Segmentation Models

Table 2.1: Segmentation performance of the QCD segmentation and each candidate
model evaluated with the validation data

Mean DSC
Percentage of
DSC >0.9

Model AA PDA AA PDA
U-net 7 0.918 0.926 77.4 83.7
U-net 11 0.949 0.957 97.5 98.9
U-net 15 0.954 0.961 99.4 99.3
U-net 19 0.951 0.955 98.8 98.7
U-net 23 0.953 0.955 99.4 98.5
U-net 27 0.953 0.956 99.5 99.0
Combined Model 1 0.937 0.942 93.7 92.5
Combined Model 2 0.964 0.964 98.8 99.2
Combined Model 3 0.967 0.966 99.6 99.6
Combined Model 4 0.966 0.966 99.6 99.6
Combined Model 5 0.958 0.962 99.3 99.4
Combined Model 6 0.924 0.934 85.8 90.3
QCD 0.967 0.966 99.9 99.7

All segmentation models were evaluated for DSC performance in the validation

dataset (Table 2.1). The QCD achieved the highest DSC for AA (0.967) and PDA

(0.966) segmentation. Similar segmentation accuracy was also achieved by Combined

Model 3, which was selected by the QCD as the best candidate over 60% of the

cases. In addition, Combined Models 2-5 obtained higher DSCs than any individual

U-nets, showing the benefit of combing multiple neural networks. Moreover, the
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results (Table 2.1) showed that the QCD obtained the highest percentages (≥ 99.7%)

of segmentations achieving DSC over 0.9, offering additional robustness by selecting

the best candidate segmentation on a per-case basis. The QCD had the best overall

segmentation performance in the validation data.

2.3.3 Quality Scoring of Segmentations

Figure 2.2: Scatter plots of predicated DSC (x-axis) and DSC (y-axis) for AA (left)
and PDA (right) in the validation data, with correlation coefficients (r), and p-values
for all data points reported. Overall good DSC prediction for all candidate seg-
mentations, with varying quality. Low DSC scores of poor segmentations output by
U-net 7 and Combined Model 6 were accurately predicted. Remarks: Comb denotes
Combined Model

The segmentation quality scoring was evaluated for all candidate segmentations

in the validation dataset. High agreement was achieved between DSC and predicted

DSC for both AA and PDA segmentation, with MAE of 0.009 for AA and 0.012 for

PDA, and Pearson correlation coefficients of over 0.9 for both AA and PDA. The

scatter plots (Figure 2.2) show that DSC and predicted DSC met along the identity

lines, indicating accurate DSC predictions for segmentations of varying quality.

2.3.4 Large-Scale Testing

The QCD framework was tested on 4228 image sequences and performed as consis-

tently in the large-scale dataset as in the smaller validation dataset. The segmentation
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Table 2.2: Evaluation results of the QCD framework in the test dataset of 4228 image
sequences

Label Mean DSC MAE in DSC Pre-
diction

MAE in Lumen
Area (mm2)

AA 0.966 0.011 17.6
PDA 0.966 0.015 10.5

Figure 2.3: Lumen area curves for AA (left) and PDA (right) estimated by QCD
(blue), compared with manually validated ground truth (red; only in end-diastolic
and end-systolic frames).

performance, with mean DSC of 0.966 for both AA and PDA (Table 2.2), was com-

parable to the validation results. The lumen area estimation was in high agreement

with the manual annotations with MAE less than 17.6 mm2 for both AA and PDA

(Table 2.2). Two examples of lumen area curves are shown in Figure 2.3. Both curves

show consistent lumen area estimation with manual annotations at systole and dias-

tole. In addition, Figure 2.4 shows an example in the testing data to demonstrate

how differences in candidate segmentations influence the DSC predictions in the QCD

framework.
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Figure 2.4: Example of a poorly-planned aortic cine image (too far below the main
pulmonary artery). Manual segmentation (left large panel), with multiple automatic
candidate segmentations of AA (red masks) and PDA (blue masks) are shown. For the
final selected segmentation (outlined in red), the predicted DSC of AA segmentation
is low (0.72) due to apparent differences among candidate segmentations, as AA was
affected by poor image quality; most of the automatic segmentation includes parts of
the right ventricle. In contrast, PDA was less affected; the predicted DSC was higher
(0.93), as there was higher agreement among candidate models.
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2.4 Discussion

The QCD framework has been successfully developed and evaluated with a large-

scale dataset of over 5000 subjects from the UKBB, demonstrating top segmentation

and quality control performance. It has been shown that the QCD framework can

reliably extract essential clinical parameters (aortic section lumen area in this case)

with excellent agreement to the manually estimated ground truth. Together with a

high processing speed of 0.67 second per image frame, the QCD framework is suitable

to process imaging data for both large-scale research studies and real-time clinical

applications.

2.4.1 Comparison with Related Work

Two state-of-the-art automatic segmentation methods have been found for compari-

son with the QCD framework [25, 26]. For segmentation performance, the two state-

of-the-art methods reported mean DSC results of over 0.95, similar to that for the

QCD framework [25, 26]. Similar segmentation robustness was also reported in one

of the methods with at least 94% of the random forest-based segmentations hav-

ing achieved DSC above 0.9 [26]. Thus, the QCD framework has achieved excellent

segmentation accuracy and robustness, on-par with the state-of-the-art automated

methods.

However, it is important to note that even though the QCD framework and these

methods were developed and evaluated using the UKBB data, the data were split

differently for training and testing. The QCD framework was trained and validated

on 800 scans, and tested on 4228 scans; [25] was trained on 400 scans and tested on

100 scans; [26] was trained on 1200 scans and tested on 3900 scans. Therefore, direct

comparison should be treated with caution.

2.4.2 Limitations and Future Work

In the current QCD framework, image frames of a cine scan are processed inde-

pendently by the U-nets used in the QCD framework, without exploiting temporal
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information across frames. Given the flexibility of the QCD framework, it is possible

to include RNNs as candidate models in addition to the existing U-nets in the future,

potentially further improving both accuracy and temporal smoothness of segmenta-

tion.

For segmentation quality control, the QCD framework only generates a scalar

value of predicted DSC. It is desirable to extend the DSC prediction into segmenta-

tion quality classification of good and bad quality. In Chapter 3, such classification

of segmentation quality is implemented with a simple thresholding scheme on the

predicted DSC.

In this work, the QCD framework has been applied to delineate aortic sections,

which are circular in shape. To show adaptability to other imaging applications, it

is of high research interest to apply the QCD framework to other imaging techniques

and anatomical structures. To achieve this, the QCD framework is applied in the

subsequent chapters to segment and quality control the detection of the annular-

shaped LV myocardium in CMR native T1 mapping.

2.4.3 Conclusion

In this chapter, a novel quality control-driven segmentation framework comprising of

different neural networks has been presented. In the absence of manual annotations,

the framework exploits differences among candidate segmentations to predict Dice

similarity coefficients, which are then exploited to select the most optimal final seg-

mentation on a per-case basis on-the-fly. Evaluated on a large-scale dataset of aortic

cine images, the framework achieved high accuracy in segmentation, quality scoring,

and lumen area estimation. This paves the way for a fully-automated image analysis

pipeline for reliable extraction of clinical parameters for large-scale clinical studies.

Future work will cover a wider range of applications in multiple organs and imaging

modalities.
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Chapter 3

The QCD Framework for Cardiac
T1 Mapping: Adaptability across
Imaging Techniques and
Anatomical Structures
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3.1 Introduction

CMR is one of the major non-invasive imaging modalities for comprehensive investi-

gation of the heart in current clinical practice. In particular, quantitative T1 mapping

is an emerging CMR technique for advanced myocardial tissue characterisation on a

pixel-by-pixel level [57, 58], and can detect disease beyond conventional CMR meth-

ods, such as late gadolinium enhancement (LGE) imaging. T1 mapping is designated

as one of the six most innovative imaging methods for evaluating patients with heart

failure by the European Society of Cardiology Heart Failure Association [59]. CMR

T1 mapping is increasingly used in large-scale clinical studies [3, 5] to study various

cardiac diseases, including the UK Biobank Imaging Component [3].

In current practice, extraction of useful clinical parameters, such as the average

myocardial T1 value from CMR T1 maps, requires manual segmentation of the left

ventricular (LV) myocardium, which is a tedious, time-consuming and subjective pro-

cess. Thus, developing fully automatic image analysis algorithms, with high efficiency

and reliability, can alleviate the burden for manually processing CMR T1 maps.

3.1.1 Related Work

For cardiac T1 mapping, there is limited published literature on automatic segmen-

tation. A non-machine learning approach was recently proposed for automatic LV

segmentation and regional analysis of myocardial native T1 values [60]. However,

it was developed and validated only on a small cohort of healthy controls (10 sub-

jects), which does not capture the wide range of image variability in larger databases

of normal and pathological cases commonly encountered in real-world clinical prac-

tice. Another approach relied on a fully-convolutional neural network method to

segment T1 weighted images to reconstruct myocardial T1 maps [18]. However, these

two methods had no automatic segmentation quality control. Based on probabilistic

neural networks, an approach was proposed to contour myocardial T1 maps, with

segmentation quality control via an additional convolutional neural network, trained

and tested using 1500 manual annotations of segmentation correctness [43]. However,
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curation for such manual annotations can be time-consuming and labourious, thus

not desirable for large-scale development and evaluation.

3.1.2 Contributions

To promote reliable fully-automated image analysis, I presented a quality control-

driven (QCD) segmentation framework in Chapter 2, for delineating aortic sections

in CMR cine. In this chapter, the QCD framework is applied to left ventricular

segmentation of T1-mapping images, to demonstrate that the framework can be easily

adapted for another imaging technique and another anatomical structure. The novel

contributions of this chapter include the adaptability of the QCD framework to:

1. Segment a substantially different and more complex anatomical structure (the

doughnut-shaped left ventricular myocardium in short-axis), compared to simple

circular cross-sections of the aorta in [48]. This is then generalisable to other

common forms of cardiovascular imaging, such as echocardiography and cardiac

computed tomography, where segmentation of the left ventricular myocardium is

also commonly performed.

2. Tailor to a completely different CMR imaging protocol (quantitative mapping)

from traditional cine imaging in [48], in terms of MR methodology, imaging pa-

rameters, types of artefacts, and clinical purposes.

3. Further validate improvement of segmentation accuracy on-the-fly, selecting the

most optimal LV segmentation from multiple candidates based on predicted ac-

curacy. This concept is novel to automatic segmentation and quality control in

diagnostic imaging, requiring deeper validation for various applications.

4. Include a visualisation tool for segmentation agreement (novel in this work), to

provide visual insights into the traditional “black-box” nature of deep-learning-

based image processing, with traceability into the segmentation quality control

process.
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5. Additionally, we highlight a potential flaw of the Pearson correlation, commonly

used as a metric for segmentation accuracy prediction. The Pearson correlation

between predicted and actual observed DSCs is dependent on the performance of

the segmentation method. It can be paradoxically worse for a better-performing

method, and thus is not always suitable for evaluating quality prediction.
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3.2 Material and Methods

In this section, the origin of the data used in the development and testing of the novel

QCD framework is first described. Then, the methodology is introduced for both the

segmentation component and the quality control component, with segmentation qual-

ity visualisation. Details of implementation and evaluation of the QCD framework

are presented.

3.2.1 Material

The development and testing data comprised of 2383 CMR native (pre-contrast)

T1 maps using the shortened modified Look-Locker inversion recovery (ShMOLLI)

T1-mapping method [61], acquired on both 1.5 and 3 Tesla MRI scanners (Siemens

Avento and Trio, Germany), with a 16 or 32 channel phased-array chest coil, TR/TE

= 201.32/1.07 ms, flip angle = 35 degrees, 107 phase encoding steps, interpolated

voxel size = 0.9× 0.9× 0.8 mm3, for our prior research studies [62, 63, 64, 65, 66, 67,

68, 69, 70, 71, 72, 73, 74, 75, 76, 77]. The original image dimension ranged from 212 to

384 for height and from 196 to 384 for width, prior to the preprocessing step of zero-

padding to 384×384 pixels. All T1 maps were short-axis views of the LV myocardium,

varying from basal to very apical slices, with endo-and epicardial contours manually

segmented. The manual contours served as the ground truth (GT) segmentation for

evaluating automatic segmentation and for deriving the reference DSC to train and

test the automatic segmentation quality predictors. The data were randomly split

into 80% training data, 9% validation data, and 11% testing data.

36



Figure 3.1: Overview of the multiple neural network framework for integrated segmentation and quality control. It follows the
same design presented in Figure 2.1 in Chapter 2, with a new feature for visualising segmentation agreement. For simplicity,
this illustration shows an example of 3 single independent neural networks. (A) A T1 map is analysed by (B) independent
segmentation models to output (C) single-model segmentations. Then, the single model segmentations are passed to a label
voting scheme to generate (D) combined model segmentations. (E) In addition, the agreement of the segmentation can be
visualised. This is a new feature introduced in this chapter. (F) A DSC matrix is generated from both single model and
combined model segmentations for (G) DSC predictions with regression models. (H) The final segmentation is chosen based on
the DSC prediction, and the corresponding predicted DSC is output as (I) the final quality control score.
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3.2.2 Multiple Neural Network Models

The QCD framework uses multiple segmentation models, where each model m ∈ M

generates a segmentation Sm of an input T1 map (Figure 3.1A). Sm is a binary pixel-

classification mask where the LV myocardium is labeled as 1, and other pixels as

0.

There are two types of segmentation models in the framework: single models

(Figure 3.1C) and combined models (Figure 3.1D). For an input T1 map, each single

model, such as a single convolutional neural network, can independently generate a

segmentation (Figure 3.1B). In this work, a range of fully convolutional neural net-

works of different depths, such as U-net 7, U-net 11, and so on, are used to make a

diverse set of candidate segmentations. This is analogous to the spread of expertise

in a multidisciplinary clinical team. Furthermore, these single model segmentations

can also be combined via a label voting scheme [56] to generate additional segmenta-

tion candidates, which we term combined segmentations. All available single model

segmentations, denoted as U, of an input T1 map are summed up in a pixel-wise

fashion, then thresholded by t ∈ {1, 2, . . . , | U |} such that

Ct(i, j) =

{
1, if

∑
U∈U U(i, j) ≥ t

0, otherwise,
(3.1)

where (i, j) is a pixel coordinate in the T1 map, and Ct denotes a combined segmen-

tation generated with a threshold parameter t. This generates | U | (the number of

neural networks used) additional segmentation variants for each input image.

3.2.3 Visualisation of Segmentation Agreement

The agreement of the single neural network model segmentations is visualised by

colour-coding the pixel-wise summation map
∑

U∈U U(i, j) in Eq. 3.1. It highlights

the degree and location of segmentation differences among single neural network mod-

els (Figure 3.1E), and unmasks the “black-box” nature of the deep learning-based seg-

mentation, facilitating transparency of the quality control process in the framework.

38



In addition, as combined segmentations are generated similarly by overlaying the sin-

gle model segmentations pixel-by-pixel, the visualisation also shows the agreement of

the combined segmentations.

3.2.4 Automatic Quality Control of Segmentation

In addition to fully-automatic segmentation, the framework is capable of generating

an inherent quality score of any segmentation Sm produced by a model m ∈ M , in

the absence of the manual ground truth (GT ) segmentation SGT . M denotes all the

available single and combined models in the framework. For any segmentation Sm,

the framework predicts Dice similarity coefficient DSC(Sm, SGT ) as the segmentation

quality score (Figure 3.1G).

The quality scoring exploits the differences in segmentation among all available

candidate segmentation outputs to generate the quality score. The quality scoring

relies on a negative relationship between the segmentation differences and the seg-

mentation quality.

In order to establish this relationship, the differences in segmentation among the

multiple segmentation models, implemented in M , are quantified and compared.

DSC(Sm, Sn) is computed for every pair of distinct models (m,n) ∈ M ×M and

m 6= n. Hence, inter-segmentation Dice similarity coefficients are calculated (Figure

3.1F) from all the available segmentations in the framework for an input T1 map.

Subsequently, for each segmentation model m ∈ M , a quality scoring model is

needed to predict DSC(Sm, SGT ) of any image. The Dice similarity coefficient pre-

diction ̂DSC(Sm, SGT ) is based on multiple linear regression, such that:

̂DSC(Sm, SGT ) = αm +
∑
n∈M

βm,n ·DSC(Sm, Sn), (3.2)

where αm and βm,n are the linear regression parameters, trained individually for each

segmentation model m ∈M using the training data, where the ground truth manual

segmentation SGT is available to compute DSC(Sm, SGT ).
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3.2.5 Quality Control-Driven Segmentation

The availability of quality prediction for each candidate segmentation in the frame-

work enables on-the-fly selection of the final segmentation from all the available seg-

mentations. For a T1 map, the segmentation Sm generated by a model m ∈ M is

automatically assigned a quality score, in the form of a predicted Dice similarity co-

efficient ̂DSC(Sm, SGT ). Assuming that the predicted Dice coefficient (Figure 3.1G)

is accurate, the segmentation Sm with a higher ̂DSC(Sm, SGT ) is expected to achieve

a higher DSC(Sm, SGT ). Hence, the QCD framework selects the segmentation with

the highest quality score maxm∈M ̂DSC(Sm, SGT ) to be the final, most optimal seg-

mentation S∗, for each T1 map (Figure 3.1H). It is expected that this novel QCD

approach can improve the overall segmentation accuracy.

Two additional variants of the QCD segmentation have been considered for com-

parison. The default QCD framework includes both single models and combined

models as candidates. The final segmentation is selected based on the highest pre-

dicted DSC. The first variant (QCD-Lite) is similar to the default QCD framework.

The only difference is that the combined models are excluded from the candidates

for the QCD-Lite. This creates a “lighter” version of the default QCD framework.

The same independently-trained single models from the default QCD are used as can-

didates in the QCD-Lite. The DSC predictors are retrained to accommodate fewer

candidate models. This is a preliminary attempt to assess how the choice of candidate

models impacts on the segmentation performance.

Extending upon the default QCD framework, the second variant (the weighted

average QCD) assigns the corresponding predicted DSC as a weight to each candidate

segmentation. It then outputs a weighted average segmentation as the final output,

instead of selecting only one optimal segmentation. The DSC prediction for the final

segmentation is also a weighted average. This is to explore the possibility of further

improving the QCD framework.

40



Table 3.1: Image quality categories for T1 maps described by expert human operators
Category Description Proportion
Excellent Well-defined borders of myocardium with

good contrast. Typically, mid-ventricular
slice. Easy to contour with high consistency.

5.2%

Good Overall well-defined borders of the my-
ocardium with reasonably good contrast.
Requires some caution when contouring.
Moderately easy to contour, but prone to
higher variability than easy cases.

23.5%

Acceptable Ambiguous borders of the myocardium with
poor contrast. Requires caution when con-
touring. Prone to high variability.

65.3%

Poor Ambiguous borders of the myocardium with
poor contrast. Observable pathologies or
artefacts.

6.0%

3.2.6 Implementation

For the specific implementation of the QCD framework, 6 independent U-nets [17]

were implemented to perform automated LV myocardium segmentation. Each of them

varied in hyper-parameters, such as the number of convolutional layers, pooling layers,

and the number of skip connections. The smallest neural network implemented had

only 7 convolutional layers, and 1 skip connection, while the deepest neural network

had 27 layers and 6 skip connections. Each of the neural networks is referred to by

the number of convolutional layers as follows: U-net 7, U-net 11, and so forth, up to

U-net 27. The wide range in capacity of the networks is intentional to introduce more

diverse variation in segmentation. The neural networks were independently trained,

using the Adam optimiser [78] to minimise the cross-entropy loss in the training data

of CMR T1 maps. The framework was trained and validated on a single desktop

computer using a single NVIDIA Titan X GPU, with 12GB onboard memory and

3072 cores. Each convolutional neural network of the ensemble was independently

trained for 60 epochs.
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3.2.7 Evaluation Methods

For each model m ∈ M , the segmentation performance was evaluated by averaging

DSC(Sm, SGT ) between the automated segmentation Sm and the manual segmenta-

tion SGT of T1 maps in the validation data. The accuracy of the DSC prediction was

also evaluated using the validation data by mean absolute error (MAE) and Pearson

correlation coefficient (r) of the prediction ̂DSC(Sm, SGT ) and the prediction target

DSC(Sm, SGT ) for each model m ∈M .

The DSC prediction was further evaluated for binary classification of good (ob-

served DSC ≥ 0.7) and poor (observed DSC < 0.7) segmentation. The threshold of

0.7 was chosen based on [33]. The binary classification was evaluated according to the

accuracy (TP +TN)/(TP +FP +TN+FN), the true positive rate TP/(TP +FN),

and the false positive rate FP/(FP+TN), where TP , FP , TN , and FN respectively

denote the number of true positive cases (observed DSC ≥ 0.7 and predicted DSC

≥ 0.7), false positive cases (observed DSC < 0.7 and predicted DSC ≥ 0.7), true neg-

ative cases (observed DSC < 0.7 and predicted DSC < 0.7), and false negative cases

(observed DSC ≥ 0.7 and predicted DSC < 0.7). The binary classification can further

demonstrate the practical usage of the DSC prediction in the QCD framework.

The estimated myocardial T1 value, calculated by averaging the T1 values of all

pixels in the myocardium, was identified by the automated method, for each T1 map

in the testing data. Similarly, we established the ground truth T1 value using the

manual segmentation. The T1 estimation was evaluated using mean error, mean

absolute error (MAE), and Pearson correlation (r) between the estimated values and

the ground truth. In addition, the relative errors of T1 were categorised by manual

image quality assessments by a consultant cardiologist (AB), who classified the T1

maps into 4 levels of quality: ‘excellent’, ‘good’, ‘acceptable’, and ‘poor’ (Table 3.1).
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Table 3.2: Segmentation and DSC prediction performance for the QCD and candidate
models.

Segmentation Model Mean DSC (SD) MAE r
U-net 7 0.669 (0.172) 0.031 0.95
U-net 11 0.809 (0.074) 0.037 0.73
U-net 15 0.830 (0.068) 0.038 0.66
U-net 19 0.826 (0.055) 0.038 0.43
U-net 23 0.831 (0.056) 0.038 0.57
U-net 27 0.831 (0.058) 0.040 0.42
Combined Model 1 0.790 (0.077) 0.046 0.60
Combined Model 2 0.837 (0.060) 0.040 0.47
Combined Model 3 0.837 (0.057) 0.038 0.52
Combined Model 4 0.829 (0.058) 0.035 0.73
Combined Model 5 0.809 (0.073) 0.033 0.88
Combined Model 6 0.688 (0.178) 0.034 0.96
QCD 0.851 (0.054) 0.034 0.53
QCD-Lite 0.850 (0.056) 0.034 0.58
Weighted Average QCD 0.823 (0.059) 0.032 0.71

Remarks: SD = standard deviation, MAE = mean absolute error. All Pearson
correlations (r) had p < 0.0005.

3.3 Results

The neural networks were trained on 1906 CMR T1 maps and were subsequently val-

idated and tested on previously unseen data of 477 T1 maps. With a single GPU, the

framework took 15 minutes and 21 seconds (including data I/O time) to segment the

entire dataset of 2383 T1-maps and produce the quality control scores. On average,

one image took 0.39 second to process.

3.3.1 Accuracy of Segmentation

Among the 12 individual segmentation models investigated for the QCD framework,

Combined Model 3 had the highest mean observed DSC of 0.837 (Table 3.2), followed

closely by Combined Model 2 (DSC=0.837), both outperforming the deepest single

neural network U-net 27 (DSC=0.831)
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Figure 3.2: Examples of T1 maps, agreement visualisations, and segmentations. (A-
D) The top row is an example in which there was high agreement among segmentation
models, as shown in (B) the agreement visualisation. Hence, the predicted DSC of
the QCD output (C) was high (0.893), which was consistent with the DSC (0.900).
(E-H) The second row is an example in which there was some disagreement among
the segmentation models, as shown in (F) the agreement visualisation. Hence, the
predicted DSC of the QCD output (G) was low (0.655), which was consistent with the
DSC (0.643). (I-L) The third row is an example in which the agreement visualisation
(J) showed high disagreement among the segmentation models, possibly due to the
heavy wraparound artefact. The predicted DSC was low (0.540) due to the disagree-
ment despite that the DSC was much higher (0.791). In clinical practice, this T1 map
(I) should be treated with caution. Thus, a lower predicted DSC can serve as a useful
alert. (M-P) The last row shows an example in which (P) the deepest single neural
network (U-net 27) falsely classified the breast implant (red arrow in M) as part of
the myocardium. On the other hand, (O) Combined Model 3 produced more robust
segmentation. (Q) is a colour bar which indicates the degree of agreement in the
visualisations, with 1 being the lowest agreement to 6 being the highest agreement.
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Pictorial examples of the T1 maps and their corresponding segmentations can be

seen in Figure 3.2. Specifically, Figure 3.2M-P shows an example that Combined

Model 3 generated more robust segmentation than U-net 27. In this case, U-net 27

misclassified the breast implant (indicated by a red arrow in Figure 3.2M) as the

myocardium. This case demonstrated the advantage of the on-the-fly selection of the

final segmentation combined with the label voting approach, instead of using a fixed

segmentation model or a fixed weighted-average segmentation.

Two sets of example candidate segmentations are shown for an easy, good-quality

T1 map (Figure 3.3) and a difficult T1 map affected by an extracardiac structure

(breast implant) (Figure 3.4). These examples illustrate the agreement among the

candidate segmentations under 2 different scenarios. With a good quality T1 map,

Figure 3.3 shows high agreement among the candidates with high DSCs of ≥ 0.83. In

contrast, Figure 3.4 shows high disagreement, as some of the candidate segmentations

failed differently, including falsely identifying the breast implant as the myocardium,

and failures to segment the whole myocardium. These demonstrate that segmentation

differences from a diverse set of candidates can be exploited to estimate segmentation

quality.
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Figure 3.3: Extended example of Figure 3.2A-D showing high agreement among can-
didate segmentations for a good quality T1 map. The top left image shows the manual
segmentation and the top right image shows the visualisation of the candidate seg-
mentations. The rest shows the candidate segmentations from U-net 7 to U-net 27,
and the combined segmentations (Model 1 – Model 6). All the candidate segmenta-
tions consistently obtained high DSCs of ≥ 0.83, as the good quality T1 map was easy
to segment. Combined Model 3 (in the red box) achieved the highest predicted DSC
(0.89), thus its segmentation was selected as the final output by the QCD framework.
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Figure 3.4: Extended example of Figure 3.2M-P showing poor agreement in the candi-
date segmentation failures of a T1-map affected by an extracardiac structure (breast
implant). The top left image shows the manual segmentation and the top right image
shows the visualisation of the candidate segmentations. The rest shows the candidate
segmentations from U-net 7 to U-net 27, and the combined segmentations (Model
1 – Model 6). When the candidate U-nets failed, they appeared to fail differently,
as demonstrated by U-net 7, 11, 23, and 27, obtaining a DSC of 0.59, 0.68, 0.54,
and 0.49, respectively. U-nets 7 and 11 failed to form an annulus-like myocardial
mask, whereas U-nets 23 and 27 falsely identified the breast implant as part of the
myocardium. Despite the difficulty, U-nets 15 and 19, and Combined Models 3 and
4 successfully segmented the myocardium, with DSCs ≥ 0.77. This illustrates the
importance of including a diverse set of candidate models. Combined Model 3 (in
the red box) achieved the highest predicted DSC (0.80), thus its segmentation was
selected as the final output by the QCD framework.
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Figure 3.5: Pie chart of frequencies of the segmentation models selected for the final
segmentation in the QCD framework. It shows that outputs generated by Combined
Models 2, 3, 4 were most frequently selected as the optimal segmentations, accounting
for more than half of the cases in the validation data. No segmentation generated by
U-net 7 or Combined Model 6 was selected by the QCD framework.

The QCD framework and the QCD-Lite variant further outperformed any indi-

vidual segmentation models and demonstrated the best performance in the LV my-

ocardium segmentation on the validation data, with a DSC value of 0.851 and 0.850,

respectively (Table 3.2). The QCD framework and the QCD-Lite also outperformed

the weighted average QCD variant, which obtained a DSC of 0.823. This demon-

strated the effectiveness of the optimal segmentation model selection with the highest

predicted quality obtained on-the-fly. This is similar to our clinical experience that

averaging may fall short when multiple human analysts have different training and

experiences. The segmentations produced may not form linear relationships. Com-

bined Models 2, 3 and 4 contributed the most to the QCD segmentation, accounting

for more than half of the final segmentation outputs (Figure 3.5).
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3.3.2 Visualisation of Segmentation Agreement

The agreement visualisation of segmentation shows a spatial map of agreement among

the multiple single neural networks. Additional examples of the agreement visuali-

sation can be seen in Figure 3.2. Figure 3.2Q is the colour bar of scale from 1 to

6, indicating the number of single neural networks which identify a particular pixel

as the myocardium, hence showing the extent of agreement among the neural net-

works. Figure 3.2B shows an agreement visualisation with generally high degree of

segmentation agreement across the myocardium segmentation. Thus, the automated

segmentation (Figure 3.2C) was also expected to highly agree with the manual seg-

mentation (Figure 3.2D). Figure 3.2F shows that the neural networks disagreed with

each other mostly at the apical anterior wall. This is the same region where the

automated segmentation (Figure 3.2G) differed from the manual segmentation (Fig-

ure 3.2H). Figure 3.2J shows generally high disagreement among the neural networks

across the myocardium, possibly due to the heavy wraparound artefact in the T1

map (Figure 3.2I). Thus, a low predicted DSC was expected. Figure 3.2N shows a

high disagreement at the breast implant (purple-coloured pixels). These examples

show that the agreement visualisation can highlight the regions where disagreements

happen and provide insights into the quality control of the segmentation process.
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Figure 3.6: The Pearson correlation coefficient is not necessarily an accurate
indicator of quality prediction performance. Scatter plots of the predicted
vs the observed DSCs are shown for: (A) all the candidate segmentations in the
QCD framework, (B) U-net 7, and (C) the final segmentations selected by the QCD
framework. The highest classification accuracy (ACC) of good (observed DSC ≥ 0.7)
and bad (observed DSC < 0.7) segmentations is seen in (C) the final segmentations
selected by the QCD framework (ACC=0.99), compared to (A) all the candidate
segmentations (ACC=0.96) and (B) U-net 7 (ACC=0.94). Although high correlations
were observed for (A) all the candidate segmentations (r = 0.92) and (B) U-net 7 (r =
0.94), a much weaker correlation was obtained for (C) the final QCD segmentations
(r = 0.53), which had a better segmentation performance (observed DSC between
0.59-0.95) and despite having the highest accuracy (ACC=0.99).
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3.3.3 Accuracy of Segmentation Quality Control

The MAEs for the DSC prediction ranged from 0.031 to 0.046, for all implemented

models (Table 3.2), indicating overall good prediction of quality control for all the

candidate segmentations, substantiating the validity of the QCD framework. The

MAE in predicting the DSCs for the QCD framework was 0.034 (Table 3.2).

The Pearson correlation of the predicted DSCs and the observed DSCs was calcu-

lated for each model (Table 3.2), and is often used to assess the performance of

segmentation quality control methods. Figure 3.6A shows high correlation (r =

0.92, p < 0.0005) for the DSC prediction of all the candidate segmentations. This

indicates that the DSC prediction can estimate a wide range of segmentation quality

for all the candidate segmentations. Interestingly, the correlations measured indi-

vidually for the segmentation models (Table 3.2) show that the Pearson correlation

tended to be stronger if the segmentation model performed worse in terms of mean

DSC, and, conversely, weaker if the segmentation model performed better. Figures

3.6B and C explain the relation using the scatter plots of the predicted DSCs and

the observed DSCs for U-net 7 and the QCD final segmentations, respectively. For

the shallowest U-net 7, a strong linear correlation (r = 0.95, p < 0.0005) can be

clearly observed as the data points spread along the identity line from 0.19 to 0.90

(Figure 3.6B). However, for the QCD final segmentations, the Pearson correlation

(r = 0.53, p < 0.0005) of quality control was weak (Table 3.2) despite the high mean

DSC and the low MAE in the DSC prediction, as the data points in the scatter plot

cluster around 0.59 to 0.95 (Figure 3.6C). Therefore, the Pearson correlation is not

necessarily a good metric for evaluating the quality control component in this work,

and may be misleading when the accuracy of the segmentation models is very high.

The DSC prediction in the QCD framework was further evaluated for binary classi-

fication of good (observed DSC ≥ 0.7) and bad (observed DSC < 0.7) segmentations.

The evaluation showed high classification accuracy (ACC) for all the candidate seg-

mentations (ACC=0.96, Figure 3.6A), U-net 7 (ACC=0.94, Figure 3.6B), and the

final segmentations selected by the QCD framework (ACC=0.99, Figure 3.6C). High
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Table 3.3: Agreement of estimated T1 values using the automated QCD segmentation
compared with manual segmentation in the testing data. MAE: mean absolute error

Pearson Correlation Mean Error (SD) MAE (SD)
0.987 (p < 0.0005) -4.6ms (16.7) 11.3ms (13.0)

true positive rates (TPR) were also achieved: 0.99 for all the candidate segmenta-

tions, 0.94 for U-net 7, and 1.00 for the QCD final segmentations. In addition, the

false positive rates (FPR) were reported: 0.25 for all the candidate segmentations,

and 0.04 for U-net 7. Only 3 false positive cases, with high predicted DSCs (≥ 0.7)

but low observed DSCs (< 0.7), were found for the 220 QCD final segmentations.

These results demonstrated that the DSC prediction can differentiate good and poor

segmentations for quality control purpose.

The 3 false positive cases for the QCD segmentations were identified (Figure 3.7).

The automatic segmentations (Figure 3.7A-C) for these cases appeared acceptable

after review for practical use despite having low observed DSCs. The manual seg-

mentation masks (Figure 3.7D-F) were excessively thin, potentially due to attempts

by the human operator to avoid partial volume when myocardial coverage was not

considered critical [65, 24]. This contributed to the low observed DSCs due to little

overlap between the automatic segmentations and the thin manual masks. Despite

the low DSCs, the myocardial T1 values estimated by the QCD agreed with the

manual estimation to within ±6.5%.

3.3.4 T1 Value Estimation

The QCD achieved the highest mean DSC (Table 3.2), and thus was chosen for

estimating the LV myocardium T1 values in the testing data. The result showed a

high degree of agreement for the estimated T1 values between manual and automatic

segmentations, with a mean error of -4.6ms, a mean absolute error (MAE) of 11.3ms,

and a Pearson correlation r = 0.987 (p < 0.0005, Table 3.3).

The Bland-Altman plot (Figure 3.8) showed consistent estimation of the T1 values,

with a 95% confidence interval (CI) from -3.58% to 2.72% for the differences between

52



the automatic and the manual segmentations. There was no apparent correlation

between the T1 estimation error and the average T1, indicating that the error was

not dependent on the T1 value. Further investigation found 11 outlier cases outside

the 95% CI range in the Bland-Altman plot (Figure 3.8), where 7 cases were classified

as ‘poor’ image quality, and 4 were ‘acceptable’.
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Figure 3.7: False positive cases (high predicted DSC but low observed DSC) for
binary classification of the QCD final segmentation quality. The segmentations in
the top row (A, B, C) were output by the QCD framework. These contours appeared
acceptable and had high predicted DSCs (≥ 0.7). The bottom row (D, E, F) shows
the corresponding manual contours, which appeared excessively eroded by the human
operator, a valid approach in some studies aiming to limit partial volume effects. In
these cases, the observed DSC values were “unfairly” low due to the low overlap
between the narrow manual myocardial segmentations and the corresponding QCD
outputs. Despite the low DSCs, the myocardial T1 values estimated by the QCD
segmentations agreed with the manual estimations to within ±6.5%.
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Figure 3.8: Bland-Altman plot of agreement between T1 values estimated using au-
tomated and manual segmentations. Different colours indicate the image quality as
perceived by the expert human operator. Most of the points were in the range of
-3.58% to 2.72% difference. Cases outside of this range were “poor-quality” (7 cases)
and “acceptable” (4 cases).
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3.4 Discussion

The novel real-time QCD approach was successfully applied to CMR T1 mapping

automated image segmentation, with speed, accuracy, reliability, and visualisation

for the purposes of real-world diagnostic medical imaging. This was demonstrated

by the use of the per-case DSC prediction to select the most optimal segmentation

on-the-fly from multiple intermediate candidates. This QCD framework achieved

high agreement in myocardial T1 values between the automated and the manual

segmentations. Furthermore, the fast processing speed of 0.39s/image enables real-

time clinical applications. In addition, the analysis of the Pearson correlation and

the segmentation performance exposed an undesirable dependence between the two,

showing that the Pearson correlation may not always be a suitable evaluation metric

for quality prediction.

3.4.1 Comparisons with Related Work

The QCD framework demonstrated high accuracy in estimating LV myocardial mean

T1 value in CMR images. This framework showed high consistency with manual

estimation of the myocardial T1 value, compared to the inter-observer variability

between two human operators using the same T1-mapping method in [64], which

reported a Pearson correlation of 0.92 with the 95% CI of relative errors ranging from

-4.7% to 3.3%. The QCD framework also showed a higher Pearson correlation at 0.99

(p < 0.0005) for T1 estimation than that reported by [18] (r = 0.72, p < 0.0001)

and by [43] (r = 0.98, p < 0.01). [60] reported a small error in estimating T1 values,

with the mean relative absolute error of 4.6%. However, only 10 healthy subjects

were studied in their work, which may not reflect the adaptability of their method

to the real-world clinical setting where a wide range of pathologies exist. The QCD

framework showed a small mean absolute error (11.3 ms) in estimating myocardial

T1, even smaller than that reported by [43] for the U-net implementation (75.75 ms),

and for the probabilistic network implementation (12.40 ms).
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The QCD framework demonstrated high accuracy in quality control by predicting

the DSC of the segmentation, regardless of the availability of manual segmentation

as the ground truth. We identified existing CMR image segmentation quality control

frameworks for comparison, though it is important to note that the training and

testing data used were different. We achieved low MAE (0.0339) compared with the

RCA quality control frameworks [31, 32, 33], in which the reported prediction MAE

was at least 0.044. A CNN-regression approach [35] also reported a higher MAE

(0.055) in predicting the segmentation of the LV myocardium. The low MAE of the

DSC prediction achieved by the QCD framework also compares favorably with the

dropout-based quality control method [37], which appeared to have a high discrepancy

in predicting DSC. Unlike the QCD framework, the dropout-based approach does not

have the advantage to utilise regression for more accurate DSC prediction, besides

the randomness of output inherent to this approach.

The binary classification of good (observed DSC ≥ 0.7) and poor (observed DSC

< 0.7) segmentations demonstrated a high classification accuracy of 0.96 for all the

candidate segmentations and 0.99 for the final segmentations in the QCD framework.

This is on par with the results (classification accuracy of over 0.95) reported by [33].

The whole framework (both the segmentation and the quality control) is faster

(0.39 s/image) than the RCA framework, which required 11 minutes to process a single

image [33]. Expectedly, the QCD framework, which utilised 6 fully convolutional

neural networks, was slower than the single CNN used in [35], but only by a small

fraction of a second. This demonstrates that the fast processing speed of the QCD

framework permits real-time clinical applications.

3.4.2 Limitations and Future Work

The single final segmentation selection mechanism in the QCD framework is flexible

to include different segmentation methods, and techniques to combine segmentations.

Further research can be done to assess potential benefits of incorporating a more

diverse variety of segmentation methods such as active contour models [55], or multi-

atlas segmentation [79]. The use of different segmentation algorithms can potentially
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further strengthen the reliability of the segmentation and the quality control of the

framework by imposing anatomical constraints used in active contour models or multi-

atlas segmentation. Furthermore, future research can investigate the inclusion of

different techniques to combine single model segmentations, such as by weighted

averaging, as candidates to be chosen as the final output in the QCD framework.

With ever-advancing research in medical image analysis, one of the strongest points

of this framework is that it can incorporate any prior and future classification models

as intermediate solutions, which may further improve both accuracy and reliability of

the overall classification process. In addition, research on better selection and choice

of candidate segmentation algorithms can be beneficial in further optimisation of the

QCD framework.

In this work, I focused on the quality control of automated segmentation, as a first

step towards clinical translation of automated image post-processing. In the future,

we aim to adapt the presented quality control-driven framework to ensure reliability

of the extraction of clinical parameters from multimodal data.

The performance comparisons of the segmentation and the quality control methods

between various publications need to be treated with care due to potentially significant

differences of the datasets. The work presented is a proof-of-principle of the QCD

framework, derived using internal datasets; further training and validation, including

head-to-head comparisons of segmentation and quality control performance, using

large-scale external datasets, such as the UK Biobank, will be beneficial for wider

generalisability, and is future work in the pipeline.

3.4.3 Clinical Impact

Assuming equal variation in the automatic and the manual estimates, the reported

95% CI range here in the Bland-Altman plot (Figure 3.8) is narrower than the 95%

CI (-4.7% to 3.3%) between two human operators processing another T1 mapping

dataset in [64]. The Bland-Altman plot shows a bias of -0.43% (mean error = -4.6

ms; Table 3.3), smaller in magnitude than the reported -0.7% in [64]. Thus, the
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automation can outperform the manual T1 estimation in terms of interobserver vari-

ability. In addition, the mean absolute error of 11.3 ms (Table 3.3) in T1 estimation

was small, within 1 standard deviation from the figure (8.4 ± 6.3 ms) reported in

[24] between two experienced operators processing only good-quality mid-ventricular

T1 maps. With such a small discrepancy, the automation can be deployed reliably

to extract myocardial T1 for clinical research studies. Furthermore, the automatic

T1 estimation obtained a high Pearson correlation coefficient of 0.99 (Table 3.3),

higher than the agreement (Pearson r = 0.92) between two human operators [64].

Such high agreement in estimated T1 values between the automated and the man-

ual segmentations implies that the automated segmentation can minimise the burden

of manual processing and improve time efficiency in both real-time clinical practice

and large-scale research, to consistently extract T1-related clinical parameters at the

level of human operators. For real-time clinical application, the framework could be

integrated into MRI scanners to generate an immediate segmentation after an image

is acquired for instant availability for interpretation. For large-scale clinical research

and trials, the automation of segmentation can reliably process tens of thousands

of datasets, saving labour-intensive processing and costs for processing large-scale

imaging databases.

Across all these applications, there is an added benefit from the highly accurate

quality prediction, which can reduce the effort to manually screen the data for any

suboptimal results. Future work is pending to establish relevant quality thresholds,

to further improve reliability of the automated segmentation to identify error-prone

datasets in large-scale clinical data. This will help improve robustness to detect and

interpret outlier data without excessive workload on human observers to manually

score data quality. With improved quality of clinical parameters and reduction in

errors, it may reduce sample sizes required for expensive clinical studies or trials,

saving resources.
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3.4.4 Conclusion

The QCD framework for automated quality prediction improves the accuracy and

the robustness of the segmentation. The quality control exploits differences among

models to predict each segmentation quality, without the need for manual contour

ground truth. The predicted quality score can also be used for binary classification of

segmentation quality. The selection of the most optimal segmentation is performed

on-the-fly using the quality prediction, and significantly improves the accuracy above

any individual network or their combinations. The proposed segmentation agree-

ment visualisation provides a simple tool to monitor the quality control process. The

validation on the CMR T1 mapping data shows wider adaptability of the frame-

work. The automated estimates of T1 relaxation times showed near-perfect agree-

ment (r = 0.987, p < 0.0005; mean absolute error (MAE) of 11.3ms) with the manual

estimation used in clinical research, with a fast processing speed of 0.39s/image. The

use of the QCD framework could lead to real-time parameter extraction in clinical

practice and automation of labour-intensive tasks in large-scale clinical research and

trials. This can enable clinicians and healthcare personnel to spend more time with

patients rather than performing tedious segmentation and quality control tasks.
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Chapter 4

Generalisability of the QCD
Framework to Large-Scale External
Data for CMR T1 Mapping
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4.1 Introduction

In Chapter 3, I demonstrated that the QCD segmentation framework can robustly de-

lineate the LV myocardium in T1 mapping images available internally in OCMR. The

QCD framework also provides accurate scalar-value prediction of the Dice similarity

coefficient (DSC) to indicate the expected accuracy of segmentation on a per-case

basis. For each given T1 mapping input, the QCD framework selects the optimal fi-

nal segmentation from multiple samples on-the-fly based on the DSC prediction. The

same DSC prediction was further implemented to perform a binary classification of

the segmentation quality based on a pre-defined thresholding scheme. Segmentations

which obtain predicted DSCs above a certain threshold are automatically deemed as

reliable, while those below the threshold may require manual inspection and lead to

further actions. This mechanism is intended to serve as a clear actionable indica-

tor of whether a given segmentation can be used reliably for research and diagnostic

purposes, under varied levels of human attention.

However, there was no guarantee of generalisation when applying to unseen ex-

ternal datasets, as the QCD framework had only been trained, validated, and tested

using the internal OCMR T1 mapping data in Chapter 3. External datasets may

have been acquired with different MRI devices, using different hardware or software

versions, scanning parameter variations and operators that all could impact on the

image characteristics, such as planning, absolute values, noise, etc. Ground truth seg-

mentations for these new data sets may have been performed by different observers

following different guidelines. These differences can potentially undermine both the

automatic segmentation and quality control performance, assessed in reference to the

gold standard. Thus, it is imperative to evaluate the QCD framework on indepen-

dent, unseen large-scale external datasets, such as the UK Biobank, as introduced in

Chapter 1.
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4.1.1 Related Work

As reviewed in Chapter 1, research on automated segmentation methods developed

specifically for CMR T1 mapping has progressed rapidly in the recent years [18, 60,

43]. Two of the methods have shown promise on using neural networks to perform

automated segmentation [18, 43]. Further, segmentation quality control mechanism

can be implemented upon probabilistic networks [42] by using an additional convolu-

tional neural network, based on [80], for quality classification, trained using manual

annotations of segmentation correctness [43]. However, the current state-of-the-art

methods have only used the same datasets randomly split for both development and

testing, thus fall short on capturing the performance under challenges arising from

generalising to other independent large-scale datasets.

Beyond CMR T1 mapping applications, there has been increasing research in-

terest in generalisation of uncertainty estimation methods, which can be used to

quality control automated segmentations for cardiac T1 mapping. A simple evalu-

ation of generalisation for uncertainty estimation could involve testing the method

using unseen datasets from a different domain, for example, images acquired at a

different centre [38, 21]. Another way to evaluate generalisation is to test the method

using unseen datasets generated with different extent of distortion [81], or even out-

of-distribution testing datasets [81, 21, 82, 46]. Compared with other uncertainty

estimation methods, such as Monte Carlo dropout-based Bayesian neural networks

[38], deep ensembles [45] have been shown to have better generalisation performance

[81, 21, 82]. The additional capacity of deep ensembles to cope with broader ranges

of data has been apportioned to the higher diversity in generated predictions [46].

4.1.2 Objectives

In this chapter, the QCD framework, trained using the internal OCMR ShMOLLI

native T1 mapping data in Chapter 3, is evaluated using the external UKBB dataset

as a test of generalisation for both segmentation and quality control components.
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4.2 Material and Methods

4.2.1 Testing Dataset: The UK Biobank T1 Mapping Data

As a part of the UKBB Imaging Component, a total of 2020 ShMOLLI native T1

maps were available. The UKBB T1 maps have been confirmed good image quality

(no more than 1 segment affected by image artefacts) and manual segmentations

annotated by a single image analyst (EL). The observer has more than 15 years

of CMR image analysis experience. The image analyst has not contributed to the

ground truth in development dataset for the QCD framework, which was acquired

and annotated by multiple observers in OCMR until 2017. Thus, the new material is

wholly independent of the validation and testing dataset.

The UKBB material was acquired with different scanning parameters (“Work In

Progress” (WIP) package 780B) at 1.5T (MRI Scanner: Siemens Aera, Germany)

from the OCMR material (WIP 561, 448C, and 1024B) at both 1.5T and 3T, poten-

tially resulting in differences in T1 estimates [61, 4, 43]. The UKBB T1 maps were

acquired with a flip angle of 35 degrees, TR = 2.6 ms, TE = 1.07 ms, GRAPPA

factor = 2, interpolated voxel size of 0.9× 0.9× 0.8 mm3, and a typical field of view

= 360 × 236. Besides the acquisition parameters, the UKBB focused on population

study with mostly healthy subjects while the OCMR focused on clinical scans with

more pathological data, potentially impacting myocardial T1 range and morphology

of the myocardium. These differences between the training material and the evalua-

tion material may typically impact the performance of the automatic segmentation.

Thus, the UKBB material can test the robustness of the QCD framework trained on

the OCMR data.

4.2.2 Trained QCD Framework for Segmentation and Qual-
ity Prediction

The QCD framework (details in Chapter 3) to be evaluated in this chapter has already

been trained on a total of 1906, manually-contoured, ShMOLLI native T1 maps avail-

able internally in OCMR. Similar to Chapter 3, the QCD framework and candidate
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models are evaluated with the ground truth contours to calculate observed DSCs of

the segmentations. Quartiles, lower fences (lower quartile – 1.5 times interquartile

range), and box plots of the observed DSCs are also provided to aid the evaluation.

The observed DSCs are subsequently used as the ground truth to evaluate the DSC

prediction.

4.2.3 Automated Segmentation Quality Classification

Based on the ground truth segmentation quality labels established, an approach sim-

ilar to [31] was employed. To establish the ground truth segmentation quality labels,

the segmentations were classified as follows:

• Good quality: if the observed DSC ≥ 0.8;

• Minor issues: if the observed DSC ≥ 0.6 but < 0.8;

• Major issues: if the observed DSC < 0.6.

In comparison to the single threshold at 0.7 used in Chapter 3, this scheme pro-

vides not only a more stringent standard for “good quality” segmentations, but also

flexibility to evaluate usefulness of segmentations predicted with “minor issues” as

acceptable without manual review.

To detect “good quality” segmentations in the absence of the ground truth, the

DSC prediction can be utilised and extended to a binary classification task, with an

optimal threshold. In this chapter, I established an optimal threshold for predicted

DSC using a receiver operating characteristic (ROC) curve and Youden index.

The established thresholds allow to study how segmentations of varying quality

agree with the manual ground truth in estimating the LV myocardial T1. The seg-

mentation quality classification is evaluated for the following markers of the predictive

properties:

• true positive rate (TPR = TP
TP+FN

)

• false positive rate (FPR = FP
FP+TN

)
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• accuracy (ACC = TP+TN
TP+FP+FN+TN

)

• precision (PRC = TP
TP+FP

)

, in which

• true positive (TP): “good quality” and predicted DSC ≥ the optimal threshold

• true negative (TN): “minor issues” or “major issues” and predicted DSC < the

optimal threshold

• false positive (FP): “minor issues” or “major issues” but predicted DSC ≥ the

optimal threshold

• false negative (FN): “good quality” but predicted DSC < the optimal threshold.

4.2.4 Automated Myocardial T1 Estimation

In this application, the clinical parameter to be extracted is the LV myocardial T1

relaxation time. Therefore, assessing the quality of automated T1 estimations is of

crucial importance in extracting useful clinical parameters. I performed this evalua-

tion by comparing the T1 value extracted using the QCD segmentation (QCD T1)

with the ground truth T1 value extracted using the manual segmentation (manual

T1). This is assessed using a Bland-Altman plot where the x-axis is the ground truth

T1 and the y-axis is (QCD T1 – manual T1) divided by the average of QCD T1 and

manual T1. There are separate Bland-Altman plots for cases with predicted DSC

equal or greater than the optimal threshold and cases with predicted DSC below the

optimal threshold.

67



4.3 Results

4.3.1 Segmentation and Quality Prediction

Table 4.1: Segmentation and DSC prediction performance for the QCD and candidate
models.

Segmentation Model Mean DSC (SD) Median (LQ - UQ) MAE
U-net 7 0.733 (0.084) 0.747 (0.690 - 0.792) 0.026
U-net 11 0.827 (0.055) 0.839 (0.802 - 0.866) 0.029
U-net 15 0.838 (0.050) 0.846 (0.815 - 0.870) 0.030
U-net 19 0.845 (0.055) 0.855 (0.827 - 0.877) 0.032
U-net 23 0.835 (0.065) 0.847 (0.817 - 0.872) 0.035
U-net 27 0.832 (0.074) 0.846 (0.816 - 0.871) 0.033
Combined Model 1 0.774 (0.071) 0.787 (0.747 - 0.817) 0.042
Combined Model 2 0.832 (0.047) 0.838 (0.809 - 0.864) 0.037
Combined Model 3 0.846 (0.044) 0.852 (0.826 - 0.876) 0.032
Combined Model 4 0.854 (0.050) 0.863 (0.836 - 0.884) 0.028
Combined Model 5 0.848 (0.063) 0.863 (0.830 - 0.885) 0.027
Combined Model 6 0.763 (0.099) 0.784 (0.723 - 0.829) 0.036
QCD 0.848 (0.044) 0.854 (0.827 - 0.877) 0.032

Remarks: SD = standard deviation, LQ = lower quartile, UQ = upper quartile,
MAE = mean absolute error

The performance for segmentation and quality control is reported in Table 4.1. The

QCD framework (mean DSC=0.848; median DSC=0.854) obtained good overall seg-

mentation performance following Combined Model 4 (mean DSC=0.854; median

DSC=0.863) and Combined Model 5 (mean DSC=0.848; median DSC=0.863). Al-

though Combined Model 3 had the best overall segmentation performance in Chapter

3, it was outperformed by the QCD segmentation in terms of median DSC (sign test,

p < 0.0005) on the UKBB data. Similarly for the single U-net models, U-net 19

(mean DSC=0.845; median DSC=0.855) obtained the highest mean DSC and me-

dian DSC, outperforming deeper U-net 23 (mean DSC=0.835; median DSC=0.847)

and U-net 27 (mean DSC=0.832; median DSC=0.846), which had better performance

on the validation data in Chapter 3. These demonstrate the change in performance

profiles among candidate models when applying the framework to a new dataset.

For evaluation of quality prediction, mean absolute error (MAE) is reported for each
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Figure 4.1: Segmentation performance is shown for each segmentation model. The
QCD segmentation achieved robust DSC performance with one of the highest for the
lower fence (green line) and the highest for the minimum observed DSC (blue line).

model comparing predicted DSC and observed DSC. All reported mean absolute er-

rors were within 0.042, indicating accurate DSC prediction for all components of the

QCD framework.

Figure 4.1 shows a box plot for each candidate model and the QCD framework.

It was demonstrated that the QCD framework had higher segmentation robustness,

relative to other segmentation candidates. The QCD framework achieved one of the

highest values for the lower fence of observed DSC. Further, it achieved the highest

value for the minimum observed DSC at 0.550, demonstrating excellent segmentation

robustness.
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4.3.2 Segmentation Quality Classification Using DSC Pre-
diction

Figure 4.2: Receiver operating characteristic (ROC) for predicted DSC ability to
detect good quality cases (observed DSC≥ 0.8). Area under the curve (AUC) is 0.824.
The maximum Youden index (J=0.534, red dash line, corresponding to predicted
DSC threshold of 0.866) indicates an optimal exchange between specificity of 0.709
and sensitivity of 0.826.
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Figure 4.3: A scatter plot (left) of predicted DSC (x-axis) and observed DSC (y-axis)
for the QCD framework tested in the independent material of 2020 UK Biobank T1
maps. 3 segmentations with “major issues” are marked as red. A horizontal black
line and a vertical black line respectively denote the observed DSC threshold (0.8)
and the predicted DSC threshold (0.866) for segmentation quality classification. The
table (right) summarises the statistics of the quality classification results.

The ROC curve (Figure 4.2) shows the performance of the DSC prediction in the

QCD framework to detect “good quality” segmentations (observed DSC≥ 0.8) in

the UK Biobank material. The area under the curve (AUC) is 0.824 (p < 0.0005),

indicating good performance for the detection task. The maximum Youden index

(J=0.534) is shown as the red dash line in Figure 4.2 to indicate the optimal predicted

DSC threshold at 0.866 (the green dot in Figure 4.2) for detecting “good quality”

segmentations, with sensitivity of 82.6% and specificity of 70.9%.

The optimal threshold of 0.866 on predicted DSC was subsequently used to per-

form automatic binary classification of segmentation quality to detect “good quality”

segmentations (observed DSC ≥ 0.8). A scatter plot (Figure 4.3 left) shows predicted

DSC as the x-axis and observed DSC as the y-axis, with a vertical black line and a

horizontal black line respectively denoting the predicted DSC threshold (0.866) and
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the observed DSC threshold (0.8). The binary classification results are shown in the

table (Figure 4.3 right). There were 1484 true positive cases, accounting for the ma-

jority (73.5%) of all segmentations. There were only 65 false positive cases, accounting

for 3.2% of all segmentations. None of the false positive cases had “major issues” (i.e.

observed DSC < 0.6), thus all false positive segmentations obtained observed DSCs

above 0.6. False negative cases accounted for 15.5% (313 cases) of all segmentations.

There were 158 true negative cases (7.8%), of which 155 segmentations (7.7%) were

“minor issues” and only 3 (0.1%) had “major issues”. Overall, the majority (76.7%)

of the QCD segmentations were predicted “good quality”, while less than 25% of

them may require visual inspection by expert image analysts.

The segmentation quality classification was evaluated using classification metrics.

The true positive rate (TPR) shows that 82.6% of the good quality cases were cor-

rectly detected. False positive rate (FPR) shows that 29.1% of the minor or major

issues cases obtained predicted DSC ≥ 0.866, thus being falsely classified as positive

by the automatic quality control. An accuracy (ACC) of 81.3% indicates that the

majority of cases were correctly classified. For segmentations being classified as posi-

tive (predicted DSC ≥ 0.866), the precision of 95.8% shows that almost all these were

actually good quality, having observed DSC ≥ 0.8. Thus, the QCD framework was

successful in detecting truly good quality segmentations.
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Figure 4.4: Examples for segmentation quality classification. 5 cases are shown having
T1 maps overlaid with automatic QCD contours (A-E) and manual contours (F-J).
The mean myocardial T1 value is also shown for each segmentation.
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Five selected segmentation examples are shown in Figure 4.4 to illustrate different

classification categories in the scatter plot in Fig. 4.3. Fig. 4.4A is a true positive

QCD segmentation with a high predicted DSC of 0.89 and a high observed DSC of

0.93. Not only did the segmentation highly resemble the manually annotated mask

(Figure 4.4B), but the average myocardial T1 value estimated (922.4 ms) also agreed

closely with the manual ground truth (922.0 ms).

Figure 4.4C is a false positive QCD segmentation with a high predicted DSC of

0.89 but a low observed DSC of 0.75. This QCD segmentation appears acceptable

after manually reviewing. Similar to the examples shown in Figure 3.7 in Chapter 3,

the low observed DSC was due to the narrow manual mask (Figure 4.4D). Despite

the low observed DSC, the T1 value estimated (964.3 ms) still agreed closely with

the ground truth (960.3 ms).

Figure 4.4E is a false negative case, with a low predicted DSC of 0.74 but a

high observed DSC of 0.85. The QCD segmentation appeared acceptable and mostly

resembled the corresponding manual ground truth (Figure 4.4F), with high agreement

on T1 estimation (the QCD-estimated T1 = 897.3 ms; manually estimated T1 = 900.7

ms). An extended information on this example is provided in Figure 4.5, which shows

high disagreement among candidate segmentations, thus obtaining a low predicted

DSC, discussed further below.

Figure 4.4G is a true negative case, with a low predicted DSC of 0.82 and a

low observed DSC of 0.78 (minor issues). The QCD segmentation had noticeable

differences compared to the manual ground truth Figure 4.4H, yet having very little

difference in T1 estimation (QCD-estimated T1 = 909.4 ms; manually estimated T1

= 907.3 ms).

Figure 4.4I is a true negative case, with a low predicted DSC of 0.54 and a low

observed DSC of 0.55 (major issues). The QCD segmentation failed to segment

half of the myocardium, compared to the manual ground truth (Figure 4.4J). The

T1 estimation difference (QCD-estimated T1 = 997.8ms; manually estimated T1 =

974.2ms) is relatively high compared to the previous cases. There are just three

examples of such severe mis segmentation and will be discussed further below.
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Figure 4.5: Extended example of the false negative case in Fig. 4.4C showing the
manual segmentation (A), candidate segmentations (B-M) with the corresponding
predicted DSCs and observed DSCs. Among all candidate segmentations, only the
segmentation generated by U-net 15 (D) was able to achieve a high observed DSC of
0.85 (good quality), successfully chosen by the QCD framework as the final optimal
segmentation based on the DSC prediction. However, a low predicted DSC of 0.74
was obtained, below the predicted DSC threshold of 0.866, due to high disagreement
in segmentation between U-net 15 and other candidate models.
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Figure 4.5 shows an extended example of Figure 4.4C to demonstrate that high

disagreement among candidate segmentations that lead to underestimation in DSC

prediction. Despite the U-net 15 (Figure 4.5D) having high resemblance (observed

DSC=0.85) to the manual ground truth (Figure 4.5A), it was predicted as low DSC

(0.74) and subsequently classified as suboptimal quality. This was potentially due to

the extra-cardiac structures (stomach, as pointed by the red arrows in Figure 4.5AG)

affecting the automatic segmentation. The high disagreement among the candidate

segmentations led to underestimation in DSC prediction for most candidate models.

Only U-net 23 (Figure 4.5F), U-net 27 (Figure 4.5G), and Combined Model 6 had

overestimated predicted DSC, still within a reasonable range (≤ 0.05) which would

not affect segmentation quality classification. Furthermore, what mattered was that

the failures were very discordant in appearance, including Combined Model 4 and

Combined Model 5, which otherwise were the best overall segmentation performers

(Table 4.1). This example highlights the possibility that the best overall segmentation

models can fail. This is consistent with the observation in the DSC box plots (Figure

4.1), in which Combined Model 4 and Combined Model 5 exhibited long low tails of

outliers. In contrast, the QCD framework demonstrated robustness, with a higher

tail of outliers in Figure 4.1. In the case of Figure 4.5, it is reassuring that the QCD

chose the best option (U-net 15).

Figure 4.6 details all 3 true negative ”major issues” cases shown as red data points

in Figure 4.3. The QCD segmentations (Figure 4.6A-C) and manual segmentations

(Figure 4.6D-F), with the corresponding predicted DSCs (< 0.866) and observed

DSCs (< 0.6), are displayed. In Figure 4.6A-B, 2 QCD segmentations which failed

to segment significant proportions of LV myocardium, compared to the extent iden-

tified correctly in the corresponding manual segmentations (Figure 4.6D-E). These

failures are possibly due to the unusual rotation angle of the field of view of the T1

map. Another QCD segmentation (Figure 4.6C) of an apical slice is shown with the

corresponding manual segmentation (Figure 4.6F). In this case, the predicted quality

score seemed correct, as the QCD segmentation seemed acceptable on review. The
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Figure 4.6: T1 maps with overlaid segmentation results for the three true negative
“major issues”: QCD segmentations (A-C) and manual segmentations (D-F), with
the corresponding predicted DSCs (< 0.866) and observed DSCs (< 0.6).

observed DSC of 0.56 was low, which was due to the excessively thin manual segmen-

tation mask, and this example can thus be attributed to large interobserver variability

in contour placement.

To summarise, the quality prediction and classification components of the QCD

framework showed very good performance. The DSC prediction achieved low mean

absolute errors below 0.042 for all the segmentation models. It can be extended to

quality classification with an optimal threshold at 0.866, derived using the Youden

index. The quality classification detected “good quality” segmentations with high

precision of over 95%, and saved over 70% of the manual effort to review the segmen-

tations. Most importantly, the quality segmentation flagged up all “major issues”

cases, which had high disagreement in the LV myocardial T1 estimation when com-

pared with the manual ground truth.
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4.3.3 Myocardial T1 Estimation

Figure 4.7 provides two Bland-Altman plots showing the average T1 value between

the QCD framework and the manual ground truth (x-axis) versus T1 estimation

difference (y-axis). Fig. 4.7A summarises 1549 cases with predicted DSC ≥ 0.866,

both “good quality” (green) and “minor issues” (purple) cases having T1 estimation

differences within ±5%. The 95% confidence interval (CI) of the mean T1 estimation

difference ranged from -0.90% to 1.93%. Fig. 4.7B shows 471 cases with predicted

DSC < 0.866, where 95% CI of mean T1 estimation difference ranged from -1.75% to

4.64%. The t-test showed that the means in (A) and in (B) were significantly different

(p < 0.0005). All “good quality” cases (blue) obtained T1 estimation differences

within ±5%, whereas the T1 differences for 18 of the “minor issues” cases (yellow)

and 1 of the “major issues” cases (red) were outside the ±5% error relative to the

ground truth. Therefore, the segmentation classification with the predicted DSC

threshold of 0.866 successfully avoided cases with high disagreement in T1 estimation

compared to the manual ground truth.

The distributions of T1 estimation differences are shown in Figure 4.8 for different

quality classification results, with the dashed lines showing the means of T1 estimation

differences. The one-way analysis of variance (ANOVA) showed that at least two of

the fives means were significantly different, with p < 0.0005. The post hoc Tukey’s

test showed that only two pairs – false positive and false negative; true negative

(minor issues) and true negative (major issues) – failed to reject the null hypothesis

with adjusted p > 0.05.
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Figure 4.7: Bland-Altman plots showing ground truth T1 value (x-axis) versus T1 estimation difference (y-axis) between the
QCD framework and the manual ground truth. (A) For 1549 cases with predicted DSC ≥ 0.866, both “good quality” (green)
and “minor issues” (purple) cases were within ±5% for T1 estimation difference. Approximately 95% of the cases obtained T1
estimation difference from -0.90% to 1.93%. (B) For 471 cases with predicted DSC < 0.866, approximately 95% of the cases
obtained T1 estimation difference from -1.75% to 4.64%. All “good quality” cases (blue) were within ±5% difference, while 18
“minor issues” cases (yellow) and 1 “major issues” case (red) were outside ±5% difference.
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Figure 4.8: Violin plots showing the distribution of T1 estimation differences per
quality classification result in the Bland-Altman plots (Figure 4.7). The dashed lines
show the means of estimation differences.
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4.4 Discussion

The QCD framework, trained internally on OCMR data, was successfully deployed to

a large-scale external testing dataset of 2020 ShMOLLI native T1 maps, available from

the UK Biobank. The QCD framework achieved excellent performance for automated

segmentation, quality prediction and classification. The quality classification of “good

quality” QCD segmentations achieved high precision and high recall, with an optimal

threshold established on predicted Dice similarity coefficient. For QCD segmentations

with high predicted DSC (≥ 0.866), the estimated myocardial T1 values were in high

agreement with the manual ground truth.

4.4.1 Segmentation Performance

Compared with the performance in Chapter 3, there were noticeable differences in

the ranking of the segmentation performance for the candidate models. The ranking

of Combined Model 3 moved from the 1st place in Chapter 3, to the 3rd place in this

chapter in terms of mean DSC among candidate segmentation models. In contrast,

Combined Models 4 and 5 moved up to the top 2 in this chapter, albeit they did not

make it to the top 5 in Chapter 3. These shifts in segmentation performance may be

due to differences between the internal OCMR data and the external UKBB data, as

described in Section 4.2.1.

The QCD framework was robust in maintaining the excellent segmentation per-

formance. In both Chapter 3 and this chapter, the QCD segmentation achieved a

high mean DSC of ≥ 0.848. Even though the QCD segmentation was outperformed

by Combined Models 4 and 5 in this chapter, it was the only robust contender having

achieved top 3 positions in both Chapters 3 and 4. This highlights the flexibility with

which the QCD segmentation is able to maintain robust performance across varied

datasets acquired using different CMR scanners at different imaging centres, and ap-

pears to be more reliable as a general approach to automatically segment previously

unseen datasets.
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4.4.2 Segmentation Quality Control

The QCD framework has demonstrated good performance for segmentation quality

classification, with high accuracy of over 80%. For segmentations with predicted

DSC of at least 0.866, excellent precision of over 95% has been achieved, implying

that almost all the positive cases predicted by the QCD framework were truly good

quality. Even though there were false positive cases, they only accounted for less than

4% of all the positive cases. Furthermore, it was demonstrated that false positive

cases still had excellent agreement with the ground truth in estimating myocardial

T1 within ±5% difference, despite the observed DSC being below 0.8. Therefore, the

myocardial T1 values estimated from all the positive cases predicted by the QCD

framework could be reliably used for clinical studies. As the positive cases accounted

for more than 70% of all the segmentations, potentially more than 70% of the manual

effort to curate good quality segmentations could be saved with the QCD framework.

4.4.3 Comparison with Related Work

Compared to existing automated processing methods of CMR T1 mapping [18, 60, 43],

the QCD framework is the only method which has been thoroughly tested with a large-

scale external dataset, available from the UKBB. It maintained high segmentation

performance, on par with these methods [18, 43], which reported mean Dice similarity

coefficient (DSC) of 0.84-0.85 for the LV myocardium segmentation. Furthermore, the

QCD framework maintained excellent accuracy in estimating LV myocardial mean

T1 value even for an external testing dataset. The QCD framework showed a high

Pearson correlation (r) of T1 estimation, on par with r=0.98 reported in [43], higher

than r = 0.72 in [18].

When it comes to segmentation quality prediction, the QCD framework uses a

different approach than the most recent method for CMR T1 mapping [43], which

employed an additional convolutional neural network to learn manual annotations of

segmentation correctness. Curating such manual annotations can be time-consuming

and laborious, in addition to manual contouring required to train the segmentation
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component. In contrast, the QCD framework does not need any additional manual

annotations of segmentation quality to train the DSC prediction for quality control.

Thus, the QCD framework can be implemented in shorter time frame with lower

manual labour cost compared to [43]. This is especially important when retraining

is required for fine-tuning or extending to other clinical datasets, quality metrics, or

applications. The QCD framework has an advantage over [43] in this regard.

With the quality classification, the segmentations with high DSCs (≥ 0.866) can

provide highly accurate T1 estimation in high agreement with the manual ground

truth, achieving a near-perfect Pearson correlation coefficient of 0.97, higher than

the reported Pearson correlation coefficient of 0.92 between two human operators

processing a different dataset of T1 maps [64]. The Bland-Altman plot (Figure 4.7A)

shows a narrow 95% CI from -0.90% to 1.93% for T1 estimation difference with

the manual ground truth, outperforming the human interobserver variability with

95% CI from -4.7% to 3.3% [64]. Thus, the automatic QCD framework can perform

more consistent T1 estimation than human operators in terms of variability. For

segmentations with low DSCs (< 0.866), the Bland-Altman plot (Figure 4.7B) shows

a wider 95% CI from -1.75% to 4.64%, compared to Figure 4.7A. Therefore, the

quality control component plays an important role to reduce variability and filter out

potentially inaccurate results for reliable clinical parameter extraction.

4.4.4 Clinical Impact

The segmentation quality classification was successfully applied on a large-scale ex-

ternal dataset to detect good quality segmentations with high precision of and high

recall. This helps address not only the problem of time-consuming manual segmenta-

tion, but also the problem of also time-consuming manual inspection of segmentation

on a per-case basis. For this external testing dataset of 2020 T1 maps, the segmenta-

tion quality classification indicated that over 70% of the segmentations are excellent

quality with no perceivable impact on the target overall T1 estimates, and thus do not

require further manual inspection before use. Less than 30% of contours have been

flagged for manual inspection. Currently, the QCD framework is the only automated
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segmentation method for CMR T1 mapping which has successfully demonstrated

robust generalisability to a large-scale external testing dataset. This serves as re-

assurance that the framework can scale up to larger data using compatible CMR

mapping technology.

The high agreement in T1 estimation between the QCD segmentations, predicted

as good quality, and the manual ground truth demonstrates that the QCD frame-

work can be used reliably in processing clinical T1 maps with high accuracy. This is

evidenced by the high Pearson correlation of 0.97, and the low mean relative error

of 0.51% (SD=0.72). With improved quality of clinical parameters and reduction

in errors, it may reduce sample sizes required for expensive clinical studies or trials,

saving resources. In practical terms, this means large-scale datasets can be processed

efficiently with reduced burden on manual processing, subject to power calculations.

Extrapolating to the cohort of 100,000 cases for the UK Biobank imaging compo-

nent, about 70,000 segmentations judged by the QCD to be high quality can be used

immediately for most analysis, such as establishing reference ranges for healthy sub-

jects, without the need of manual inspection. For studying rare conditions, manual

contouring of 30,000 cases with potential failures in automatic segmentation may be

necessary. To alleviate the burden of manually processing 30,000 T1 maps, it is possi-

ble to train an additional QCD framework specifically for these data. It is estimated

that 2000 manually contoured T1 maps may be required for the training, similar to

the amount of the training data used in Chapter 3. For a single observer, this may

take about 2 months to complete the data curation, assuming that a single analyst

takes 10 minutes to contour a single T1 map and works 40 hours a week. Once

trained, the remaining 28,000 T1 maps can be automatically contoured in about 3

hours. With an assumed success rate of 70%, a total of 21,600 automatic and manual

segmentations could be curated in about 2 months. Otherwise, manual contouring for

the same amount of T1 maps would require at least 20 months of full-time analysis,

without the additional QCD framework.
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4.4.5 Limitations and Future Work

Given the flexibility of the QCD framework, prediction of different segmentation qual-

ity metrics such as DSC, Hausdorff distance can be implemented by exploiting the

candidate segmentation agreement. In this thesis, only DSC prediction has been im-

plemented for the quality control component, since it has been widely implemented

in the state-of-the-art segmentation quality control methods such as [35, 38]. Imple-

menting prediction of other segmentation quality metrics, such as Hausdorff distance,

may allow further customisation for specific applications as well as improve the accu-

racy of quality classification.

Comparison with the state-of-the-art methods is limited as the testing datasets

used are different. Even though [43] had also processed the ShMOLLI native T1

maps from the UK Biobank, it is still difficult to compare the results directly, as

the cases selected for testing are likely different. It will be beneficial to have a large-

scale common testing dataset available publicly for a head-to-head comparison among

various state-of-the-art methods.

In this chapter, the segmentation quality classification has only been validated

quantitatively against the observed DSC, which is the degree of overlap calculated

between the automatic and the manual segmentations, but has not been evaluated

qualitatively by a human observer. DSC prediction alone may not capture the full

spectrum of criteria necessary to meet clinical requirements. For example, DSC met-

rics could be insensitive to a few misplaced pixels outside the structure of interest,

which may not be considered acceptable in certain clinical cases. Therefore, it is

beneficial to have an expert image analyst to validate the QCD framework for quality

assurance. In Chapter 5, the QCD framework would be evaluated against manual

scoring of segmentation quality by a human assessor.

4.4.6 Conclusion

The QCD framework for automated segmentation and quality prediction proved ro-

bust and accurate when applied to a large-scale independent unseen testing dataset
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available from the UK Biobank. The results demonstrated the generalisability, flex-

ibility and consistency of the QCD framework, compared to candidate networks in

segmenting varied datasets.

I have shown that the predicted quality score can also be reliably used for binary

classification of segmentation quality by finding the optimal threshold. The segmen-

tation quality classification detects good quality segmentation with high precision of

95.8% and high recall of 82.6%. With the quality classification in place, 70% of the

QCD segmentations achieved a high mean DSC of 0.859 and near-perfect Pearson cor-

relation of 0.97 in estimating the LV myocardial T1 compared to the manual ground

truth. Only 30% of the segmentations required manual reviews or corrections.

With a processing speed of 0.39 second per input image estimated in Chapter 3,

the use of the QCD framework could lead to real-time parameter extraction in clinical

practice and automation of labuor-intensive tasks in large-scale clinical research and

trials. This can enable clinicians and healthcare personnel to spend more time with

patients rather than performing tedious segmentation and quality control tasks.
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Chapter 5

Generalisability of the QCD
Framework to CMR T1 Maps with
Suboptimal Image Quality: a
Visual Assessment
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5.1 Introduction

In Chapter 4, the QCD framework, which was trained using internal OCMR datasets,

has demonstrated excellent generalisability to the previously unseen external UKBB

dataset of 2020 T1 maps. Firstly, the QCD framework achieved excellent DSC per-

formance (median of over 0.85) and the highest value for the minimum DSC (0.55),

compared with candidate models, demonstrating robustness to outliers. Secondly,

the quality control component demonstrated excellent results with a MAE ≤ 0.042.

Thirdly, the segmentation quality classification obtained a high precision of 95.8%

and high recall of 82.6%.

However, the QCD segmentation and quality control have only been evaluated

quantitatively against the manual ground truth by measuring DSC (degree of over-

lap between the 2 contours), but without visual assessment by a human operator.

As shown in Chapter 4 Figure 4.4C and D, evaluation against manual contours us-

ing the DSC alone may not always accurately reflect the quality of the automatic

segmentations, as the manual contours are subject to interobserver variability even

for very experienced operators. Furthermore, quantitative evaluation metrics such as

DSC may not measure all aspects of segmentation quality, such as topology of the

segmentation [22]. For example, it is still possible for an automatic segmentation to

have a false topology despite having achieved a high DSC. Thus, it is desirable to

verify whether the automatic QCD segmentations meet other metrics of quality. This

can be carried out by expert image analysts to visually evaluate the segmentation

quality. Further, the human visual assessment can be used as a reference to evaluate

the performance of the quality control component of the QCD framework.

5.1.1 Related Work

Among automatic segmentation methods proposed for CMR T1 mapping [60, 18,

43], only [43] reported visual assessment of segmentation quality. 1500 automatic

segmentations were annotated manually for segmentation correctness to develop and

evaluate the quality control component [43].
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For CMR cine imaging, a number of publications reported various approaches

for visual assessment of automated segmentation quality [25, 22, 26, 33]. Examples

include manual annotation of segmentation failures [22, 26], a side-by-side comparison

of automatic and manual segmentations [25], and subjective scoring of segmentation

quality [33].

Similar to some of the automated segmentation methods for CMR cines [26, 33],

there is no ground truth segmentation available for the data considered in this chapter,

for quantitative evaluation. Thus, it makes practical sense to perform post-hoc visual

inspection and manual scoring of segmentation quality.

5.1.2 Objectives

In this chapter, the automatic QCD segmentation was evaluated qualitatively on T1

mapping images available from the UKBB, not used in previous chapters. Manual

scoring on segmentation was carried out by an expert observer (SKP) with over 10

years of experience in T1 map analysis. The quality control component (both the

DSC prediction and the binary quality classification) of the framework was compared

against the manual scores as part of this qualitative evaluation.
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5.2 Material and Methods

5.2.1 The UKBB T1 Mapping Dataset

In this chapter, 2266 ShMOLLI native T1 mapping images, acquired for the UKBB,

were used as testing data. In contrast to the 2020 T1 maps used in Chapter 4,

these data were considered to have suboptimal image quality, with image artefacts

affecting more than 1 segment, previously already annotated by another independent

experienced image analyst (EL) (see Table 5.1). Given the presence of artefacts, the

image analyst (EL) only inserted rough semi-automatically initialised “place-holder”

contours to indicate the approximate location of the LV, but did not fine tune to

provide gold-standard ground truth. A representative example is shown in Figure

5.1A, in which the contours were not refined to the gold standard, in contrast to the

high-quality contours in Chapter 4, as shown in Figure 5.1B. These were different from

the high-quality manual contours available in Chapter 4. Thus, in this dataset with

suboptimal image quality, it is more appropriate to first deploy the QCD framework

to place automatic contours with subsequent human visual assessment of contour

quality, rather than to evaluate the automatic contours against these sub-standard

manual “place-holder” contours.

5.2.2 The QCD Framework

The same QCD framework, trained in Chapter 3 and evaluated quantitatively for

agreement with human contours in Chapter 4, was used for image post-processing in

this chapter.

5.2.3 Manual Scoring of Segmentation

The 2266 QCD T1-map segmentations were presented sequentially in a randomised

order to an expert image analyst (SKP) via a dedicated software graphical user inter-

face (GUI, Figure 5.2), which I developed in-house using TkInter1 in Python 3. The

GUI displays automatic contours overlaid with the corresponding T1 map in grey

1https://wiki.python.org/moin/TkInter
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Table 5.1: Factors for rejection of a myocardial segment in T1 map image quality
scoring.

Factors for Rejection of a Myocardial Segment in T1 Map Image
Quality Scoring
Likely Pathology

Poor planning (Slice level is incorrect, LVOT seen, Apex low, etc.)

Motion (Breathing or Cardiac) artefacts

Mistrigerring

Image Acquisition and Reconstruction (SSFP, phase vortex, fat-water inter-
face, wrap-around, fat partial volume) artefacts

Unidentified artefacts

Figure 5.1: Two representative examples of manual contours for (A) Chapter 5, in
which the initial semi-automatic contours were not refined to the gold standard, and
(B) Chapter 4, in which high-quality manual contours were available.
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Figure 5.2: Graphical user interface (GUI) displaying a QCD segmentation overlaid
onto a T1 map (left), with a slider bar for quality scoring (right). The GUI was
developed in-house using TkInter in Python 3.

scale, with a sliding bar on the right-hand side for segmentation quality scoring. An

optional text box is available for remarks. Data are saved with a press of the “Enter”

key after which next image is presented. Buttons are available as additional means

of navigation between images.

The operator was required to use the vertical scoring bar to express their confi-

dence in the accuracy of the automatic contours. The scale of confidence ranges from

0 (the lowest confidence) to 100 (the highest confidence), based on the segmentation

location, the shape of the segmentation, and the extent of potential manual correction

required. A perfect segmentation is expected to delineate the LV myocardium accu-
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Table 5.2: Guideline descriptions for different manual scoring ranges.
Score Guideline description
90 to 100 Perfect segmentation
80 to 89 Near-perfect segmentation; slight retouch is optional
70 to 79 Small retouch is required at one segment
60 to 69 > 1 segment but less than half of the myocardium requires retouching
50 to 59 About half of the myocardium requires retouching
40 to 49 About half of the myocardium requires redrawing
30 to 39 Most of the myocardium requires redrawing
20 to 29 Unusable segmentation; only some overlap with the myocardium
10 to 19 Completely wrong segmentation placement or shape
0 to 9 No segmentation at myocardium

rately, without including the papillary muscles, the blood pool, or any extra-cardiac

structures. Such segmentation can be used reliably for clinical studies without any

manual retouching. The scoring criteria are listed in Table 5.2, with 10 bands: 0 to

9, 10 to 19, 20 to 29, and so on.

Within the material, a random sample consisting of 227 segmentations was pre-

sented to the observer twice, to allow evaluation of intra-observer variability. Pearson

correlation (r) and intraclass consistency coefficient (ICC; two-way mixed model)

were reported to show whether the repeated scores were consistent. Statistics on ab-

solute differences between the repeated scores were also reported. For the purpose of

further analysis, the average values between repeated assessments were used, instead

of having two scores for the same segmentation.

5.2.4 Segmentation Quality Classification

The DSC prediction in the QCD framework was extended to segmentation quality

classification, similar to Chapters 3 and 4. The manual quality scoring was used

as the ground truth quality using two thresholds (80 and 60) to classify automatic

segmentations which require varying levels of attention from human operators. A

manual score of 80 or above served to indicate a good quality segmentation which

does not require manual correction, while a score of below 80 but 60 or above indi-

cated that manual retouching is required for the segmentation. A score of below 60
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served to exclude segmentations perceived as completely incorrect or requiring major

manual corrections. For each manual score threshold, an optimal threshold for the

predicted DSC had to be chosen using the maximum Youden index on a receiver op-

erating characteristic (ROC) curve. Similar to Chapters 3 and 4, further evaluation

was performed using binary classification metrics, such as accuracy (ACC), precision

(PRC), and recall (REC).
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5.3 Results

5.3.1 Manual Scoring of Segmentation

Figure 5.3: Representative examples for different manual score ranges (indicated in
blue boxes). As no segmentation has been scored under 10, there is no example for
manual score in 0 to 9.
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Figure 5.4: Intra-observer variability for manual quality scoring in a selection of 227
repeated T1-map segmentations assessed by a single observer. A scatter plot (left)
shows a very good Pearson correlation (r = 0.87, p < 0.0005) of the repeated scoring.
A box plot (right) shows that the median absolute difference is just 3 on a 100-point
scale.

A total of 12 hours and 39 minutes were used to annotate the segmentation quality

by a single analyst according to the guidelines described in Table 5.2. Representative

examples are shown in Figure 5.3 for different manual scoring ranges: 90 to 100, 80

to 89, 70 to 79 and so on. Since no QCD segmentation was scored under 10, there is

no example found for manual scoring range 0 to 9.

The left panel in Figure 5.4 shows a scatter plot (left), in which the pair-wise

repeated scores show excellent linear correlation (r = 0.87, p < 0.0005). The right

panel in Figure 5.4 summarises the distribution of absolute differences between the

pair-wise repeated scores, characterised by a small median difference (3). The con-

sistency measured by ICC (two-way mixed model; average measures) was very high

at 0.930 (p < 0.0005), and the ICC for absolute agreement was also very high at
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Figure 5.5: Visual assessments of contour quality (x-axis) show clear but non-linear
association to the predicted DSCs (y-axis).

0.926 (p < 0.0005). These results demonstrate that the manual segmentation quality

scoring by the human analyst was consistent for the repeated cases, and thus can be

relied upon to evaluate the QCD quality predictors.

The predicted DSC was correlated with the manual scores of segmentation quality

as shown in Figure 5.5, with a Pearson correlation of 0.686 (p < 0.0005). Hence, the

DSC prediction generally agreed with the opinions of the expert image analyst in

quantifying segmentation quality, even though the predicted DSCs and the manual

scores reflected different aspects of segmentation quality.

The DSC prediction was evaluated for its predictive value to detect selected thresh-

98



olds of manual scoring for segmentation quality classification. Two manual score

thresholds of 80 and 60 were considered. The ROC curve in Figure 5.6A shows that

the DSC prediction could detect good quality segmentations (manual score ≥ 80),

with a high AUC of 0.810 (p < 0.0005). The Youden index (red dashed line in Figure

5.6A) on the ROC curve indicated an optimal threshold at 0.860 (green dot in Figure

5.6A), which was close to the previous threshold at 0.866 (purple dot in Figure 5.6A),

established in Chapter 4. These two thresholds came with similar specificities (0.673

for the threshold at 0.860; 0.758 for the threshold at 0.866) and sensitivities (0.789

for the threshold at 0.860; 0.690 for the threshold at 0.866), with differences less than

0.1. This may imply that the thresholding scheme is robust despite image quality

variation.

The ROC curve in Figure 5.6B shows the detection of cases with manual scores

≥ 60, achieving a higher AUC (0.911, p < 0.0005), compared to that in Figure 5.6A.

With an optimal threshold at 0.844 (green dot in Figure 5.6B), higher specificity

(0.851) and sensitivity (0.835) were also achieved. This implies that the DSC predic-

tion was better at detecting cases with manual scores ≥ 60 than cases with manual

scores ≥ 80, and demonstrates that the automatic DSC prediction can be used re-

liably to filter out potentially problematic cases with lowly-perceived segmentation

quality.
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Figure 5.6: Predictive properties for selected thresholds in segmentation quality assessment using predicted DSC. (A) Detection
of cases with manual scores ≥ 80, with AUC=0.810 (p < 0.0005). An optimal threshold for the predicted DSC was found at
0.860 (green dot) using the maximum Youden index. The optimal threshold for the predicted DSC (0.866; purple dot) found
in Chapter 4 is also shown for comparison. (B) Detection of cases with manual scores ≥ 60 with AUC=0.911 (p < 0.0005). An
optimal threshold for the predicted DSC is found at 0.844 (green dot) using the maximum Youden index as a criterion.
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Figure 5.7: Two confusion matrices showing the number of cases for true positive
(TP), false positive (FP), false negative (FN), and true negative (TN), respectively,
corresponding to the thresholds shown in the ROC curves in Figure 5.6.

With the predicted DSC threshold of 0.860, 50.3% of all cases were detected as

true positive, having manual scores ≥ 80 (Figure 5.7A). These QCD segmentations

were considered near-perfect quality by the expert image analyst and could be used

for further processing reliably without any manual correction. With 24.4% true neg-

ative cases, the QCD framework correctly classified the majority of the cases with

an accuracy of 74.7%, indicating generally good performance to differentiate segmen-

tation quality at the manual score threshold of 0.860. While 11.9% false positive

cases (Figure 5.7A) were found, it is expected that these cases, with high predicted

DSC, would not significantly affect the myocardial T1 estimation, as per the results

in Chapter 4. Manual ground truth contours would be required to confirm the actual

impact on T1 estimation. Furthermore, the classification precision of 80.9% indicates

that the vast majority of the predicted positive cases were considered good quality

by the expert image analyst, thus the majority of the predicted positive cases were

considered reliable for estimating T1 values.

With the predicted DSC threshold of 0.844, the classification achieved a high

accuracy of 83.7% (Figure 5.7B), with 76.9% true positive and 6.8% true negative,

implying good classification performance. The 76.9% true positive cases would only
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require minimal manual retouching at the most, for example to reduce partial volume

effects, not requiring time-consuming manual redrawing. The classification precision

was very high at 98.5%, with very few false positive cases (only 1.2%). This implies

the quality control was successful to screen out the vast majority of the cases with low

manual scores below 60 from the positive cases. In addition, the low number of false

positive cases also implies that most of the false positive cases in Figure 5.7A were

still scored at least 60 by the expert image analyst, potentially with moderate impact

on myocardial T1 estimation. Therefore, the quality classification was successful for

both predicted DSC thresholds at 0.860 and 0.844, with good overall performance in

grading the segmentation quality against human assessment.

Examples of different classification results are shown in Figure 5.8 by category,

in relation to both classification systems, with the manual score thresholds at 80

and 60, and the respective predicted DSC thresholds at 0.860 and 0.844. The true

positive case (Figure 5.8A) shows a segmentation with a high predicted DSC (0.899),

which was consistent with the high manual score (97). The true negative case (Figure

5.8B) shows a segmentation which failed to delineate most of the myocardium. The

segmentation was not in an annulus-like shape, and thus scored very low (13) by the

expert image analyst. The extremely low DSC prediction (0.083) reflects very well

the low manual score.

The false positive example (Figure 5.8C) shows a segmentation which was af-

fected by an image artefact (low intensity pixels). The segmentation included a few

extra disconnected pixels in the image artefact in the blood pool (red arrow in Figure

5.8C). These pixels were affecting the topology of the segmentation, and also poten-

tially affecting the myocardium T1 estimation due to inclusion of other structures.

The expert image analyst considered this as a critical error, thus gave the segmenta-

tion a low score of 52. Interestingly, the predicted DSC was high (0.875), correctly

reflecting the very small area actually affected (< 10 pixels relative to the whole seg-

mentation mask ∼ 300 pixels). This demonstrates how the DSC prediction and the

expert image analyst could reflect differently on the same observation, and highlights
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a potential limitation for the DSC prediction, which may not capture other aspects

of segmentation quality, such as topology.

The false negative example (Figure 5.8D) highlights the reversed phenomenon, in

which a segmentation was considered good quality by the expert image analyst, while

a low DSC was predicted by the QCD framework. This example shows a segmenta-

tion of a thin myocardium, which was considered good quality by the expert image

analyst with a high manual score of 83, as it appeared correctly contoured. Interest-

ingly, the segmentation was predicted a low DSC (0.681) by the QCD framework, due

to high disagreement among candidate segmentations, likely because of high expected

uncertainty in segmenting the thin myocardium over the partial volume. This demon-

strates the possibility that the quality control would flag up cases which potentially

face serious errors, while human analysts would only evaluate the correctness of the

segmentations, and not reflect potential causes of uncertainty in scoring.
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Figure 5.8: Examples of true positive (A), true negative (B), false positive (C), and false negative (D), showing the QCD
segmentations overlaid onto the T1 maps with corresponding predicted DSCs and manual scores. The red arrow in (C) indicates
spurious pixels of the segmentation in the image artefact.
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5.4 Discussion

The QCD framework was successfully applied to an unseen external dataset of 2266

T1 maps with suboptimal image quality available from the UKBB, which do not have

ground truth manual contours. The automatic QCD segmentations were subsequently

visually assessed by a reliable expert observer, who had demonstrated minimal intra-

observer variability. Comparison with the human visual assessment showed that the

QCD framework is able to select high quality segmentations with high accuracy and

precision, potentially saving manual effort to inspect or correct segmentations.

5.4.1 Segmentation Quality Classification

The QCD framework has demonstrated promising capability to classify the segmen-

tation quality correctly in relation to the manual threshold at 80. The framework

achieved a high accuracy of over 75%. A vast majority of the predicted positive

cases were expected to have reliable segmentations for myocardial T1 estimation, as

indicated by the classification precision of over 80%. Besides the good classification

performance, a clear advantage of the QCD framework over manual visual assessment

of segmentation quality is the high speed performance estimated at 0.39 second per

image for both segmentation and quality control, over 45 times faster than the expert

image analyst (about 18 seconds per image only for visual assessment).

5.4.2 Visual Assessment

The visual assessment provided useful insights into the QCD framework, especially

the DSC prediction component. A non-linear association of the visual assessment

scoring and the DSC prediction was revealed, demonstrating agreement and some

discrepancies between opinions of the expert human observer and the DSC prediction.

This qualitative evaluation complemented the quantitative approach in Chapter 4.

Visual assessment was not performed in Chapter 4, as the manual ground truth seg-

mentations were available for quantitative comparison with the QCD segmentations.

Furthermore, the QCD framework successfully predicted good quality segmentations
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with excellent agreement to the ground truth in estimating myocardial T1. Thus,

there was little additional benefit to perform additional visual assessment in Chapter

4.

5.4.3 Comparison with Related Work

As discussed in Chapter 4, one advantage of the QCD framework is cheaper labour

and time cost for training, compared to the recently-proposed segmentation quality

control for CMR T1 mapping [43]. In this chapter, visual quality scoring for the

QCD segmentation had the advantage of capturing the diverse variety of segmenta-

tion quality on a scale of 0 to 100, according to the guideline described in Table 5.2.

This allowed more flexibility and precision in evaluation, especially on the boundary

cases. In contrast, the most recent method took a different approach by giving binary

annotations of segmentation correctness, for which the criteria were not stated [43].

This approach may not share the same advantage. Moreover, the work presented in

this chapter had a clear guideline in place to allow more consistent manual annota-

tions. This is desirable especially when more annotations are required in the future.

Therefore, the approach for the visual quality assessment taken in this work is more

advantageous than the most recent method for CMR T1 mapping.

5.4.4 Limitations and Future Work

A direct comparison on quality classification performance between the QCD frame-

work and the most recent method [43] may not be meaningful, as the two were

visually evaluated in different approaches as described in Section 5.4.3, and using

different parts of the UKBB data for the developments and the evaluations. It will

be beneficial in the future to standardise evaluation criteria and datasets, allowing

head-to-head comparison among state-of-the-art methods.

In this chapter, the visual segmentation quality assessment was carried out by a

single observer. Although the evaluation of intra-observer variability showed that the

scoring was consistent, the results could still be specific to the single observer. It is

possible that another expert image analyst may hold a different opinion regarding
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the quality scoring, and inter-observer variability remains to be assessed in future.

By building upon the groundwork laid in this chapter, large-scale validation of QCD

segmentations can be carried out with multiple observers in the future on this material

and subsets of the target material available from the UKBB.

For the DSC prediction, a limitation has been revealed. As shown in Figure 5.7C,

the predicted DSC was high (0.875) even though the segmentation included the image

artefact in the blood pool. The inclusion of the image artefact only accounted for

2-3%, in terms of pixel count, of the whole segmentation mask. Thus, the DSC pre-

diction can be insensitive to such small inclusion if the error does not affect the overall

agreement among candidate segmentations. To overcome this limitation, the QCD

framework assessments need further work to include distance-based or topology-based

segmentation quality metrics, and MR image quality assessments. Topological anal-

ysis can detect and remove segmentations with spurious pixels and false topologies.

In addition, the results of training another network (or the QCD network ensembles)

to predict human scores as an additional fail-safe could be employed. Given that this

work is dedicated to DSC performance prediction using the QCD, rather than the

final product to process the UKBB data, these additional heuristic solutions were not

considered here, but is in planned future work.

5.4.5 Conclusion

The QCD framework have been applied to a challenging task of segmenting over 2000

T1 maps which have not been manually contoured for ground truth, due to suboptimal

image quality as adjudicated by an experienced human analyst. Subsequently, the

automatic QCD segmentations were visually evaluated by a second image analyst

for segmentation quality. Despite the suboptimal image quality, the results have

shown that over 60% of the segmentations were considered near-perfect quality, and

less than 10% would require manual redrawing, demonstrating the robustness of the

QCD segmentation.

The visual assessment scores have been compared with the DSC prediction and

segmentation quality classification of the QCD framework. The results showed that
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the DSC predictions can rapidly (in less than half a second) reflect the opinion of

the human image analyst, with a non-linear association. The segmentation quality

classification demonstrated high accuracy and precision for identifying cases which

would not require manual redrawing, and excellent ability to filter out the cases with

serious problems. While demonstrating good performance, the QCD framework is

flexible to allow further improvement by incorporating distance-based or topology-

based segmentation quality metrics for better quality control accuracy and efficiency.

This could pave the way for efficient processing of a larger-scale datasets of 100,000

T1 maps available from the UKBB in the future, with a significant proportion of the

manual work saved without sacrificing T1 accuracy.
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Chapter 6

Summary and Future Work
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6.1 Summary

With increasing use of large-scale CMR imaging datasets for investigating cardio-

vascular diseases, it is desirable to develop reliable automatic algorithms for efficient

imaging data analysis and interpretation. Deep learning has been a popular method

of choice for automating CMR image analysis, especially for image segmentation.

However, even the current state-of-the-art segmentation algorithms can still fail, po-

tentially leading to misestimation of clinical parameters against the best interest of

medical practitioners and their patients. There is a rapidly increasing interest in pro-

vision of accurate automatic quality control mechanisms with the image segmentation

for clinical use.

Deep ensemble methods have been proposed to exploit agreement among multiple

deep neural networks to estimate prediction uncertainty, mainly for image classifica-

tion tasks. It has been shown that deep ensembles can outperform other popular un-

certainty estimation methods, such as Monte Carlo-based Bayesian neural networks,

in estimating prediction uncertainty, especially in terms of generalisation. However,

there is limited exploration of using deep ensembles to segmentation quality metrics

for image segmentation in CMR imaging. Furthermore, the state-of-the-art methods

have not progressed to suggest that inherent DSC predictions can be used to improve

segmentation robustness.

In Chapter 2, I introduced the novel idea of the proposed quality control-driven

(QCD) approach for automatic aortic lumen segmentation of ∼ 5000 CMR short-axis

cine image sequences, available from the UKBB. The QCD framework successfully

performed both image segmentation and quality control tasks. Building upon the

deep ensemble method, the QCD framework made use of multiple linear regression

to predict image-wise segmentation quality metrics (DSC in this work) for each of

the members of the ensemble. Based on such predictions, the QCD framework was

able to compare multiple candidate segmentations and select the final, most optimal

output on-the-fly. The QCD framework achieved the best segmentation performance
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compared to the individual candidate models, with near-perfect agreement with the

manually-validated ground truth in estimating aortic lumen area.

In Chapter 3, I successfully demonstrated that the QCD framework can be easily

adapted to contour and quality control the segmentation of a different CMR imaging

technique – native T1 mapping (ShMOLLI method), and of a more complex anatomy

– the LV myocardium in short-axis. The QCD framework was trained on manu-

ally contoured T1 maps, available internally in our unit (OCMR). After training,

the QCD framework achieved top performance for LV segmentation, and near-perfect

agreement with the manual ground truth in estimating myocardial T1, with a Pearson

correlation of 0.99 and a mean absolute percentage error of about 1%. Furthermore,

I extended the DSC prediction of the QCD framework by implementing a simple

thresholding scheme to perform binary classification of segmentation quality, with

an excellent accuracy of 99%. The framework achieved a rapid processing time of

less than half a second per T1 map, making it suitable for real-time clinical appli-

cations. This chapter highlighted the desirable properties of the QCD framework:

adaptability across imaging techniques and anatomical structures, highly accurate

image segmentation and quality control, near-perfect clinical parameter (T1 value)

estimation compared with the manual ground truth, and excellent speed suitable for

practical processing of the target medical images.

In Chapter 4, I tested the generalisability of the QCD framework in a large volume

of unseen external dataset of T1 maps (ShMOLLI method). These data accounted for

about half of the ∼ 5000 pilot datasets available from the UKBB. The T1 maps used

had been manually selected for good to excellent image quality, prior to presentation

to the QCD framework for the automatic segmentation task. Due a different ver-

sion of CMR acquisition protocol used for the UKBB T1 maps, there were changes

in the segmentation performance of candidate models, relative to Chapter 3. De-

spite that, the QCD framework was the only model remaining in the top 3 ranking

among candidate models for best segmentation performance in both Chapters 3 and 4,

demonstrating its excellent robustness to different datasets. Additionally, I extended

the QCD framework to include segmentation quality classification with a thresholding
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scheme, and the classification demonstrated excellent capacity to detect good quality

segmentations, which estimated myocardial T1 values very close to the ground truth.

On the other hand, segmentations with predicted DSC below the threshold had lower

agreement in estimating myocardial T1 values. This further demonstrated the success

of the segmentation quality classification in identifying automatic segmentations that

are acceptable for reliable T1 estimation. Thus, the QCD framework demonstrated

excellent generalisability and robustness in automatic segmentation, quality control,

and T1 estimation, even when applied to a large-scale external dataset acquired with

a different set of scanning parameters. Considering the ever-advancing CMR technol-

ogy, this generalisability of the QCD framework is both robust and highly desirable,

especially for implementation in real-world clinical applications.

In Chapter 5, I tested the robustness of the QCD framework in segmenting a

large-scale dataset with suboptimal image quality. T1 maps with suboptimal image

quality were used. In view of the lack of ground truth segmentation, the quality of

the automatic QCD contours were evaluated by visual scoring by an expert observer.

Over half of the QCD automatic contours were considered to have near-perfect contour

quality on visual assessment, demonstrating the robustness of the QCD framework

in segmenting even datasets with suboptimal image quality. The quality control

component of the QCD framework also demonstrated a strong association with the

human scores, and very good performance in classifying segmentation quality. Thus,

the QCD framework is highly promising for real-world clinical applications and large-

scale imaging studies, including both optimal and suboptimal image data.
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6.2 Future Directions

The QCD framework has been developed and tested only on T1 maps acquired using

shortened modified Look-Locker inversion recovery (ShMOLLI) rather than modified

Look-Locker inversion recovery (MOLLI), which may be more widely used. MOLLI

was proposed in 2004 for measuring T1 values across the myocardium by acquir-

ing 11 T1-weighted samples [83]. However, a long breath hold of 17 heart beats is

required for a scan using MOLLI, presenting challenges to elderly population and

patients with compromised cardiac and respiratory functions [61]. By acquiring only

7 T1-weighted samples, ShMOLLI was proposed in 2010 to reduce the breath hold

time to only 9 heart beats [61]. Despite having a lower signal-to-noise ratio due to

fewer T1-weighted samples, the shorter breath hold requirement makes ShMOLLI a

more practical alternative to MOLLI for patients who find difficulties in long breath

holds [61]. Furthermore, large-scale imaging studies such as the UKBB have selected

ShMOLLI as the technique of choice for T1 mapping [3]. This can potentially en-

courage wider adoption of ShMOLLI for research and clinical applications, and offer

exciting opportunities for the QCD framework to process large databases of unanno-

tated ShMOLLI data. Thus, ShMOLLI T1 mapping has been chosen as the focus

for the QCD framework in this thesis. Subject to the availability of annotated data,

the QCD framework can be trained solely on MOLLI T1 mapping as an extension

in the future for wider clinical usage. In addition, future work can investigate pos-

sibility of exploiting raw T1-weighted samples from ShMOLLI or MOLLI for further

improvement in segmentation, as raw samples may contain more information.

In clinical practice, under-segmentation of the myocardium is preferred by clini-

cians to avoid partial volume. Inclusion of partial volume into the myocardial segmen-

tation mask has been identified as the primary source of potential error in estimating

global T1 values [65]. It has been found that inflated myocardial contours which in-

clude pixels in the neighboring tissues, especially the blood pool, can overestimate the

myocardial T1 values by up to 6.9%, and increase variability [65]. It is recommended

that image analysts can erode the myocardial borders by 1 pixel to obtain a mid-wall
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myocardial segmentation mask for consistent inter and intraobserver agreement when

the myocardial coverage is not considered critical [65]. Therefore, further investigation

on eroding automatic segmentation may lead to potential improvement in accuracy

of T1 estimation. Future implementation may include a graphical user interface to

allow flexible adjustment of the myocardial segmentation thickness for different clini-

cal needs, and enable batch-processing for precise and customisable processing of T1

maps, suitable for efficient clinical workflows.

In this thesis, the QCD framework focused on predicting DSC for quality control.

However, DSC is known to have some limitations. It has been shown that DSC

generally favours larger-sized structures [84, 85]. Thus, it may not be fair to use

DSC as a quality metric to directly compare segmentations for the mid-ventricle with

smaller segmentations for the apex. For future work, it may be beneficial to set

different DSC thresholds independently for basal, mid-ventricular, and apical slices

to better differentiate segmentation quality.

Another limitation is that DSC only measures the overlap with the ground truth

segmentation, but may not capture other aspects of segmentation quality, such as the

shape and the topology of the contours. It is possible for a topologically or anatomi-

cally incorrect segmentation, e.g. having disconnected components, to obtain a high

DSC. As the predicted DSC has a linear relationship with the observed DSC (shown

in Figure 3.6 in Chapter 3), it can suffer the same limitation. Figure 5.8 in Chapter

5 shows an example in which there were spurious disconnected segmentation compo-

nents outside the myocardium despite obtaining a high predicted DSC, resulting in

a false positive for the segmentation quality classification. To mitigate this problem

in the short term, connected component analysis can be introduced to detect discon-

nected pixels outside the myocardium. This can be implemented alongside the DSC

prediction to quality control each candidate segmentation. Erroneous candidates,

with incorrect shapes or topologies, can be automatically flagged for inspection. This

can reduce the negative impact brought about by the small proportion of observed

erroneous segmentations, and improve the reliability of clinical parameter estimation

(e.g. T1 values).
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In the future, it may be desirable to have integral mechanisms to detect other as-

pects of segmentation quality. Other quality metrics, such as Hausdorff distance, can

also be implemented to capture distance-based quality information to further improve

the quality control mechanism. In addition to predicting quantitative segmentation

metrics, more advanced non-linear regression models, such as CNN, can be trained to

predict visual assessment annotations, similar to [43]. However, this can come with a

hefty cost of manual labour and time to prepare a large-scale annotated dataset via

visual assessment, similar to that of Chapter 5. Future research is required to select

effective quality measures to incorporate into the QCD framework, further refining it

for clinical grade applications.

Incorporation of the goodness-of-fit map (also known as the R2 map) into the

QCD framework can potentially enable image quality control as part of the T1 map

processing pipeline. The R2 map is available along a ShMOLLI T1 map to show pixel-

by-pixel how well each T1 value fits the recovery curve model [63]. As R2 is reduced

in the presence of off-resonance frequency shifts, motions, or other error sources,

inspection of the R2 map can serve as a quality control process for T1 map image

quality [63]. Myocardial segments with presence of low R2 values are usually excluded

from T1 estimation to avoid inaccuracy [63]. For future work, automatic detection of

low R2 values can offer a one-stop solution for T1 map processing integrating both

segmentation and image quality control.

Beyond predicting segmentation quality, it is desirable to predict the quality of the

clinical parameter estimation, such as the LV myocardial T1 for CMR T1 mapping.

Similar to prediction of segmentation quality, this can be implemented by comparing

the estimated T1 values among multiple candidates to predict the expected degree

of error. As clinical parameter estimation is influenced by the quality of the segmen-

tation, further research can be done to incorporate quality prediction of estimated

clinical parameters into the on-the-fly selection of the final most-optimal segmenta-

tion in the QCD framework, improving quality of both the segmentation and clinical

parameter estimation.
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Another future research direction may look into improving the QCD framework by

selecting a diverse set of segmentation methods and techniques to combine candidate

segmentations. It has been shown that diversity among candidate segmentations

could be important for robust quality control; further research can be done to as-

sess potential benefits of incorporating different segmentation methods, for example

anatomically-constrained neural network, which utilises an additional auto-encoder

to learn to impose anatomical constraints [86]. The flexibility to incorporate any

prior and future segmentation models is one of the major advantages of the QCD

framework, to further improve both accuracy and reliability of the segmentation and

the quality control, that can adapt to ever-evolving medical image analysis research.

The software implementation of the QCD framework in image processing pipelines

of clinical MR scanners has been on going and will continue in the future, in collabora-

tion with industrial partners. As the QCD framework can achieve a rapid processing

speed of 0.39 second per image (reported in Chapter 3), it will benefit clinical imaging

analysis with reliable real-time segmentation, clinical parameter extraction, and qual-

ity control. Future work is pending to further validate the capability of the framework

to handle variabilities among different MRI scanners and acquisition parameters.

Further testing of the QCD framework on large-scale pathological CMR data is

pending. For the T1 mapping application, the QCD framework was developed with

clinical CMR imaging data, acquired from both cardiac patients and healthy controls

in OCMR. Subsequently, the QCD framework was tested on a small unseen subset

of the OCMR material (Chapter 3), followed by large-scale testing (Chapter 4) and

quality inspection (Chapter 5) using the UKBB data, acquired from mostly healthy

population [3]. While the QCD framework has demonstrated overall excellent per-

formance on the UKBB data, successful translation to large-scale pathological data

is still pending. Pathologies can affect myocardial T1 and even cardiac morphol-

ogy, presenting challenges for automatic segmentation algorithms, which could fail to

generalise when not adequately trained [11]. Subsequently, this may also present a

challenge for quality control as the number of poor-quality segmentations may signif-

icantly increase. Thus, evaluation of the QCD framework on large-scale pathological
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datasets is important to ensure reliability for clinical applications. For future evalu-

ation, the Hypertrophic Cardiomyopathy Registry (HCMR) can provide large-scale

T1 mapping data acquired from 2750 hypertrophic cardiomyopathy patients across

44 sites [5]. In addition to native T1 maps, HCMR also provides post-contrast T1

maps for measurement of extracellular volume [5]. Segmentation of post-contrast T1

mapping images is challenging as the myocardial borders usually appear ill-defined.

Thus, it is vital to couple automated segmentation with robust quality control to

detect potential inaccuracies. The HCMR dataset can potentially prove the reliabil-

ity of the QCD framework for both segmentation and quality control under complex

real-world clinical imaging settings.

The most impactful target is to deploy the QCD framework to process the UKBB

large-scale imaging dataset of 100,000 subjects to be made available by 2021. The

QCD framework can provide automatic segmentation and estimation of clinical pa-

rameters, with prediction of expected quality, appropriately flagging cases requiring

manual inspection and correction when necessary. The improvements for the QCD

framework that I have suggested in this section can be an on-going effort, in parallel

with the deployment to the UKBB data, allowing progressive decrease of the vast

amount of manual intervention required.
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6.3 Conclusion

In conclusion, I have presented, in this thesis, the novel QCD framework (with a

patent application filed) for image segmentation of CMR imaging data with inherent

quality control. Based on the concept of deep ensembles consisting of U-nets with

different depths, the QCD framework can accurately predict segmentation DSC, us-

ing additional regression models. I have successfully applied the QCD framework to

two different imaging techniques (cine aortic cross-sections, and ShMOLLI native T1

mapping), in two topologically different cardiac anatomical structures (the circular

aortic sections, and the annular LV myocardium shapes). Furthermore, I have also

shown that a properly trained QCD framework can reliably address large-scale exter-

nal unseen datasets from the UKBB, and remain robust in segmentation performance,

even in datasets with suboptimal image quality and without ground truth contours.

The DSC quality prediction can be extended to segmentation quality classification by

implementing a thresholding scheme. This has vast potential to save much of human

work by automatically selecting good quality segmentations to reduce manual effort.

These excellent results demonstrate in principle that the QCD framework can be used

for various other CMR imaging applications, with potential to reach applications be-

yond image processing, as a general classification solution characterised by a novel

robust inherent quality control mechanism.
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