Improving deep-learning segmentation
performance in 3D neurmmagmg with
minimal manual annotations

Lorenzo Venturini
New College
University of Oxford

Submitted in partial fulfilment of the requirements of the degree of
Doctor of Philosophy

Michaelmas 2021



L. Venturini, D.Phil.

ii



Acknowledgments

Personal

First and most importantly, I'd like to thank my supervisor, Ana [.L.. Namburete, for the
hard work and long hours she took guiding me through this DPhil project. She has been the
best mentor I could have asked for, providing me with all the guidance I needed while also
giving me the space to make this project my own. She has always been there to listen to me
and provide feedback on my ideas and work, and I am incredibly grateful to her.

I'd also like to thank my co-supervisors, Profs. Aris T. Papageorghiou and J. Alison Noble,
for helping my research with their expertise, experience, and perspectives. Prof. Noble, in
particular, volunteered to take over as my main supervisor for much of 2020 and 2021, when
Dr. Namburete was on leave. She was incredibly helpful in her supervision, and they have
both been instrumental in shaping this project.

I would also like to thank my fellow students at the Oxford Machine Learning in Neuroima-
ging Group for all the help they have given me through this project. All the time we spent
brainstorming together, proofreading each other’s work, and discussing papers with each other
has made a profound mark on this thesis.

This DPhil was done as part of the Oxford-Nottingham Biomedical Imaging (ONBI)
programme, whose leaders have always been incredibly supportive of me through this DPhil.
My thanks especially go to Prof. Peter Jezzard, who has several times provided me with
one-on-one help, even when it wasn’t at all expected of him.

I would also like to thank all of the friends I made in my time at Oxford, especially those
in the New College MCR and the New College Boat Club, for all of the good times we had
together, and the experiences we had. I was lucky to have such a strong support network as
the friends I made here.

My partner, Dr. Emily Davenport, has been the strongest supporter I've had through
all of this. She has always been free to discuss ideas with me, make plans, help me practice
presentations, and proofread my writing. Meeting her during this DPhil has been the best
thing that has happened to me at Oxford.

Finally, I would like to thank my parents Marco and Shahrzad, and my sister Parissa, for
all of the support and encouragement they have given me through this journey. It was thanks
to everything they did for me that I was able to come here in the first place, and they have
helped me immensely through the years.

Institutional

This work is supported by funding from the Engineering and Physical Sciences Research
Council (EPSRC) and Medical Research Council (MRC) [grant number EP/L016052/1]. I
would also like to thank New College and the ONBI CDT for their generous grants and

iii



L. Venturini, D.Phil. Acknowledgments

support.We thank the INTERGROWTH-21%* Consortium for permission to use 3D ultrasound
volumes of the fetal brain.

v



Abstract

One of the current challenges in applying machine learning to medical images is the difficulty
in obtaining labelled training data. While medical images themselves are often available,
generating high-quality training labels for them is time-consuming and often requires a trained
clinician. This problem is particularly acute in 3D segmentation, which generally requires
detailed voxel-by-voxel segmentation maps.

This thesis proposes a series of image analysis methods to leverage additional available
information to improve image segmentation quality when there are limited manual labels
available. Using a dataset of 3D fetal ultrasound scans with only a small number of initial
segmentation labels, we demonstrate a benefit from different information sources. The
approaches used in this thesis are:

o Generating segmentation labels automatically from a publicly available spatio-temporal
atlas, making use of prior anatomical information. We use anatomical keypoints to
guide registration of atlases across different imaging modalities. We then propagate
these segmentations to individual ultrasound volumes, automatically generating a set of
multi-label segmentations with an average Dice coefficient of 0.818 across the chosen
anatomical structures in the range of 20-25 gestational weeks. This set of labels is used
to train a segmentation CNN. We find that this produces high-quality segmentations,
and that training a single network with the full multi-label training set improves
segmentation quality (average Dice coefficient of 0.726 across structures for a multi-task
network, versus 0.659 for individual single-task networks).

o Leveraging additional, unlabelled data to improve performance for a cerebellar segment-
ation task. Unlabelled data does not have a ground-truth label by which segmentation
quality may be compared, but measures of output uncertainty can be derived using
test-time augmentation and dropout measures. We use these estimates of uncertainty to
inform an iterative omni-supervised framework, using the highest-quality segmentations
from the unlabelled dataset as additional training data for a segmentation CNN. We
show that the use of these labels as part of a training dataset improves segmentation
performance, and that this is improved further when measures of uncertainty are used in
data selection (an overall improvement in Dice coefficient for a cerebellar segmentation
task from 0.673 to 0.727).

» Passing additional, scalar information to a neural network’s input. We propose an
original method by which scalar data such as gestational age, readily available as part
of clinical data acquisition, may be appended to the input of a fully-convolutional
neural network. We show that including this information as part of the training dataset
can lead to significant improvements in segmentation quality on the same cerebellar
segmentation task, in the reported experiments improving test Dice coefficient from
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0.673 to 0.723. We find that this improvement is not sensitive to imperfect information
passed at test time.

The computational methods developed in this thesis may reduce the reliance on large manually-
labelled datasets for medical image analysis and save time in generating expert annotations.
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Chapter 1

Introduction

Chapter layout

This chapter introduces the challenges tackled by this thesis. It also provides an overview of
the work done in this thesis and the structure of the rest of the document.

I begin by motivating for the work done in this thesis in Section Section describes
the structure of this thesis document, providing an outline of the content of each chapter,
and listing the contributions made in each chapter. Section provides an overview of who
contributed to the work presented in each chapter. Finally, Section lists the publications,

poster presentations, and manuscripts in preparation arising from this thesis.

1.1 Motivation

Over the course of a human pregnancy, extremely complex anatomical structures like the
brain arise from a neural tube and rapidly develop to their familiar forms. The development
of the fetal brain has long been observed using imaging methods such as ultrasound and
magnetic-resonance imaging (MRI): the brain itself is visible by the end of the first trimester
of pregnancy, and its initially smooth surface develops the characteristic grooves (sulci and
gyri) of human brains throughout the second and third trimesters [5]. During this process

abnormalities may also occur and be seen through these imaging methods: conditions such as
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ventriculomegaly [6], lissencephaly [7], and congenital heart disease [§] have been reported

to be visible and diagnosed through altered development of the fetal cortex throughout the

second and third trimesters.

14 weeks 18 weeks 22 weeks 26 weeks 30 weeks

Figure 1.1: Axial slices from ultrasound acquisitions of the fetal brain at different gestational ages.
Note that anatomical details in the right (distal) hemisphere are clearly visible, while anatomy in
the left hemisphere is indistinct.

These conditions have generally been clinically assessed using subjective measures of
development, such as the visibility [9] or depth [10] of specific sulci and gyri. Advances in
imaging quality and computational power, together with the development of new analytical
techniques, make objective, computational analysis of medical images increasingly feasible and
powerful. Automated localisation and segmentation of brain structures in medical acquisitions,
in particular, is a task that has been attempted in both ultrasound and MRI, allowing both
clearer visualisation of structures for clinicians and a starting point for further automated
analysis. Other work has tackled development directly, generating estimates of gestational age
(or the extent to which the pregnancy has progressed) automatically based on the development
of brain structures [11].

Machine-learning methods, especially neural networks such as convolutional neural net-
works (CNNs), are one approach by which these measures may be automatically extracted.
CNNs can automate classification, regression, and segmentation tasks on image data. CNNs
have been used broadly in a range of medical imaging tasks. They have also been used
to localise structures in 3D ultrasound data [12], to regress fetal age [11], and to align 3D
volumes to a standard orientation [13].

Neural networks, however, typically require large amounts of labelled data to serve as

a training set, which provides supervision during training. They usually require far more
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data to reach optimal performance than humans do, when trained at the same task [14]. The
ImageNet database of natural images for classification, for instance, contains over 14 million
natural images [15], each of which is human-annotated.

The manual annotation step in creating labelled training datasets is often limiting,
considering the large number of labels required. Humans’ ability, and their variation when
generating labeld, provides the upper bound for the potential performance of a network
trained using manual labels. Large-scale datasets of natural images typically distribute
labelling across many users, using tools such as Amazon Mechanical Turk [16] or Google
reCaptcha [17].

This is only suitable for images that can be labelled adequately by non-expert humans,
like natural images. Medical image data, on the other hand, often requires trained domain
experts, usually clinicians, to annotate. This can be a time-consuming process, particularly
for segmentation labels, which makes it difficult to generate labelled datasets on a large scaldﬂ
One of the major challenges in applying machine-learning techniques to medical image data,
therefore, is in how to maximise their performance in the presence of only a limited amount
of training data.

In this thesis, we propose several methods to do so, using known information to guide
learning when traditional labels are limited. The contributions proposed in this thesis explore
different sources of information, such as anatomical prior knowledge, additional unlabelled

image data, and additional non-image data.

1.2 Structure and contributions of this thesis

Chapters [I} 2 and [3] provide background on the challenges confronted in this thesis, review
the literature on existing approaches, and describe the data used. Chapters [} [5 and [6] present

the original technical work done in this thesis. Each chapter begins with an Outline section,

'Known as inter-observer variability when multiple humans are asked to label the same image, and
intra-observer variability when the same human is asked to label the same image twice independently.

2This is particularly acute when 3D labels are needed, which can be much more time-consuming than 2D
labels of the same structure. Chapter [5]| provides an estimate of the time required to generate segmentation
labels manually.
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setting out the structure of the chapter.

Chapter [2] introduces the clinical motivation for fetal brain segmentation and reviews
current clinical practice and the available imaging technology. It also reviews the state of the
art in medical image segmentation and different techniques by which it is performed, including
machine learning-based methods. It also provides an overview of some methods used in this
thesis, such as omni-supervised learning and uncertainty estimation using test-time dropout

and test-time augmentation.

Chapter [3]is a short chapter which introduces the datasets and annotations used throughout
this thesis. Their clinical characteristics, as well as technical details such as acquisition protocol,
annotation methods, and number of volumes and labels available from each data source is

described here.

Each of Chapters [4] 5] and [6] examines a different method to improve segmentation quality
with only limited manual segmentation data, using different information sources to provide
additional supervision. Each chapter begins with an Introduction section outlining the
problem, followed by a Proposed approach section setting out the methods proposed in
the chapter. The specific experiments are motivated and explained in the following sections,
and the Results section presents their primary outcomes. These are then discussed in the
Discussion section, and the high-level message of the chapter is distilled in the Conclusion

section.

Chapter [4] generates labels using an atlas-based method, which are then used to train a
multi-task segmentation CNN. It introduces two spatiotemporal atlases of the developing
fetal brain, one assembled from ultrasound data and the other from MRI images. Manual
annotation of keypoints in each of those atlases at different time points is used to estimate
a set of affine transformations to register the two atlases, and the structural labels in one
atlas are then transformed to the other atlas space. These are then propagated to individual

volumes within the ultrasound atlas, creating a large set of individual labels.

As this method can only be used for volumes with a known correspondence to the atlas

space, these labels are then used to train a multi-task CNN, to segment new volumes. We use
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a modified Dice loss function to segment multiple brain structures in 3D simultaneously, and
propose a modification of a standard segmentation CNN architecture. This is compared to
slicewise 2D approaches as well as to single-task 3D approaches. The multi-task approach

was found to outperform traditional segmentation methods.

Chapter |5| proposes a method to use additional unlabelled image data to improve output
quality, using uncertainty estimation and omni-supervised learning. It begins by introducing
a cerebellar segmentation task in a fetal ultrasound dataset and describing the manual
annotations obtained for this dataset. These annotations are used to train a CNN to segment
the cerebellum in a larger unlabelled dataset drawn from the same source, as well as to obtain
quantitative estimates of aleatoric and epistemic uncertainty for each of these segmentations.
These uncertainty measures are found to aid volume selection for a second round of omni-
supervised training: selecting the volumes with the lowest aleatoric uncertainty outperforms
baseline, while selecting the volumes with the lowest epistemic uncertainty does not. The
reasons for this discrepancy are discussed, as well as possible sources of noise within the
uncertainty estimates which may affect the results. These methods are validated in a separate

MRI dataset, which shows a similar performance boost.

Chapter [6] introduces TSI-Net, a method by which scalar data can be included in a
fully-convolutional architecture. Scalar features typically cannot be processed by a fully-
convolutional CNN, as convolutional filters can only operate on grid-like data. TSI-Net is
a method to transform these scalar features into an image-like format, which can then be
passed as an additional input to the network. We use this to pass fetal gestational age to a
segmentation CNN alongside image data, measuring a significant performance improvement.
We also experimented to find the most appropriate format to which this data could be
transformed and found how modifications to the baseline CNN to incorporate scalar data

lead to changes in performance, as well as in training time and memory usage.

Finally, Chapter [7] summarises the contributions described in this thesis and considers the
limitations of the work presented here. It also presents possible future directions, from which

the contributions made in this thesis may lead to further technical and clinical innovations.

7
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1.3 Originality

I declare that I am the sole author of this thesis document, and I produced all the tables and
figures unless otherwise specified. Critique and comments were provided by my supervisor Dr.
Ana [.L. Namburete and my co-supervisor Prof. J. Alison Noble.

This thesis uses two datasets to demonstrate the methods developed here. One is the
INTERGROWTH-21%" dataset of fetal ultrasound data [I8], from which T used 3D scans of
the fetal brain to demonstrate all the contributions developed here. 1 independently manually
generated segmentations for part of this dataset. The other dataset used is the MRI ADNI
dataset [19] and the HARP subset of this dataset with manual annotations of the hippocampus
[20]. These were used with permission: Prof. Aris Papageorghiou of the INTERGROWTH
Consortium gave me permission to use data from the INTERGROWTH-21% dataset, and I

obtained permission from the ADNI Data committee to use data from the ADNI dataset.

Chapter This chapter uses two atlases of the developing fetal brain: one is the publicly
available MRI atlaf] developed by Gholipour et al [2], the other is the ultrasound atlas
developed for the INTERGROWTH-21%" dataset by Dr. Ana Namburete [3]. Dr. Namburete
selected the volumes which the atlas was constructed from, performed the registration, and
gave me the registration parameters which could be used to propagate the atlas to individual
volumes. [ independently annotated anatomical keypoints in both of those atlases and
developed the Python code to find an affine transformation matrix between those keypoints.
I also wrote code to implement that affine transformation and propagate selected labels
to the ultrasound atlas. I adapted Dr. Namburete’s MATLAB code, originally developed
to construct the fetal ultrasound atlas, to propagate segmentations from the atlas to the
individual volumes. I also made the design decisions in this process, such as what structural
labels to propagate, or the type of interpolation to use, with the help of Dr. Namburete.

I also independently wrote code defining a multi-task 3D segmentation CNN, modifying the

standard U-Net architecture to use 3D convolutional layers, and modifying the Dice coefficient

3 Available at http://crl.med.harvard.edu/research/fetal_brain_atlas/ and used with permission.
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loss function to use multiple labels. I trained this network and comparable architectures,

producing the results discussed in that chapter.

Chapter Iindependently manually segmented the cerebellum in a subset of the INTERGROWTH-
215" dataset, creating a training dataset for this. This work was supervised by Dr. Ana
Namburete and I incorporated her feedback when adjusting my manual delineations. I wrote
the code to modify the standard U-Net to use Dropout and used those segmentations to train
this network. I also used this trained network to generate segmentations of unlabelled data. I
wrote code to extract aleatoric and epistemic uncertainty measures, as well as rank volumes

in those datasets by those measures. I retrained the network using selected segmentations.

I also performed the work necessary to validate this work on the ADNI/HARP dataset: I
obtained access to the datasets, selected the appropriate subsets to download, and preprocessed
them to obtain consistent image features. Some preprocessing work for MRI image data was
done using the FMRIB Software Library (FSL), with the assistance of my colleague Nicola
Dinsdale. I adapted the code used to perform omni-supervised training on the ultrasound

dataset to the MRI dataset, to provide validation on a different dataset.

Chapter [6] In this chapter, I independently proposed TSI-Net, a method to integrate
scalar data into fully-convolutional CNNs. The additional scalar data used in this chapter
was available as part of the datasets used throughout this thesis. I wrote the python
code to implement the transforms, as well as the code to modify the CNN architecture
to accommodate additional inputs. I performed all the experiments to evaluate the most
appropriate transformation (and the parameters of the transformation) and reported the
results. The image data and segmentation labels used for this chapter were identical to those
used in Chapter [5

I also performed all the work necessary to validate these results on the separate ADNI/HARP
dataset. The dataset and labels used for this task were also identical to those used in Chapter

bl to produce comparable results.
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1.4 List of Publications

Peer-reviewed conference proceedings

Lorenzo Venturini, Aris T. Papageorghiou, J. Alison Noble, and Ana I. L. Namburete,
“Multi-task CNN for Structural Semantic Segmentation in 3D Fetal Brain Ultrasound,” in

Medical Image Understanding and Analysis (MIUA), July 2019 | Podium presentation. [21]

Lorenzo Venturini, Aris T. Papageorghiou, J. Alison Noble, and Ana I. L. Namburete,
“Uncertainty estimates as data selection criteria to boost omni-supervised learning,” in Medical

Image Computing and Computer-Assisted Intervention (MICCAI), July 2020. [22]

Poster presentations

Lorenzo Venturini, Aris T. Papageorghiou, J. Alison Noble, and Ana I. L. Namburete,
“Custom layers improve CNN segmentation of fetal ultrasound”, at the Biomedical Imaging
CDT Summer School, Nottingham, UK, 2018

Lorenzo Venturini, Aris T. Papageorghiou, J. Alison Noble, and Ana I. L. Namburete,
“Custom layers improve CNN segmentation of fetal ultrasound”, at the 12" Ozford Biomedical
Imaging Festival, Oxford, UK, 2018

Lorenzo Venturini, Aris T. Papageorghiou, J. Alison Noble, and Ana I. L. Namburete,
“CNN for segmentation of 3D fetal ultrasound”, at the 3™ Medical Imaging Summer School,

Favignana, Italy, 2018
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Chapter 2

Literature review

Chapter layout

This chapter reviews the state of current research in fetal brain imaging and medical image
segmentation, as well as approaches to improve segmentation quality when limited numbers of
labels are available. This lays out the groundwork for this DPhil thesis’ research contributions.
This chapter does not review specific datasets that are used in this thesis: they are reviewed
later, in Chapter 3

I begin with a general review of the medical tasks that are addressed in this thesis, and
their particular characteristics. This chapter begins by reviewing the current understanding of
fetal brain development and in Section Imaging of the fetal brain is reviewed in [2.1.1] as
well as the acquisition and visual characteristics of different imaging methods. This chapter
also provides a brief review of MRI imaging of Alzheimer’s disease in section [2.2] as some of
the work in this thesis is also demonstrated on an MRI dataset of aging adults.

Section then reviews the field of medical image segmentation, and identifies the key
challenges presented by medical data, such as the difficulty of obtaining labelled training
data. Section reviews segmentation methods, such as atlas-based segmentation and
machine-learning based methods, and Section [2.3.3|explores ways to evaluate their performance.
Section considers the challenge of limited training data, and briefly reviews approaches

that have been attempted to tackle it. It then reviews one such method, omni-supervised
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learning learning, in more detail. Section gives an overview of uncertainty quantification
in image segmentation, which is often difficult to measure from a neural network’s output.
Finally, Section reviews existing work on the integration of image and scalar data in single
machine learning models. The background investigated in this chapter is referred to in the

rest of this thesis.

2.1 Fetal brain development

A healthy human pregnancy takes place over a period of 40 weeks on average, as measured
from the start of the woman’s last menstrual cycle [23] (see Figure . The stage of pregnancy
is commonly measured in gestational age (or GA) from this same starting point.

In healthy fetuses, the central nervous system begins to develop around 5 gestational
weeks (GW) [24]. The first brain structures begin to be visible to ultrasound scans around 9
GW, and initially consist of the high-contrast brain ventricles and choroid plexi [25]. By 15
GW, all large-scale structures and features (including the cortical plate, cerebellum, thalami,
and mid-sagittal plane (MSP) ) are visible in ultrasound scans. One notable phenomenon
during the first and second trimesters of fetal brain development is neuronal migration, in
which new neurons are initially produced near the centre of the brain and then move to their
final positions. This can result in the central regions of the brain (such as the brainstem and
thalami) increasing in volume more quickly than peripheral regions like the cortical plate,
in the first trimester [26]. In the second and third trimesters, this process is reversed, with
peripheral regions of the brain (such as the cortical plate) growing more rapidly than areas
near the ventricles [27]. This process continues beyond birth and into infancy.

The fetal brain is still smooth by the end of the first trimester and only gradually develop
the characteristic grooves (cortical sulci and gyri) of adult brains’ structure. The first such
groove, known as the Sylvian fissure, can first be seen in ultrasound at around 17 GW, and
the parieto-occipital fissure can be seen around 19 GW [28]. More such structures gradually
appear, and by 33 GW, all major sulci and gyri are visible [29]. A similar trajectory can be

observed with magnetic resonance imaging (MRI) [30]. These features are visible earlier in
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GA =2 weeks

Typical

GA = 11-14 weeks

Ultrasound
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F

GA =27 weeks
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GA = 33 weeks
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Figure 2.1: (a) timeline of a typical pregnancy, with the key milestones for neuroimaging purposes
marked. The typical appearance of the Sylvian fissure (SF) and the parieto-occipital fissure (PO)
are shown where visible. Appearance of the sulci reproduced from [I]. (b) Axial view of a fetal brain
at 24GW, with the SF (left) and PO (centre) highlighted.

development (by an average of two weeks) in postmortem anatomical samples at the same
gestational age [5], likely due to limitations in the contrast and resolution of ultrasound (US)
and MRI. This development is not symmetric across cerebral hemispheres, with sulci and
gyri on the right hemisphere generally developing a few days earlier than those on the left
hemisphere [31].

At first appearance, fissures and gyri are visible just as a small indentation, or dot, in the
smooth cortical plate. Throughout gestation, however, these structures become more complex
and branched, gradually taking on the more familiar morphology of deep folds in the cortical
surface. A timeline of how these structures develop as they appear in ultrasound images, as
well as the typical progression of a healthy pregnancy, is shown in Figure [2.1. However, even
at term brain structures are not fully developed, and brain gyrification and morphological
development continues into infancy [24].

2.1.1 Imaging of the fetal brain

Most commonly, the fetal brain is imaged using ultrasound. Ultrasound is a standard clinical
examination, and throughout the developed world most pregnant women receive routine
ultrasound scanning as a screening measure [32]. Ultrasound imaging is typically conducted

at a frequency of 3-7.5 MHz [33], which results in a spatial resolution typically in the range of
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0.3-1mm (depending on the frequency) [34]. Ultrasound can be collected in real-time, with a
frame rate often in the range of 10-15 frames per second. While most transducers image in a

2D fan-shaped area, 3D imaging is also common and can be acquired in real time [34].

All ultrasound imaging is characterised by speckle: anatomical features smaller than the
resolution of the signal result in a persistent granular inhomogeneity in the signal intensity
[35]. This adds ambiguity to the signal and makes accurate delineation of structures (and

boundaries) more difficult even for an expert.

Typically, only one cerebral hemisphere can be visualised in detail in a sonographic
examination. The cause of this is not very well understood, but it is believed to be related to
interference with the ultrasound signal reflected by the distal hemisphere of the skull [IT].
An example of the appearance of this artifact can be seen in Figure 2.3p. Features in the
proximal hemisphere appear more blurred and indistinct with increasing distance from the
MSP. The cerebellum, however, straddles the MSP, making it possible to visualise the entire

structure regardless of the acquisition angle.

Ultrasound is also susceptible to shadowing artifacts when a reflective structure occludes
other tissue behind it in the acquisition pathway. The petrous ridges of the temporal bone
can cause strong shadows over the cerebellum [36]. The petrous ridge of the temporal bone
is a thick bony ridge in the skull, found behind the ear. This is thicker than the rest of the
skull, even in utero, so it acts as a strong ultrasound reflector. The direction in which the
shadow is cast depends on the angle of the probe, but within standard acquisition protocols
it is common for the shadow to extend over the cerebellum. This makes it very difficult to

visualise the boundaries of the structure. An example of a shadow cast by the petrous ridge
is shown in Figure 2.3|c).

Furthermore, image contrast and grey levels can vary significantly between subjects and
even within a single acquisition. Between subjects, this is due to individual characteristics,
such as the thickness of (reflective) abdominal adipose tissue of the mother [37]. Within
acquisitions, this can be explained by shadowing artifacts closer to the probe as well as

acquisition settings such as time-gain compensation [3§].
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All of these artifacts complicate semantic segmentation: boundaries are often ambiguous
and ill-defined, and even a trained expert will not consistently produce identical segmentations.
This is explored more quantitatively in section [5.3.1.1]

MRI has also been used to image the fetal brain, although it is not a routine examination
[39]. Obtaining 3D volumes of fetal brains from MR imaging is a greater challenge, due to
the greater time required to acquire a 3D stack of slices. A full isotropic 3D stack can have
an acquisition time of up to several minutes [40]. Fetal motion in that period cannot be
constrained, which introduces motion artifacts in 3D acquisitions [39]. Earlier MRI studies,
therefore, have either used 2D slices only or 3D acquisitions from postmortem [41] or neonatal
acquisitions [42 [43]. Tmprovements in motion correction have since made 3D MRI acquisitions
possible in healthy fetuses [44], but remaining challenges in motion correction and the lower
spatial resolution of MRI still make it less commonly used at lower gestational ages, and many
studies that use 3D fetal MRI are limited to the third trimester [39]. Tissues in the developing
brain also exhibit different MR, characteristics than in the adult brain: the lower myelination
of the fetal brain leads to shorter T1 and T2 relaxation times in the grey matter [45], making
the white matter appear hypointense relative to grey matter in fetal acquisitions. This is not
fixed but changes over time, and only reverses in infancy [46]. T1-weighted acquisitions offer
poor contrast between tissue types at this stage of development, so T2-weighted acquisitions

are primarily used [40].

2.1.2 Development and imaging of the fetal cerebellum

Development of the cerebellum is an important process d[refluring pregnancy. In adulthood,
the cerebellum contains over half of the brain’s neurons [47]. The cerebellum is divided into
three primary anatomical parts: the vermis, located centrally along the MSP separating the
two hemispheres, and the two cerebellar hemispheres which can be found on either side of
it. Cerebellar growth is, to a close approximation, linear [48] throughout pregnancy, making

cerebellar measurement a reliable way to estimate brain development.
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As such, the cerebellum is assessed in routine prenatal examinations [49]. The cerebellum
presents in fetal ultrasound as a hypoechoic structure, divided into two hemispheres on either
side of the MSP and joined in the middle by the hyperechoic cerebellar vermis. At the fetal
anomaly scan, typically performed at 18-21 gestational weeks in the UK, one of the measures
of development obtained by clinicians is the transcerebellar diameter (TCD), together with
biometric measures of the head such as the occipitofrontal diameter (OFD) and the biparietal
diameter (BPD). The TCD is a simple linear measure of the size of the cerebellum, measured
as a line perpendicular to the MSP connecting the two furthest points of the cerebellar lobes.
Figure shows the appearance of the cerebellum in ultrasound, an estimate of the TCD,

and the position of the cerebellum in the fetal brain.

(b)

Figure 2.2: a) An ultrasound image showing the cerebellum (in purple), and the TCD in yellow.
b) the plane of that slice in the fetal brain. Image credit to Felipe Moser.

The TCD is the most reliable known biomarker for gestational age (GA) estimation, used
in combination with the OFD and BPD for that purpose. The TCD is considered more
accurate, especially in cases where the fetus is abnormally small or large for its gestational
age, due to conditions such as malnutrition or maternal diabetes [50} [5I]. This is due to the

“brain-sparing effect” [52]: in cases of decreased metabolic conditions such as malnutrition,

16



L. Venturini, D.Phil. Chapter 2: Literature review

Figure 2.3: a) A volume where the proximal hemisphere (right) has much less visible detail than the
distal hemisphere, but the cerebellum remains visible. (b) A volume where much of the cerebellum
is obscured by a shadow artifact (resulting from the petrous ridges, on the left of the image).

nutrient supply to the brain is preserved relative to the rest of the body. Cerebral biomarkers

of gestational age such as the TCD are therefore more predictive of age than others [53].

2.2 Dementia and hippocampal imaging

1

Figure 2.4: One hippocampus, seen in the sagittal view, of a 76 year old healthy female. The
image and segmentation label are drawn from the ADNI/HARP dataset.

The hippocampus is a structure found within the brains of all mammals. Humans have two
hippocampi, one in each temporal lobe of the brain [54]. It is believed to play a major role in

memory acquisition and retrieval, and damage to the hippocampus has been associated with
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memory impairment [55]. Imaging the hippocampus can yield insights on how morphological
changes to this structure can lead to cognitive decline. Normal ageing is associated with
reductions in hippocampal volume, which correlate with age-related cognitive decline [56].

The hippocampus is also affected by neurodegenerative conditions such as Alzheimer’s
disease (AD) [57]. Alzheimer’s disease is a common (> 20% for those over 75 years old [58])
progressive neurodegenerative condition and one of the main causes of death in the developed
WorldEI [58]. Tt occurs primarily in the elderly, with an increasing incidence with increasing age.
Despite its prevalence, it is in many ways poorly understood: it remains difficult to predict
an individual’s risk of developing AD, diagnose AD in patients with symptoms, or devise
possible treatments for it. Dementia caused by Alzheimer’s disease is typically preceded by a
milder form known as mild cognitive impairment (MCI), but cognitive symptoms are often
predated by abnormalities that can be seen in medical images [60].

The classical course of Alzheimer’s disease is from CN to MCI to AD, with progression
from MCI to AD at a rate of about 10-15% per year [61]. However, there is a wide range of
outcomes: some patients with MCI progress to AD very quickly, while others display much
slower progression. Other patients with MCI do not appear to noticeably progress in their
cognitive decline, while others still progress to non-AD dementias. There is a very wide range
in imaging findings due to this; some cognitively normal subjects also exhibit imaging signs
of AD, which can sometimes predict future cognitive decline [62].

Alzheimer’s disease is associated with an accumulation of plaques of S-amyloid protein in
the brain, which appear to precede the onset of cognitive symptoms [63]. This accumulation,
however, is difficult to image directly using MRI, due to their small physical size (individual
plaques are under 100um in diameter) - they can only be visualised clearly from post-mortem
histological slices. Medical imaging methods such as MRI, however, can identify morphological
changes in brain structures, such as atrophy, associated with AD.

A prominent symptom of Alzheimer’s disease is amnesia, and particularly short-term

memory loss. The hippocampus, which is associated with short-term memory acquisition and

n 2019, Alzheimer’s disease was the leading cause of death registered in the UK, accounting for 16% of
mortality. [59]
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retrieval, can therefore be expected to undergo visible atrophy and morphological changes
through the progression of AD. Segmentation in hippocampal MRI can be used to assess AD
progression, and is hippocampal atrophy can be predictive of cognitive decline [64]. There is
interest, therefore, in a way to automatically quantify hippocampal volume from MRI, and

the changes in hippocampal volume over time.

2.3 Medical image segmentation

One of the main objectives in the field of image analysis is reliable, automated image
segmentation: that is, the labelling of sets of pixels within the image to correspond with
meaningful regions of interest. In the context of image analysis in brain imaging, this involves
identifying and labelling specific anatomical structures (such as the cortex, thalami, brainstem,
or the cerebellum) and tissue types (such as grey matter/white matter/CSF) within an image
or volume. This can be done manually, but that is time-consuming, suffers from intra- and
inter-observer variability, and is difficult to scale to larger datasets. Therefore, an active area
of research is automatic image segmentation, where the objective is to reach human levels of
accuracy without the need for a trained expert.

Early work in ultrasound and fetal brain image segmentation relied on traditional hand-
crafted features and image-processing pipelines, such as edge detection and shape models.
Anquez et al [65] used pixel values and a deformable model to segment fetal bodies in 3D
ultrasound images, which is a similar approach to that taken by Becker et al [66] to segment
the cerebellum in ultrasound. More recent work has also built on these methods: Rueda
et al [67] use shape constraints to obtain good quality segmentations. These methods have,
however, become less widely used as others take advantage of the increased computing capacity
available to produce improved results. Handcrafted features are still widely used to initialise
or guide other segmentation methods, but rarely are used alone to perform segmentation

themselves.

2For simplicity, this section will often refer solely to image segmentation; however, all of the methods
described here are applicable to 3D volumes as well as 2D images.
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In recent years, the performance of machine-learning methods for image segmentation has
improved significantly. This encompasses a wide range of techniques, but all are based on
the premise that segmentation should not rely on human selection of hand-crafted features,
but rather be performed via features derived automatically through the machine’s learning
process. The most notable class of methods used is convolutional neural networks (CNNs), of

which some examples are reviewed here.

2.3.1 Registration and atlas-based methods

One segmentation scheme is atlas-based segmentation. This relies on a hand-segmented
reference image (or group of images) that all images in the dataset are registered to, from
which they inherit its segmentation labels. The power of this segmentation method comes
from the possibility to use it to segment large datasets from a small number of labelled images.

Registration is a key step in this process, and it is simply a method to align and transform
an image into the same coordinate system as another, to facilitate comparison of images.
A number of different schemes have been developed to achieve this, and it is worth going
into some detail into the methods underlying them. All image registration algorithms are
either feature-based, where the registration is guided by the correspondence of specific features
in the images, or intensity-based, where registration is guided by the pixel values directly.
Intensity-based measures require less initialisation, as they work on raw images; however,
it is difficult to use intensity-based methods directly on ultrasound images, as grey levels
are not consistent within or between different acquisitions (as explained in Section [2.1.1)).
Feature-based registration scheme range from automatic methods where features are extracted
through hand-crafted descriptors such as edge detectors and filters (see Section [2.3.2]) to
semi-supervised methods where the features of interest are labelled by hand to guide the
registration [68].

There are many registration algorithms which may be used to establish correspondence
between an image and an atlas [69]. The simplest, global methods are rigid and affine

registration. Rigid registration reaches correspondence using only translation and rotation of
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the images, while affine methods build on that by adding scaling and shear transformations.
These often can only achieve a rough correspondence if the features of interest are not
morphologically identical between each other. Therefore, modern atlas-based segmentation
schemes rely on non-rigid registration methods. These rely on local deformations of only
certain regions of the image to achieve a better correspondence where there are differences
in the anatomy or the imaging method used. Popular methods to do so include radial basis
functions such as B-splines [70], viscous fluid models [71] or diffeomorphisms [72]. Not all
of these methods are invertible: where a transformation maps two points in the input to a
single point in the output, the registration will generally not be invertibld®l All registration
methods are guided by an objective function to be minimised, often drawn from the measures
listed in Section m [73]. For non-rigid registration schemes, this is often still an ill-posed
problem as there are many parameters and local minima, and therefore the objective function

is augmented by regularisation terms and heuristics [68].

Since atlas-based segmentation relies on registering every image to an atlas, the construction
of an atlas is important to obtaining a good segmentation quality. Early work used a single
manually labelled image as an atlas, typically the one considered “best” or “most representative”
of the population within the dataset [73]. However, this is a subjective determination, and
does not generally account for anatomic and imaging variability within the study population.
In 2006, Heckemann et al [74] introduced multi-atlas segmentation in adult MR brain images,
where instead of a single image a set of labelled images is used as the atlas and every new
image is registered to each of them. The class labels are then decided by a consensus of the
predicted labels for each atlas.

Another approach is to construct the reference template from the entire dataset, so that
it corresponds not to an individual volume or set of volumes but to an implicit reference,
corresponding to aggregate an average of the dataset along some dimension [75]. This typically
involves minimising a measure of visual distance between each image and the atlas, such as

the mean-squared pixel value [76] or the pixelwise probability distribution [77]. This results in

3This is important as atlas-based registration often involves registering the input image to the atlas, and
then applying the reverse segmentation to the atlas’s segmentation.
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an artificial consensus template, which can be considered more representative of the dataset

than any individual volume.

A number of atlases have been constructed for fetal and neonatal brains in MRI. Habas et
al were the first to construct a spatiotemporal atlas of 2D slices [78] and reconstructed 3D
volumes [79] of fetal brains (for GA = 22 — 24 weeks), and to use it to perform multi-atlas
segmentation of tissue types. Kuklisova-Murgasova et al [43] generated a publicly available 4D
probabilistic atlas over a wider range of gestational ages (GA = 29 — 44 weeks) that could be
used to segment specific structures within the brain; however, this atlas was constructed using
neonatal brains born preterm, and is therefore anatomically distinct from fetal brains. Most
recently, Gholipour et al [2] proposed a 4D spatiotemporal atlas of the fetal brain spanning
GA =19 — 39 weeks, using 3D MRI scans of fetuses and producing atlas labels of tissue type
and structure. This atlas can achieve segmentation quality comparable to human experts

based on Dice coefficient (see Section [2.3.3)).

MR atlases of the developing brain have also been used to characterise the underlying
anatomy and clinical conditions. Habas et al [80] used atlas-based segmentation of 2D fetal
MRI slices to quantify early cortical folding and hemispheric asymmetry. Gholipour et al [81]
used a 4D atlas to segment fetal brain volumes with ventriculomegaly and obtain estimates of

the ventricles’ segmentation, and subsequently their volume and radius.

Work in ultrasound has been relatively more limited and is at an earlier stage, due to the
higher difficulty of registering ultrasound volumes, the lower contrast, and other difficulties in
interpreting the image (as mentioned in Section [2.1.1]). Kuklisova-Murgasova et al [43, 82
performed what is to our knowledge the only known work in atlas-based segmentation in fetal
brain ultrasound, by computationally generating a “pseudo-US” volume from an MR-based
atlas and registering that to real ultrasound acquisitions, which is able to segment different
brain structures (including many not visible in ultrasound acquisitions). Qiu et al [83] have
also constructed an atlas of preterm neonatal brains to conduct segmentation of the cerebral
ventricles and therefore measure their volume for clinical monitoring. Namburete et al have

also proposed an ultrasound template based on the INTERGROWTH-21%* dataset [3], which
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is reviewed in more detail in Chapter [3]

2.3.2 Machine-learning based segmentation methods

Another class of methods to perform segmentation on fetal brain structures in MRI and
ultrasound is machine learning [39]. This encompasses a wide range of techniques, but all are
based on the premise that segmentation should not rely on human selection of hand-crafted
features, but rather be performed via features derived organically through the machine’s
learning process. They rely on the use of relatively large quantities of labelled training data
to derive classification rules independently.

One machine learning scheme for medical image analysis is the use of decision trees and
random forests. A decision tree is a simple classifier, where the training dataset is split at
several nodes using binary tests such that the output classes are separated from each other
at the output with a high degree of confidence. Several (usually hand-crafted) features are
typically derived from each data point to allow the classifier to discriminate more accurately in
a higher-dimensional space. Decision trees, however, tend to suffer from overfit: can perform
virtually flawless segmentations on the training data without generating good segmentations
for any images from outside of the training dataset. To combat this poor generalisation they
are typically implemented as random forests. A random forest is a number of decision trees,
each trained on just a subset of the training data. This means that individual trees are
statistically independent of each other, and the final classification of each pixel is obtained
by a consensus of the predictions for all trees, which significantly reduces the impact of
overfitting.

Much work has been done with segmentation of fetal brain images using decision trees
and random forests. Kainz et al [84] proposed a random forest-based classifier to localise
and segment fetal brain pixels in MRI images, using Gabor filters to provide features to
guide segmentation. Yaqub et al [85] attempted a similar approach in 3D fetal ultrasound
at GA = 18 — 26 weeks, using random forests to detect, and attempt to segment, several

brain structures. Namburete et al [86] segment the fetal cranium in 2D ultrasound images at
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GA = 28 — 34 weeks using a random forest framework. Cuingnet et al [87] similarly segment
the fetal cranium for GA = 19 — 24 weeks using random forests to align acquisition to a

common reference space.
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Figure 2.5: A 3D U-Net network structure. For clarity, only the first and bottom two convolutional
layers in the downsampling/upsampling bath have been maintained.

One other family of methods that is still being explored is the use of convolutional neural
networks (CNNs) to perform image segmentation. CNNs, like other neural networks, adjust
weights between different nodes in “hidden” layers to produce an output most similar to
the expected data label. They learn convolutional kernels to combine information from
neighbouring pixels into feature maps, which can then be adjusted by passing them through
a non-linear activation function and then (if necessary) on to further convolutional layers
[88]. This allows the network to learn any feature descriptor within a certain scale, and
therefore in principle it is able to learn how to reliably extract segmentations from arbitrary
(if correctly labelled) data. Each pixel in the image can be classified according to the class
that the network predicts for it. The learning, or training, process is guided by an objective
function such as the ones listed in Section 2.3.11

CNNs rely on trainable convolutional kernels. These have a certain visual field, typically
3 x 3px in 2D networks [89], and produce a single output per pixel which is a linear combination
of the values of each pixel in their visual field. Nonlinearities are then added by an activation
function that processes the output of the kernel, such as a sigmoid function or rectified linear

unit (ReLU) [90]. A convolutional layer is a set of convolutional kernels, which each filter
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the image and produce a different output. A neural network is a set of such layers, often
chained sequentially such that the output of one layer serves as the input to the next layer.
The output of convolutional layers may be modified by other functions before being passed
onto the next layer, such as max-pool and Dropout. Max-pool is one way to subsample the
output of a convolutional layer, to allow the next convolutional layer to process structures
at a different scale. The image is split into smaller segments (often 2 x 2 px) and only the
highest pixel value within each pool is kept, effectively lowering the pixel resolution of the
output. Dropout is a different way to reduce the output, by randomly changing some outputs
of a layer to 0 [91]. The subset of outputs dropped out changes in different batches, making it
impossible for the network to rely on a single output or small set of outputs in intermediate
layers. Dropout is typically used for regularisation during training, but can also be used at

test-time in omni-supervised learning frameworks (see Section [2.4)).

In practice, neural networks can be very large and contain several million tunable para-
meters to be sufficiently powerful to produce good segmentations [92]. This makes naive
implementations of neural networks very susceptible to overfitting the training data, especially
when the training dataset is limited [93]. This shallow learning of the features of the training
set without identifying the underlying patterns can however lead to overfitting on the training
dataset. This can be mitigated by making the training dataset larger, either by acquiring more
manually labelled images or by performing data augmentation: artificially increasing the size
of the labelled training dataset by performing random rotations, reflections, and small elastic
deformations on the data [94]. It can also be addressed by changing the network structure
itself: adding layers that reduce the number of parameters contributing to the output layer,
such as dropout or max-pooling layers (where only the maximum output of a number of layers
is passed on to the next layer). The images themselves can also be subsampled or split into

smaller image patches.

The choice of objective function is also significant. The objective function is usually a
measure of the difference between the desired output (the ground truth) and the generated

output of the network, and must be differentiable for any small change in the network output.
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A simple measure used in early work is the mean-square difference between the ground truth
values and the generated classes, which is straightforward to compute. Other methods (such
as the ones listed in Section have been used, with the most popular for medical image
segmentation being cross-entropy and Dice coefficient [95]. These generally seem to have

similar performance across a wide variety of metrics [95].

A number of different network structures have been proposed for medical image segment-
ation. Earlier work with neural networks focused on the use of Hopfield neural networks
[96], while later work relies on “deep” neural networks (involving more hidden layers between
input and outputs) such as the fully convolutional network [97]. In 2015, Ronneberger et
al proposed the U-net [94], a CNN structure developed specifically for the segmentation of
biomedical images. The basic structure of the U-net is shown in Figure It is inspired
by the structure of the fully convolutional network, an earlier design [98], and it is able to
extract features within images at a number of scales due to the use of several max-pool
and up-sampling layers. The max-pooling layers allow for lower-frequency (and larger-scale)
features within the image to be extracted, while combining the output from up-sampling
layers to output of the previous layer of this scale allows a fusion of these layers. The U-net

was originally a designed to process 2D data, but 3D variants have been proposed [99].

CNNs have found applications in brain image segmentation. Moeskops et al [I00] propose
a CNN to segment tissue types in brain MRI of preterm infants, and Rajchl et al [I01] propose
an automatic method to segment brain and other anatomical structures in fetal images from
a weak “bounding-box” segmentation. Salehi et al [I02] perform brain extraction in fetal MR
volumes using a network structure based on the U-net. The presence of large motion artifacts
in MR images, make analysis a challenging problem for a straightforward implementation of
CNNs. CNNs have also started to be used in ultrasound image segmentation and interpretation
in more recent publications, with promising results. Li et al [I03] use a CNN based on the
VGG architecture to reliably segment fetal volumes from the surrounding amniotic fluid in
3D ultrasound. Schmidt-Richberg et al [I04] use a fully convolutional network to segment the

fetal abdomen. Yu et al [I05] also use a custom multiscale CNN to segment the fetal heart
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in 4-D sequences. Namburete et al [3] use an FCN network structure to segment the entire
fetal brain and eye and use their relative locations to align fetal brains to a common reference

space.

Machine learning methods such as CNNs typically rely on large amounts of labelled data
to achieve optimal performance However, these are difficult to create, as obtaining a reliable
manually labelled dataset of medical images requires a great deal of time investment from
a trained clinician. However, large unlabelled datasets do exist, as a number of large-scale
studies or even medical databases are available (see Chapter . Several approaches have

been proposed to obtain improved segmentations from this set of circumstances.

One approach to this problem is “weak supervision”, which involves manually labelling
the entire dataset with very simple manual annotations, like bounding boxes [106] or points
[107] Rajchl et al [I0I] propose a CNN structure that can accurately segment MR images
from unreliable manual segmentations from a crowd of non-expert raters, and a different
neural network structure to generate segmentations from bounding boxes [I08]. Zhang et al
propose a method to use unlabelled datasets to improve the performance of networks with
relatively little labelled training data [I09]. Yang et al [IT0] propose a “suggestive annotation”
framework where the unlabelled images which would most improve the performance of the
network are identified and therefore the network can achieve competitive performance with
only a fraction of the entire dataset. Radosavovic et al implement “omni-supervised learning”,

a method where many different models are used to enhance a small labelled dataset with a

large unlabelled dataset and generate new training annotations [111].

Another category of algorithms, unsupervised methods, also exist, and do not require any
labelled data. These are generally unsuitable for cerebellar or hippocampal segmentation:
they are structures whose boundaries are defined by humans, and any attempt to segment
them must therefore rely on examples annotated by humans. Therefore, these methods are

not reviewed in this thesis.
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2.3.3 Assessment of segmentation quality

There are several methods for quantifying the quality of a segmentation and compare proposed
segmentation methods. These generally involve comparing the automated segmentation to a
manually segmented “ground truth” image. A simple measure is pixel accuracy, where the
class label of every pixel is compared to the ground truth and the percentage of correctly
classified pixels is then calculated. This is very simple to implement and calculate, but may
be misleading, especially in images with unbalanced classes (where more pixels belong to one
class than others) where the pixel accuracy can be misleadingly high. Another method that

is often used is the Dice coefficient [112]. The Dice coefficient DSC' is defined as

2(Lgt N Lgeg)

DSC =
Lgt + Lseg

where L, and L., correspond to the label of interest in the ground truth image(s) and in the
automatic segmentation, respectively. This more set-theoretic method is still easy to compute
and can give class-specific accuracy. However, it can still be misleading for larger regions
where the edges are segmented poorly, since the large central region still results in a high Dice
coefficient. One measure that can overcome this is the Hausdorff distance, which measures
the worst-case segmentation error [113]. This is a measure of the greatest distance d(x,y)

between the boundaries of the two labels, given by

di (Lgt, Lseg) = max {d (Lgt, Lseg) } -

However, this is non-differentiable across segmentations which limits its usefulness as an
objective function (more on this below and in Section [2.3.2)). One final method that will be
reviewed here is cross-entropy [I14]. This is a method that is most useful when assessing a
probabilistic segmentation method, which produces a “soft” segmentation with confidence
scores of each segmentation class per pixel. This is a measure of the difference between the

automatic and ground-truth segmentations in terms of the difference in information content
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Figure 2.6: Data diversity (shown at the top, as multiple transforms of the same data) and model
diversity (shown as multiple networks) can be used to obtain multiple candidate segmentations of a
single image.

between them. It is measured as

H (p,q) = =>_p(x)logq(x)

where p(x) and ¢(x) are the per-pixel probability distributions of the two image labels. This
is computationally efficient and differentiable, which makes it desirable for machine-learning

based methods (as seen in Section [2.3.2)).

2.4 Boosting omni-supervised learning

Omni-supervised learning is another proposed approach to use the unlabelled data to guide
the learning process and improve segmentation performance relative to a network trained
using only the small labelled dataset [I11]. It does so by using automatically-generated

segmentations of the unlabelled dataset as a guide to train the labelled data.
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In general, training a neural network using predictions generated by itself does not improve
its accuracy [106], and may often make it worse. However, the principle of boosting is well
established: aggregating the predictions generated by multiple independent learners leads to
a prediction superior to any of them [115] [I16], and that aggregating predictions generated
from different transformations (such as reflections and rotations) of the data can also lead
to superior performance [93], I11]. In other words, in both cases, “a set of weak learners can
create a strong learner” [I17]. These two principles, of model diversity and data diversity, are
what drive the concept of omni-supervised learning. Figure [2.6| shows how model diversity

and data diversity can be used.
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Figure 2.7: The omni-supervised learning algorithm. 1. A neural network is trained on the labelled
dataset. 2. The network is used (with model and data diversity, see Figure to obtain, and
aggregate, multiple segmentations of the unlabelled data. 3. A subset of the unlabelled data is used
with the labelled data to retrain the neural network.
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Omni-supervised learning uses model diversity and data diversity to obtain multiple
predictions on the same data. The outputs are then combined to form a consensus, which
should be more robust than any one of the methods, as shown in Figure 2.7

A subset of the unlabelled dataset is segmented in this manner, and the resulting seg-
mentation is then used to retrain a new iteration of the network. This improves the resulting
segmentations produced by the network, and this network is used to segment a new subset of
the unlabelled data, and aggregate this segmentation to others as before to create new labels.
This process is repeated until the entire dataset has labels, and is claimed to improve the
quality of segmentations.

Only a subset of the predictions generated on the unlabelled data are used to seed the
next iteration of training. Selecting an appropriate subset of predictions, therefore, is an
important task, though often neglected in the literature. Previous work using deep NNs has
either selected a subset of the unlabelled dataset at random [II8] or used weak heuristics
[111], such as ensuring the number of labelled pixels is similar to the average in the training

data.

2.4.1 Quantification of uncertainty

A neural network that performs binary segmentation classifies each pixel as belonging to the
target class (foreground) or background. This is typically done using a sigmoid activation
function after the final layer of the network [94], so each pixel is given a “soft” classification
ranging from 0 (confident background) to 1 (confident foreground). This allows the network
to express some uncertainty in its segmentation, but neural networks also often confidently
make wrong predictions [I19], especially when they are presented with noisy or ambiguous
data, or when the data presented to them differs in appearance from data they have been
trained on. The latter case, in particular, leads to overconfident predictions (often confident
and wrong).

A distinction can be made between the two sources of error: (1) error caused by image

noise, ambiguity, and inconsistent labelling in the training set, and (2) error caused by the
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classifier being shown data that appears different to that in the training set. The first type,
known as aleatoric uncertainty [120], is due to ambiguity and noise in the data itself. Since
this is a measure of genuine uncertainty in the data, this type of uncertainty is unlikely to
reduce with increased training data. On the other hand, the second source of error, known as
epistemic uncertainty [120], is due to the model parameters, due to overfitting or out-of-sample
effects. This decreases with increasing training data, as the model’s predictions become more
consistent. The amount of epistemic uncertainty can therefore give a measure of how different
any given example is from the training data, and the level of confidence in the network’s

predictions. A comparison of these two types of uncertainty is given in Table

Gal and Ghahramani [121] have proposed a method to estimate the uncertainty present
in the model, using dropout uncertainty. Dropout is typically used in neural networks as a
form of implicit regularization [122] [91], to make training more robust to overfitting. This is
done by randomly zeroing (or “dropping out”) a given proportion of the weights in certain
layers at training time, and changing which weights are dropped out at each iteration. This
prevents the network from putting excessive emphasis on a small number of weights, which
can lead to overfitting. In traditional implementations of dropout, this is disabled at test

time to use the full learned network architecture to obtain the best prediction.

Gal and Ghahramani propose using dropout at test time, and generating multiple predic-
tions for the same data with the same network only differing in which weights are dropped out.
The differences in output across different runs can give a measure of the model’s uncertainty.
Large differences in output across runs suggest that the model is very uncertain of its output.
Gal and Ghahramani originally proposed this method as applied to a classification task, but
it can be applied to any network architecture that includes dropout. Kendall et al [123] were
the first to propose a network to use dropout uncertainty in semantic segmentation, known as
Bayesian SegNet. Kohl et al have also formulated a version of the U-Net segmentation network,

known as Dropout U-Net [124], which includes dropout to estimate dropout uncertainty.

Wang et al [I125] propose using test-time augmentation to improve estimates of aleatoric

uncertainty. The principle behind these differing approaches comes from the different sources
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Aleatoric uncertainty

Epistemic uncertainty

Input-based

Model-based

Caused by noise in data and

Caused by overfitting, and
data appearing different from

inconsistent labels the training set

Improves with more training

D t i ith
oes not 1mprove wi more data

training data

Measured by varying the

Measured by varying the model

input

Table 2.1: A comparison of the two different types of uncertainty in machine learning, aleatoric
and epistemic uncertainty.

of the uncertainty. Epistemic uncertainty is introduced by the model’s parameters, so making
changes to the model is of use in estimating it. Aleatoric uncertainty is introduced by the
data, so it follows that varying the data is what can be used to measure the uncertainty in it.

Omni-supervised learning requires data diversity and model diversity, which are also
methods to measure aleatoric and epistemic uncertainty, respectively. I believe that these
two measures can inform the selection of data for omni-supervised models, without adding

complexity.

2.5 Usage of auxiliary features

Machine learning is an approach to optimisation problems in a high-dimensional feature space.
Many machine learning methods explicitly incorporate a large number of features for each
sample, and let the algorithm learn the relative contribution of each one. Predictive models
based on decision trees provide an early example of this: decision trees rely on large numbers
of different features to provide a high-quality classification. Similarly, artificial neural networks
combine multiple separate input features to produce an often low-dimensional output. Hidden

layers combine the input features in a nonlinear way to achieve outputs as close as possible
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to that desired. A 3D CNN performing binary segmentation on an N x N x N volume can

therefore be thought of as classifying each pixel based on N? different features.

Convolutional neural networks, however, generate outputs from image data provided at
input. This is due to the nature of convolutional layers, which rely on an image-like grid
of spatial features and output a similar image-like grid. While there has been some work
extending CNN architectures to arbitrary graphs [120], it remains impossible to input scalar

data directly into a convolutional layer.

There have been attempts to combine image data inputs with additional scalar inputs.
Yap et al train a classifier for skin lesions using both photographic image data and patient
metadata (such as age and clinical history) [I127]. Their network architecture processes the
image data through several convolutional layers, and then into a fully-connected layer to which
the scalar features are concatenated. This combined feature set is then processed through
further fully-connected layers and then combined into a single categorical output. Ahsan
et al use a similar approach to diagnose COVID-19 from X-ray data and patient metadata
[128]. They use two separate machine learning models to process the different data formats
(a multi-layer perceptron for numerical data, and a CNN for image data) and then use their

outputs as inputs for a third model that produces an overall classification.

These methods rely on a combination of convolutional layers with fully-connected layers,
to produce a numerical output. The state of the art in medical image segmentation, however,
is fully-convolutional networks such as the U-Net [94], where only convolutional layers are
employed to retain spatial information. Fully-connected layers cannot be used at any point in
the processing pathway of these networks, as that would entail the loss of important spatial
context for segmentation and degrade performance. Therefore, there has to my knowledge
been no previous work on integrating image and non-image data in a fully-convolutional

architecture.

While image data alone encodes much information, there is evidence that humans gen-
erating the training data often rely on other, non-image features. Human sonographers,

who generally are aware of their subject’s gestational age, exhibit expected-value bias while
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measuring biomarkers in routine fetal ultrasound scans [129]: their estimates of clinical
measurements are closer to the average reported for that gestational age than when they are
blind to the subject’s gestational age. Similarly, sonographers who look at US scans suspicious
of a given diagnosis (such as scans referred to them for suspected hypoxia) are more likely to
estimate measurements closer the expected range for that diagnosis, relative to sonographers
without access to that information [I30].

This is also likely to apply in the generation of training data: clinicians have access to
other information (such as age and previous medical history) which informs how they generate
an image segmentation used to train a model. This can be interpreted as a bias (as it is in
the papers cited in this section), or as a way to improve the quality of their annotations by
integrating non-image data. In either case, this is data which fully-convolutional CNNs do
not typically have access to, which is used in training data generation. Finding a way to
include this information in a fully convolutional CNN would give those networks the same
access to information as humans.

There has only been limited work trying to include non-image features in a fully-
convolutional CNN. One such effort is CoordConv [131], which concatenates an additional
image encoding location coordinates as an input. The authors add a channel to each con-
volutional layer to encode spatial coordinates in the network’s processing, to aid a simple
localisation task. This is a way for the network to incorporate additional, non-image data,

which is nonetheless presented in a format that can be processed by a convolutional network.
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Chapter 3

Datasets and annotations

Chapter overview

This chapter provides a brief overview of the data that is used throughout this thesis. The same
datasets are often used in different chapters, so this chapter provides a reference description of
the acquisition and properties of certain datasets. Section describes the medical imaging
datasets used in this thesis, and Section covers the sources for the annotations used for

training and testing.

3.1 Introduction

Machine learning methods, particularly neural networks, require large labelled datasets to
use as training and testing data. This can be a challenge for medical applications: it can
be difficult to obtain large sets of medical data, and more difficult to obtain high-quality
annotations for experts. Larger medical image research datasets are often collected from
multiple centres, as part of large collaborations. These are collected for specific studies (such
as the INTERGROWTH-21%" dataset discussed in this chapter) and later made available
for other research, or occasionally collected explicitly to make large datasets available to
researchers (such as the UK Biobank [I32]). These datasets often come without manual

annotations, such as manual segmentations, which are not a clinical standard.

37



L. Venturini, D.Phil. Chapter 3: Data description

These constraints mean there are only a small number of medical image datasets that are

sufficiently large and well-labelled to use to train machine learning methods.

3.2 Thesis datasets

This section covers the datasets used in this DPhil project, while Section covers manual
annotations. The techniques covered in later analysis chapters lend themselves better to
different subsets of these datasets, or to different starting annotation. The choice of particular
data subsets or annotation schemes, and the justification for them, is covered in more detail
in each individual chapter. Most of the methods in this thesis were developed for the
INTERGROWTH-21%" 3D ultrasound dataset (described in Section [3.2.1]), while the ADNI

MRI dataset described in Section [3.2.2] was used to validate these results.

3.2.1 3D ultrasound dataset

The 3D ultrasound INTERGROWTH-21%* dataset is used throughout this thesis. The
INTERGROWTH-21% study was a longitudinal and multi-centre study that acquired multiple
ultrasound acquisitions from 4321 optimally healthy pregnancies [I§]. To ensure optimal
health, strict eligibility criteria were used. Eligibility criteria for mothers included nulliparityF_-I7
regular 26-30 day menstrual cycles prior to pregnancy, no use of hormonal contraception in
the months prior to pregnancy, and spontaneous conception [133].

Three-dimensional (3D) ultrasound volumes of the fetal body were acquired [134] at
centres in eight countries using a consistent acquisition protocol. This study set international
standards for fetal growth, and the very large quantities of data acquired for this purpose have
been used for image analysis studies [I1]. Each volume was labelled with the gestational age
of the fetus, as measured in days from the last menstrual period and confirmed by ultrasound
measurements of the crown-rump length. Participants were invited for scans every 5 weeks
from GA = 14 weeks to delivery. These were imaged according to a standard protocol:

transabdominal ultrasound was acquired in a lateral recumbent position, with sufficient

IParticipants needed to have had no previous pregnancies.
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magnification to ensure that the structure of interest is fully present and spans at least 30%
of the image [I35]. At each visit, three 3D ultrasound volumes were acquired of the head,

abdomen, and femur. Only the acquisitions of the fetal head were used in this thesis.

Volumes available in the INTERGROWTH-21st dataset
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Figure 3.1: The distribution of gestational ages of the 3D ultrasound volumes available in the
INTERGROWTH-21% dataset.

Figure [3.1] shows the age distribution of 3D ultrasound volumes available in the dataset,
and shows a large and fairly even number of volumes in the dataset across all gestational
ages. Not all volumes are usable for the purposes of this study: some do not contain the
entire volume of the brain, while others do not show enough detail or exhibit large shadowing
artifacts. Due to interference from the fetal skull, in each volume only one hemisphere is
visible with a good level of detail: this is explained in Section Some sessions also did not
include a 3D acquisition of the fetal brain, due to consistently unfavourable positioning of
the fetal body. The imaging protocol required fetuses to be positioned on one side but did
not specify which during acquisition, so both left and right hemispheres are represented in
the data. Approximately two-thirds of fetuses lie to their left at pregnancy term, though the
left-right positioning of fetuses earlier in pregnancy is not well-studied [136].

The raw volumes include much of the fetus and some surrounding maternal tissue (one
example slice of this can be seen in Figure . To reduce the large differences in head
and probe positioning and fetal size and orientation between acquisitions, all volumes were

brain-extracted and the skulls were registered to each other following the method laid out
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Figure 3.2: An example of a slice from a raw volume in the dataset. Most of the image space is
given to maternal tissue surrounding the fetal head.

by Namburete et al [I37]. The volumes were aligned to a common reference frame by using
parametric curves to find consistent points in the skull, which are clearly visible in ultrasound.
These points are then used to guide a similarity transform which scales and rotates the
individual acquisitions to the same reference space. The resulting volumes, after preprocessing,
had a consistent image size of 160 x 160 x 160. Since there is significant variation in fetal
head size over the period considered in this thesis, this leads to varying physical dimensions
for each voxel: though the initial acquisition has a resolution of 0.6mm [134], after scaling the
physical space taken by each voxel ranges between approximately 0.5 and 1.1mm.

Heavier preprocessing was used for certain parts of this project. As only one hemisphere
is visible in any given volume, earlier parts of the project mirrored volumes across the mid-
sagittal plane to simulate a consistently visible brain. It can also be useful, and involve less
preprocessing, to treat volumes with a visible left hemisphere separately from volumes with a

visible right hemisphere.

3.2.2 Adult MR dataset

In Chapters [5] and [6] an additional MRI dataset was also used to validate the methods
developed in a different imaging modality. The Alzheimer’s Disease Neuroimaging Initiative
(ADNI) [138] is a collaboration to collect data from a large number of older adults. 63 sites

participated in acquisition, using different scanners and acquisition methods. [139]
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Figure 3.3: Three canonical views of an MRI acquisition of the brain of an 85 year old cognitively
normal male, from the ADNI dataset.

The ADNI dataset was collected to identify biomarkers for the detection and tracking of
Alzheimer’s disease (AD). Alzheimer’s disease is a common (> 20% for those over 75 years
old [58]) progressive neurodegenerative condition and one of the main causes of death in the
developed world [58], but it is in many ways poorly understood: it remains difficult to predict
an individual’s risk of developing AD, diagnose AD in patients with symptoms, or devise
possible treatments for it. Dementia caused by Alzheimer’s disease is typically preceded by a
milder form known as mild cognitive impairment (MCI), but cognitive symptoms are often

predated by abnormalities that can be seen in medical images [60].

The ADNI dataset is comprised of many different types of clinical, genetic, imaging, and
diagnostic data, collected from many different sites using different equipment and different
protocols [I39]. The imaging data available includes MRI data collected from different scanners,
with different sequence weightings and acquisition settings. Acquisition characteristics can
introduce significant bias, so this must be taken into consideration for any proposed machine-
learning method . Even when selecting volumes with similar acquisition characteristics on
paper, it is possible that different postprocessing methods may have been employed at different

sites.

The subset of ADNI considered in this thesis comprised only T1-weighted 3D acquisitions
of the brain, imaged using a scanner field strength of 1.5T and with a resolution of Imm along
each axis. Figure |3.3| shows three canonical views of one such acquisition, with no additional

postprocessing.
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None of the volumes in the initial ADNI dataset have segmentation labels, though they

are labelled with metadata such as scanner settings, age, and cognitive status.

3.3 Atlases and annotations

The datasets described in Section are collections of medical images, labelled with some
metadata (such as age and acquisition method) but without segmentation labels. Since
this thesis is largely focused on medical image segmentation, availability of annotations for
segmentation is very important.

While it is possible to label volumes manually, this is very time-consuming at the level
of the datasets discussed above: the exact time needed to generate labels manually varies
depending on image modality and structure of interest, but obtaining consistent segmentation
labels for an entire dataset on the scale described is a project on the scale of several months. If
any labels for these datasets already exist, this may reduce or eliminate this time investment:
this section examines what labels were available for the DPhil research.

In this thesis, I use template to describe a common reference space that volumes can
be registered to, such as the MNI152 template [140]. I use the word atlas to describe a
segmentation for a template. The usage of these words differs in different parts of the literature

(see e.g. [140] and [2]), so it is important to use a consistent standard throughout this thesis.

3.3.1 Gholipour fetal MR atlas [21-37 GW]

Gholipour et al [2] constructed an MRI-based spatiotemporal atlas of the fetal brainE], with
structural segmentation labels at a range of gestational ages between 21-37 GW.

This spatiotemporal atlas was constructed using 81 fetal brain MRI volumes in this age
range, acquired from healthy fetuses at 1.5T and 3T with a slice thickness of 2mm. These
acquisitions are repeated T2-weighted half-Fourier acquisition single shot fast spin echo
(T2wSSFSE) scans As explained in Chapter [2| fetal motion is a major challenge in acquisition

of fetal MR images: all MRI acquisitions were processed with retrospective motion correction

2 Available at http://crl.med.harvard.edu/research/fetal _brain_ atlas/.
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Figure 3.4: On the top row, the MRI atlas at 23 weeks, and on the bottom row, individual
structural labels, as seen in the (a) axial, (b) sagittal, (c) coronal views.

[141]. Following this, they were brain-extracted and normalised, and then registered to a
common reference space. This common space was constructed as a 4D space (3D + time)
using diffeomorphic registration, where each subject contributed to the atlas at every age
point in proportion to the difference between its own age and that point. The atlas was then

sampled at one point per gestational week, to provide individual volumes for each age point.

Each age point was then manually labelled over a large number of tissue-type and structural
labels - a total of 135 different labels. Labelling was done automatically using a neonatal

template [42] at higher gestational ages (>35 weeks), and manually at lower gestational ages.

The small number of volumes used in the construction of this atlas (only 81 across a range
of 17 gestational weeks) makes the atlas susceptible to individual variation in anatomy, and

potentially unrepresentative of a larger population of developing fetuses.
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3.3.2 INTERGROWTH-21% 3D fetal US template [14-30 GW]

Namburete et al [3] have generated a template using the INTERGROWTH-21% dataset,
providing a common reference space across a gestational age range of 14-30 GW. This is a
lower age range than that of the Gholipour atlas, reflecting the lower ages at which ultrasound
imaging can be applied.

19wks 22wks 25wks

'

INTERGROWTH-21%
dataset (n=5746)

High-quality volumes
selected (n=599)

Similarity registration
(per GW)

Nonrigid registration to
generate final atlas

Figure 3.5: Flowchart showing the process by which the INTERGROWTH-21%¢ US template was
constructed.

The flowchart in Figure [3.5] shows how this template was constructed. At first a subset of
volumes in the INTERGROWTH-21%" dataset was selected (599 volumes across the gestational

age range of in the template), which had good image quality and few artifacts. Since only one
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hemisphere can be consistently visualised in fetal ultrasound [I1], these were separated into
left hemisphere-visible and right hemisphere-visible volumes. Within each age window and
for each hemisphere, an initial 3D image registration was done using a similarity transform,
to estimate a linear transformation for all volumes to a standard space. Then a groupwise
diffeomorphic nonrigid Demons registration [142] [75] was used to obtain a visually sharp,
consensus volume for each hemisphere. Finally, the templates for each hemisphere were
combined into a single, complete template. The resulting template is asymmetrical, similarly
to real brains.

This template does not have any structural labels, but provides a common reference space
for volumes at each gestational age. The transforms performed on each individual volume used
to construct this dataset are reversible and their parameters are stored: if labels are generated
within this common reference space, they can then be propagated to all the individual volumes
that are used to construct the template. It is possible, therefore, to use a single segmentation

of the template to generate labels for each volume used to construct the template.

3.3.3 HARP

Figure 3.6: Example segmentations from the EADC/HARP dataset, showing subjects labelled as
(a) cognitively normal, (b) MCI, (c) AD.

The EADC-ADNI HARmonised Protocol (HARP) dataset [20] is a subset of the ADNI
dataset. The dataset consists of 135 T1-weighted 3D MRI volumes acquired with 1.5T field

strength and 1 x 1 x Imm voxel dimensions. These were split between cognitively normal
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(CN), mild cognitive impairment (MCI), and probable Alzheimer’s disease (AD) volumes. 100
volumes are pre-designated as “training” and 35 as “test” volumes.

The hippocampi within each volume were manually labelled by five clinical experts
following a harmonised protocol [20]. Each hippocampus was labelled slicewise in 2D, along
the coronal axis. Where different raters disagreed, the majority annotation for each voxel was
used. Figure 3.6 shows an example of segmentations from three raters, in the sagittal view.

There is a hippocampus in each hemisphere of the human brain, so each acquisition has
two hippocampi. Therefore, the HARP dataset contains 270 volumetric labels of individual
hippocampi across 135 volumes. In this thesis, the region around individual hippocampi
is cropped, so each volume passed to the neural networks used here contains only one
hippocampus.

The labels in the HARP dataset cover only a fraction of the ADNI dataset, which is much
larger. Chapter |5| of this thesis explores the use of additional unlabelled volumes from ADNI
alongside the labelled HARP volumes.

3.4 Discussion and conclusion

The size of the INTERGROWTH-21%" 3D ultrasound dataset, and the fact that it was collected
using a standard protocol, make it a suitable dataset to train a machine learning method.
The lack of high-quality segmentation labels remains a constraint to what can be done using
this dataset: Chapter [5| is dedicated to harnessing the large quantities of unlabelled data
present in this dataset.

The ADNI dataset covers a different imaging modality (MRI), with different imaging
characteristics. The HARP dataset provides high-quality manual segmentation labels for
a small part of the ADNI dataset. The larger ADNI dataset contains many more MRI
acquisitions with the same acquisition parameters, which remain unlabelled. Chapter
explores ways in which segmentation performance can be enhanced with use of this large
unlabelled dataset.

This short chapter has introduced the datasets and annotation schemes used throughout

46



L. Venturini, D.Phil. Chapter 3: Data description

the rest of this thesis. The INTERGROWTH-21% dataset is used in every chapter of this
thesis, with different annotations and in different subsets: this is detailed in each chapter. The
ADNI/HARP dataset is used in chapters [j| and [f] together with the INTERGROWTH-21"
dataset. The annotations and atlases considered in this chapter are also used in later chapters:
Chapter [] covers atlas-based methods using the Gholipour atlas and the Namburete template,

while Chapter [5| uses manual annotations and annotations in the HARP dataset.
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Chapter 4

Atlas-based label generation and

multi-label segmentation

Chapter overview

This chapter uses atlas-based methods to segment a large number of volumes and uses CNNs
to extend the number of segmentations to volumes not used in the original construction of the
atlas. The main challenge addressed in this chapter is how to obtain high-quality automated
3D segmentations in a large ultrasound dataset without manually-labelled training data.

I begin by introducing the task and motivating the need for a solution, in Sections and
[4.2] T use affine registration to align two atlases of the developing fetal brain, one obtained
from ultrasound and the other from MRI data, in Section and propagate the structures
labelled in the MRI atlas to the ultrasound atlas. I then propagate those segmentations in
turn to the individual ultrasound volumes used to construct the ultrasound atlas in Section
[£.3.3] and quantify the reliability of that segmentation (see Section [£.3.4). Since this method
can only be used for volumes with known correspondences with the atlas, it cannot generalise
to new data, so Section then uses those volumes to train a CNN. I consider the design
choices that lead to the best CNN-based segmentation. I present the results in Section
and discuss them in Section [£.6

A preliminary version of the work presented in this chapter was accepted for presentation at
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MIUA 2019 [21]. A further publication based on the full work presented here is in preparation.

4.1 Introduction

Development of the fetal brain can be imaged and tracked using ultrasound (US) and MR
imaging. Ultrasound is a more traditional technique: fetal US has been a standard screening
test for pregnant women for decades in much of the developed world. In the UK, women are
offered at least 2 US scans during pregnancy, one at 8-14 GW (known as the dating scan) and

another at 18 — 21 GW (known as the anomaly scan) for standard screening purposes [143]]

These scans are used as a screening tool: the measures used for such screening are
either qualitative and subjective (such as an observation of specific anatomy), or measured
manually by the clinician (such as the head circumference, or the transcerebellar diameter
(143, 33, [144), [145] 32]). In both cases, these rely on the clinician’s judgement and experience,
and may show expected-value bias [129]. Since they need to be measured manually, the
time available for each scanning session limits how much information may be collected from
each scan: manual measurements obtained by the clinician are usually simple lengths and

circumferences, based on labelling of a small number of points.

More detailed measurements, such as delineation of individual anatomical structures on
each scan, may retrieve more usable information, but are time-prohibitive for clinicians to
conduct routinely and are thus not part of clinical guidelines. If such measurements could be
obtained automatically, however, they could be of clinical value without posing additional

burdens on sonographers.

This DPhil project is an attempt to automatically extract such measurements from
US scans, enabling these measures to be extracted automatically. This chapter shows one
approach to obtain high-quality 3D segmentations without relying on large quantities of

manually-labelled data.

L Additional US scans in the third trimester are offered for women with additional risk factors, such as high
BMI or smoking.
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4.2 Proposed approach

This chapter considers multi-label segmentation in 3D US volumes. It tackles two problems:
the lack of high-quality manual segmentation labels to construct a training set for a neural
network, and the choice of an appropriate architecture for a CNN to perform supervised
multi-label anatomical segmentation. The INTERGROWTH-21% dataset, used in this chapter,
does not include segmentation labels, so the first task is to generate ground-truth labels to
use for training. Manual segmentation is very time-consuming for even individual volumeﬂ
so it is infeasible to manually segment a large dataset to initialise model training. The first
challenge this chapter considers is how to automatically generate sufficient ground-truth labels
efficiently and of high enough quality to serve as a training set for a machine-learning method.

Firstly, I explore atlas-based methods to generate high-quality segmentations. I examine
the available atlases for the fetal brain, including which segmentation labels are available for
each atlas. I consider different ways to register those atlases and to propagate segmentations
to each individual volume. I discuss the quality of ground-truth segmentations obtained by
the atlas-based methods chosen and find a way to evaluate them quantitatively. Finally, I use
the final choice to generate individual segmentations for a large sample of volumes within the
INTERGROWTH-21% dataset.

After generating ground-truth segmentations, I experiment with different network archi-
tectures for segmentation. The atlas-based method cannot scale to data not used in initial
atlas construction, so a CNN is used to do so instead. This can be posed as a 3D multi-task
segmentation problem, and it is worth exploring a range of available architectures to find the
best-performing type. Section discusses possibilities: the U-Net architecture [94], an
encoder-decoder architecture discussed in Section [2.3.2] has proven successful for medical
image segmentation problems, but there are several possible implementations of U-Net-based

architectures for this type of task. The network architectures evaluated are:

¢ A native multi-task 3D network architecture

2Even segmentations of a single structure, performed in Chapter |5}, were estimated to take 30 minutes per
volume.
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o A series of single-task 3D network architectures

o A QuickNAT-like [146] series of 2D network architectures, with results aggregated to

obtain 3D segmentations.

These architectures have different computer memory requirements and training times, and
the possible advantages of each are considered in Section [£.4.3] I then compare the quality of
these segmentations, as well as the practical usability of the architectures selected. Finally, I

examine particular failure modes in detail.

4.3 Label generation

Given the size of datasets necessary to train a deep-learning method, subject-specific anatom-
ical characteristics, and artifacts inherent in US imaging’] it is challenging and time-consuming
for human experts to manually segment a sufficiently large subset of the dataset used for this
chapter.

Manual segmentation of 3D structures in the INTERGROWTH-21%" dataset takes an
average of 2 hours per volume [I18]. Segmenting a training set of 500 volumes would therefore
involve a time commitment of 1000 hours, or 25 weeks (6 months) of full-time work (40
hours/ Week)ﬂ. This is not a productive use of time in the context of a single DPhil project,
so alternative methods were explored.

I used an atlas-based method to generate a large number of weak labels to compensate
for this. Atlas-based segmentation relies on a segmentation (the atlas) of a single volume
(the template) to which individual volumes have been registered. Each individual volume
has a known transformation to align it to the common reference space of the template. This
transformation can then be applied in reverse to the atlas, generating a segmentation for
each volume. The advantage of this approach is that no manual segmentations are required,

beyond the initial atlas: given a transformation from each volume to the template, it should

3Such as speckle and shadowing artifacts, which make it difficult to accurately trace anatomical boundaries.

10ther large-scale image datasets, such as ImageNet [I5], crowdsource their annotations using services
like Mechanical Turk. This is not feasible for medical image datasets, where specialist medical knowledge is
required to make accurate segmentations.
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Generation Propagation

Figure 4.1: A flowchart showing the principle of atlas-based segmentation. A set of volumes
X1, ..., X, are aligned to a common reference space with a set of transforms f (Xi,...,X,). A
segmentation in the reference space can then be propagated to each initial volume by inverting the
transforms, f~1 (X1, ..., Xp).

be straightforward to transform the atlas labels back to each individual volume. Figure
illustrates the principle of this method, and Section [2.3.1] reviews atlas-based segmentation in

greater detail.

4.3.1 Spatiotemporal atlases

As discussed in Chapter , Gholipour et al [2] recently proposed a 4D spatiotemporal atlas
of the fetal brain spanning 21 — 37 gestational weeks (GW), using 3D MRI scans of fetuses
and producing atlas labels of tissue type and structure. This atlas has been shown to achieve
segmentation quality comparable to human experts based on the Dice coefficient [2]. The
labels from this atlas can be used as a starting point for an atlas-based segmentation approach,
similar to what was done by Guha Roy et al [I47] for the segmentation of brain structures in

MRI with limited annotationg’

5They used the FreeSurfer tool [I48] to automatically generate training segmentations, with only small
manual corrections on a subset of volumes.
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(b)

Figure 4.2: A comparison of two spatiotemporal fetal brain atlases at 22GW. (a) the Gholipour
MRI atlas [2], and (b) the Namburete US atlas [3]. The different imaging modalities create different
contrast and emphasize different structural features.

Chapter also introduced an US-based template has also recently been generated by
Namburete et al [3] using the INTERGROWTH-21*" dataset. This spans gestational ages
14 — 30 GW, using selected scans from the INTERGROWTH-21%" dataset. The age range is
earlier in pregnancy than that of the MRI atlas (at 21 — 37 GW), and roughly corresponds to
the second trimester (14 — 26 GW). This is because of differences between the capabilities of
the two imaging modalities: in MRI it is difficult to generate a 3D volume from 2D slices
at lower gestational ages due to motion artifacts [44], and MRI scans are rarely acquired at
lower ages in the clinic, due to tissue resolution and motion artifacts [39]. On the other hand,
3D US scans are acquired at higher speeds and have fewer problems with motion artifacts,
and are routinely acquired at lower gestational ages [33]. On the upper end of the gestational
age range, skull ossification in the third trimester can cause shadow artifacts and reduce the

signal-to-background ratio of a US scan.

Figure shows the difference in visual appearance of the two atlases at the same
gestational age. The different modalities in which they are collected have different methods of
generating contrast, which emphasise distinct anatomical features. In the MRI atlas, the value
of each voxel is determined by its T2 relaxation time, which is tissue-dependent: each voxel
with the same type of tissue should appear identical. In US, contrast is given by ultrasound

reflectors, often at boundaries between tissue types, and by speckle, which is determined by
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Figure 4.3: Comparison of a T1-weighted MRI fetal brain slice at 23GW and a fetal brain
ultrasound image (axial), at 21GW. Notable anatomical features are pointed out in both slices as
are some image characteristics in US.

the density of sub-resolution reflectors in each tissue type. Nonetheless, anatomical boundaries

of the many structures (such as the cortical plate) are clearly visible in both atlases.

A selection of volumes was registered to a common reference space at each gestational
week. Since only one hemisphere can be consistently visualised in fetal ultrasound [I1], these
were separated into left hemisphere-visible and right hemisphere-visible volumes. Within
each age window and for each hemisphere, an initial 3D image registration was done using a
similarity transform, to estimate a linear transformation for all volumes to a standard space.
Then a groupwise diffeomorphic nonrigid registration [142] was used to obtain a visually
sharp, consensus volume for each hemisphere. Finally, the templates for each hemisphere
were combined into a single, complete template. Chapter |3| provides more detail on how the

template was generated.

Figure shows the gestational age (in weeks) of volumes used to generate the template,
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Figure 4.4: Distribution of the US volumes used to form the Namburete atlas, by gestational
age and hemisphere. There are significantly more volumes in earlier weeks, due to ossification and
progressively lower image quality later in pregnancy.

for each hemisphere. More volumes were used to form the atlas for gestational weeks near the
middle of the age range, with fewer nearer the younger and older ends of the distribution.
This is consistent with the discussion above: at lower gestational ages, the smaller dataset size
makes it difficult to resolve anatomy; at higher gestational ages, ossification reduces image
quality. The greatest number of volumes used to construct this atlas was in the range 20 — 25

GW, around the middle of the age range.

The Gholipour atlas also has structural labels for every gestational age. It has a total of
127 labels [2], showing different structures in each hemisphere as well as different types of
tissue. There is some overlap between some of these labels, as they are classified into “tissue”
labels and “regional” labels. Figure shows a 3D visualisation of some of those structures
in the “regional” atlas, within a single hemisphere. Some, but not all, of these structures are
visible on a US scan, since the two modalities have different contrast. Figure shows a
comparison between the Gholipour template and the Namburete template at 22 weeks, where

the difference in visibility of different structures can clearly be seen. Some examples of these

features are shown in Figure [£.3]

The US template, on the other hand, does not have any structural labels. One way to
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Figure 4.5: A 3D representation of the labels in one hemisphere in the MRI atlas at 23 weeks.
(a) the original labels (in the “regional” atlas), and (b) the four anatomical labels chosen. (Red:
thalamus, green: brainstem, blue: cerebellum, yellow: white matter)

generate structural labels for US is to find a correspondence between the MRI atlas and the
US atlas, and propagate the labels from there. However, since not all structures in the MRI

atlas can be seen in US, only some of the structural labels can be selected.

For the purposes of this chapter, the four structural labels selected for propagation to the
US atlas were the thalamus, brainstem, cerebellum, and white matter, which are visible on
US images. Table shows the correspondence between the labels in the Gholipour atlas
and the four structural labels selected for use in the US atlas. The labels for “thalamus”,
“brainstem”, and “cerebellum” are all derived from the “regional” atlas, while the labels for
“white matter” are derived from the “tissue” atlas: this results in a small amount of overlap
between the labels. Table [4.2] shows the overlap of the “white matter” label with the other
structural labels. Overlap only exists between the “white matter” and the “brainstem” label,
accounting for 0.4% of the volume of the labels on average. In this work, this was resolved (to
maintain a simple mapping between voxels and individual labels) by assigning all overlapping
voxels to the “brainstem” structure. The small number of voxels affected (averaging 31 voxels

per volume out of 4 x 10°) make this a small adjustment.
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Index Label (MRI) Label (US) | | Index Label (MRI) Label (US)

77 Thalamus L 103 Vermis Ant R

Thalamus
78 Thalamus R 104 Vermis Post L
92 | Lateral Vent L 105 Vermis Post R Cereb.
93 Lateral Vent R 106 Vermis Cent L
94 Midbrain L 107 Vermis Cent R
95 Midbrain R 112 | Cortical Plate L

Brainstem
96 Pons L 113 | Cortical Plate R
97 Pons R 114 Subplate L
98 Medulla L 115 Subplate R

WM

99 Medulla_ R 116 Inter Zone L
100 Cerebellum L 117 Inter Zone R
101 Cerebellum_ R Cereb. 118 Vent Zone L
102 Vermis Ant L 119 Vent_ Zone R

Table 4.1: The correspondence between the labels used in the MRI atlas and the structural labels
propagated to the US atlas. As the MRI atlas had separate labels for each hemisphere, it was
straightforward to export only one hemisphere to each part of the US atlas.

Structure overlap Thalamus | Brainstem | Cerebellum

Overlap (% of structure) 0 0.4+ 0.2 0
Table 4.2: Overlap of the “white matter” label with other structural labels.

4.3.2 Atlas alignment

The initial approach I took, published in MIUA 2019 [21], aligned the MRI atlas to each US
volume by aligning their skulls. A simple skull mask was automatically fitted to each US
volume and aligned with the anatomical boundaries of the MRI atlas. A similarity transform
was used to find the best alignment using the open-source open3d library [149], as shown in
Figure [4.0l A similarity transform was chosen because other transforms gave subjectively
worse outputs: a rigid transform does not include a scaling factor (which is important since
the fetal brain varies considerably in scale with development), and the additional degrees

of freedom given by affine transforms were unnecessary, leading to slower convergence and
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Figure 4.6: The final output of the skull-based alignment method: blue is the MRI atlas and yellow
is the US template.

distorted outputs. The transformation matrix produced was then used to propagate the
selected structural labels to each volume.

However, the MRI atlas (as can be seen in Figure does not include the skull itself,
which led to significant misalignment, especially for peripheral structures such as the medulla,
in the brainstem. This alignment also does not consider internal anatomy and individual
variation: a similarity transform has few degrees of freedomﬁ As a result, all volumes within
the same gestational week were initially given very similar segmentations, without accounting
for individual differences. This led to inaccurate labels for individual volumes, and in this
thesis I propose a different alignment scheme.

A transformation can still be estimated between the US atlas and the MRI atlas by
labelling corresponding known points on both volumes and estimating a transformation

between themﬂ An affine transform, which requires a minimum of 12 correspondenceﬂ was

67 degrees of freedom, corresponding to translation (along each axis), rotation (along each axis), and a
global scale factor.

“In principle, this does not need to be between atlases, but it would be time-prohibitive to manually label
corresponding points in all the volumes used.

8Corresponding to 12 degrees of freedom: 3 each for translation, rotation, scaling, and shear (along each
axis).

99



L. Venturini, D.Phil. Chapter 4: Atlas-based training

Keypoints (US/MRI) Numbering | Bilateral
Cerebellar lobe 0-1 Yes
Midbrain (substantia nigra) 2-3 Yes
Crown 4-5 Yes
Sylvian fissure (crown end) 6-7 Yes
Sylvian fissure (rump end) 8-9 Yes
CSP (anterior end) 10 No
CSP (posterior end) 11 No
Occiput 12-13 Yes

Table 4.3: The keypoints used to drive affine registration. The correspondences marked “bilateral
were made in both hemispheres.

estimated using a least-squares approximation to find the best correspondence between the
two sets of points. Table shows the keypoints that were labelled in both the MRI atlas

and the US atlas, and Figure shows an example slice of the atlases with labelled keypoints.

Figure 4.7: Keypoints labelled in a coronal slice in both atlases, at 24 weeks. The numbers
correspond to structures as detailed in Table

This was only done within the range of 20 — 25 gestational weeks. This is the age range in
which there are the most US samples available (see Figure and in which the MRI atlas
has structural labels. The Gholipour atlas’ lower end is 21 weeks - to extend it to 20 weeks, I

simply used the 21-week label]

9This reduces the anatomical accuracy of the segmentation labels at 20 weeks, but subjectively the difference
is minor enough to be acceptable.
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Figure 4.8: The structures propagated from the MRI atlas to the US atlas, at 24 weeks.

Figure shows the alignment of the structures to the US atlas at 24 weeks. Subjectively,
the alignment seems to be of good quality, with structures closely following visible anatomical
boundaries. However, there are still some notable misalignments, with some clearly visible
anatomical boundaries being slightly offset from the propagated label. In particular, the edges
of the segmentation appear jagged, likely due to interpolation artifacts: this is discussed in
more detail in Section A quantitative analysis of the interpolation is presented in
Section [4.3.4]

4.3.3 Label propagation

Once the atlas labels are generated, they still need to be propagated to individual volumes.
The US atlas was generated using nonrigid diffeomorphic registration, as described in Chapter
B.3] This means that the transformations can be reversed to return to the original reference
space. The 3D displacement map from the original volumes to the atlas space was saved when
generating the atlas (see Figure 77 in Chapter [2)). The reverse transformation (simply using
the negative displacement map) can then be used to propagate segmentations from the atlas

back to the original volumes.

Figure 4.9 shows the detail of a structure and its label in the US atlas, and how it changes
when it is propagated to individual US volumes. The label is deformed to closely follow the

anatomical boundary in the individual volumes, as expected.
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Figure 4.9: A detail of (a) the US atlas, and (b - ¢) two US volumes. The lower row shows how
the labelled structures change in response to the displacement map.

4.3.3.1 Separate hemispheres

Since only the hemisphere distal to the ultrasound probe can be seen in any detail, each
volume was only used to construct part of the atlas, corresponding to the distal hemisphere
(see Figure . Consequently, for each volume only one hemisphere was registered to the
atlaeEl7 and so only structures from that hemisphere could be propagated from the atlas back
to the volume. Figure 7?7 shows, in each sub-figure, the cut-off point: only one hemisphere
was kept for the atlas, together with a margin of 20 voxels across the mid-sagittal plane (MSP)
(empirically chosen as a point beyond which anatomy is indistinct).

As a result, only structures from one hemisphere of the atlas are propagated to individual

volumes. The cerebellum and the brainstem straddle the MSP, with no noticeable difference

10T be more precise, a 160 x 100 x 160 section of the 160 x 160 x 160 volume. The extra margin of 20vx
across the mid-sagittal plane allows displacement map from that region.
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in quality between hemispheres. However, the cerebellum segmentation always crosses into
the non-propagated part of the hemisphere, leading to some imperfections in the segmentation
of individual volumes. This only affects a small part of the segmentation of the cerebellum in

each volume in the distal hemisphere.

4.3.3.2 Interpolation

(a) (b) (c)

Figure 4.10: A synthetic image (a) has a random transform and its inverse applied to it (b).
The top row shows the result using nearest-neighbour interpolation, and the bottom row linear
interpolation. (c) shows the misclassified pixels.

To generate the ground-truth structural labels for every volume, I used two transformations
from the initial MRI labels: an affine transform to the US atlas, followed by the deformation
field from the atlas to the individual volumes. Each of these steps requires interpolation.

Since atlas labels are discrete, a naive application of common interpolation methods

(such as trilinear interpolation or spline interpolation) would produce a continuous output,
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Interpolation error % | Time (s)

Nearest-neighbour | 0.241 1.83

Bilinear 0.023 2.26

Spline (3rd order) | 0.040 5.17

Table 4.4: Accuracy of different thresholded interpolation techniques, on the synthetic multi-class
image shown in Figure These values were estimated from random transformation of the image
1000 times.

leading to some voxels at the boundaries having ambiguous classification. Nearest-neighbour
interpolation does not have this feature and outputs a segmentation with discrete outcomes
just like the inputs. However, this can lead to outputs with jagged or noisy edges, in contrast
with the smooth contours of the original shapes. Figure shows an example of this in 2D
(a synthetic image was used as a basis for these comparisons and quantitative analysis in this
section), and the same interpolation methods should be expected to yield similar results in
3D.

The alternative is to use a continuous interpolation method, such as linear interpolation,
and then threshold the result to obtain a discrete map. This needs to be done carefully:
the binary segmentation of each class needs to be transformed and interpolated separately,
to avoid misclassifications during thresholding. The output in this case can be seen in
Figure [£.10] The result is notably smoother and has less of the quantisation noise that
characterises the nearest-neighbour approach. The need to transform and interpolate each
structure separately, however, can lead to some inconsistency at anatomical boundaries, where
(by quantisation noise) a single voxel can be labelled as belonging to multiple structures.
To resolve this inconsistency and to minimise jaggedness and uncertainty, the interpolation
methods compared here chose the class with higher value, effectively using an argmax function
to select a single classification.

Table shows the speed and error rate of different interpolation methods. Nearest-
neighbour interpolation is the fastest method, as expected, but leads to jagged edges and a
higher objective error rate. Other interpolation methods show far fewer misclassifications, at

the expense of increased computation time. The results here show that linear interpolation
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(thresholded after the final transform to generate a hard map) is almost as rapid as nearest-
neighbour interpolation and has the fewest misclassified voxels of the methods investigated.
Therefore, I chose thresholded linear interpolation to generate ground-truth labels for the rest

of this chapter.

4.3.4 Segmentation quality

DSC | 21/22 weeks | 22/23 weeks | 23/24 weeks | 24/25 weeks Average
Thala. | 0.818 4+ 0.020 | 0.473 £ 0.027 | 0.608 + 0.017 | 0.327 4 0.042 | 0.595 + 0.163
BStem | 0.659 4+ 0.008 | 0.768 4+ 0.007 | 0.726 + 0.014 | 0.588 + 0.008 | 0.700 £ 0.059
Cereb. | 0.468 + 0.020 | 0.784 + 0.013 | 0.806 + 0.014 | 0.770 £ 0.010 | 0.705 £+ 0.145

WM | 0.831 4+ 0.011 | 0.804 £ 0.009 | 0.847 + 0.006 | 0.739 4+ 0.011 | 0.818 + 0.035

Table 4.5: Dice coefficients for labels generated from adjacent weeks of the atlas, for volumes near

the borderline between different weeks. Thala. is the thalamus, BStem is the brainstem, Cereb. is
the cerebellum, and WM is the white matter.

It is difficult to measure how reliable the segmentation labels generated by the atlas are,
but one way to estimate it is using volumes that lie between two temporal timepoints. Each
volume in the dataset is labelled with its gestational age (in days), while the atlas is divided
into different gestational ages by week. Therefore, each week’s atlas corresponds to a range of
7 days. The volumes nearest the borderline between two weeks can be thought of as being
approximately in the middle, in terms of appearance of structures, between the atlas for
each weeld'T] Therefore, the reliability of segmentation labels generated using the atlas can
be estimated by comparing segmentations of these edge cases created using different atlases.
Table shows the Dice coefficients obtained for each structure based on the volumes near
the temporal borderlines.

The Dice coefficients shown in Table can be considered a reasonable upper bound for
the performance of neural networks trained on this data, as they show the difference between

different plausible labels generated by the same method. There are three possible sources of

HFor the purposes of this chapter, only volumes within 1 day of the cutoff between weeks are considered
‘borderline’.
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error each contributing to the limited Dice coefficients: imperfect correspondence between the
MRI and the US atlas used to generate labels; interpolation errors during atlas propagation;
and the limited temporal resolution of the atlases used (1 week each), which can quantise

structural features.

This method propagates segmentations from one fetal brain atlas (in MRI) to another
(in ultrasound). These are constructed in different modalities using different volumes, so the
boundaries of structures visible in the atlases are different. This creates some inaccuracies in
the segmentation of the US atlas, which is then propagated to the individual volumes used to
construct the atlas. This is consistent among volumes in the same week and (in part) across
different ages: some differences in segmentation are due to individual variation among the

acquisitions in the atlas, but others are due to the consistent difference in appearance.

Furthermore, the correspondence between atlases relies on an affine transform estimated
by manually labelling corresponding anatomical features. The correspondences are noisy
and can be inaccurate, and the transform is estimated by least-squares, which attempts to
smooth some of the noise in the correspondences. That is another source of systematic error
within each week of the atlas. Since volumes within each gestational week uss a different
set of correspondences, the magnitude of this error varies across different weeks, and is not

consistent.

The structural labels are affinely transformed from the original MRI atlas to the US atlas,
and then transformed again (with a nonrigid transform) from the US atlas to individual
volumes. Some quantisation noise is introduced by the interpolation step. To reduce this,
trilinear interpolation is used in both of these steps, and the labels are only quantised at the

end. Nevertheless, this adds some unavoidable noise to the labels.

Finally, the temporal resolution of the atlases is limited. While volumes are labelled with
their age by day, the atlases used in this chapter only have one reference volume per week of
gestational age. Brain structures change continuously throughout pregnancy, and any atlas
that uses discrete temporal bins necessarily introduces some inaccuracies in segmentation,

especially for volumes near the edges of their age bins.
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4.4 Segmentation

The generated atlas-based labels can only be used for volumes that have a known set of
correspondences with the atlas: therefore, they can only be generated with the volumes used
to construct the atlas in the first place. While this is sufficient to generate a training set, it
cannot generalise to unseen data, and cannot scale to large datasets. For this purpose, it is
necessary to use a different method. While there are several possible approaches to this (see
Chapter , the availability of a labelled set makes supervised machine learning attractive.
CNNs are an appropriate tool for multi-task segmentation in these circumstances.

In this section, I investigate the appropriate network architecture for multi-task segmenta-
tion in fetal brain US volumes. Encoder-decoder architectures such as the U-Net [94] have
proven successful for medical image segmentation tasks [124] (150, 99], even with limited train-
ing data. The original implementation of the U-Net is for a binary classification task, where
every pixel in the image is labelled as belonging to the structure of interest or background.
Furthermore, original implementations of the U-Net were for 2D segmentation, though 3D
variants have been proposed [99, [I51]. This chapter explores different approaches to extend
the U-Net to 3D multi-task segmentation.

The simplest way to extend the U-Net architecture to segment multiple structures is
to train an ensemble of single-task U-Nets in parallel for different structures. This is very
straightforward but requires significant memory and training time to train the required
networks. It also requires some postprocessing to fuse the output of each network in the
ensemble, as independent networks may label the same voxel as belonging to different
structures.

Alternatively, a multi-task architecture can be devised by simply replacing the final layer:
instead of predicting a binary score for each voxel, the network can use a softmax function to
predict a one-hot feature vector for each voxel. However, this requires more memory for each
training run and may require different loss functions.

2D networks can also be used to generate 3D segmentations. A 3D volume can be sliced

into 2D slices, and each slice can then be individually segmented, but this leads to a loss of
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context: 2D convolutional layers incorporate context along the X and Y axes, but not the Z
axis of the stack. One possible way to alleviate this is the use of three different networks to
segment different slices made across the three possible axes. The predictions from each of
these networks can then be aggregated, similar to the strategy used by Guha Roy et al in
QuickNAT [146] . This has the advantage of the lower number of parameters and memory

usage of 2D networks, while maintaining context in all directions as in a 3D network.

4.4.1 Data preprocessing

All volumes used to construct the US atlas were used for this task. The ultrasound acquisition
protocol was agnostic to the direction faced by the fetus during imaging: the dataset is
therefore a mixture of volumes acquired from different orientations, some of which have a
more visible left hemisphere and others of which have a more visible right hemisphere. The
distribution of age and hemisphere of these volumes is shown in Figure £.4] There are a
total of 402 US volumes available, of which 271 are of the left hemisphere and 131 are of the
right hemisphere. This is a large imbalance, with more than twice as many volumes from
one hemisphere than the other, and cannot be explained by chance alone (p < 107%). This
is likely to arise naturally: approximately two-thirds of fetuses lie to their left at pregnancy
term [136]. All volumes were in the range of 20-25 gestational weeks.

As discussed above, different volumes were used to construct the atlas for different
hemispheres, and as a result only one hemisphere’s structural segmentations were propagated
from the atlas to individual volumes.

To align all volumes to the same reference space, all volumes whose right hemisphere
was segmented were reflected across the MSP, so that all structures to be segmented appear
to be in approximately the same location. Each brain was centred and resampled to a
160 x 160 x 160 volume, with the mean voxel sampled at 0.6 x 0.6 x 0.6 mm. Each volume has
four structural labels (thalamus, brainstem, cerebellum, white matter): these were transformed
into categorical labels, so each voxel is associated with a one-hot vector of length 5 (the four

structures of interest and background) corresponding to the ground-truth label.
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4.4.2 Augmentation

r

(a)

Figure 4.11: Three augmentations applied to (a) a synthetic example, and (b) a real ultrasound
volume in the dataset (of which one axial slice is shown here). These augmentations were randomly
sampled with parameters within the range in Table @ The original in both cases on the top-left.

Augmentation methods

Reflection across MSP
Random translation (+5vx)
Random rotation (£10°)
Random scaling (£10%)

Table 4.6: The transformations used for data augmentation.

Data augmentation was used during training. The augmentation used consists of simple
similarity transforms, shown in Table [£.6] Since the images are aligned to a common reference
space, the only axis they can be reflected across to maintain alignment is the mid-sagittal
plane (MSP), the plane that runs between the brain’s hemispheres and between the eyes.
As the data alignment is not exact, small random translations (up to +5 voxels along each
axis), small random rotations (up to £10° around each axis), and small amounts of scaling

(up to +10% linear zoom) were also used. Nearest-neighbour interpolation was used for
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computational efﬁciencyEl The volumes were reflected with 50% probability, while the degree
of all other augmentations was sampled from a uniform distribution. Some examples of slices
from the same volume augmented several times are shown in Figure [4.11

To minimise the use of interpolation, a single transformation matrix was made for aug-
mentation combining all random rotations and scaling, and then applied to the volume.
Since this was repeated at every training iteration, computational efficiency was important.

Nearest-neighbour interpolation was used, to maximise efficiency.

4.4.3 Network design

2x3? conv3d

23 max pool
23 upsample

copy+concat

Figure 4.12: The multi-task 3D U-Net architecture used in this chapter. The single-task and 2D
architectures are identical, except in the number of dimensions in each convolutional layer and the
activation function used in the final layer.

This section compares different network architectures.

Network No. parameters | Memory use (GB) | Batch size
3D multi-task 8643685 3.36 1
4x 3D single task 4dx 8643617 3.11 1
2D multi-task 2850821 2.10 64

Table 4.7: A comparison of the sizes (in terms of number of trainable parameters, and memory
usage) of the CNNs implemented. The 4x 3D single task networks and the 2D multi-task network
require multiple independently trained networks, which multiplies their memory usage.

12During training, the computational efficiency advantage of nearest-neighbour interpolation outweighs the
disadvantage of aliasing near the boundaries.
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Figure 4.13: The proposed different network pipelines. (a) The proposed 3D multi-task architecture,
based on V-net. (b) A 2D multi-task framework, based on U-net, with QuickNAT-style merging
of the different views. (¢) A 3D single-task architecture, where a different network is trained per
structure.

A 3D encoder-decoder network architecture based on the U-net architecture was used to
perform multi-task segmentation. This is a large network for 3D volume processing with 3D
convolutional kernels, so memory constraints are a real limitation. To remain within the GPU
memory availabldﬂ the top-level layer learned 16 3x3x3 feature maps. To satisfy memory
constraints, the V-net architecture [I5I] was used. A softmax activation function was used at
the output of the final convolutional layer to classify each voxel. The output was a five-class
segmentation Y € R™NeXNyxNoXdwhere n is the number of volumes, and all volumes have
dimensions N, x N, x N,. Segmentation maps for the thalamus, white matter, brainstem,
cerebellum, and background were generatedﬂ A multi-label Dice coefficient, the sum of
the Dice coefficients of all classes, was used as the loss function, as this led to what visually

appeared to be the best results. Multi-label Dice is given by

2(GT; N Seg;)
GT; + Seg;

DSCpy =)

)

13T used Nvidia GeForce GTX 1080 GPUs for training, with a memory of 10GB.
MDue to the size of this network, it used a batch size of 1 volume for training.
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where GT' and Seg are mappings of voxels corresponding to the ground-truth and generated
segmentation, respectively, across all structures of interest . The other hyperparameters for
the network’s training were replicated from Milletari et al’s V-net study [I51] : a depth of 5
layers to the bottleneck, and a learning rate o = 1073. ReLU activation functions were used

instead of PReLU for simplicity. Figure [£.12] shows a schematic of the architecture used.

A similar, single-task version of this network was also implemented for comparison. The
architecture was identical, but the final layer was given a sigmoid activation function to
constrain each output class to the range [0, 1]. Four different networks also had to be trained,

each to segment a different structure of interest.

A classical 2D U-net architecture was also implemented for comparison. This network took
2D slices as input, and output a segmentation map for each slice. The segmentations of each
slice were then stacked to obtain a full 3D semantic segmentation. To incorporate contextual
information from other views, the data was sliced in 3 different ways, corresponding to the 3
orthogonal views, in a strategy similar to QuickNAT [I46]. Each 2D network outputs “soft”
segmentation masks for each structure, with each voxel given a value between 0 and 1 for each
structure corresponding to the network’s confidence. Combining the output of each network
could exploit 3D information for segmentation, and therefore lead to a better accuracy than
networks trained on individual views. Section [4.4.4] considers approaches by which labels may

be fused to obtain an aggregate segmentation. All three architectures are shown in Figure

413l

There are significant differences in model size and memory requirements across different
architectures, as shown in Table [£.7] The 3D single-task and multi-task architectures have
similar numbers of parameters: the choice of a 3D architecture involves significant memory
usage, which limits the batch size that can fit in the memory of one GPU. These networks
were trained using a batch size of 1. The 2D network architecture involves much lower memory
usage, which allows a higher batch size. The 2D network therefore was trained with a batch

size of 64.
All of these network architectures were implemented using Keras 2.3 [152] and Tensorflow
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1.14 [153] and trained on an Nvidia GeForce GTX 1080 GPU. Other parameters for the
network’s training, such as the use of 3 x 3 x 3 convolutional layers, ReLLU activation functions
for each convolutional layer and the Adam optimisation algorithm, were replicated from

Ronneberger et al’s study [94].

4.4.4 Postprocessing

Each of the network architectures described above requires postprocessing steps.

A network that generates multi-task segmentation outputs a feature vector for every voxel
in the volume, with the implied probability p; of the voxel belonging to each of 5 structural
classes (the 4 structures of interest + background). The use of a softmax activation function
at the output layer ensures that the probabilities p; across every class ¢ in a voxel satisfy
> pi = 1. To turn this into a segmentation map, each vector needs to be reduced to a single
label. A simple argmax function can be used to select the class ¢ with the highest probability

for each voxel and produce a hard segmentation map,

i(n) = arg, max p;(n). (4.1)

Using separate networks to perform binary (structure of interest / background) segmenta-
tion for each structure of interest leads to other problems. Each network produces a single
output p,; ranging from 0 (background) to 1 (structure of interest i). Each segmentation can
be thresholded to produce a hard segmentation map for individual structures, but there is no
guarantee that the implied probability for each voxel sums to 1. In principle, it is possible
for a voxel to be segmented as belonging to multiple structures simultaneously by different
networks. The most principled way to solve this is to generate a combined prediction p.,

using the predicted probability from each network and the minimum probability that it was
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classified as background across the networks,

Ps.i(n) i1 #0
pc,i(n) =
1 —max; (psi(n)) =0

After that, an argmax function can be used as shown in Equation [£.1]

The 2.5D network, shown in Figure [£.13] requires the most postprocessing to obtain a
single segmentation. It consists of three 2D networks, each trained on slices of the volumes
sliced along different axes (the axial, coronal, and sagittal views). Using a 2D network
architecture requires considerably less GPU memory and allows faster training, at the expense
of contextual information from the missing axis. Combining predictions generated by networks

trained on different views is one way of incorporating that information.

Since there are three networks generating predictions for each voxel, each voxel n has
three independent sets of classification probabilities p; (1), piy(n), pi.(n) over all classes
1. For most voxels, the predictions of individual 2D networks agree and lead to the same
segmentation outcome, but in some cases different networks may make different predictions. I
considered two possible approaches to combining the predictions from different slices: voting

and summadtion.

Voting involves thresholding each of the three segmentations to produce a single prediction
iax(n) for each 2D network and then comparing them directly to each other. Since there are
three independent predictions per voxel, it is very likely that at least two views for each voxel
will have the same class prediction. In those cases, the classification predicted by the majority

of networks can be taken as the consensus classification i.(n),

lax(n) = arg; maxp; .x(n)

ic(n) = mode (iy(n),i,(n),i(n)). (4.2)

It is theoretically possible (though unlikely in practice) that a single voxel would be
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classified as belonging to three different structures: in this case, a tie-breaker is needed. Ties
can be broken by classifying the voxel as the class with the highest output probability from

any of the networks,

ZC(TL) = argi,ax max (pi,ax (n))

Summation is simpler: to sum the probability values for the feature vectors for each voxel,
and then use an argmax function to obtain an overall segmentation combining outputs from

the three individual networks.

) = ang o (i) (1.3

ax

This produces a different outcome from the voting system in cases where two networks predict
a classification with low confidence and the third predicts another one with high confidence.
Table [4.11] shows the performance of these two methods. While both ways of aggregating the
three networks’ predictions outperform any single component network, method appears
to lead to slightly greater performance. Therefore, I used summation for all the results

presented below.

4.4.5 Data splits

Gestational age (weeks)

Hemisphere | 20 | 21 | 22 | 23 | 24 | 25

Left 50 | 37126 | 50 | 28 | 35

Right 24 |22 12|23 | 17| 8
Table 4.8: The number of labelled volumes, by age and hemisphere.

The volumes are split between 6 gestational weeks and 2 hemispheres (see Figure and
Table , and this split should be maintained in the validation data. Each of the validation
folds in this chapter has equal proportions of volumes.

80% of the data (479 volumes) was used for training, with the remaining 20% (120 volumes)
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used for validation. Five-fold cross-validation was performed for all the experiments described
here: this means that every volume was in the training set in four of the validation folds, and in
the validation set for one of them. All reported results in this chapter use this cross-validation

scheme.

4.5 Results

Network Converg. epochs | Converg. time (min) | Segment time / vol (s)
3D multi-task 20 67 0.34
4x 3D single-task 20 208 1.21
3x 2D multi-task 20 108 1.44

Table 4.9: The number of epochs taken to reach convergence, average time required to reach
convergence, and the time to segment all structures on an individual volume

The multi-task network appeared to convergeE] within 20 epochs, after which no further
improvement was noticed. This took about an hour on the hardware used in this chapter
(see Section . The single-task network also converged after 20 epochs: however, since
four networks were trained, this still led to a substantially longer training time required of
over three hours. The 2D multi-task network needed 50 epochs to reach convergence, possibly
due to the more limited amount of data in each iteration (a batch of 64 2D slices, instead of
a 3D volume). Table shows that the multi-task network is the fastest to train, largely
because a single network needs to be trained. If trained in parallel on multiple GPUs, the
reverse would be true: the 3D multi-task network would be the slowest to converge. Training
time would remain unchanged at 67 min, compared to 52 min for individual 3D single-task
networks and 36 min for 2D multi-task networks.

Table shows the segmentation performance of each network across the structures of
interest. Across all network architectures, the best performance was obtained on segmentation

of the white matter, with a Dice coefficient of 0.831 for the 3D multi-task architecture (and

5Defined as the point where the minimum loss was reached on the validation set: beyond this point,
overfitting led to decreasing performance on the validation set.
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Network DSC ED (mm) HD (mm)

Thalamus

3D multi-task | 0.649 4+ 0.067 | 3.17 +1.35 | 7.05 + 2.17
3D single-task | 0.616 + 0.043 2.82+ 1.65 6.28 + 1.94

2D 0.639 £ 0.036 | 2.36 &= 1.27 | 4.41 £ 1.91

Brainstem

3D multi-task | 0.713 &= 0.045 | 3.09 £ 1.26 | 6.87 &= 2.95
3D single-task 0.606 + 0.076 496 £2.26 | 10.95 £ 4.31
2D 0.656 £ 0.074 | 2.48 = 1.85 | 7.52 £ 2.86

Cerebellum
3D multi-task | 0.711 & 0.037 | 2.42 + 1.32 4.24 £+ 2.06
3D single-task 0.547 + 0.044 4.20 £+ 2.72 9.25 + 1.47

2D 0.642 + 0.070 | 2.25 £ 1.93 | 3.51 & 1.80

White matter
3D multi-task 0.831 + 0.028 327+ 146 | 7.53 £ 2.28
3D single-task 0.867 + 0.005 3.32 £ 1.72 6.90 + 2.04

2D 0.856 + 0.002 | 2.90 = 1.55 | 6.67 £+ 0.33

Table 4.10: Segmentation performance of single-task and multi-task segmentation architectures, as
measured by Dice coefficient (DSC), Euclidean distance of the centres of mass (ED) and Hausdorff
distance (HD). Across measures and brain structures, the multi-task architecture outperforms the
single-task network.

higher for alternatives). The thalamus and the cerebellum, on the other hand, had the worst
performance, with Dice coefficients of 0.649 and 0.711, respectively, in the 3D multi-task
architecture.

The 3D multi-task architecture itself gives the best performance, across different structures
and architectures. This performance boost appears larger in Hausdorff distance than in
Dice coefficient, suggesting that this architecture is best at generating more anatomically
plausible segmentations that do not significantly differ from the structures of interest. The
notable exception is the segmentation of the white matter: the single-task network and the 2D

networks both outperform the 3D multi-task network in this instance. Section discusses
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the reasons for the difference in performance across different structures and architectures.

4.5.1 Postprocessing

Figure 4.14: (a,b,c) are the segmentations (resliced to a coronal slice) of a volume at 24 weeks,
generated by 2D networks trained on the axial, sagittal, and coronal views, respectively. The lower
row shows the output of aggregating these segmentations by (d) voting, (e) summation, (f) the
ground-truth segmentation.

Table shows the performance of each individual 2D network in the first three rows,
for one of the structures of interest. There is significant variability in prediction quality, with
the network trained on the sagittal view performing considerably worse than the network
trained on the axial and coronal views. This may reflect the labelling process: the protocol
used to label structures in the MRI atlas is that described by Gousias et al [42], in which
structures were labelled by reference to 2D axial and coronal views. The sagittal view may

therefore be less consistently labelled.
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Postprocessing Dice coefficient | Hausdorff distance (mm)
Axial only 0.839 + 0.004 10.53 £ 1.85
Sagittal only 0.767 + 0.021 13.29 £ 2.49
Coronal only 0.847 4+ 0.008 9.33 + 2.49
Voting 0.854 £ 0.003 6.55 + 0.27
Summation 0.856 £+ 0.003 6.89 + 0.47
Summation + morphology | 0.858 %+ 0.002 6.67 + 0.33

Table 4.11: A comparison of the performance achieved by individual components of the 2.5D
architecture, and different ways to combine their predictions. Results are given just for the “white
matter” segmentation.

Section [4.4.4] considers two approaches to aggregate different 2D segmentations from
the network, voting and summation. Table shows the performance of these two
methods. While both ways of aggregating the three networks’ predictions outperform any
single component network, method appears to lead to slightly greater performance.

Therefore, I used summation for all the results presented in this chapter.

One other postprocessing step which was found to improve performance for this network
was the use of morphological operations. A 2.5D network operating on individual slices can
produce significant discontinuities across slices, over- or under- segmenting individual slices.
This can lower the worst-case performance of the network especially, as seen in the Hausdorff
distance in Table Aggregating its predictions with those of networks trained on different
2D views smooths some discontinuities (as seen in the Hausdorff distance measures) but some
still remain. A simple approach to smooth discontinuities further is the use of morphological
operations. Another technique which was found to slightly improve performance further
was the application of a simple morphological operation (a 3x3x3 morphological closin@
followed by an openingE] with the same kernel size) to the resulting segmentation. This
operation removes any small gaps from the segmentation and weakly enforces smoothness near

the edges of the segmentation. Figure 4.14] shows the qualitative difference in output. The

16 A binary dilation, followed by an erosion.
ITA binary erosion, followed by a dilation.
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results reported for the 2.5D network in this chapter are for the case where the predictions

are averaged, and morphological operations are confirmed.

4.5.2 Analysis of failure cases

Segmentation performance
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Figure 4.15: Box plot of Dice coefficients of the segmentations obtained by the 3D multi-task
architecture.

Figure shows a box-plot of the Dice coefficients in the segmentation of different structures,
as obtained by the 3D multi-task network. Smaller features tend to have higher variability in
Dice coefficient, perhaps as a result of their smaller physical size (see Section for more
discussion of this). On the other hand, segmentation of the white matter is very consistent,

with the large majority of volumes having a Dice coefficient within a narrow band.
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Ground truth (161 days) Segmentation
—__ R _

Figure 4.16: An axial slice of a successful segmentation (white matter Dice = 0.91). Yellow
corresponds to “white matter”, blue is “thalamus”, green is “brainstem”.

Figure [4.16] shows a slice of one successful segmentation, using the 3D multi-task network.
The segmentation generated is very similar to the ground-truth segmentation (if a bit
smoother). It is also notable, however, that the ground truth itself is imperfect: some of its
boundaries are different from the true visible anatomical boundaries, which the CNN only

partially corrects (such as by more faithfully following the borders of the MSP).

Ground truth (173 days) Segmentation

Figure 4.17: An axial slice of a failed segmentation (white matter Dice = 0.11).

There were only a few volumes (3 in this dataset) that resulted in complete failure. Figure
m shows the worst such case across the dataset, which is (incorrectly) largely segmented as

background across all structures. The two other failure cases resemble this one, with failures
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caused by undersegmentation. This does appear to happen only at higher gestational ages.
For volumes in this age range fewer atlas-based training volumes are available (see Figure

, so the training dataset may cover only a limited part of that feature space.

Labels:
thalamus
brainstem
cerebellum

Ground truth Automatic segmentation

Figure 4.18: Comparison of the visual appearance in 3D of the atlas-based ground-truth labels
and the automatic segmentation for a volume.

More generally, the CNN’s output seems to be significantly smoother than the atlas-based
ground truth labels used for training, as seen in Figure This is likely due to the
jaggedness of the original atlas-based segmentation: since nearest-neighbour interpolation
is necessa,ryEL aliasing artifacts are likely to be introduced into the volumetric image. The
resulting learned volumes, while smoother, do also appear to lose some of the detail available:

surface features like sulci and gyri appear to be smoothed.

180ther forms of interpolation, such as linear interpolation, are impossible when using categorical data.
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4.5.3 Comparison to clinical metrics

Transcerebellar diameter
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Figure 4.19: Estimates of the transcerebellar diameter (TCD) derived from my method are in
general agreement with the literature [4].

Having segmented a volume, clinical measurements can be taken and compared to previous
results in the literature. Volumetric segmentations, as have been performed in this chapter,
are not routinely performed or well-characterised as a clinical metric. However, from the
segmentations obtained in this chapter it is possible to derive other metrics that are clinically
validated. One such metric is the transcerebellar diameter (TCD) [143], measured as the
distance between the lateral boundaries of the cerebellar lobes. It is straightforward to obtain
this from a full cerebellar segmentation: the greatest Euclidean distance between two voxels
labelled as part of the Cerebellunﬂ

Figure shows the transcerebellar diameter (TCD), a clinical biomarker often measured
in scans [154, [4]. Rodriguez-Sibaja et al [4] propose an empirical equation to estimate the
TCD from gestational age, drawing form observations on the INTERGROWTH-21%* dataset.

The results shown here accord well with this equation, as well as previous studies.

9Tn clinical practice, the TCD is measured as the furthest distance between two points in the cerebellum
as seen in the transcerebellar plane: this yields very similar results.
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Differing growth rates
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—}— Brainstem
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Figure 4.20: Mean and standard deviation of volume of different brain structures across the
INTERGROWTH-21% dataset, as measured by the segmentations produced. To emphasize the
growth rate, the average volume was normalised to be 1 at 20 weeks.

The raw volumetric segmentations themselves can provide useful insights. Figure [£.20]
compares the volume of the four structures of interest across the dataset, from a (normalised)
baseline at 20 weeks. In this period the cerebellum and the cortical plate grow notably more
quickly than the thalamus and the brainstem, especially near the end of the second trimester.
This is consistent with [I55], which measured a sequence in the structures that exhibited
fast growth in the second trimester: first the diencephalon (including the thalamus), then
the white matter, and then other cerebral white matter. It is also consistent with the theory
of neuronal migration [26], according to which structures in more central parts of the fetal
brain (such as the thalamus) see greater development earlier in gestation, and more peripheral
structures (such as the cortical plate) see faster growth in later stages. Chapter |§| goes into

more detail on volumetric growth of specific structures.
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4.6 Discussion

4.6.1 Label generation

The structural labels generated from the US atlas are much more closely aligned to individual
anatomy than the labels generated from the MRI atlas alone registered to skulls of individual
volumes. The labels generated using skull registration were registered using only a similarity
transform, so other than the parameters of the transform (translation / rotation / scale), the
labels themselves were simple copies of the MRI atlas labels. This means that they could not
adapt to individual anatomical variation, and all volumes at the same gestational age had

labels corresponding to the atlas.

On the other hand, the US atlas was generated with nonrigid registrations, making the
shape of each volume’s labels specific to the individual volume. The use of displacement maps
ensures that individual variation is kept into account, allowing for a much more diverse dataset
and labels that are a closer reflection of the underlying anatomy. The number of volumes to
which this technique can be applied is limited to those originally selected to construct the US

atlas, but that is still a large enough number to train a CNN.

Interpolation can be a significant source of error, especially since the chosen method
involves two registration steps which may introduce quantisation noise. This chapter carefully

considers possible design choices and selects an approach that minimises this source of error.

Nonetheless, even the US atlas-based labels rely on an initial affine transformation between
the MRI atlas and the US atlas, which does not take differences between the modalities into
account. This leads to a consistent systematic error in segmentations: the segmentation
of the US atlas is slightly inaccurate, and these inaccuracies propagate to all the volumes
used to construct the atlas. Another systematic error is caused by the simple fact that the
atlases were constructed with different volumes in different modalities: the boundaries of the
structures of interest are different regardless of registration.

The temporal resolution of the Gholipour atlas as well as the US atlas (1 week each) is

also fairly low and can cause inaccurate segmentations. The combination of interpolation
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errors, errors in affine transformation estimation and limited temporal resolution limits the
accuracy of the segmentations generated with this method. Table [4.5] shows the consistency
of segmentations on volumes near the border between two age bins, which can be thought of

as a bound on how consistent the segmentations produced by a neural network can be.

4.6.2 CNN-based network segmentation

Atlas-based segmentation is necessarily limited: it only can only be used on volumes that are
included in an atlas, and for which a set of correspondences has been clearly laid out. This
makes it difficult to scale up to a clinical dataset and to new volumes, and a different method
is needed for unseen volumes.

This chapter set out to compare the performance of three different network architectures,
all based on the U-Net for segmentation, with different design philosophies. A 3D multi-task
network, a 2D multi-task network, and an ensemble of 3D single-task networks were proposed,
and trained on the same data. Due to the design choices made, training times only differed
slightly, though inference times did vary between architectures, as in some designs multiple
networks were needed.

The 3D multi-task network performed best overall, especially on smaller structures like
the thalamus and the cerebellum. The single-task network performed the best segmentations
on the large white matter label, but did worse on smaller structure labels. One possible
explanation for this difference is the amount of labelled data available: physically smaller
structures of interest result in fewer voxels labelled as the structure, and therefore less
data available to train the network and a greater degree of overfitting. This is somewhat
counteracted in a multi-task architecture, as the other labels are included and can act as a
form of regularisation for the network. This is less of a concern for larger structures, such as
the white matter, so the performance benefit of a multi-task architecture is diminished in
those cases. On the other hand, constraints on GPU memory limit the number of trainable
parameters, which may lead to worse segmentation performance as seen for the white matter

in the 3D multi-task architecture.
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Across architectures, segmentation of smaller structures, such as the thalamus, results
in a significantly lower Dice coefficient than segmentation of the white matter on the same
network. This can be explained by their differing physical characteristics: in the dataset used,
the white matter typically has a volume 15 times greater than the thalamus at 20 weeks, and
20 times greater at 24 weeks. The Dice coefficient is therefore biased by the larger number
of interior voxels that can be predicted with high confidence, compared to voxels near the
surface for which classification is more difficult. On the other hand, measures such as the

Hausdorff distance are lower on smaller structures.

On the other hand, segmentation performance by the CNN appears to be superior to the
atlas’ consistency between weeks (as seen in Table . This may be surprising, considering
that the consistency metric (comparing segmentations from different weeks near temporal
boundaries) can be thought of as a possible upper bound to the performance of a learning
algorithm. This can be explained by the fact that the measured atlas consistency is just an
estimate: it was after all only measured in volumes near gestational age boundaries: one
may expect that these labels are more self-consistent and predictable when the volumes to
segment are in the middle of their age bins, and that therefore the accuracy measured is an

underestimate.

4.6.3 Clinical implications

Clinical measures that can be estimated from this data, such as the transcerebellar diameter,
are broadly in line with other published data. Volumetric changes throughout gestation can
also be straightforwardly measured with this data: I found that the different structures I
segmented show divergent growth rates in the 5-week period chosen here. This is consistent
with results in the literature, such as Nakae et al’s [I55] measurements from postmortem
histology. Scott et al [27] also find using MRI volumetry that the cortical plate displays
a faster growth rate than other structures in the second trimester. Clouchoux et al [156],
examining a later gestational age range, find that cerebellar growth is fastest of all brain

structures they examined. Our results are also consistent with the broader understanding of
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fetal brain development.

This analysis is limited by the lack of manually labelled data. Since the network is trained
on labels generated by the atlas, the reliability of those labels is necessarily limited. There
may be some systematic error introduced by the fact that the original segmentations were
performed in MRI, as well as the registration to MRI and interpolation steps. Later chapters

investigate clinical applications in more detail.

4.7 Summary

In this chapter, I explored different ways to obtain large quantities of labelled data for 3D
US segmentation. I used an atlas-based method to generate hundreds of 3D labels for a US
segmentation task, starting from an atlas generated in a different imaging modality. This
chapter showed that this is a viable method to generate a training set for a neural network,
and a CNN trained on this training set can generalise to unseen data with performance
comparable to the initial atlas transform.

I used labels from a publicly available 3D atlas of the developing fetal brain to generate
this training set. Since this atlas was constructed from MRI volumes, the first step was to
register the labels to an atlas generated from the INTERGROWTH-21% dataset itself. From
here, it was possible to propagate the atlas labels to individual volumes used to construct
the atlas in the first place, simply by reversing the displacement map. This generated a
large dataset of volumes with individual segmentations that account for individual variations
without a need for manual segmentation.

Still, this dataset could only cover the volumes used to create the INTERGROWTH-215*
US atlas in the first place. A different method was needed to generate volumetric labels for
new data. The atlas-based labels obtained in the first part of this chapter provided a sufficient
dataset to train a CNN with: I considered several architectures and design choices to find the
one that performed best. The final choice obtained segmentations similar in quality to the
original atlas-based labels, and with lower inference time. Comparisons with clinical data

(where such comparisons can be drawn) show that this method makes anatomically plausible
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predictions that seem broadly in line with the literature.

One major challenge to the results in this chapter is that the atlas-based ground-truth
generation, while sufficient to train a CNN, is based on imperfect estimates of correspondences
and segmentations originally obtained in a different modality. In other words, the initial
segmentations are not as good as a fully manually-segmented dataset, and imperfect labels
fed in as training data to a CNN necessarily lead to imperfect outputs. Improving the quality
of the training labels in this dataset would improve the segmentation performance of this
network.

However, it remains impractical to manually segment a training dataset of similar size to
obtain good performance on this segmentation task. Different possible approaches to address

this are explored in subsequent chapters.
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Chapter 5

Uncertainty as a selection tool for
omni-supervised segmentation of the

fetal cerebellum

Chapter layout

This chapter discusses measures of uncertainty, estimated as prediction variability, in the
CNN-based segmentation of the fetal cerebellum, and how those measures can be used to
select data for boosting and further training, and enhance segmentation quality. The core
challenge addressed in this chapter is leveraging the unlabelled data present in a large dataset
to enhance the quality of segmentation obtained when only a small fraction of the data is
manually labelled. This is a direct response to the challenge presented in the previous chapter,
of the difficulty of obtaining accurate training labels for medical image segmentation tasks.
This chapter shows how uncertainty estimates can be used to select volumes to add to the
training set in omni-supervised methods.

I begin by providing an overview of the task attempted in this chapter in Sections and
b.2] I then describe the datasets and the annotations used, and the validation performed
on those annotations, in Section [5.3] This section also describes an external dataset used

to validate the results in this chapter. A network and a training protocol are specified to
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quantify uncertainty of the unlabelled dataset in Sections [5.4l These results are presented in

Section [B.5 and T discuss them in Section [5.6]

5.1 Introduction

A major challenge in medical image segmentation is the scarcity of appropriately labelled
data [39). While imaging is often used in routine clinical applications and it is sometimes
possible for researchers to gain access to large datasets containing image data from many
subjects, it is much harder to obtain accurate segmentation labels for the data. Accurate
manual labels, especially for segmentation tasks in 3D, are time-consuming to produce and

often are not part of a standard clinical protocol.

Given the specialisation of medical imaging, only trained clinicians can produce reliable
labels, and they often do not have the time required to produce 3D labels for a large dataset.
As a result, researchers often face the situation of having labels available for only a subset of

medical image datasets, and a larger unlabelled set of data.

The question I approach in this chapter is how to leverage the presence of a large unlabelled
dataset to improve the segmentation quality obtained by automated methods from a limited
number of labelled images. I use the established method of omni-supervised learning, which
uses high-quality automatically generated labels to improve predictions with a small initial
labelled set. I propose a novel data selection method, based on estimates of segmentation
uncertainty, to improve the performance gain for omni-supervised methods. I explore the effects
of different data selection approaches on the performance of omni-supervised segmentation
methods on my dataset, consisting of a large dataset of 3D fetal brain ultrasounds, of which

only a subset is labelled with segmentations of the cerebellum.

I then generate segmentation labels for all volumes in this dataset. This generates a
large segmented dataset, which leads to more data-driven analysis to be explored in the next

chapter.
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5.2 Proposed approach

This chapter aims to maximise performance on a segmentation task in the case where only
a fraction of the dataset has manual training labels. I propose to do this by refining the
established technique of omni-supervised learning and then applying it to this segmentation
task. More specifically, I plan to focus on the use of aleatoric and epistemic uncertainty
measures as a possible selection tool for omni-supervised learning.

The central insight leading to this chapter is that the principles of model diversity and
data diversity are very similar to the methods used to estimate epistemic and aleatoric
uncertainty. Model diversity, like epistemic uncertainty estimation, involves making changes
to the segmentation model to obtain different predictions: the difference in predictions with
model variation is also used to measure epistemic uncertainty. Similarly, data diversity involves
test-time data augmentation, which is also used to measure aleatoric uncertainty. Therefore,
it is possible to obtain estimates of the segmentation’s uncertainty with no additional training
or testing time.

I hypothesise that these uncertainty measures may be a useful guide to selecting initially-
unlabelled data to add to the training dataset for subsequent rounds of omni-supervised
learning. I propose an experiment to verify this. A CNN is trained on the labelled data
used in this chapter and is then used to generate segmentations and uncertainty estimates
for all the unlabelled data. The network is then retrained using additional labels from the
unlabelled set in an omni-supervised manner, and the additional labels are selected based on
different measures of uncertainty, or randomly (as a control). The segmentation quality is
then compared between identical volumes segmented by these differently trained networks.

Additional experiments are done to validate the method and select of the necessary

hyperparameters. The experiments conducted are:

o Measuring the effectiveness of omni-supervised methods with different starting amounts

of labelled data

e Selecting an appropriate amount of dropout
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o Measuring and compensating for any artifacts introduced by augmentation methods

These are important for establishing the usefulness the methods used here.

I then analyse the cases where this method fails and attempt to explain its modes of
failure. While it is difficult to quantify performance in unlabelled data, I analyse the cases
where the entire volume is segmented as background and attempt to determine the cause of
the error. This is done on two datasets, the ultrasound INTERGROWTH-21%" dataset and
the MRI EADC-ADNI/HARP dataset.

To the best of my knowledge, this is the first application of omni-supervised learning to

use estimates of data and model uncertainty as a selection tool.

5.3 Datasets and labelling

5.3.1 INTERGROWTH-215t dataset

The data used in this chapter comes from the INTERGROWTH-21% study, a longitudinal and
multi-centre study that acquired multiple ultrasound acquisitions from 4321 optimally healthy
pregnancies [I8]. Stringent exclusion criteria were used to ensure that only the healthiest
pregnancies were included: only nulliparous women with low risk factors were included, and
they were scanned every 5 weeks from GA = 14 weeks to delivery. 3D ultrasound volumes of
the fetal body were acquired using a consistent protocol across eight centres in eight countries.
This study aimed to set international standards for fetal growth, but the very large quantities
of data acquired have made it possible to use this dataset for other image-analysis studies
[11].

There are 948 3D ultrasound acquisitions in the dataset. The study was conducted
to obtain standard clinical measures based on skull sizd| with no regard to internal brain
structures, which are weaker ultrasound reflectors and more prone to imaging artifacts (see

Section[2.4). As a result, brain structures in many volumes in the dataset could not subjectively

1Specifically, the measures obtained from the head acquisitions were of fetal head circumference, biparietal
diameter, and occipitofrontal diameter.
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be visualised. After visual inspection, a subset of 908 head acquisitions was selected in which
brain structures could be seen and had not been corrupted by artifacts. The selected volumes
were all in the range of GA = 14 — 25 week§?l Of this dataset, 186 volumes (20%) were
selected for manual segmentation. Figure shows the distribution of age ranges in the
dataset used. I ensured that the volumes in the manually segmented dataset would follow the
same age distribution as the overall dataset, by randomly selecting 20% of the data within
each gestational week.

The imaging protocol used required acquisitions to be collected perpendicular to the mid-
sagittal plane (MSP). This causes only one hemisphere to be visible, as discussed in Section
[2.1.1] It also can cause shadow artifacts over the cerebellum from the temporal bone. The
acquisition protocol was agnostic as to the hemisphere from which the ultrasound acquisitions
were made, so some acquisitions were taken from the right (with the left hemisphere as the
more visible distal hemisphere), while others were taken from the left.

The volumes from the ultrasound acquisitions consist of much of the fetus and some
surrounding maternal tissue. The large differences in head and probe positioning and fetal
size and orientation between acquisitions make it challenging to analyse directly. Therefore,
all volumes were brain-extracted and the skulls were registered to each other following the
method laid out by Namburete et al [137]. They were also scaled to the same dimensions of

160 x 160 x 160 (using tricubic interpolation where needed).

5.3.1.1 Manual segmentation

It is time-prohibitive to generate manual segmentations of individual brain structures in the
entire dataset of 948 3D volumes, but it is possible to do so for a subset of this dataset.
Therefore, I attempted to generate 3D manual segmentations of the 186 (20%) volumes in
the training set. However, many volumes (especially at higher gestational ages) displayed an
ultrasound shadow cast by the petrous ridge that obscured part of the cerebellum and made

it impossible to segment some of its boundaries (see Figure in Chapter [2)). Volumes which

2After 30 weeks, ossification of the temporal bone leads to high rates of occlusion of the cerebellum in the
imaging protocol followed.
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Figure 5.1: Distribution of gestational age in the dataset used for the experiments here. 25% of
the volumes in each gestational week were selected for manual segmentation. Of these, 40 were held
back for testing, leaving 106 volumes for training.

contained a strong shadow which obstructed view of the cerebellum needed to be discarded,
as no manual segmentation could be performed with any confidence. This was only noticed
in some volumes at the higher end of gestational age.

A total of 146 (16%) manual segmentations were performed on the ultrasound volumes,
after exclusions. Each manual segmentation took an average of 20 minutes to perform, and a
further 10 minutes to refine. Segmentations were made using MITK Workbench [I57] on a
Wacom touchscreen with a stylus. Some examples of the segmentations produced are shown
in Figure[5.2] All segmentations were performed by the same individual. Even without access
to a clinician to verify the segmentations performed, this ensures that the segmentations are
consistent, and delineating the same anatomy. An example can be seen in Figure Figure
shows how the dataset is split between labelled and unlabelled data, and how much was

reserved for testing.

5.3.1.2 Intra-observer variability

The low signal-to-background ratio and presence of artifacts in ultrasound acquisitions make it

difficult to find precise anatomical boundaries within an ultrasound volume, leading inevitably
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to some uncertainty even in the manual segmentation process. This would lead to some
variation in the boundaries of the manual segmentations drawn, even if performed by the
same segmenter.

To quantify this variability, I performed a second, independent manual segmentation of a
randomly selected subset of 30 volumes. These were all done by the same segmenter who had
performed the first manual segmentation, and without reference to the first segmentation.
Since all manual segmentations were performed by the same individual originally, the best
machine-learning algorithm trained on that dataset can learn to segment as well as the
segmenter - thus measuring this individual’s variability is a true, and fair, measure of the
upper bound of performance by any programmatic method®l Some examples of the different

segmentations are shown in Figure [5.2]

Metric Score

Dice coefficient 0.764 4+ 0.060

Jaccard coefficient 0.622 £+ 0.078

Hausdorff distance (mm) | 3.96 £ 0.99

Euclidean distance (mm) | 1.21 £ 0.68

Table 5.1: Measures of intra-observer variability for a sample of 30 3D volumes.

Visually, they appear similar, but with noticeable differences around the edges and the
centre. Anatomical boundaries are often not very well defined in ultrasound, and it is difficult
to delineate them exactly. Table [5.1] shows a quantitative comparison of the two methods,
showing the Dice coefficient [112], Jaccard coefficient (or IoU) [I58], Hausdorff distance [113]
and Euclidean distances of segmentations. The Dice and Jaccard coefficients appear low,
which may be due to the small anatomical size of the structure and the difficulty of consistent
segmentation. I expect, therefore, that a machine learning method trained on the data used
here and corresponding segmentations is likely to display more uncertainty in the regions

where the manual annotator also showed more variation: the edges and the connection between

3Measuring inter-observer variability, using a different segmenter, is likely to lead to worse agreement. I
believe this is less relevant to this task, as all of the labels were made by the same segmenter.
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Figure 5.2: On each row, axial and coronal slice of two independent cerebellar segmentations of
the same volumes (18 weeks and 19 weeks), by the same segmenter. Voxels that were segmented by
both are shown in yellow, while voxels segmented by only one are shown in purple or green. (c), a
3D rendering overlaying both segmentations.

the two hemispheres. These results also provide an upper bound to the segmentation quality

of any automated methods.

5.3.2 ADNI-HARP dataset

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) is an ongoing multisite longitudinal
study that acquires structural MRI brain volumes from cognitively normal ageing adults
(CN), as well as those with mild cognitive impairment (MCI) and Alzheimer’s disease (AD)
[138]. 63 sites participate in acquisition, using different scanners and acquisition methods.
The EADC/HARP dataset consists of a subset of 135 volumes selected from the ADNI
dataset, with expert 3D manual segmentations of the hippocampus. All the volumes in

EADC/HARP are 1.5T Tl-weighted acquisitions with 1mm resolution along all axes, and
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brain-extracted and registered to the same image space. Of these, 44 were healthy, 46 had
MCT and 45 had AD: the segmentations of these varied substantially as the hippocampus is
one of the areas of the brain most affected by Alzheimer’s disease [159]. Figure shows
sample segmentations in the HARP dataset. Of the 135 labelled volumes, 80 were used for

training, 20 for validation, and 35 for testing.

Normalise by
99t petile
voxel

Brain extract
using FSL

L

4

k. V)

] ] . 2 labelled patches
Registration Cropping to (64x64x64)
Raw volume to MNI152 Postprocessed | 64x64x64 3D
(197x233x189) image space (197x233x189) | patches

Figure 5.3: The pipeline used to register unlabelled ADNI volumes to a common image space.

680 additional unlabelled volumes from the ADNI dataset were also used, each from
different subjects, removing any volumes already in the HARP dataset. These volumes were
selected to match the acquisition parameters used (1.5T T1 with Imm resolution). All volumes
were brain-extracted, linearly registered to MNI152 image space [140), 20] and normalized
by dividing each voxel by the 99" percentile value. 64 x 64 x 64 patches were extracted
around the hippocampus in each hemisphere, leaving 270 labelled patches and 1360 unlabelled

patches. FSL [160] was used to perform this preprocessing. Figure shows this pipeline.

5.4 Uncertainty quantification in network design

5.4.1 Network design

To measure the aleatoric and epistemic uncertainty in the predictions generated by the model
(see Section [2.4.1]), I can find the differences in the predictions generated using test-time
dropout and test-time augmentation.

As described in Section [2.4.1] epistemic uncertainty arises from the model, where training
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Figure 5.4: The Dropout U-Net architecture I implemented for this work. For clarity, the middle
layers (at scale 80 and 403) are omitted from this diagram.

is insufficient to reach a confident accurate segmentation at test time. This could be because
the data does not resemble the training set. The output of the network in these cases will
tend to change when varying the structure of the network: epistemic uncertainty therefore can
be measured with test-time dropout [121]. This varies the network at test time, producing
different predictions even when the same data is presented to the network for prediction.
To this effect, I implement the Dropout U-net proposed by Kohl et al [Imﬂﬁ This is a
minor variation on the conventional U-Net network architecture that uses Dropout to obtain
uncertainty estimates, inspired by Kendall et al’s Bayesian Segnet [123]. After each max-pool
layer or before each upsampling layer, half of the previous layer’s weights are dropped out (or
set to 0). This enforces sparsity in training [122] and is a sufficient change in the model to
estimate the model’s uncertainty. The architecture of the network is shown in Figure [5.4
The major difference between the network architecture proposed by Ronneberger and the
one proposed here is the use of 3D volumes (and 3D convolutions), while the original network
architecture only segmented 2D images. This is very similar to the 3D U-Net network [I51].
The large-scale network architecture was the same between 2D and 3D versions, but all 2D
convolutional layers are replaced by 3 x 3 x 3 3D convolutional layers and 2D max-pooling
layers by 2 x 2 x 2 3D max-pooling layers. Moving to 3D also led to a large increase in the

number of trainable parameters, so to fit the network into the memory of a single GPU the

4The U-Net is a widely used architecture for segmentation tasks, making it a sensible choice for this
chapter: the focus in this chapter is on uncertainty measures and data selection methods that should be
architecture-agnostic, so there is no need to extensively experiment to find the best architecture for this task.
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number of filters had to be halved (to 16 in the first layer) and reduce the batch size to 1.
All of the models used here were written in Python 3.7 using Tensorflow 1.14 and Keras 2.4.
They were trained on Nvidia GTX 1080 Ti GPUs.

5.4.2 Test-time dropout

To compute epistemic uncertainty in my model’s predictions, I use the method developed by
Kendall and Gal [120]. Using test-time dropout, I generate 40 independent predictions for
each unlabelled volume. The uncertainty in the segmentation of each voxel is then given by
the variance in the voxel’s predicted value across those different rung’l I can then obtain a
single number corresponding to a global measure of the epistemic uncertainty in a volume,

simply by summing the uncertainty of all voxels

uncertainty = » _ Var, (z;)

7

where o2 (z;) is the variance of the value of each voxel x; over n samples.

5.4.2.1 Choosing the number of samples

Applying a random dropout to the network’s weights leads to slightly different predictions.
Each prediction z; ,, can be modelled as an independent sample from an (unknown) distribution
of all possible predictions obtainable from the different data, with different weights dropped
out. An estimate of the epistemic uncertainty of the model can then be found for each voxel

by calculating the variance of that voxel’s predicted value across N samples:

N N .. \?
Var, (z;) = Z I?n - (an x%n)
n=1 N

This estimate, however, is based on a finite number of observations, so it is itself prone to
uncertainty, and differs from the true variance of the distribution. Cochran’s theorem [161]

proves that the variance of a finite sample of a random variable is itself a random variable

5As most voxels are consistently segmented as cerebellum or background, the uncertainty of most voxels is
0.
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that follows a chi-squared distributionﬂ Its mean is the true variance of the function, and its

own variance is given by:

2 2
Var (Var, (z;)) = m\/arn (x;)

The variance of the sample estimate, therefore, decreases inversely with the number of
samples (or equivalently, its standard deviation follows the inverse square root of the number
of samples.) The standard deviation of this is equivalent to the expected error between the
true variance of the voxel and the measured variance from the sample. This only shows a

slow decline with increasing number of samples.
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Figure 5.5: (a) The variance of variance (sum of absolute differences) measurements of a voxel
with test-time dropout, changing with the number of samples. (b) the expected percentage error
between the measured variance of a sample and the sample size.

Figure[5.5b shows how the expected error changes with increasing sample size. My selection
of 40 leads to an expected error on the measurement of variance of 22.6%. The choice of 40
was driven by practical considerations: a much larger number would have improved variance
estimates but would have led to a much slower segmentation process lasting several days.

This analysis is limited to the variance of an individual voxel. The overall uncertainty
of the model is estimated from the sum of variance over all voxels, so in practice I expect

that the global error will be lower. Voxel classifications in a single segmentation are not

6Subject to the assumption that the possible values for a given voxel are normally distributed.
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independent of each other, so it is difficult to estimate how different this is in practice.
Figure[5.5h shows the difference between the expected variance of the variance measurement
when it is measured from independent test-time dropout samples. It seems clear that the
experimental measurement largely follows the prediction made in the equation above, though
it seems to decay somewhat faster with increasing number of samples. The discrepancy
seems likely to be due to the assumptions made above: the calculations made here assume
Gaussianity, which seems unlikely to match the true distribution. The faster decay means

that the true error in variance estimates is likely to be lower than the calculation in Figure

5.5b.

5.4.2.2 Dropout level

Dropout level | Dice coefficient | Mean variance (sum)
0 0.64 N/A
0.1 0.64 2454
0.2 0.64 431.5
0.3 0.63 593.0
0.5 0.62 917.1
0.8 0.34 1192.2
0.9 0.01 2509.7

Table 5.2: The Dice coefficients and average variance (sum over all voxels) in predictions of networks
trained on the same labelled data. The computed Dice coefficient decreases monotonically, though
this is a very small effect with low levels of dropout. Example outputs are shown in Fig.

An experiment was performed to determine the choice of dropout level. The network
implemented by Kohl et al [124] in their “Dropout U-Net” implementation drops out half of
the connections per dropout layer. It is worth exploring how varying the dropout level changes
the uncertainty measures obtained. There seems to be an implicit trade-off when selecting
dropout level: low dropout leads to very low variation in the model and little variation in the
predictions generated even when the model is uncertain, while very high dropout leads to

poor segmentation performance. The experiment performed involved using different levels of
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Figure 5.6: Examples of dropout uncertainty in volumes trained with (b) 0.1, (¢) 0.2, (d) 0.3, (e)
0.5, (f) 0.8, (g) 0.9 dropout. (a) The original volume.

dropout at test-time, using the same network architecture with the same weights.

Table shows the trade-off described above on the data in the validation set. The
variance of predictions increases steadily with increasing dropout, while the Dice coefficient
(obtained from the median of 40 prediction) slowly declines. This can also be seen in Figure
5.6 up to 0.5 dropout the variance in predictions increases, mostly near the edges of the
segmentation, while the shape of the resulting segmentation is largely unchanged. At 0.8
dropout there is considerable uncertainty even in voxels that seem clearly to be in the

cerebellum, and the segmentation algorithm completely fails with 0.9 dropout.

The dropout method implemented was the same as proposed by Hinton et al [122], and
was applied to every layer of the network. Some experiments to vary this were performed,
such as only applying dropout to one half of the network (either the downsampling path or
the upsampling path) but the results did not appear to differ much. Therefore, the original

Dropout U-Net architecture was maintained.
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5.4.3 Test-time augmentation

Aleatoric uncertainty is uncertainty inherent in the data, often due to noise in the data,
low contrast, or inconsistent labelling in the training data. It is the second major source of

uncertainty in a segmentation task.

Estimating aleatoric uncertainty is conceptually similar to estimating epistemic uncertainty.
While epistemic uncertainty arises from the model and can be measured by varying the model
at test time, aleatoric uncertainty arises from the data and can be measured by varying the

data at test time. I vary the data at test-time using augmentation.

The augmentation used consists of simple similarity transforms, identical to the scheme
used in Chapter 4 Data augmentation was employed and consisted of: small translations
(up to £5 voxels along every axis), small rotations (up to £10°), and scaling (up to £15%).
Reflections were also used across the MSP. Once a prediction had been obtained on an
augmented volume, the transforms for the augmentation were simply reversed to return to
the common reference space. Aleatoric uncertainty was estimated using the variance of the
resulting predictions, after test-time augmentations. The variance was measured across 40

predictions per volume.

The same augmentation scheme was used in the ADNI/HARP segmentation task. All
volumes in the ADNI/HARP task were registered to MNI152 image space as a preprocessing
step. Augmentation is thus less physically realistic and would not be expected to improve
segmentation performance. Nonetheless, test-time augmentation is used in my scheme to
estimate aleatoric uncertainty, so augmentation must be used in training. Empirically, the
segmentation performance of a network on this dataset is unaffected by the use of augmentation
and the segmentation performance obtained here is similar to other published results on this
dataset [162].

Most of the augmentation methods used here, including rotation, translation, and scaling,
have the potential to cause a loss of data near the edges of the image (as the transforms
may lead to that data being moved out of frame). This is not a concern for ultrasound

segmentation: the voxels near the boundary of the image are always outside of the skull and
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contain no useful information. In the MRI dataset, the augmentations were applied to larger

patches (74 x 74 x 74) and then cropped to remove these effects.

5.4.3.1 Quantisation errors
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Figure 5.7: (a) A slice of a cerebellar volume, and (b) its segmentation. (c¢) The same segmentation,
after a random augmentation has been applied and reversed. (d) The voxelwise variance of this slice
across 40 such transformations.

Segmentation is a voxel-wise classification task, which makes it fundamentally discrete
in nature. This complicates the approach described here, because some of the test-time
transforms described here, the rotation and scaling operations, are continuous. When the
image is transformed, in general voxels from an image lie between the new voxel values,
making interpolation necessary. This is a lossy process, and it is one that performed with all
segmentations obtained when doing test-time augmentation.

A simple model can give an idea of the magnitude of this effect. One may assume that
the amount of shift Az in a voxel’s position along one axis given by nearest-neighbour
interpolation following one of the transformations made here is a sample from a uniform

distribution

1 |Az| <05
P(Az) =

0 otherwise

Since the transformations made here are applied twice (once to augment the volume, and then

again to return the segmentation to a common reference space), the shift in the position Az
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Figure 5.8: Pdf of the possible computed shift after two transformations with nearest-neighbour
interpolation. With nearest-neighbour interpolation, a shift Az > 0.5 moves the voxel by 1, leading
to interpolation errors.

of one voxel along one axis following two transformations is given by the sum of two samples
from the above pdf:

1—|Az| |Az| <1
P(Az) =

0 otherwise

This pdf can be seen in Figure 5.8, When the position shift is greater than 0.5 voxels,
nearest-neighbour interpolation shifts the voxel by 1 relative to its initial position. If this
occurs in a voxel at a boundary and the shift is towards the boundary, that can lead to the
voxel across the boundary being misclassified. The probability of this happening is equal to
the area under the yellow area of the curve in Figure or % under these assumptions. This
leads to an expected variance of 0.109 for voxels near a boundary in one dimension. We can
assume that the shift along each dimension is independent, and that leads to the calculation
that for voxels near boundaries along two axes, the expected variance is 0.179, and for voxels
at boundaries along all three axes, the expected variance is 0.221. Considering each boundary
has two voxels (one on either side) and the split between the number of boundaries per voxel
in our segmentations, we can estimate an additional variance of about 0.335A, where SA is

the number of voxels on one side of a boundary.

The result is that interpolation artifacts from different augmentations artificially increase
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the variance of segmentations near their boundaries. An example of this can be seen in
Figure 5.7} a slice from a segmentation volume has been randomly transformed and then the
transform has been reversed, using nearest-neighbour interpolation both times. Figure (c)
shows the variance of voxel values across this slice after 40 such examples. It is highest near
the edges of the structure, biasing uncertainty estimates in that area. This is inevitable and
likely to add some baseline variance to my estimates in later experiments. The example I
used represents the worst-case scenario: applying a transform and reversing it means applying
nearest-neighbour interpolation twice on the segmentation. In testing, on the other hand,
the image is transformed and then the trained model is used to segment it. The inverse
transform is then applied to the segmentation and nearest-neighbour interpolation applied -

so the segmentation is interpolated only once, leading to milder artifacts.

5.4.4 Omni-supervised segmentation

The volumes with manual segmentations of the cerebellum still account for under 20% of the
dataset available. Omni-supervised methods (described in Section are one way to exploit
large amounts of unlabelled data to improve the quality of the segmentations generated by
CNNEs.

A CNN is trained on the manually labelled data available and used to generate segmenta-
tions of the unlabelled data. Other segmentations of the same data are also obtained, using
model diversity and data diversity - changing the model or applying transformations on the
data, respectively. An aggregate consensus segmentation is then obtained, which should be
more robust than any one segmentation.

The segmentations are then combined to form a consensus, which should be more robust
than any one of the methods. The aggregation can be done in several ways: in this work, I
used the median prediction for each voxel as a simple method.

A subset of the unlabelled dataset is segmented in this manner and the resulting segment-
ation is then used to retrain a new iteration of the network. This improves the segmentations

produced by the retrained network, which in turn is used to segment a new subset of the
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unlabelled data, and aggregate this segmentation to others as before to create new labels.
This process is repeated until the entire dataset is labelled and is claimed to improve the
quality of segmentations. Listing 7?7 in Chapter 2| shows an example implementation of this
algorithm in pseudocode.

This framework has some variables that should be tuned to achieve the best segmentation
quality: the way that different segmentation proposals are aggregated, and the number of
iterations. I propose to experiment with these to find the best framework for automatic
segmentation of the cerebellum (detailed below). Another experiment evaluates the impact
of the quantity of manually segmented training data used, to evaluate whether the manual
segmentation was sufficient. This is done by using the same framework with different amounts
of labelled data as a starting point for the omni-supervised setup. This experiment also allows
me to verify whether the amount of labelled data is sufficient for a high-quality segmentation

output, and measure the benefit of using unlabelled data at different initial training set sizes.

5.4.5 Data selection

The central insight of omni-supervised learning is that using data with automatically gener-
ated data labels alongside data with manually generated labels can improve overall model
performance, provided that the automatically generated labels are sufficiently high quality to
aid network training. These labels are generated by aggregating a diverse set of predictions
generated by different models and from different transformations of the data, leading to
a consensus prediction. Even so, as long as the prediction is not perfect (obviating the
need for multiple iterations) there will be some variance in the quality of the automatic
segmentations. It would be best to select only those volumes that have the highest-quality
automatic segmentations for use in training the next iteration of the network.

Without manual segmentations, it is impossible to directly estimate the accuracy of each
segmentation of an unlabelled volume. However, I hypothesise that measures of aleatoric and
epistemic uncertainty may provide useful indications of segmentation quality.

The epistemic uncertainty [120] provided by dropout uncertainty merits some more
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consideration. As discussed in Section [2.4.1] the uncertainty generated by test-time dropout
is uncertainty inherent in the model itself, and the variance in a segmentation under dropout
can be conceptualised as a measure of the distance between the volume analysed and the
training data. While higher uncertainty, in general, appears to point to a lower-quality
segmentation, it is also important to increase the diversity of the training dataset and reduce
the differences between the training data and the unlabelled data. I hypothesise, therefore,
that selecting volumes segmented with a higher level of dropout uncertainty actually leads to

an improvement in segmentation performance in the next round of training.
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Figure 5.9: The volumes selected by each of the three proposed approaches for second-stage
training, by the uncertainty estimates for them after the first stage. (a) Random selection. (b)
Selecting the volumes with the lowest epistemic uncertainty. (c) Selecting the volumes with the
lowest aleatoric uncertainty.

The same is not true of aleatoric uncertainty, the uncertainty inherently present in the
data. This does not improve with larger training dataset and is linked to the data, rather
than the model: a volume segmented with higher aleatoric uncertainty is likely to have a lower
signal-to-background ratio. Therefore, I expect that selecting volumes with lower aleatoric

uncertainty as shown in my module for iteration will lead to better results.

5.4.5.1 Proposed experiment

I propose an experiment to test these hypotheses and find the best method for iteration.
I trained a model using the 106 labelled volumes in the training set and used the model

to generate automated segmentations. The aleatoric and epistemic uncertainty of each
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segmentation is estimated using test-time augmentation and test-time dropout as described in
Section and a single overall value of each measure of uncertainty is obtained. An aggregate
overall segmentation is produced for each volume by taking the median value for each voxel
across all predictions made of the volume. 150 volumes are then selected for the second stage
of omni-supervised training: these 150 volumes are added to the training set (alongside the
manual segmentations used) and the model is retrained using this expanded training set. I

experiment with different selection criteria for those 150 automatically segmented volumes:
1. Randomly select the volumes, as a control (and similar to current methods)
2. Select the volumes with the lowest epistemic uncertainty
3. Select the volumes with the lowest aleatoric uncertainty:.

Figure |5.9[shows what volumes were selected, based on their estimated aleatoric and epistemic
uncertainties, for each of these experiment{’] The same number of n = 150 volumes was
selected for each method. I then measure the quality of each segmentation method on the 40

labelled volumes in the test dataset.

5.5 Results

5.5.1 Ultrasound dataset

The first experiment performed here is to determine the number of training volumes needed
to initialise an omni-supervised method. This is essential to understand the role of omni-
supervised learning, as the purpose of this chapter is to improve segmentation performance
when only a fraction of the data available has manual labels. To evaluate the change in
performance with increased training data and the role of omni-supervised learning, the network
described in Section was trained on a part of the labelled data available. After that,

additional unlabelled volumes were selected (equal in number to the training volumes) to

"A detailed discussion of the uncertainty estimates in this scatter plot can be seen in Section [5.5.1.1
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Figure 5.10: Performance of a model trained with different levels of training data, and the
performance of the same model after adding 100 volumes labelled in an omni-supervised way to its
training set in (a) the MRI dataset and (b) the ultrasound dataset. The different coloured lines
represent different selection methods for omni-supervised learning, and the error bars represent the
Dice coefficients at the 25 and 75" percentile.

serve as additional training data for a second round of learning, to evaluate the effect of
omni-supervised learning at different initial data sizesﬂ

The results of this can be seen in Figure[5.10, As expected, the performance of the network
improves when more training data is provided. In the MRI dataset, diminishing returns
are seen with more data, with performance stabilising beyond 20 labelled volumes, while
performance improves steadily in the ultrasound dataset. More interestingly, omni-supervised
learning seems to improve segmentation quality (especially in ultrasound) regardless of the
amount of training data used: even with a single labelled training example, using omni-
supervised learning to seed training of the next round leads to significant increases in Dice
coefficient (p ~ 107® when using aleatoric selection, p ~ 1075 when using random selection).

The effect size always appears present in the range explored here.

5.5.1.1 Uncertainty estimation

Using the methods outlined above, I obtained estimates of the aleatoric and epistemic
uncertainties for each volume in the unlabelled datasets. The global estimates for those volumes

are shown in Figure [5.11] The number for aleatoric uncertainty includes the interpolation

8The data was selected by aleatoric uncertainty, as described above.
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Figure 5.11: Scatter plot showing the estimated aleatoric and epistemic uncertainties of every
unlabelled volume after the first round of training. Note the large variation between volumes and
the correlation between these estimates.

bias I estimated in Section [5.4.3.1] which causes a large addition to the estimates of aleatoric
uncertainty.

Not included in this plot are a few volumes (N = 25, 3.2%) where the segmentation
method failed, and no voxels were classified as belonging to the cerebellum. In those cases,
estimates of aleatoric and epistemic uncertainty were often very close to 0. I make a detailed

analysis of failure cases in Section [5.6.1

Metric | Measure | Aleatoric | Volume Age
r Epistemic 0.695 0.167 0.200
Age 0.435 0.447
Volume 0.431
p-value | Epistemic | 4 x 107192 | 9 x 107¢ | 1 x 1077
Age 9x 1073 | 1x1073°
Volume | 4 x 10733

Table 5.3: Correlation coefficients between different factors in each segmentation.

As is clear from the plot, there is a strong correlation between the estimates of aleatoric and
epistemic uncertainty (r = 0.69). They are also both correlated positively with segmentation

volume and gestational age. I hypothesise that this is due to acquisition properties: at higher
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gestational ages, the skull becomes increasingly calcified and thus a stronger ultrasound
reflector, lowering the signal-to-background ratio within the cranial cavity. Furthermore, the
morphology of the cerebellum changes throughout pregnancy, becoming more complicated
and increasing the surface area. Since errors tend to be near the cerebellar surface, it is
plausible that surface area alone is a significant driver of this correlation: this is explored

below.
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Figure 5.12: The measured voxelwise classification accuracy in the test set shown as a function
of (a) epistemic uncertainty, and (b) aleatoric uncertainty. The dashed line shows the theoretical
perfect calibration.

Figure [5.12] shows how the voxelwise accuracy depends on the measured uncertainty of a
given voxel. Across both measures, the voxelwise classification accuracy is extremely high
when there is no measured uncertainty, and drops consistently with increasing uncertainty.
The measure of epistemic uncertainty used seems generally to underestimate the likelihood
of a classification error, while the measure of aleatoric uncertainty seems to overestimate
its likelihood. One possible explanation is that this is driven in part by the additional

interpolation errors that appear in this measure of aleatoric uncertainty (see Section [5.4.3.1)),

which artificially increases the measured variation.
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Figure 5.13: Correlation between aleatoric and epistemic uncertainty after accounting for interpol-
ation errors.

5.5.1.2 Accounting for interpolation errors

I showed in Section that variance is introduced in test-time augmentation due to
interpolation artifacts, and I quantify this as roughly equal to 0.3 times the surface areaﬂ.
It is difficult to directly estimate what the aleatoric uncertainty would be without this bias,
but simply subtracting that estimate leads to estimates of aleatoric uncertainty which are

significantly more weakly correlated than in Table [5.3 This can be seen in Table [5.4]

Note that the correlation between aleatoric uncertainty and all other measures tracked here
drops. Most notable is the drop in the correlation between aleatoric uncertainty and cerebellar
volume, which becomes statistically insignificant. The correlation of uncertainty with age
and between aleatoric and epistemic uncertainty measures also drops substantially, though
it remains highly significant. This means that these correlations are driven by something
beyond just the surface area of the cerebellum: fetuses at higher gestational ages have greater
skull calcification and lower signal strength within the brain, for example, which can lead to

higher aleatoric uncertainty independent of surface area.

9The surface area of a segmentation can simply be estimated by counting the voxels on the surface, as
measured using a simple XOR, seg @ erode (seg).
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Metric | Measure Raw Decorrelated
T Epistemic 0.695 0.677
Age 0.435 0.373
Volume 0.431 -0.011

p-value | Epistemic | 4 x 107102 9 x 1079
Age 9x 1073 | 2x107#
Volume | 4 x 10733 0.769

Table 5.4: The effect on correlations with other measures of subtracting a fraction of the surface
area from the estimates of aleatoric uncertainty.

5.5.1.3 Analysis of individual cases

This subsection examines three volumes from the unlabelled dataset as examples of the output
of the uncertainty measures explored here. For each volume, one slice is shown (part (a)
of each figure), the regions of higher aleatoric and epistemic uncertainty (part (b)) and the
global uncertainty measures of that volume in the context of the entire unlabelled set (part
().

Figure shows a volume with high aleatoric uncertainty and low epistemic uncertainty.
The segmentation output by the network is very asymmetrical across the MSP, but it is
consistent across test-time dropout runs. Test-time augmentation displays significantly more
uncertainty about one of the segmented lobes, corresponding to the proximal hemisphere.
This lobe is partially obscured by a shadow, and it would be difficult even for a human to

confidently identify a boundary.

Figure shows a volume with high epistemic uncertainty and low aleatoric uncertainty.
The segmentation seems anatomically plausible in this plane, though with test-time dropout
the network shows considerable uncertainty about the segmentation of part of the vermis.
The vermis is often not visualised, especially at lower gestational ages, and it is possible there
are few examples of the vermis in the training data. This supports the characterisation of the
difference between aleatoric and epistemic uncertainty: the image is not ambiguous in that

region, and any inconsistency in the segmentation is just due to the lack of similar training
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(c) A volume with high epistemic and aleatoric uncertainty (23 weeks).

Figure 5.14: These volumes are drawn from the unlabelled set, so there is no “ground truth”
segmentation.
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examples.

Figure shows a volume with high levels of uncertainty in both metrics. This volume
is notable for the very strong shadow artifact obscuring the boundaries on one side of
the cerebellum and making it a challenge to place those boundaries accurately. Test-time
augmentation does show more uncertainty than test-time dropout here, showing uncertainty
present in the image itself. Test-time dropout also leads to high estimates of epistemic
uncertainty: I believe this is because any volumes with significant shadow artifacts were

excluded from the training set, making this volume appear different from the training set.

5.5.2 MRI dataset

() (b) ()

Figure 5.15: Example segmentations (a) with aleatoric (b) and epistemic (c) uncertainty for two
unlabelled examples in the MRI dataset.

The MRI dataset shows generally lower aleatoric uncertainty, with lower variability. This

is probably due to more well-defined edges in MRI and lower variability in image quality
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which make structural boundaries more ambiguous. MRI does not include speckle or shadow
artifacts which are significant contributors to aleatoric uncertainty. The correlation between
aleatoric and epistemic uncertainty is also somewhat smaller (r = 0.69). Figure shows
some examples of the uncertainty measured in the MRI dataset. It does seem clear that the

uncertainty is largely at the boundary, but it appears generally smaller.

5.5.3 Selection of volumes for iteration

MRI Ultrasound

Volume selection Dice coeff. Hausdorff (mm) Dice coeff. Hausdorff (mm)

Fully supervised | 0.848 +0.015 3.97+0.25 0.673 £ 0.046 12.25 + 3.57

Random 0.849 £ 0.015 3.73£0.18 0.700 £ 0.023 11.44 £1.75
Epistemic 0.847 £ 0.015 4.15£0.32 0.689 £+ 0.040 10.01 £1.48

Aleatoric 0.851 £ 0.015 3.69 £ 0.25 0.727 £ 0.014 8.54 £ 1.60
Aleat. + epist. 0.848 £ 0.015 4.20 £ 0.35 0.697 £ 0.015 11.10 £1.51

IOV N/A N/A 0.764 £ 0.060 3.96 = 0.99

Table 5.5: The segmentation performance of retraining a 3D CNN using different selection methods
for the additional labelled data. The “manual segmentation” row indicates the consistency of manual
segmentations obtained by the same individual.

150 volumes from the unlabelled set were selected, automatically segmented, and added
to the 106 labelled volumes to act as training data. Section describes different ways by
which these volumes could be selected: randomly, for the lowest aleatoric uncertainty or for
the lowest epistemic uncertainty. Table 5.5 shows the performance of the different training
sets, in terms of Dice coefficient and Hausdorff distance. The consistency of segmentations by
the same individual is also shown as a form of upper bound: no network can learn to segment
better than the consistency of its training segmentations.

Random volume selection leads to an improved Dice coefficient (p < 0.01 in a 1-tailed
t-test) in the validation set over using the original labelled set only, but does not lead to a

significant improvement in Hausdorff distance. Selecting the volumes with the lowest epistemic
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uncertainty leads to no significant improvement (p = 0.82) in Dice coefficient, and actually
seems to lead to worse performance in Hausdorff distance. Selecting volumes based on the
lowest aleatoric uncertainty, on the other hand, led to significant improvements in both Dice

coefficient and Hausdorff distance for the segmentations.

5.5.4 Initial number of labels

One possible explanation for the small effect size in the MRI dataset is that the labelled data
alone is sufficient to generalize to the test set, and the network is already near the maximum
achievable performance on this dataset. Figure [5.10a shows that reducing the number of
labelled training examples to 10 or 20 (from the original 180) seems to have only a limited
impact on segmentation performance. With fewer initial labelled examples, the performance
boost from omni-supervised learning is clearer.

The same is not true in the ultrasound dataset, where segmentation performance increases
steadily with increasing dataset size, and the effect of an omni-supervised scheme increasing
the amount of data available is therefore larger. I conclude that with less initial training
data, the effect size of the schemes discussed in this chapter is greater, and that segmentation

performance on the MRI dataset is already near its ceiling for this network structure.

5.6 Discussion

The results shown in Table can be explained in terms of the difference in the type of
uncertainty measured by test-time dropout and test-time augmentation.

Selecting the volumes with the lowest epistemic uncertainty, as measured by test-time
dropout, seems to lead to worse performance over random selection, in both the ultrasound
and the MRI dataset. Epistemic uncertainty is believed to be a measure of the model’s
extrapolation over new data (see Section : the overall epistemic uncertainty present in
a volume can be usefully thought of as a measure of how different the volume is from the

training data that the model has seen. The volumes with the lowest epistemic uncertainty
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Figure 5.16: An example of the effect of data selection for omni-supervised learning. (a) A slice
of a volume in the validation dataset (at 21 weeks). (b) The ground truth segmentation of the
cerebellum, (c) the segmentation obtained after training a CNN on labelled data only. Bottom
row: the segmentations obtained by re-training the network in an omni-supervised fashion selecting
additional volumes (d) randomly, (e) by aleatoric uncertainty, and (f) by epistemic uncertainty.

can therefore be thought of as being the volumes that most closely resemble the training data.
Adding these volumes to the training data, therefore, does not improve the generalisation of
the network when it is presented with new data. Instead, it introduces a bias in the training
data towards the segmentations it has generated in the previous round. This explains the
lack of improvement in Dice coefficient and the worsening in Hausdorff distance (11.37mm vs
9.05mm in the ultrasound dataset). The effect size is larger in the ultrasound dataset than in
the MRI dataset: I believe this is due to the larger variability of the ultrasound dataset, as
evidenced by the larger range (and generally higher level) of aleatoric uncertainty estimates

in that dataset.

On the other hand, using aleatoric uncertainty leads to a significant improvement in
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performance over a random selection. Aleatoric uncertainty is used as an estimate of the
amount of uncertainty inherent in the data itself, such as noise, artifacts, or inconsistent
labelling in the training data. In principle, it is unrelated to how different the data appears
from training and only a measure of the quality of the data itself. Lower aleatoric uncertainty,
therefore, can be thought of as correlating to clearer data and possibly better segmentation
performance, without compromising the generalisability of the segmentation method. The
effect size is larger in the ultrasound dataset than in the MRI dataset, but it holds in both
datasets. Figurelb.16|shows an example of the effects of this method, by significantly improving
the segmentation of a sample slice.

It is worth noting that random selection does still lead to an improvement over using
no selection at all: this is reassuring evidence that omni-supervised learning methods work.
Using aleatoric uncertainty-based selection still seems to roughly double the performance
gains of omni-supervised learning relative to random selection in ultrasound (an improvement
in Dice coefficient of 0.08 relative to fully-supervised segmentation only, compared to 0.04 for

omni-supervised segmentation).
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Figure 5.17: A scatter plot of aleatoric and epistemic uncertainties in the data, coloured by
gestational age.

I still note a strong correlation between measured aleatoric and epistemic uncertainty,

and other measures. This can potentially lead to biases in data selection and could prevent
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further improvements in performance. For example, we note a strong correlation between
gestational age and both aleatoric (p < 10733) and epistemic (p < 1072*) uncertainty measures.
A straightforward selection of the volumes with the lowest aleatoric uncertainty is therefore
likely to be biased in favour of lower gestational ages (see Figure . One can attempt to
control for the age distribution of the volumes we select, and only base the selection on the

uncertainty measures obtained within each gestational week.
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Figure 5.18: (a) the data selected for omni-supervised learning after controlling aleatoric uncertainty
selection for age. (b) the performance of training with this data selection compared to simple aleatoric
selection.

Performing such a selection leads to the results in Fig. [5.18. There is no statistically
significant change in segmentation quality when controlling for age rather than picking only

the volumes with the lowest aleatoric uncertainty.

5.6.1 Analysis of failure cases

After the first round of segmentation, 25 volumes in ultrasound (3.2% of the dataset) were
entirely segmented as background, with no voxels classified as cerebellum at all. The unlabelled
data these segmentations were generated from had no ground-truth segmentations to allow
direct evaluations of performance, but all the fetuses recruited for the INTERGROWTH-215¢
study have a cerebellum, making these clear examples of failure cases.

Figure [5.19 shows the gestational ages of those failure cases. It appears to be a bimodal
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Figure 5.19: The gestational age of volumes in the unlabelled dataset which were entirely segmented
as background.

distribution: 16 of the 25 cases (64%) had a gestational between 14 and 16 weeks, while the
remaining 9 (36%) had a gestational age of 22 weeks or above. None of the 343 volumes in

the range 17-21 weeks were entirely segmented as background.

Figure 5.20: (a) An example of a failure case at a gestational age of 17 weeks. (b) An example of
a failure case at a gestational age of 24 weeks.

Figure [5.20] shows examples of failure cases at either end of the age range. It seems clear
that there are two different failure modes for this network. At higher gestational ages, shadows
are cast from the petrous ridges of the temporal bone and obscure the cerebellum. In these
circumstances, it is impossible to make any segmentation with any confidence. I visualised

all failure cases and all the cases at higher gestational ages displayed dark shadow artifacts
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obscuring the cerebellum. This is a problem that is more common at higher gestational ages,
as the skull ossifies and becomes a stronger ultrasound reflector.

At lower gestational ages, the failure mode is less obvious. The contrast appears low, and
while subjectively the cerebellum can be visualised, it is difficult to draw clear boundaries.
One may imagine that the reduced size of the cerebellum leads to greater uncertainty in
the predictions, leading to cases where dropped-out predictions fail to agree. This is not
borne out by the uncertainty estimates for the data: with test-time dropout and test-time
augmentation, these volumes are consistently segmented as background.

This analysis seems to justify the age limits selected for this task: at lower gestational
ages, it is difficult to visualise the cerebellum, while at higher gestational ages, shadows are
more likely to obscure the structures of interest.

Segmentation performance was more consistent in the MRI dataset: the imaging modality
and structures visualised are seen regularly in all patches. Therefore, there were no total

failure cases in this modality.

5.7 Conclusion

This chapter has proposed a new data-selection method to improve the performance of
omni-supervised learning on segmentation of the fetal cerebellum, with results validated on
an external MRI dataset. The basic problem I faced was that of little available labelled data:
even though the INTERGROWTH-21% dataset contains many fetal ultrasound acquisitions,
no reliable segmentation labels are provided with it. I manually segmented a subset of this
dataset to provide a starting point, then used omni-supervised learning to generate high-quality
automated segmentations. Working with uncertainty estimates to quantify the reliability
of segmentations led to the intuition of using these measures to help train omni-supervised
methods, which is implemented in the data-selection method outlined in this chapter. I
found that selecting data for further omni-supervised training based on aleatoric uncertainty
improves the performance of my CNN on this dataset.

These results were replicated on an external, public MRI dataset. A fraction of the
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MRI dataset had been manually annotated by experts, and I found similar improvements
using omni-supervised learning to boost performance segmentation. Although the effect
size was smaller, I found similar results: selection based on aleatoric uncertainty resulted in
significantly improved segmentation performance, while epistemic or random selection led to
smaller effects.

I then use this data-selection method to train an omni-supervised method to generate

segmentations of the cerebellum throughout the whole dataset.
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Chapter 6

Adding information from scalar

features at network input

Chapter layout

This chapter explores methods to combine image and scalar data at the input of a CNN,
providing the network with the same information that a human annotator has access to.
Human annotators look at and are influenced by metadata as well as image data, and the
segmentations they produce are influenced by the metadata available. CNNs, on the other
hand, are usually limited to the image data itself, stripped of relevant metadata. This chapter
measures the extent of that information disparity and investigates one method by which
information parity between human and machine can be reached. I propose TSI-Net, a network
architecture that can combine transformed scalar inputs with image inputs in a segmentation
framework.

Section introduces and justifies the addition of scalar features as a plausible way to
improve segmentation quality. Section looks at specific features that are available in the
INTERGROWTH-21% and ADNI/HARP datasets and sets out the approach used to input
them to a CNN in this chapter. Section [6.30.0 considers various design decisions, such as ways
to encode the scalar values described in Section [6.2] and how to modify a CNN architecture

to include them in Section [6.3.3] This section proposes experiments to evaluate these design
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decisions. The results of these experiments are presented in Section [6.4] where the T'SI-Net
architecture is finalised. Section discusses what these results imply for the usefulness of
this method and considers failure cases. Finally, Section summarises the outcomes of this

chapter and considers their implications.

6.1 Introduction

While obtaining segmentation labels for medical image data is difficult, there are several
non-image annotations that are collected routinely in the clinic. For instance, gestational age
(measured as days elapsed from the last menstrual period) is often known to sonographers
during a prenatal ultrasound scan and is recorded. For clinical imaging, the patient’s
demographics and clinical diagnosis are also generally recorded and kept with the imaging
data.

Human annotators are influenced by these scalar values, as described in Chapter [2
Sonographers told a fetus’ gestational age produce clinical measures that are closer to the
expected value for that age [129], and cognitive anchoring effects (e.g. when a diagnosis is
already present) are well-known across medical image analysis [130]. Inter-rater agreement is
also often measured when human annotators have access to this additional non-image data:
this is used as a gold standard of segmentation performance, but it may not even be reached
by humans who do not have this information available.

CNNs typically are trained on image data alone, without the metadata which humans
have access to. This additional information is not fully contained within the image data. It
is possible to extract measures such as the transcerebellar diameter (TCD) from the image
data, which is used as a proxy for gestational age, and is used by sonographers to estimate
GA when more reliable measures are unavailable [53]. However, this estimate still is prone
to some error due to individual variation. Rodriguez-Sibaja et al [4] manually measured the
TCD of a large subset of the INTERGROWTH-21%" dataset, and fit a polynomial function
estimate age from TCD. However, this polynomial estimate still has an error of over 7 days

for about 10% of volumes in the INTERGROWTH-21%" dataset, making it quite noisy (shown
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in Figure [6.3)). Section measures how well different methods can estimate these features
in the dataset.
This disparity can lower the potential performance of these methods, meaning that human

annotation performance cannot be treated as an upper bound on segmentation performance.

6.2 Proposed approach

This chapter proposes TSI-Net, a method to include Transformed Scalar Inputs to a fully-
convolutional CNN and integrate image and non-image data. In this chapter, the aim of
this is to aid segmentation of the cerebellum in the INTERGROWTH-21%" dataset, to give
machines the same information that humans use to perform this labelling.

Segmentation is generally performed with a fully-convolutional network architecture such
as the U-Net [94], a variant of which is used throughout this thesis. This is necessary to
maintain spatial consistency in the features being processed, but it also restricts all inputs at
any layer of the network to grid-like features that can be processed by a convolutional kernel.
Scalar features cannot be processed by convolutional kernels: a 3D convolutional kernel with
size 3% requires a minimum of 9 samples, arranged in a 3 x 3 x 3 grid, to produce a valid
output. Therefore, to add non-image features to the input of a fully-convolutional CNN, they
must first be transformed to image-like data.

This chapter considers different ways to transform non-image features to image data, and
add this as an additional input to a CNN. It proposes TSI-Net as a method to perform
this transformation with only minor modifications to a traditional CNN architecture. After
numerical values have been transformed, this information can be simply concatenated to the
image input at the same layer. This is not the only possible choice: as a separate input, it
can be introduced at a different layer of the network, or even be processed through a different
pathway at first. This chapter performs a set of experiments to determine the best way to
modify a CNN architecture to accommodate this additional input, balancing segmentation
performance, training time, and memory usage.

The experiments conducted are:
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Considering and evaluating different function to encode scalar features into a CNN

input and their correct parameters

« Finding the appropriate layer at which to modify the U-Net architecture to include

additional features

o Measuring the effect of combining multiple scalar features into a single input

» Adding noise to scalar values at training and test time

The methods described in this chapter are then tested on segmentations of anatomical
structures from the INTERGROWTH-21%" dataset and the ADNI/HARP dataset, with the
addition of known non-image features from each of those datasets. For comparability, the
segmentation tasks considered are the same as in Chapter [5} segmentation of the cerebellum

in the ultrasound dataset, and segmentation of the hippocampus in the MRI dataset.

6.2.1 Scalar features known

The subset of the INTERGROWTH-21% dataset examined in this chapter is the same as
that considered in Chapter [5} it only includes 3D brain volumes taken according to a strict
protocol, within a gestational age range of 14 to 25 weeks. 14 weeks is the lower bound of the
age range for which images were collected during the study, while above 25 weeks shadows
from the temporal bone are frequently present and obscure the cerebellum.

The main scalar feature relevant to this segmentation task is gestational age. As part of
the selection protocol for data collection in this study, all subjects needed a precisely-known
gestational age, defined as the number of days elapsed from the start of the mother’s last
menstrual period (LMP) [134]. The LMP predates a typical conception by approximately two
weeks [23], and is the clinical standard for measuring gestational age outside of ultrasound-
based measurements [163]. LMP itself is not perfectly accurate: women’s estimates of LMP
date exhibits digit preference [164] and inaccurate recall, suggesting some random error in

the estimation of the date. This error has not been quantified rigorously.
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The ADNI/HARP MRI dataset comes with a set of image and non-image features. As
described in Chapter [3| the dataset was collected to study Alzheimer’s disease, which has
a particular impact on the hippocampus. The subjects in this dataset are older adults, of
whom some are cognitively normal (CN), while others suffer from mild cognitive impairment
(MCI) or probable Alzheimer’s disease (AD). In this chapter, three features are considered as
additional inputs: the age of the test subject (with a range of 60-90 years), the sex (M/F),
and their cognitive status (CN/MCI/AD). These are distinct, but not fully independent from
each other: older subjects are more likely to develop AD [165], and women have a higher
prevalence of AD than men at the same age [165]. Nonetheless, each of these features does

provide additional information which is not fully contained in the others.

6.3 Methods

The methods proposed here are applied to the same segmentation tasks performed in Chapter
This allows direct comparison with the results compared in that chapter. The same training
and test datasets are used (with no need to use the additional unlabeled data included in
that chapter).

Both tasks attempted in Chapter |5 are performed in this chapter: segmentation of the
fetal cerebellum from 3D ultrasound in the INTERGROWTH-21%* dataset, and hippocampal

segmentation task in the ADNI/HARP MRI dataset.

6.3.1 Encoding scalar values in a matrix

First, scalar parameters need to be transformed to image-like features. One way to do this is
to create synthetic images, whose contents depend on the value of the scalars encoded within
them. These images need to match the dimensionality of the image input: a 3D medical
acquisition processed by 3D convolutional layers must be accompanied by a 3D synthetic
image, to be processed by the same filters.

We propose TSI-Net, a method to use Transformed Scalar Inputs in a fully-convolutional
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(a) (b) (c)

Figure 6.1: (a) A slice of a 3D volume, with a single scalar value encoded within. (b-c) A slice of a
3D volume with two different scalar values encoded by (b) summation, (¢) maximum function.

network architecture. TSI-Net is based on the transformation of scalar features into a grid-like
shape, which are then passed as a separate input to the network. This allows them to be
processed by a conventional network architecture, with only minor changes to the network

design.

In this chapter, this data is encoded as a line in a 3D matrix, creating an image-like output
which can take any dimensions that are desired. This is shown in Figure[6.I[(a). The position
of the line encodes the value of the scalar feature of interest. This position is proportional to
the value of the feature, and to use the space available in the image most effectively, the range
of positions is normalised: the lowest value in the dataset corresponds to a line near one end

of the image, and the highest value corresponds to a line near the opposite end of the image.

Since a volume is three-dimensional, it is possible to include up to three one-dimensional
scalar values in the same volume in this scheme, one encoded along each axis. Figure [6.1(b-c)
shows a slice of a 3D volume with two scalar values encoded, one along each visible axis. The
simplest way to generate such an image C; is to create images encoding a single value, and
then combine them into a single image. Three methods are explored to do so. Starting from

a set of image channels C, Cs...C),, these can be expressed as
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G = ) G (6.1)
=1
Ct = max (Cl,CQOn> (62)

Method is simpler to implement and evaluates more quickly during training (mean
time of 28.9ms using two exponentials, compared to a mean time of 64.3ms for method ,
but visually appears to emphasise the intersection between the two planes (which is arbitrary,
as they represent distinct values). Method does not emphasise the intersection between
planes, but evaluates more slowly and therefore slows down training. These methods can
also be compared to a simpler, “null” method: passing each feature separately, as a different
map, and simply concatenating them at the input level. This bypasses the need for any of
these methods, but can result in a larger input, larger network size, and longer training time.

These methods are all compared by experiment.

6.3.2 Choice of function

The choice of function by which scalar features are transformed into a grid is an important
design parameter of TSI-Net. While it is possible to encode the scalar of interest into a single
straight line 1 voxel WidEEL this only uses a very small fraction of the visual space in the image,
potentially leading to slower training and a higher propensity to overfit.

It may be better to encode this data in a way that uses a higher proportion of the image,
by using a function that peaks at the correct scalar value and decreases monotonically away
from it. This ensures a higher proportion of the network’s convolutional layers are activated
for a given value of the scalar feature, improving robustness.

Four functions were considered for this task. Their formulae are described in Table [6.1], in
terms of the position z, scalar feature value s, and a tunable width parameter o (see below).
The first function considered is a simple rectangular function, taking value 1 within the chosen

width o from the parameter value and 0 elsewhere. This is the simplest choice, but it also

IThis is equivalent to encoding it using a rectangular function of width 1.
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Function Formula Half-width half-max | Time per vol. (ms)

1 |[x—s|<o
Rectangular Y= ) o 6.1
0 otherwise

1=l e g <
Triangular = o [z =l - 7 s 11.9
0 otherwise
2
1 — (le=sl — sl <
Quadratic | y = ( a ) w—sl <o % 11.0
0 otherwise
—(z—5)2
Gaussian y=e e oln2 12.0

Table 6.1: The formulae of the functions considered to transform scalar data to a grid-like form,
where y is their value as a function of voxel value x along one axis. The table also shows their
half-width half-maximum (in terms of a parameter o) and the time taken to generate a 160% map
using each.

makes it difficult for a convolutional network to find the precise value of the scalar feature, as
the function is flat around the peak parameter value s. The second choice considered is a
triangular function, which maintains the simplicity but has a well-defined peak. This function
decreases linearly from 1 at the peak to 0 at a chosen width ¢ from the peak. The third
function (a quadratic) is similar, but exhibits a different descent profile. This follows from
the intuition that larger deviations from the peak value of the chosen parameter (such as
age) should lead to supralinearly larger changes in visual features than smaller changes, and
therefore the function of choice should have a broader, flatter peak and a faster decline. The
final function chosen is a Gaussian, which has a similar shape to the quadratic function but is

differentiable everywhere and isn’t set to 0 outside of a specified width parameter.

Figure shows the 1D shape of the functions considered, and a 2D slice of the final 3D
volume input into the network. To obtain the final 3D volume, the 1D shape of the function
can be simply tiled along the y— and z— axes until a volume of the desired dimensions is

obtained.

The width of these functions is described in Table [6.1] in terms of a parameter o. The
first three functions evaluate to zero outside of the interval [s — o, s + o], while the Gaussian
function only tends to zero but never reaches it (maintaining monotonicity and differentiability

throughout the image space). A higher value of o leads to the function covering a greater
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0 25 50 75 100 125 150 0 25 50 75 100 125 150 0 25 50 75 100 125 150 0 25 50 75 100 125 150
voxel voxel voxel voxel

(a) (b) () (d)

Figure 6.2: The four different functions considered. (a) rectangular function, (b) triangular
function, (c¢) quadratic function, (d) Gaussian function. The top row shows the 1D shape of the
function, and the bottom row shows a 2D slice of the 3D volume input in the network.

proportion of the available space, but flattens the function in the peak region and makes
the precise parameter value less well-defined, while a lower value of ¢ results in more image
space being set to 0 and not being used for training or inference. Therefore, an experiment is
conducted in this chapter to find the optimal value of ¢ for the tasks described here.

Table also shows the time taken to generate volumes of dimensions 160% using these
functions. As expected, the rectangular function is the simplest one and evaluates most
quickly, in only 6ms. The other functions take approximately twice as long to evaluate, but

there is no significant difference in evaluation time between them.

6.3.3 Network design

The network architecture used for TSI-Net is the same 3D implementation of the U-Net
architecture used in previous chapters. The network’s hyperparameters are also kept the same
as in previous chapters: the purpose of this chapter is to experiment with varying inputs to
the network, not the architecture itself. The network architecture chosen is shown in Figure
0.0l

The network must, however, be modified to accept an additional input representing the
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Figure 6.3: The 3D U-Net architecture used for TSI-Net. Different options for where to input the
additional grid (shown as a dotted line in the figure) are considered.

additional scalar data, as well as the usual image input. There are several possible approaches

to include this data.

The most straightforward option is to concatenate this second input with the image. This
allows all levels of the network to use the additional information provided by the scalar feature,
but it also means that the additional input needs the same dimensions as the image (160° in
the the INTERGROWTH-21%" dataset, 64% in the ADNI/HARP dataset). Where the image
input has large dimensions, this seems wasteful and increases memory usage and time needed

to generate the feature maps.

An alternative is to provide the additional input part or all of the way down the encoder
pathway, as shown in Figure Since this is after the processed image data has been
max-pooled and downsampled, the additional input can also be smaller and concatenate with
the image data. This also reduces the size of the overall network, as fewer convolutional
kernels are needed initially in the encoder pathway. It also reduces overall training time and
memory requirement, as smaller feature maps need to be made. However, this does mean that
all the information provided isn’t available to the network until some processing has already

been conducted on the image data, which could lead to a lower performance advantage.

It would also be possible to concatenate the input at similar levels in the decoder path,

instead of the encoder path, of the CNN. I did not do this in this chapter, as the benefit of
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attempting this is unclear: this does not reduce input size or the memory requirements of the
CNN relative to input in the encoder path, but reduces the processing this input undergoes

and the information available to most of the network.

Input layer | Input size | Net. size (GB) | Input gen. time (ms) | Train time / sample (s)
1 1603 3.56 66 0.945
2 803 3.54 6.1 0.886
3 403 3.52 0.39 0.861
separate 803 3.56 6.1 0.931
Baseline N/A 3.50 0 0.852

Table 6.2: Inputting additional scalar data at different layers of the CNN has negligible effect on
the overall network size, but reduces the time to generate the synthetic image and therefore the
overall training time per epoch.

CNN
input

32 transp.
convolution

Figure 6.4: One possible way to maintain a small additional input size while processing the additional
feature grid by all convolutional layers is to pass it through successive transposed-convolution layers
until it reaches the same volumetric dimensions as the input.

Another option which combines smaller input size and processing by all layers in the
network is shown in Figure [6.4, The scalar input is passed as a smaller volume to a dedicated

deconvolution (or strided-convolution) layer, which then concatenates its output with the
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image input. This allows a smaller additional input to be passed to the network encoding
the scalar parameters without skipping any processing layers. However, this does not lead to
a concurrent reduction in the size of the CNN: the overall number of parameters is slightly
greater than an architecture which concatenates two inputs of same size.

Table shows the difference in network size, input generation times, and actual training
time per iteration of each architecture considered, for a volumetric input size of 160%. Changing
the position of the additional input has a negligible (on the order of 1%) impact on the
overall size of the network, which only requires additional convolutional filters in the layer
at which the volume is input. The overall size of the network is dominated by all other
convolutional layers, so the choice of input location does not have a significant effect on
memory requirements.

On the other hand, the time taken to generate the additional input does vary substantially
based on the layer at which it is introduced, reducing by approximately an order of magnitude
for each successive layer on the encoder path measured. This is significant but it represents
only one factor of CNN training time: the majority of training time comes not from generating

the input, but by the processing of the convolutional layers and backpropagation.

6.3.4 Quantifying feature contributions

A baseline CNN can be trained, with no additional inputs, for comparison. The lack of an
additional input, however, reduces the number of convolutional layers in the network slightly
(see Table [6.2). This is a potential source of bias: to address this, I also trained a second
baseline CNN to compare to TSI-Net, with an additional input consisting of a uniform array
of zeros. This matches the number of trainable parameters between architectures but does
not provide any additional non-image information to the network.

The ADNI/HARP dataset has multiple scalar features that can be encoded separately or
together in this scheme. Age, sex, and clinical diagnosis (CN/MCI/AD) can all be encoded
by the scheme above, either individually or together. It is possible, therefore, to quantify

the performance boost given by each of these measures individually, as well as by their
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combination.

6.3.5 Training and choice of hyperparameters

The same training dataset was used as in Chapter [5} For the INTERGROWTH-21%* dataset,
this consists of 106 manual 3D segmentations of the fetal cerebellum with a gestational age
range of 14 — 25 GW, chosen to match the age distribution of the overall dataset. For the
ADNI/HARP dataset, this consists of 200 manual 3D hippocampal segmentations, obtained
from 100 volumes. The same preprocessing as in previous chapters was also applied: each
volume was brain-extracted, linearly registered to MNI152 image space [20] and normalized
by dividing each voxel by the 99" percentile value. 64 x 64 x 64 patches were extracted
around the hippocampus in each hemisphere.

Data augmentation was used during training, similar to previous chapters. The ultrasound
volumes were randomly reflected across the mid-sagittal plane and subjected to small random
translations (up to £5 voxels along each axis), small random rotations (up to £10° around each
axis), and small amounts of scaling (up to £10% linear zoom). Nearest-neighbour interpolation
was used for computational efficiency. The volumes were reflected with 50% probability, while
the degree of all other augmentations was sampled from a uniform distribution. Unlike in
Chapter [0, augmentation was only applied during training: since aleatoric uncertainty is not
measured in this chapter, there is no need for test-time augmentation.

All of the models used here were written in Python 3.7 using Tensorflow 1.14 and Keras

2.4. They were trained on Nvidia GTX 1080 Ti GPUs.

6.4 Results

6.4.1 Scalar value

It is important to check to what extent the information being appended to the network in
later experiments is already included in the image data itself. Since, for the US dataset, the

scalar value added is gestational age, this section considers how well gestational age can be
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Source Method MSE (days) | MAE | % vols + 7 days
Rodriguez-Sibaja [4] | Manual TCD measure 7.79 5.52 89.7%
Our method (TCD) | Auto. TCD measure 7.91 6.05 87.1%
Our method (vol.) | Auto. volume measure 5.69 4.21 95.3%
Namburete [11] Direct pred. on image 6.10 N/A N/A

Table 6.3: Predictive power of different methods which estimate age from features present in the
imaging data.

predicted from the image.

There are several biomarkers visible in fetal ultrasound that are predictive of gestational
age, such as the biparietal diameter (BPD), crown-rump length, or femur length [145]. One
gestational age predictor that is visible in the 3D neuroimaging volumes considered in this
thesis is the transcerebellar diameter (TCD). It is considered robust to changes in fetal
environment that otherwise lead to fetuses that are smaller or larger than expected for their
gestational age, due to the brain-sparing hypothesis discussed in Chapter
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Figure 6.5: (a) estimated TCD and (b) estimated cerebellar volume drawn from segmentations
with a baseline CNN in the unlabelled ultrasound dataset. Curves of best fit drawn from (a)
Rodriguez-Sibaja et al [4] and (b) regressed from this dataset.
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Rodriguez-Sibaja et al manually measured the TCD of a large sample of the INTERGROWTH-
21%* dataset [4] and fitted a polynomial function to predict gestational age from TCD meas-

urement. They use a cubic polynomial of the form
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GA = ad® + bd + ¢

in terms of the TCD d and constant terms a, b, ¢ which they found empirically E| The
curve is shown in Figure [6.5h: the cubic component is very small in the gestational age range
considered for this study, and the curve appears roughly linear.

The network used in Chapter [5| was used to segment the cerebellum of the large unlabelled
dataset used in that chapter. From a cerebellar segmentation, it is straightforward to measure
the TCD: the pair of segmented points furthest from each other can be found, and the
distance between them is the estimated TCD. Figure shows that this method yields a
good estimate of TCD for the dataset used, comparable to that reported by Rodriguez-Sibaja
et al on the same dataset.

Another way to estimate gestational age from a cerebellar segmentation is to directly
measure the cerebellar volume. Rodriguez-Sibaja et al [4] use a cubic function to estimate
the gestational age from TCD, which is approximately linear in the gestational age region
of interest. TCD is a 1-dimensional length measure, while volume overall is a 3-dimensional
measure. If one assumes that cerebellar development occurs at a similar pace along all three
spatial axes, it’s reasonable to consider the use of a cubic function to predict fetal cerebellar
volume from gestational age. A curve to find gestational age ¢t was found empirically, regressing

the constant terms a, ¢ in the cubic equation

TCD = at® + c.

This yielded estimates of a = 4.0 x 1075, ¢ = —2.6. ]
Finally, the most straightforward way to estimate gestational age from an ultrasound
image is to train a method directly to estimate gestational age. Namburete et al [I1] do so,

using random forests, and achieve an average MSE of 6.10 days across a wider gestational age

2Empirically, they find a = 7.6187 x 107°,b = 0.8154074, c = —3.957113.

3For comparison, I also performed an exponential regression in the form TCD = aeb®, to find if an
exponential function would be a better fit for the data. Despite an equal number of tunable parameters, this
led to significantly worse fit, yielding an MSE of 6.41 days.
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range.

Table shows a comparison of different approaches (both ours and other published work)
that estimate fetal GA from image data alone. These methods all find that the image data
can predict gestational age to within 4-7 days, but that nevertheless this leads to a significant
minority of volumes for which gestational age is estimated incorrectly (with > 1 week between
estimated GA and recorded GA). These comparisons are made from volumes in the same
dataset, and using similar age ranges, but across studies with different inclusion criteria for
individual volumes: caution must be used when comparing their results directly.

Measuring TCD on the segmentations produced automatically by our network and applying
Rodriguez-Sibaja et al’s formula to estimate age yields a reasonable estimate of GA, with
no noticeable systematic error. Our method to estimate gestational age from volume finds
the smallest average error along all metrics considered. While overfitting may be a concern
(the parameters of the cubic equation chosen to fit gestational age were determined by the
data available), this was minimised by reducing the number of tunable parameters to two:
furthermore, the other estimates presented in this table also use parameters derived from the

dataset against which they measure their errors. Section [6.5.1] further discusses these results.

6.4.2 Segmentation performance

Three-fold cross-validation was used to generate the segmentation results. The results of
adding features, for both the ultrasound and the MRI datasets, are shown in Table [6.4]

In the ultrasound dataset, adding age as an additional layer led to significant increases
in segmentation performance, measured both by Dice coefficient (p < 107'!) and Hausdorff
distance. This effect cannot be accounted for by the additional convolutional layers from
adding another input: adding a non-informative input of the same dimensions leads to
performance that is not significantly different from baseline.

The effect size is smaller in the MRI dataset, but still statistically significant (p < 0.01).
Different features appear to have different effects when passed into TSI-Net: age and diagnosis

increase segmentation performance, but sex has no significant effect. Section [6.4.3| explores
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Fetal ultrasound dataset

Added features | Dice coefficient | Hausdorff distance (mm)

Baseline 0.673 £ 0.046 12.25 + 3.57
Zero layer 0.678 £ 0.037 9.81 + 3.82
Age 0.723 +0.023 8.89 £ 3.35

ADNI/HARP MRI dataset

Added features | Dice coefficient | Hausdorff distance (mm)

Baseline 0.848 +0.015 3.97+£0.25
Age 0.850 £ 0.014 3.64 +0.22
Sex 0.848 £0.015 4.08 £0.30

Diagnosis 0.849 + 0.011 4.79 +£0.48

Table 6.4: Performance of baseline CNNs and CNNs with additional features for both the ultrasound
dataset and the MRI dataset.

the effect of combining features on TSI-Net’s output.

6.4.2.1 Additional input format

Layer introduced | Training time (ms) | Validation Dice
Baseline (none) 852 0.673 £ 0.023
convl zeroed (160%) 929 0.678 £ 0.037
convl (1603) 945 0.723 + 0.023
conv? (80°) 886 0.697 = 0.022
conv3 (40°) 861 0.675 = 0.021
Transposed (80%) 931 0.700 £+ 0.035

Table 6.5: Training time per sample and validation Dice coefficient for different locations for the
additional input layer. Two baseline networks are considered: one with no additional features at all,
and one with an all-zero additional input.

Table [6.5]shows the change in training time and segmentation performance from adding the
scalar input at different levels of the TSI-Net encoder path. As confirmed by Table[6.2] passing

additional features further down the encoder pathway reduces training time per sample. This
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reduction in input generation time only accounts for approximately 10% of training time per
sample, so it is a minor factor. Validation Dice coefficient decreases monotonically too as the
additional input is passed further down the encoder pathway. This is expected, as an input
passed part of the way through a CNN processing pathway is processed by fewer filters, and
earlier layers lack some informative context. However, this quickly declines to baseline.
Using a smaller additional input, but using transposed convolution to increase its size
until it can be concatenated with the image input at the top of the encoder pathway (see
Figure ) does not appear to share the same reduction in training time as passing this input
further down the encoder pathway. The results obtained by this method are insignificantly
lower than the results obtained by a simple concatenation of inputs, both in terms of training
time and in final performance. The additional memory requirements of this architecture
are small, so there is little practical difference between these methods. The addition of this

transposed-convolution pathway is therefore unnecessary.

Shape Validation Dice Line width ¢ | Validation Dice

Square 0.699 £ 0.023 1 0.702 4+ 0.023
Triangular | 0.680 £ 0.018 5t 0.717 £0.023

Cubic 0.651 +0.031 10 0.723 £ 0.023
Gaussian | 0.723 +0.023 50 0.680 £ 0.023

(a) (b)
Table 6.6: (a) the Dice coefficient obtained when using different shapes to encode the scalar value.
(b) the Dice coefficient obtained using different values of the width parameter o to train a CNN

with a Gaussian shape.

Table shows how the network’s ultrasound segmentation performance is sensitive to
the form of the function used to encode scalar features, and its width parameter o (see
Section . This table confirms that a Gaussian function produces the greatest boost
in performance. This may be because the other functions take values of 0 outside the
range [p — o,p + o, where p is the peak value of the function, while the Gaussian function
monotonically increases to the peak through the range of the volume (see Figure .

A very high width parameter o obscures the precise scalar value of the feature passed
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to the network, by drawing a function with a broad and flat peak. A very low value of o,
on the other hand, produces a very narrow function which reduces the training signal for
convolutional layers: the optimal value appears to be a balance of these considerations. For
the ultrasound dataset (with input size 160%) the optimum value of ¢ in this sweep was found
to be o0 = 10, so this value was used for all other experiments in this dataset. A similar sweep
was not conducted for the ADNI/HARP dataset (with input size 643): instead, the value of
the parameter o was simply scaled to the input size for this dataset, resulting in a value of

o = 4 used for all experiments in this dataset for this chapter.

Feature combination method | Training time (ms) | Validation Dice

Concatenate 450 0.852 +0.015
Add 447 0.850 £+ 0.015
Maximum 493 0.851 £+ 0.016

Table 6.7: A comparison of the training times per batch and test Dice coefficients obtained with
the different methods considered to combine different features in the ADNI/HARP dataset. All
three available features were used in this experiment.

Finally, on the ADNI/HARP dataset, experiments were performed to combine different
features in a single feature map. The three methods compared were concatenating the features

as separate maps, adding them into a single map, and combining them using a maximum

function (see Figure[6.1).

Table shows the training time (per batch) and test Dice coefficients obtained using
those methods. These results confirm that simply adding feature maps together is the fastest
method, while using a maximum function is the slowest, leading to a roughly 10% increase in
training time per batch. Both methods, however, are outperformed by a simple concatenation
of feature maps encoding separate features. While this results in a marginal (~ 1%) increase
in the memory usage of TSI-Net, it does not significantly increase training time: it appears

to be the best choice for the tasks in this chapter.
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Feature added Test Dice Hausdorff (mm)
None (baseline) | 0.848 +0.015 3.97+0.25
Age 0.850 +0.014 3.64 +£0.22
Sex 0.848 +0.015 4.08 +0.30
Diagnosis 0.849 £0.011 4.79 +0.48
Age+sex 0.850 +0.014 5.40 £ 0.74
Age+diagnosis | 0.852 + 0.016 3.64+044
Sex+diagnosis 0.850 £0.016 5.32+0.70
All features 0.852 +0.015 3.90 +0.39

Table 6.8: Impact of passing individual scalar features, both by themselves and in combination with
other scalar features, on test Dice coefficient and Hausdorff distance on the ADNI/HARP dataset.

6.4.3 Contributions of individual features

The overall effect size of adding any feature in the MRI dataset is small, so caution is necessary
when estimating contributions of each feature. Age and diagnosis feature each appear to
improve the segmentation Dice coefficient of the network relative to baseline, both when
passed individually and when passed together. On the other hand, passing the subject’s sex
to TSI-Net does not appear to have any predictive value for hippocampal segmentation.
When multiple features are passed together at the input of the network, this appears to
have an additive effect on performance: passing age+diagnosis results in higher test Dice
coefficient and lower test Hausdorff distance than passing either measure alone (p = 0.01). As

before, this effect is not observed for sex.

6.4.4 Varying input features

It is also possible to vary the input features during training and/or test, to measure how
sensitive the recorded performance boost is to the precision of the features used. An error can
be added to the scalar value (passing an additional input corresponding to an age of ¢t £ 9,
where § is a known error magnitude).

Figure shows how TSI-Net’s segmentation performance at test time varies when an
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Figure 6.6: When an incorrect age is input into the network at test time, the segmentation Dice
coefficient only varies slightly. In grey is the Dice coefficient for each volume in the test set.

incorrect gestational age is input at test time. While individual volumes appear to display
some fluctuation in segmentation performance, this is not correlated to how close to the
correct gestational age the input is. To verify this effect, an additional experiment was run,
passing no age at all (an array of zeros as the additional input) at test time: this also showed

no degradation in performance (p = 0.3).

Overall, there is no significant effect from passing the network an incorrect feature at test
time. This is surprising: TSI-Net shows a significant performance boost from passing this
feature during training, and one would expect it to use the information at test time too. I

discuss this further in Section [6.5.3

Figure |6.7| shows the effect of adding uniform noise during training to the numerical
gestational age used to generate the additional feature input. This effect is in the expected
direction: increasing noise amplitude leads to lower performance, until performance is indis-
tinguishable from baseline (with no added age input) when noise is sufficiently high. The

additional benefit of TSI-Net therefore appears to be entirely accrued during training.

Due to the skip-connections present in this network architecture, it is not possible to

investigate further how T'SI-Net is representing this data internally, and how this representation
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Figure 6.7: Adding uniformly distributed noise to the gestational-age measure in training leads to
gradual degradation in segmentation performance.

differs from baseline. Methods such as t-SNE are only suitable for linear architectures such
as autoencoders [166]: while the encoder-decoder architecture of the U-Net superficially
resembles an autoencoder, the skip connections make it impossible for this method to capture

internal representation, as this representation is spread across layers.

6.5 Discussion

6.5.1 Feature prediction

Section [6.4.1] shows that gestational age information is not fully contained within the image
data itself. While various methods are proposed to estimate gestational age from data present
in the image, all present some error, and for all a minority of volumes exhibit a large (>1 week)
prediction error in gestational age. These methods depend on the target for the segmentation
network: both TCD and cerebellar volume are in this section measured from a volumetric
segmentation of the cerebellum. Volumes for which the segmentation algorithm performs
poorly therefore also present higher errors in estimated gestational age: passing an additional
scalar input may reduce the segmentation error in these cases.

The target against which these measures of gestational age are compared is the number of
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days since the start of the last menstrual period (LMP) before pregnancy. This measurement
itself presents some error: self-reported LMP date exhibits digit preference and is recalled
poorly [164], which introduces some random error in LMP dating too. The error introduced
by this has not been rigorously estimated, but it does present a bound for the accuracy of a
CNN method.

Interestingly, total segmented cerebellar volume appears to be a better predictor of
gestational age, within the dataset explored here, than TCD. This makes intuitive sense:
random variation in anatomy and measurement along one dimension is likely to be greater
than that of a volume across three dimensions: using a 3D measure should decrease this type
of random error by a factor of % ~ 0.58. Other sources of error (such as in the measurement
of LMP) are independent of the number of dimensions from which these estimates are derived,
so the real-world decline in error is lower.

These results suggest a novel biomarker that may be of clinical use: cerebellar volume,
if it can be estimated quickly and reliably from a segmentation method, can be a useful
additional tool for clinicians as a gestational-age estimators. Measurements such as TCD
are simple linear measures that only require a clinician to draw a straight line in a single
ultrasound plane, while manually obtaining an accurate estimate of 3D cerebellar volume is
impractical and time-consuming in a clinical setting. An automatic method to segment the
fetal cerebellum and measure its volume is therefore necessary for this biomarker to be used

in the clinic.

6.5.2 Performance boost

Figure shows an example slice of an ultrasound volume, segmented both by the baseline
network architecture and by TSI-Net. The headline improvement in Dice coefficient from
using TSI-Net is larger than average (0.752 to 0.833), even though this volume has a higher-
than-average Dice score for segmentation for both networks. The Hausdorff distance shows
an even more pronounced improvement, from 5.66mm to 3.50mm.

While the centre of both cerebellar lobes is well-segmented by both architectures, the
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Figure 6.8: An example of the performance boost effect of adding age to the input layer. (a) A
slice of a volume in the validation dataset (at 23 weeks). (b) The ground truth segmentation of the
cerebellum, (c) the segmentation obtained after training a baseline CNN on labelled data. (d) the
segmentation obtained by training the same CNN with an additional age input.

boundaries show considerable uncertainty and misclassification in the baseline architecture,
which are corrected by the addition of age at the input. This is a plausible effect: the morpho-
logy of the cerebellum changes significantly during the second trimester [47], and anatomical
boundaries are often difficult to discern in ultrasound. Passing age as an additional feature
therefore seems to provide TSI-Net with a stronger anatomical prior on the segmentation,
reducing uncertainty near the boundaries.

Figure shows the CDF of the Dice coefficient, on the ultrasound test dataset, for
the baseline CNN and the age-augmented CNN. The performance advantage from adding
gestational age appears to apply across the dataset, improving segmentation performance
both for volumes that are already segmented well by the baseline architecture and for those

that are segmented poorly. This effect also holds across the gestational age range in the
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Figure 6.9: CDF of the Dice coefficients of the test set, comparing performance of the baseline
network and the network trained with additional gestational age. The CNN with added age
outperforms baseline across the dataset (p < 10711).

dataset, with no significant difference in performance change by GA.

'ﬂ“"'? "ﬂ

A 'ﬂ i A
(a) (b) (C)

Figure 6.10: (a) Example sagittal slice showing the hippocampus of a 70 year old male with

probable Alzheimer’s disease. (b) The baseline segmentation of that slice, with ground truth outlined

in red, and (c) the segmentation obtained when passing all scalar features to TSI-Net. Overall Dice
coefficient increases from 0.883 to 0.913.

The impact of passing scalar features to the network for the hippocampal segmentation
task was smaller, but still statistically significant. Age and clinical diagnosis appeared to
improve the performance of the CNN, both when passed individually and passed together
at the network input, while patient sex did not have a notable impact. Ageing is associated

with morphological changes in the hippocampus [167], and regardless of age, Alzheimer’s
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disease-related memory loss appears to be preceded by noticeable hippocampal atrophy
[64, 159]. This supports the hypothesis that these features have independent predictive power
on the morphology of the hippocampus and explains why passing these features together is
better than passing them individually.

A tangible example of the benefit of passing characteristics such as clinical diagnosis to
TSI-Net is shown in Figure [6.10] Figure shows an axial slice of an MRI scan of a 70 year
old male with probable Alzheimer’s disease. This slice displays prominent perihippocampal
fissures (PHFs) filled with cerebrospinal fluid, which appear as darker spots inside the
hippocampus. These are a biomarker of accelerated hippocampal atrophy [168], which is
known to be exhibited in Alzheimer’s disease. As these are contained within the hippocampus
proper, the segmentation protocol calls for them to be included as part of the segmentation,
as they are in the manual ground-truth label [20], but the baseline network architecture
segments these lesions as “background”. Using TSI-Net, these voxels are segmented correctly,

thanks to the additional information the network has available.
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Figure 6.11: CDF of the performance difference for each volume in the ADNI/HARP dataset,
relative to baseline. 48/70 (68.5%, p = 0.001) volumes show a performance improvement.

Figure [6.11] shows the change in Dice coefficient for each volume in the test set between
the baseline network architecture and TSI-Net when all features were passed at input. The

overall effect size is small, with an average boost in Dice coefficient of 0.04. However, the
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majority of volumes (68.5%, p = 0.001) still shows a performance improvement when using
TSI-Net, demonstrating the validity of this technique on a different neuroimaging dataset.
Similar to Chapter [5], the performance boost appears larger for the fetal ultrasound
task than for the MRI task. This is likely due to the same reason as that found in that
chapter: the ultrasound segmentation task is more challenging, with more variable data which
makes segmentation more ambiguous. Access to more data, therefore, improves segmentation
performance more on this dataset than in the MRI dataset, where structures are more

well-delineated and imaging features are more consistent across scans.

6.5.3 Input format and network architecture

Section finds that passing the additional input further at levels further down the encoder
pathway, reducing the size of the input required, decreases training time but also reduces the
performance benefit gained from the additional input. Segmentation performance quickly
reverts to baseline as features are introduced at deeper layers in the pathway.

Interestingly, Section finds that passing incorrect scalar features at test time, or
no scalar features at all, still yields the same performance improvement: the increase in
segmentation quality only comes from passing that information during training. This suggests
that the additional features passed to TSI-Net are providing a form of regularisation: the
additional information passed to the network appears to change the internal representation of

image data and reduce overfitting.

6.5.4 Analysis of failure cases

The CNN trained on the ultrasound dataset was used to segment the same large unlabelled
dataset used in Chapter |5l 11 volumes in ultrasound (1.4% of the dataset) were entirely
segmented as background, with no voxels classified as cerebellum at all. The unlabelled data
these segmentations were generated from had no ground-truth segmentations to allow direct
evaluations of performance, but these were selected as clear failure cases (all fetuses in this

dataset have a cerebellum).
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Figure 6.12: The gestational age of volumes in the unlabelled dataset which were entirely segmented
as background, for both the baseline model and TSI-Net.

The failure rate is a marked decrease from the rate observed in the baseline network
and reported in Chapter [} a reduction from 25 null-segmented volumes to 11, a decrease
of 56%. Figure [6.12 compares the gestational ages of failure cases with this model to those
resulting from segmentation with a baseline CNN. The overall age distribution of the failure
cases appears similar between the baseline architecture and ours: a bimodal distribution with
failures concentrated at the extremes of the age range for the dataset, with no failures in the

middle section of the age distribution.

Figure 6.13: (a) An example of a failure case at a gestational age of 14 weeks. (b) An example of
a failure case at a gestational age of 23 weeks.

Figure shows examples of failure cases at both ends of the age range. As with the
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baseline architecture, two distinct failure modes are visible. At the lower end of the age
distribution, the CNN does not appear to have learned to segment the cerebellum, even when
it is clearly visible. This is likely due to a lack of training data in this age range: the dataset
has fewer volumes in this age range (see Chapter , and the training data does not cover the

variability seen in this age range.

Figure 6.14: (a) A volume classed as a failure by the baseline CNN architecture, at 17 weeks. (b)
The segmentation produced by TSI-Net.

On the higher end of the age distribution, some volumes display prominent shadow artifacts
from the temporal bone which obscure the cerebellum. It is unclear whether these volumes

can be truly called failures.

Every individual volume for which the age-based method failed to produce a segmentation
was also classed as a failure by the baseline CNN. In this dataset, passing age therefore
decreases the number of total failures of segmentation without creating new ones. Figure
shows an example of a volume at 17 weeks, for which the baseline CNN failed to produce
a segmentation at all, while TSI-Net produces a full volumetric segmentation output. This
volume (like others in this age range) has fewer shadows and lower contrast between tissue
types than older fetuses, which changes the appearance of anatomical boundaries: passing

the age at the input can help the CNN interpret these features.
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6.6 Conclusion

This chapter has proposed a novel method to combine image and scalar data in fully-
convolutional network architectures for medical image segmentation. The challenge presented
here is inherent in the nature of convolutional filters: they can only operate on grid-like data,
making it impossible to straightforwardly process scalar features using them. To resolve this,
I propose TSI-Net, a scheme to encode scalar features into a grid-like volume of appropriate
dimensions, that I then pass as an additional input to the CNN.

Using TSI-Net for a cerebellar segmentation task in ultrasound leads to a significant
performance improvement, which allows more accurate segmentations without requiring
additional image data or segmentation labels. I replicate these results with a hippocampal
segmentation task which is also significantly improved with the addition of age and clinical
characteristics, and show that adding these features together results in a better output than
adding them individually. While the effect size is small for this task and it is difficult to
measure accurately the contribution of each feature, passing the subject’s sex to TSI-Net did
not appear to improve segmentation performance.

This chapter also compares different methods of estimating gestational age from features
present in the medical image. It shows that volumetric measures of cerebellar size can
outperform traditional measures such as TCD at that task. This is a very simple measure
that can be estimated from a 3D segmentation, but is not generally measured in the clinic.
This result suggests one possible value of reliable machine-learning segmentation methods:
new biomarkers can be found from these measurements to supplement the measures already

available.
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Chapter 7

Conclusion

Chapter layout

This thesis has presented several approaches to improve 3D medical image segmentation when
traditional training labels are limited, a common problem in medical image analysis. It has
shown that, with appropriate registration, atlas labels generated in MRI acquisitions can
serve as training labels for ultrasound data. It has also shown that uncertainty estimates
can boost an omni-supervised framework to include unlabelled data in a network training
set. Finally, it showed that passing additional scalar inputs to a network input can improve

segmentation performance, and proposed one framework to do so.

This chapter summarises the main contributions presented in this thesis in Section [7.1]
Section discusses the limitations of this work and explores opportunities for future research

directions.

7.1 Overview of contributions

The main contributions of this thesis have been:
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Atlas-based label generation and multi-label segmentation

We used prior anatomical knowledge to guide atlas-based registration, reducing the manual
annotation time needed to generate a training dataset. We manually labelled a set of
known anatomical keypoints in two atlases of the developing fetal brain acquired in different
modalities: ultrasound and MRI. This was done in a gestational age range of 20 — 25 weeks.
The anatomical correspondences created by this made it possible to estimate a set of affine
transforms to align the two atlases to each other, and therefore to apply the anatomical labels
found in the MRI atlas to ultrasound. These labels were then transformed from the common
reference space of the atlas to the individual ultrasound volumes, inverting the nonlinear
transformation used to construct the atlas. This created a set of high-quality multi-label
segmentations for 402 ultrasound volumes, covering the thalamus, brainstem, cerebellum, and
white matter.

This method could only be used for those volumes for which a transformation to the
atlas reference space was known. To extend this segmentation method to new volumes, we
trained a 3D multi-task CNN to segment four key structures in the fetal brain. We found
that this architecture produces good results, roughly in line with the literature, and that a
multi-task 3D architecture outperforms 2D or single-task 3D architecture. We hypothesise
that this is due to increased context from the use of 3D convolutional filters, and increased
supervision from additional training labels from more structures (which often share anatomical

boundaries).

Uncertainty as a selection tool for omni-supervised segmentation of the fetal

cerebellum

This contribution explored the use of additional unlabelled data to enhance training with
a limited dataset, as well as the use of estimates of uncertainty to inform data selection in
an omni-supervised framework. Omni-supervised learning is based on the principle that “a
set of weak learners can create a strong learner” [I17]: that combining the predictions of

multiple learners produces an aggregate prediction superior to any of them. Combining a set
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of segmentations produced by different networks produces aggregate segmentations of higher
quality than the outputs of individual networks, and omni-supervised methods then use these

segmentations as training labels for a new set of learners.

This contribution proposed a novel method to select additional volumes for further rounds
of omni-supervised learning. The volumes with the lowest aleatoric uncertainty in their
segmentations, corresponding to less ambiguous image data, are segmented better by a CNN.
They therefore lead to a larger performance improvement when added to the training set for
further rounds of omni-supervised training. This is shown in two independent datasets from

different modalities.

Adding information from scalar features at network input

We proposed TSI-Net, a method to incorporate scalar features at the input of a segmentation
CNN architecture. Scalar features, such as age or clinical characteristics, are commonly and
routinely collected alongside image data, and used by clinicians in their assessments of image

data. However, they cannot be processed by convolutional layers in a fully-convolutional

CNN.

TSI-Net transforms this scalar data to an image-like format, allowing a fully-convolutional
CNN to process this additional information with minimal changes to its architecture. The
best way to transform this data and pass it as an additional input to the network was found

experimentally.

Including this information at the network input improves segmentation quality produced
by a CNN, in both an ultrasound and an MRI dataset. Intriguingly, this performance boost
appears to come entirely during training, and no significant decrease in performance is noted if
the additional information is omitted at test time. This suggests that the additional features
passed into TSI-Net provide a form of regularisation, improving the internal representation of

the data.
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7.2 Limitations and future work

7.2.1 Gestational age range

Most of this work focused on ultrasound volumes in the age range of 14-25 weeks. A typical
pregnancy is 40 weeks long, so this work does not consider image analysis in the third trimester.
In the INTERGROWTH-21% dataset, 3D ultrasound volumes were collected every 4 weeks,
from 14 weeks’ gestation to delivery [134]. This covers the second and third trimesters of a

healthy pregnancy, when individual brain structures are visible.

The third trimester was excluded because the imaging protocol used cast acoustic shadows
from the petrous ridges of the temporal bone onto the cerebellum. These shadows became
more pronounced at higher gestational ages, as the skull ossifies and becomes more reflective
to ultrasound. Above 25 GW, a very high proportion of volumes in this dataset show acoustic
shadows that completely obscure the cerebellum, and therefore the entire age range of 25 GW

- 40 GW were excluded from this thesis.

This limits the strength of the conclusions to be drawn from the results presented here,
on the ultrasound INTERGROWTH-21%" dataset. There is no reason to believe that the
approaches explored in this thesis would not aid segmentation at higher gestational ages, but
this has not been shown experimentally here. A CNN could be trained on additional datasets
acquired with a different protocol which does not obscure the cerebellum at higher gestational

ages, or segmentation could be attempted on different anatomical structures.

However, it is possible that with a sufficiently wide range of gestational ages, enough
variability is present in the morphology that CNN segmentation performance declines with
an increasing age range. This was not observed in the age range considered in this thesis, but
may occur with a wider age range. In that case, separate networks (or if sufficient memory is

available, wider networks) may be needed.
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7.2.2 Derivation of fetal biomarkers from segmented structures

Chapter [0 found that fetal cerebellar volume can be a notably more accurate biomarker of fetal
gestational age than TCD. In the same dataset, volume predicted GA with a mean-squared
error of 5.69 days, while TCD predicted GA with an MSE of 7.91 days.

Most biomarkers measured at routine ultrasound scans, such as TCD, fetal head circumfer-
ence, biparietal diameter, crown-rump length, and femur length [144], are simple and generally
linear measures. They can be easily measured in real time by a clinician, by manually labelling
key points (such as the furthest points in the cerebellar lobes from the transcerebellar view,
in the case of TCD). Biomarkers such as fetal cerebellar volume cannot be measured as
simply in real-time: they require segmentation of the 3D structure, which is time-prohibitive
if performed manually (see Section [5.3.1.1).

Automatic segmentation of fetal brain structures, as outlined in this thesis, makes the
routine collection of volumetric measures feasible if it can be performed at high quality. From
a volumetric segmentation, it is trivial to estimate cerebellar volume, and other volumetric
measures can similarly be estimated, such as surface area or gyrification index [169]. These
further measures have not been considered in this thesis, but volume itself showed a significant
improvement on other measures considered here.

Further validation of fetal volumetry, therefore, would be required before this measure
can be used in the clinic, but the results shown in this thesis provide an interesting proof of

concept.

7.2.3 Using scalar features as supervision targets

In Chapter [6] scalar features were used as an additional source of information when passed
into the network. It may also be possible to use this information as an additional output for
the network, rather than an input, and train a CNN to predict the scalar features associated
with those volumes.

Chapter (4] also found that a multi-task network architecture outperforms single-task

architectures at each of the tasks at which it is trained. In that chapter, I hypothesise that
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this is because every additional task also provides additional training labels, and increases
the supervision signal passed to the network. This concept can extend beyond segmentation
alone: a multi-task network architecture could also be used to simultaneously perform a
segmentation task and a scalar regression task.

Amyar et al [I70] modify the U-Net architecture to simultaneously classify patients’
COVID-19 status and segment lung lesions in a single multi-task architecture, and report that
adding a classification task to the CNN architecture also improves segmentation performance.
A similar modification could be made to the 3D U-Net architecture presented in this thesis.

Every volume in the INTERGROWTH-21%* dataset has been labelled with the gestational
age of the fetus, as measured by LMP. Similarly, every volume in the ADNI has a set of scalar
values associated with it, as described in Chapter [3] These are available even in volumes which
do not have a manual segmentation label. It may be possible, then, to use these volumes for
training, using only the age label as a supervision signal.

A multi-task architecture could also be of additional clinical utility: a CNN that can

automatically estimate gestational age, as well as provide clinical volumetry, would aid clinical

practice.

7.2.4 Evaluating uncertainty as a way to identify abnormalities

and suggest features for follow-up

Chapter [5| examined different ways to estimate uncertainty in CNN-based segmentations.
Epistemic uncertainty, as measured by test-time dropout, can be thought of as a measure of
training-set coverage: high epistemic uncertainty generally corresponds to features that are
not well-represented in the training dataset.

This could suggest an active-learning framework: the acquisitions which show the highest
epistemic uncertainty can be suggested to a human annotator for manual annotation and
added to the training dataset, improving training-set coverage of the image space. di Scandalea
et al [I7I] use such a framework to aid segmentation of nerve cells in histology data, and

Gorriz et al [I72] use a similar scheme for melanoma lesions. This could be extended to 3D
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segmentation of fetal brain structures, increasing coverage of the feature space.

Another option to use epistemic uncertainty for abnormality detection. The dataset
available in this thesis includes data from optimally healthy fetuses only: as a result, ab-
normalities are not represented within it. A CNN trained using the INTERGROWTH-21%
dataset would therefore be likely to show high uncertainty when it encounters samples that
contain abnormalities, and these could be flagged for a clinician to review. Seebock et al
[T73] use this method to detect diabetic retinopathy in fundus images from a network trained
only using healthy images, reporting 70% sensitivity. This could be used to address the
common problem in medical image analysis that abnormalities are generally uncommon, and

under-represented in training datasets.

7.3 Summary

The research presented in this thesis explored different ways to include additional knowledge
to improve medical image segmentation by machine-learning techniques, especially when there
are few traditional manual labels available. One way to do so is to leverage prior knowledge
about anatomy: by using a small number of manually annotated keypoints to generate a set of
correspondences, it was possible to generate a large set of training labels for individual volumes,
which was then used to train a multi-task segmentation network. Another method explored in
this thesis is the use of additional unlabelled image data. Using aleatoric uncertainty to select
volumes in an omni-supervised framework was found to significantly improve segmentation
quality compared to random selection or not using unlabelled data at all, in two datasets.
Finally, the third additional information source used in this thesis was additional non-image
data, which is generally collected with the image. This thesis proposes a method to transform
this information to an image-like format, and shows that using this transformation to pass
additional scalar information to a CNN also leads to significant improvement in segmentation
performance, as measured across two different tasks.

Fetal volumetry as developed in this thesis may also present an opportunity to find new

biomarkers of fetal health, which could be brought to the clinic. Preliminary results presented
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in this thesis suggest that this may outperform traditional methods of estimating gestational

age: with further validation, this could be a useful clinical contribution.
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